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Preface

This introductory textbook employs a novel perspective from which to view
topics in artificial intelligence (AD. I will consider a progression of Al systems or
“agents,” each slightly more complex than its predecessor. | begin with elementary
agents that react to sensed properties of their environments, Even such simple
machines allow me to treat topics in machine vision, machine learning, and
machine evolution. Then, by stages, I introduce techniques that allow agents
to exploit information about the task environment that cannot be immediately
sensed. Such knowledge can take the form of descriptive information about the
state of the environment, iconic models of the environment, state-space graphs,
and logical representations, Because the progression follows what plausibly might
have been milestones in the evolution of animals, I have called this approack
evolutionary artificial intelligence. 1 intend the book to be as much a proposal abou
how to think about Al as it is a description of Al techniques. Examples will be
used to provide motivation and grounding,

Although 1 use agents to motivate and illustrate Al techniques, the techniques
themselves have much broader application. Many ideas invented by Al re-
searchers have been assimilated into computer science generally for applications
in expert systems, natural language processing, human-machine interaction, in-
formation retrieval, graphics and image processing, data mining, and robotics (to
name some examples). The agents theme serves to unify what might otherwise
seem to be a collection of disparate topics.

Regarding coverage, my intention is to treat the middle ground between the-
ory and applications. This middle ground is rich in important Al ideas, and in this
book I try to motivate and explain the ideas that I think have lasting value in Al
(Being subject to the usual human frailties, I admit to possible errors of omission

Xvii



xviii Preface

and commission in selecting topics for inclusion.} Also, some subjects are treated
in more depth than others—both because I thought some subjects more impor-
tant and because 1 wanted to provide at least some examples of greater depth
of exposition. Although some pseudocode algorithms are presented, the book is
not an Al programming and implementation book. (Some “Al techniques” books
are [Shoham 1994, Norvig 1992, Tracy & Bouthoorn 1997)) I do not give proofs
of all of the important theoretical results, but [ try to give intuitive arguments
and citations to formal proofs. My goals are to present 3 modest-sized textbook
for a one-semester introductory college course, to give the student and reader
sufficient motivation and preparation to go on to more advanced Al courses, and
to make the extensive literature on Al accessible.

A somewhat unconventional feature of the book is that machine learning
is not treated as a separate topic; instead, various aspects of learning arise
throughout the book. Neural nets and fundamental ideas about supervised
learning are presented early; techniques for learning scarch heuristics and action
policies are discussed in the chapters on search; rule learning, inductive logic
programming, and explanation-based learning are treated toward the end of the
chapters on logic; and learning plans is presented after discussing logic-based
planning.

In my previous books, I included a “bibliographic and historical remarks”
section at the end of each chapter. (Some readers may find those sections of
some interest still) I have not done so in the present book, both because Al
history has now accumulated to such a great extent and because the longer text
by [Russell & Norvig 1995] has already done such a thorough job in that regard.
Instead, 1 include remarks and citations as appropriate throughout the text and
provide some additional ones in discussion sections at the end of most chapters.
The serious student who intends to specialize in Al research will want to consult
many of the references. I hope the casual reader is not bothered by the many
citations.

Sample exercises are included at the end of each chapter. They vary in
difficulty from routine application of ideas presented in the book to mildly
challenging. I expect that instructors will want to augment these problems with
favorite ones of their own, including computer exercises and projects. (In keeping
with my decision to concentrate on ideas instead of programs, | have not included
any computer exercises or projects. Several good programming and project ideas
can be found in texts devoted to Al programming techniques.)

The following typographical conventions are used in this book. Sans serif font
is used for the names of actions and for “proto-English” sentences communicated
among agents. SANS SERIF capitals are used for the names of computer languages,
algorithms, and Al systems. Boldface capital letters, such as W and X, are used
for vectors, matrices, and modal operators, Typewriter font is used for genetic
programs, for expressions and subexpressions in the predicate calculus, and for
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STRIPS rules and operators. Lowercase Greek letters are used for metavariables
ranging over predicate-calculus expressions, subexpressions, and occasionally
for substitutions. Uppercase Greek letters are used to denote sets of predicate-
calculus formulas. Lowercase p's are used 1o denote probabilities. :

Students and researchers will find much helpful material about Al on the
World Wide Web, I do not provide URLs here; any list written today would
be incomplete and inaccurate within months. Use of one of the web search
engines will quickly steer the reader to sites with sample applications, frequentty
asked questions, extensive bibliographies, research papers, programs, interactive
demonstrations, announcements of workshops and conferences, homepages of
researchers, and much more.

Material specifically in support of this book is provided on a Web page on
the publisher's Web site at www.mkp.com/niks. If you discover any errors, please
email them to the publisher at aibugs@mbkp.com. Errata and clarifications can be
found at http.//www.mkp.com/nils; clarified.

My previous Al textbook, Principles of Artificial Intelligence (Morgan Kaufmann,
1980), is by now quite out of date, but some of the material in that book is still
useful, and Thave borrowed freely from it in preparing the present volume. Cross-
checking against other Al texthooks (particularly [Russell & Norvig 1995, Rich &
Knight 1991, Stefik 1995]) was also very helpful.

Students and teaching assistants in my Stanford courses on artificial intel-
ligence and machine learning have already made several useful suggestions. 1
hope the following list includes most of them: Eyal Amir, David Andre, Scott Ben-
son, George John, Steve Ketchpel, Ron Kohavi, Andrew Kosoresow, Ofer Matan,
Karl Pfleger, and Charles Richards. Colleagues and reviewers at Stanford and
elsewhere helped me learn what they already knew. Thanks to Helder Coelho, Os-
car Firschein, Carolyn Hayes, Giorgio Ingargiola, Leslie Kaelbling, Daphne Koller,
John Koza, Richard Korf, Pat Langley, John McCarthy, Bart Selman, Yoav Shoham,
Devika Subramanian, Gheorghe Tecuci, and Michael Wellman, Special thanks go
to Cheri Palmer, my production editor at Morgan Kaufmann, who kept me on
schedule, cheerfully accepted my endless changes, and worked extra hard to meet
a difficult publication date. Work on this book was carried on in the Robotics
Laboratory of Stanford's Department of Computer Science and at the Santa Fe
Institute. Continuing research support by the National Science Foundation is
gratefully acknowledged.
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Ibelicve that understanding intelligence involves understanding how knowledge

is acquired, represented, and stored; how intelligent behavior is generated and
learned; how motives, and emotions, and priorities are developed and used; how
sensory signals are fransformed into symbols; how symbols are manipulated to
perform logic, to reason about the past, and plan for the future; and how the
mechanisms of intelligence produce the phenomena of illusion, belief, hape, fear,
and dreams—and yes even kindness and love. To understand these functions at
a fundamental level, I believe, would be a scientific achievement on the scale of
nuclear physics, relativity, and molecular genetics.
—James Albus, Response to Henry Hexmoor, from URL:
hitp.//lommy.jsc.nasa.gov/er/eré/mrl/papers/symposim/atbus.txt
Fecbruary 13, 1995

What Is AI?

Artificial Intelligence (Al), broadly (and somewhat circularly) defined, is concerned
with intelligent behavior in artifacts. Intelligent behavior, in turn, involves per-
ception, reasoning, learning, communicating, and acting in complex environ-
ments. Al has as one of its long-term goals the development of machines that
can do these things as well as humans can, or possibly even better. Another goal

1



2 Introduction Chapter |
T ST S SRR SRR RS

of Al is to understand this kind of behavior whether it occurs in machines or in
humans or other animals. Thus, Al has both engineering and scientific goals. In
this book, I will largely be concerned with Al as engineering, focussing on the
important concepts and ideas underlying the design of intelligent machines.

Al has always been surrounded by controversy. The question Can machines
think? has interested philosophers as well as scientists and engineers. In a famous
article, Alan Turing, one of the founders of computer science, rephrased that
question in terms more amenable to an empirical test, which has come to be
called the Turing test [Turing 1950]. I will describe that test shortly, but Turing also
noted that the answer to the question “Can machines think?" depends on how
we define the words machine and think. He might also have added that it depends
on how we define an.

Let's consider the word can first, Do we mean can machines think someday or
can they now? Do we mean that in principle they might be able to think (even if
we could never build ones that do), or are we asking for an actual demonstration?
These are important questions since no artifact yet possesses broad thinking skills,

Some people believe that thinking machines might have to be so complex
and have such complex experiences (interacting with their environment and with
other thinking machines, for example) that we could never actually design or
build them. The processes that generate global weather provide a good analogy,
Even if we knew everything of importance about the weather, that knowledge
wouldn't necessarily allow us to duplicate weather phenomena artificially in all of
its richness. No system less complex than the actual earth’s surface, atmosphere,
and seas—embedded in space, warmed by the sun, and influenced by the
tides—would be able to duplicate weather phenomena in all of their details.
Similarly, full-scale, human-level intelligence may be too complex, or at least too
dependent on the precise physiology of humans, to exist apart from its embodiment
in humans situated in their environment. (For a discussion of the importance of
this notion of embodiment see, for example, [Lakoff 1987, Winograd & Flores
1986, Harnad 1990, Mataric 1997]) The matter of whether or not we could ever
build human-level thinking machines is still undecided, and Al progress toward
that goal has been steady, albeit slower than some early pioneers predicted. I am
optimistic about our eventual success.

Next, we come to the word machine. To many people, a machine is a rather
stolid thing. The word evokes images of gears grinding, steam hissing, and steel
parts clanking. How could such a thing think? Nowadays, however, the computer
has greatly expanded our notion of what a machine can be. Qur growing
understanding of biological mechanisms is expanding it even further. Consider,
for example, the simple virus called E6 Bacteriophage shown schematically in
Figure 1.1. Its head contains viral DNA. The virus attaches itself to the cell wall
of a bacterium with its tail fibers, punctures the wall, and squirts its DNA into
the bacterium. The DNA then directs the bacterium to manufacture thousands of
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Figure 1.1

Schematic Iiustration of E6 Bacteriophage

copies of all of the viral parts. These parts then automatically assemble themselves
into new viruses that explode out of the bacterium to repeat the process. The
complete assembly looks and operates very much like a machine, and we might
as well call it a machine—one made of proteins.

What about other biological processes and organisms? The complete genome
of the bacterium Haernophilus influenzae Rd has recently been sequenced
[Fleischmann, et al. 1995]. This genome has 1,830,137 base pairs (consisting of
the "letters” A, G, C, and T). That's roughly 3.6 x 10% bits or one-half a megabyte.
Although the function of all of its 1743 genes is not yet known, scientists are
beginning to explain the development and functioning of such organisms in the
same way that they would explain machines—very complex machines, of course.
In fact, techniques quite familiar to computer scientists, namely, the use of timing
diagrams for logic circuits, are proving useful for understanding the regulation
by genes of the complex hiochemistry of a bacteria-infecting virus IMcAdams &
Shapiro 19951 Sequencing the complete genomes of other organisms, including
humans, is proceeding. Once we know these “blueprints,” will we think of these
organisms—bacteria, worms, fruit flies, mice, dolphins, humans—as machines? If
humans are machines, then machines can think! We have an existence proof We
“simply” don't know yet how the human machine works.

Yet, even should we agree about what a machine is, there are some additional
twists to this argument. Even if machines made of proteins can think, perhaps
ones made of silicon wouldn't be able to. A well-known philosopher; John Searle,
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believes that what we are made of is fundamental to cur intelligence [Searle 1980,
Searle 1992]. For him, thinking can occur only in very special machines—living
ones made of proteins.

Directly opposed to Searle’s belief (and to the notion of embodiment men-
tioned earlier) is the physical symbol system hypothesis of Newell and Simon [Newell
& Simon 1976]. That hypothesis states that a physical symbol system has the nec-
essary and sufficient means for general intelligent action. According to Newell
and Simon, a physical symbol system is a machine, like a digital computer, that
is capable of manipulating symbolic data—adding numbers, rearranging lists of
symbols (such as alphabetizing a list of names), replacing some symbols by oth-
ers, and su on. An important aspect of this hypothests is that it doesn't matter
what the physical symbol system is made of! Newell and Simon'’s hypothesis is
“substrate neutral” An intelligent entity could be made of protein, mechanical
relays, transistors, or anything else, so long as it can process symbols.!

Still others believe that it isn't whether or not machines are made of silicon
or protein that is important; these people think that much intelligent behavior
15 the result of what they call subsymbolic processing—processing of signals, not
symbols. Take the recognition of familiar faces, for example. Humans do that
effortlessly, and although we don't know how they do it it is suspected that the
best explanation for the process would involve treating images or parts of them
as multidimensional signals, not as symbols.

1 could list many other points of view about what sorts of machines might
be capable of humanlike thought. Some of the claims one often hears are

* The brain processes information in parallel, whereas conventional
computers do it serially. We'll have 1o build new varieties of parallel
computers to make progress in Al

» Conventional computing machinery is based on true-or-false (binary}
logic. Truly intelligent systems will have to use some sort of “fuzzy” logic,

+ Animal neurons are much more complex than switches—the basic building
blocks of computers. We'll need to use quite realistic artificial neurons in
intelligent machines.

Perhaps it is still too early for the field of Al to reach a consensus about what
sort of machinery is required, although many Al researchers accept the physical
symbol system hypothesis.

Finally, we come to the most difficult word, think. Rather than attempt to
define this word, Turing proposcd 4 test, the Turing test, by which it could be

N i

1 Of wwurst, some building materials will be better than others if we take into account
such practical matters as speed, permanence, reliability, suitability for parallel processing,
terperature sensitivity, and so on.
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call intelligent. As I'increase their complexity, do they gradually become more
and more intefligent? I think so, but others will, no doubt, have their own

opinions.

Approaches to Artificial Intelligence

Even though Al has already produced some practically useful systems, it is
generally conceded that the ultimate goal of achicving human-level intelligence
is still distant, That being so, there is much discussion and argument about what
are the best approaches for Al—-best in the sense of laying the core foundations
for achieving long-term goals as well as best in the sense of producing shorter-
term results, Thus, a number of different paradigms have emerged over the
past 40 years or so. Each has its ardent advocates, and some have produced
sufficiently many interesting results so as not to be dismissable out of hand,
Perhaps combinations of these approaches will be required. In any case, their
advocates often feet that theirs is the “breakthrough” methodology that deserves
special altention. The several paradigms «an be clustered into twoe major groups.

The first group includes what I will call the symbol-processing approaches.
These are based on Newell and Simon’s physical symbol system hypothesis, and
although that hypothesis is not yet universally accepted, much of what might
be called “classical” Al (what the philosopher John Haugeland calls “good-old-
fashioned-Al" or GOFAD is guided by it. A prominent member of this family of
approaches is onc that uses logical operations applied to declarative knowledge
bases. Inspired originally by John McCarthy's “advice-taker” memos [McCarthy
1958), this style of Al represents “knowledge” about 4 problem domain by
declarative sentences, often based on or substantially equivalent to sentences
in first-order logic. Togical reasoning methods are used to deduce Consequences
of this knowledge. This method has many variants, including ones emphasizing
the role of formal axiomatization of domains in logical languages. When applied
to "real” problems, the approach requires substantial knowledge of the domain
and is then often called a knowledge-bastd approach. Many systems have been built
using these methods, and I will be referring to some of them later in the book.

In most of the symbol-processing approaches, analysis of desired behavior
and the synthesis of machines to achicve it extend through several levels. At
the top is the knowledge level [Newell 1982] where the knowledge needed by
the machine is specified. Next comes the symbol level, where this knowledge is
represented in symbolic structures, such as lists written in the programming
language LISP, and operations on these structures are specified. Then, there are the
lower levels in which symbol-processing operations are actually implemented.
Most symbol-processing approaches use a “top-down” design method; they
begin at the knowledge level and proceed downward through the symbol and
implementation levels,
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The second group of approaches to Al includes what are called the “subsym-
bolic" ones. These usually proceed in “bottom-up” style, starting at the lowest
level and working upward. At the lowest levels, the concept of symbel is not as
appropriate as is the concept of signal. Prominent among the subsymbolic ap-
proaches is what some have called the “animat approach” People partial to this
style [Wilson 1991, Brooks 1990] point out that human intelligence evolved only
after a billion or more years of life on earth. In order to make intelligent ma-
chines, they claim, we'll have to follow many of the same evolutionary steps. So
we ought to concentrate first on duplicating the signal-processing abilitics and
control systems of simpler animals—insects, for example—and proceed in steps
up the evolutionary ladder. Not only will this strategy lead in the short term
to useful artifacts, but it will develop the substrata upon which higher levels of
intefligence must necessarily build.

This second group of approaches also emphasizes symbol grounding. [Brooks
1990] contrasts the physical symbol system hypothesis with his physical grounding
hypothesis in which various behavior modules of an agent interact with the
environment to produce complex behavior without using centralized models.
(However, he concedes that achieving human-level Al might require integration
of the two approaches.)

Interaction between the machine and the environment leads to what is called
emergent behavior. In the words of one researcher {(Maes 1990h, p. 11;

The functionality of an agent is viewed as an emergent property of the
intensive interaction of the system with its dynamic environment. The
specification of the behavior of the agent alone does not explain

the functionality that is displayed when the agent is operating. Instead
the functionality to a large degree is founded on the properties of the
environment. The environment is not only taken into aceount dynamically,
but its characteristics are exploited to serve the functioning of the system.

Well-known examples of machines coming from the subsymbolic school
include the so-called neural networks. These systems, inspired by biological mod-
els, are interesting mainly for their ability to learn. Interesting machines have
also been produced by processes that simulate certain aspects of biological
evolution—including sexual crossover, mutation, and fitness-proportional repro-
duction. Other bottom-up, animat-style approaches are based on control theory
and on the analysis of dynamic systems (see, for example, [Beer 1995, Port &
van Gelder 1995)).

Intermediate between the top-down and bottom-up approaches is one based
on situated automala [Kaelbling & Rosenschein 1990, Rosenschein & Kaelbling
1995] Kaelbling and Rosenschein propose a programming language for speci-
fying desired agent behavior at a high level and a compiler for creating action-
evoking circuitry from programs written in the language.
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Brief History of Al

When digital computers were first being developed in the 1940s and 1950, sev-
eral researchers wrote programs that could perform elementary reasoning tasks.
Prominent among these were papers describing the first computer programs
that could play chess [Shannon 1950, Newell, Shaw, & Simon 1958} and checkers
[Samuel 1959, Samuel 1967} and prove theorems in plane geometry [Gelernter
1959]. In 1956, John McCarthy and Claude Shanneon coedited a volume entitled
Automata Studies [Shannon & McCarthy 1936]. Disappointed that the papers dealt
mainly with the mathematical theory of automata, McCarthy decided to use the
phrase Artificial Infelligence as the title of a 1956 Dartmouth conference. Several im-
portant early papers were delivered at that conference, including one by Allen
Newell, Cliff Shaw, and Herbert Simon on a program called the Logic Theorist
[Newell, Shaw, & Simon 1957), which could prove theorems in propositional logic.
Even though many other names for the field were tried, including complex infor-
mation processing, machine intelligence, heuristic programming, and cognology, the name
artificdal intelligence has persisted, no doubt because a progression of textbooks,
college courses, conferences, and journals used that name.

The first of many steps toward artificial intelligence was taken long ago
by Aristotle (384-322 B.C) when he set about to explain and codify certain
styles of deductive reasoning that he called syllogisms. Some efforts to automate
intelligence would scem quixotic to us today. Ramon Llull (ca 1235-1316), a
Catalan mystic and poet, built a set of wheels, called the Ars Magna (Great Art),
that was supposed to be a machine capable of answering all questions. But
the quest 1o boltle reason was pursued by scientists and mathematicians also.
Martin Gardner [Gardner 1982, p. 3] attributes to Gattfried Leibniz (1646-1716}
the dream of “a universal algebra by which all knowledge, including moral and
metaphysical truths, can some day be brought within a single deductive system!’
Leibniz called his system a calculus philosophicus or ratiocinator; it was, of course,
a dream thal could not be fulfilled with the technical apparatus of the time.
Substantial progress did not begin until Grorge Boole [Boole 1854] developed
the foundations of propositional logic. Boole’s purpose was (among other things)
“to collect . .. some probable intimations concerning the nature and constitution
of the human mind” Toward the end of the nineteenth century, Gottlieb Frege
proposed a notational system for mechanical reasoning and in doing so invented
much of what we now know as the predicate calculus [Frege 18791 He called his
language Begriffsschrift, which can be translated as “concept writing”

In 1958, john McCarthy proposed using the predicate cateulus as a language
for representing and using knowledge in a system he called the “advice taker”
IMcCarthy 19581 This system was to be told what it needed to know rather
than programmed. A modest but influential implementation of these ideas was
undertaken by Cordell Green in his system called QA3 [Green 1969al. Surviving
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much controversy among Al rescarchers, the predicate calculus and several of its
variants constitute the foundation for knowledge representation in AL

Twentieth-century logicians, including Kurt Gédel, Stephen Kleene, Emil Post,
Alonze Church, and Alan Turing, formalized and clarified much of what could
and could not be done with logical and computational systems. More recently,
computer scientists, including Stephen Cook and Richard Karp, identified classes
of computations that, while possible in principle, might require utterly imprac-
tical amounts of time and memory.

Many of these results from logic and computer science were about “truths
that could not be deduced” and “computations that could not be performed.
Possibly cheered by these negative findings, some philosophers and others [Lucas
1961, Penrose 1989, Penrose 1994] interpreted them as confirmation that human
intelligence would never he mechanized. They imagined that humans were
somehow immune from the computational limitations inherent in machines.
Most logicians and computer scientists, however, believe that these negative
results in no way imply that machines have any limits that don't also apply
to humans.

The first modern article dealing with the possibility of mechanizing human-
style intelligence was the one by Alan Turing that I have already cited [Turing
1950]. During this same period, Warren McCulloch and Walter Pitts theorized
about the relationships between simple computing elements and biological neu-
rons [McCulloch & Pitts 19431, They showed that it was possible to compute any
computable function by networks of logical gates. (See [Minsky 1967] for a very
readable treatment of the computational aspects of “McCulloch-Pitts neurons”)
Other work by Frank Rosenblatt [Rosenblatt 1962 explored the use of networks,
called perceptrons, of neuronlike elements for learning and for pattern recognition.
Several other streams of work, among them cybernetics [Wiener 1948], cogni-
tive psychology, computational linguistics [Chomsky 1965], and adaptive control
theory (Widrow & Hoff 1960, also contributed to the intellectual matrix within
which Al developed.

Much of the early Al work (during the 1960s and early 1970s) explored a
variety of problem representations, search techniques, and general heuristics—
employing them in computer programs that could solve simple puzzles, play
games, and retrieve information. One of the influential programs was the General
Problem Solver (GPS), of Allen Newell, Cliff Shaw, and Herbert Simon [Newell,
Shaw, & Simon 1939, Newell & Simon 1963] Some sample problems solved by
these early systems included symbolic integration (Slagle 1963], algebra word
problems [Bobrow 1968}, analogy puzzles [Evans 1968], and control of a mobile
robot [Nilsson 1984bl. Many of thesc systems are the subjects of papers in the
volume Computers and Thought [Feigenbaum & Feidman 1963],

Attempts to "scale up” these programs and their techniques to cope with appli-
cations of practical importance revealed that they could solve only “toy problems®
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More powerful systems required much more built-in knowledge about the do-
main of application. The late 1970s and early 19805 saw the development of more
capable programs that contained the knowledge required to mimic expert human
performance at several tasks, including diagnosis, design, and analysis. Several
methods of representing problem-specific knowledge were explored and devel-
oped. The program that is credited with first demonstrating the importance of
large amounts of domain-specific knowledge is DENDRAL, 4 system for predict-
ing the structure of organic molecules given their chemical formula and mass
spectrogram analyses [Feigenbaum, Buchanan, & Lederberg 1971, Lindsay, et al.
1980} Several other “expert syslems” followed, including ones that performed
medical diagnoses [Shortliffe 1976, Miller, Pople, & Myers 1982, configured com-
puter systems [McDermott 1982), and evaluated potential ore deposits [Campbell,
et al. 1982, Duda, Gaschnig, & Hart 19791, A good account of the history of Al
work and workers up through this period has been written by IMcCorduck 1979],

Game playing is one area in which substantial progress has been made in
scaling up toy problems. On May 11, 1997 an {BM program named DEEP BLUE
beat the reigning world chess champion, Garry Kasparov, by 3.5 10 25 in a six-
game maich. Championship performance has been achicved by sophisticated
search algorithms, high-speed computers, and chess-specific hardware.

Human intelligence encompasses many abilities, including the ability to per-
ceive and analyze o visual scene and the ability to understand and generate
language. These specific topics have received much attention, Larry Roberts de-
veloped one of the first scene analysis programs [Roberts 1963]. This work was
followed by extensive work en machine vision (INalwa 1993] is a good gen-
eral textbook) and was informed by scientific studies of animal vision systems
(Letvinn, et al. 1959, Hubel 1988, Marr 1982]. An early natural language under-
standing system was developed by lerry Winograd (Winograd 19721, A multisite
project during the 1970s developed prototype continuous speech understand-
ing systems; the LUNAR system [Wouds 1973], developed by William Woods, was
able to answer spoken English questions about rock samples collected from the
moon by the NASA missions, Although several natural language understanding
systems now exist, their competence is restricted to specialized topic areas and
vocabularies. Broad coverage awaits further advances in the representation of
large amounts of general, commonsense knowledge. The CYC project [Guha &
Lenat 1990, Lenat & Guha 1990, Lenat 1995] has as one of its goals the collection
and representation of much of Lhis needed knowledge.

Although interest in neural networks sagged a bit after the pioneering work
by Frank Rosenblatt in the late 1950s, it resumed encrgetically in the 1980s. Net-
works of nonlinear elements with adjustable-strength interconnections are now
recognized as an important «lass of nonlinear modeling tools. There are now
several important applications of neural networks. Along with neural nets, the
animat approach has helped to focus Al research on the problems of conner ting
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symbolic processes to the sensors and effectors of robots in physical environ-
ments.

Projecting present trends into the future, I think there will be new emphasis
on integrated, autonomous systems—robots and “softbots” Softbots [Etzioni &
Weld 1994] are software agents that roam the Internet, finding information
they think will be of interest to their users. The constant pressure to improve
the capabilities of robot and software agents will motivate and guide artificial
intelligence research for many years to come.

Plan of the Book

Many ideas and techniques relevant to mechanizing intelligence have been
developed by Al researchers. I will be describing these in the context of a series of
ever more capabie and complex “agents” There are many different kinds of agents
and environments that we might consider. For example, we could imagine robots
that function in the zero-gravity conditions of outer space, in the dark waters of
the ocean floor, in office buildings or facteries, or in the symbolic “data-worlds”
of the Internet. But such “real-world,” practical agents are often too complex
to transparently illustrate the Al concepts that give them intelligence. Instead, I
will use a series of “toy” agents in a fictional environment I call grid-space world.
Although the basic world is easy to describe, a variety of enhancements makes
it sufficiently rich to demand “intelligence” of its inhabiting agents.

Grid-space world is a three-dimensional space demarcated by a two-
dimensional grid of cells called the “floor” Cells may contain objects having
various properties, and there may be wall-like boundaries between sets of cells.
The agents are confined to the floor and may move from cell to cell. Objects
must either be on the floor or supported by a stack of other objects resting on
the floor. Sometimes I will use just a two-dimensional subspate consisting of
the floor alone. [ show a typical grid-space world in Figure 1.2 Two robots are
shown. A primitive, two-dimensional robot has sensors that can sense whether
or not adjacent cells are free for it to move to; a more complex one has an arm
that can manipulate objects.

Readers already familiar with some of the Al literature will recognize that
grid-space world can be customized to many of the “waorlds” used in Al research,
including the blocks world, tile world [Pollack ¢& Ringuette 1990], wumpus world
[Russell & Norvig 1995, pp. 153ff], and ant world [Koza 1992, pp. 54ff1. All of these
are discrete in the sense that there are a countable number of locations, agents,
objects, and time points. Most of the Al techniques that I will be describing
apply in discrete worlds and will require subsymbolic processes to connect them
to continuous worlds.

I start with “reactive” agents that have various means of sensing their worlds
and acting in them. The more complex ones will also have the ability to remember
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Figure 1.2
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properties and to store internal models of the world. In all cases, the actions
taken by reactive agents are functions of the current and past states of their
worlds—as they are sensed and remembered. Reactive agents can have quite
complex perceptual and motor processes, Although I do treat the subject of visual
perception in some detail (in Chapter 6), space does not permit including topics
related to the low-level control of robot motion.

Most Al systems use some sort of model or representation of their world and
task. I take a “model” broadly to be any symbolic structure and set of computa-

 tions on it that correlate sufficiently with the world that the computations yield

information about the world useful to the agent. This information may be about
the agent's present world state or about possible future world states. As | move
along the spectrum of simple to more complex Al agents, I also travel back and
forth across a major divide separating one class of Al system from another. One
type uses models that 1 term iconic. These involve data structures and compu-
tations that simulate aspects of an agent's environment and the effects of agent
actions upon that environment. Representing the state of play in chess by an
eight-by-eight array of cells occupied by chess pieces is an example of an iconic
representation. Ar iconic chess model is “complete” in the sense that it contains
information about the location of all of the pieces.

The other type of model I call “feature based! This kind of model uses
declarative descriptions of the environment. In chess, for example, two (of many)
features might be whether or not a rook and king have “castled” and how many
times the king has been put in check. A set of descriptive features is generally
incomplete—a virtue of feature-based representations because they can tolerate
the inevitable gaps in an agent's knowledge about complex worlds.
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My next series of agents will have the ability to anticipate the effects of their
actions and take those that are expected to lead toward their gaals. Such agents can
be said to make plans. For some researchers, this ability is criterial for intelligence;
for them, it is where Al begins. Agents acting in worlds that cannot be perfectly
sensed and modeled will need also to keep track of whether or not their actions
have their anticipated effects.

Most grid-space worlds will have implicit constraints that are analogous to
properties of real worlds. For example, if an object is at one location, it cannot,
at the same time, be at another location. Agents that are able to take these
constraints into account will usually be more effective. My next series of agents
are able to “reason”; they can "deduce” properties of their worlds that are only
implicit in the constraints.

Finaily, 1 consider agents that exist in worlds inhabited by other agents.
Effective performance then sometimes requires anticipating and influencing
what other agents might do. Communication among agents then becomes an
important action in itself

Everywhere along the spectrum of increasing agent complexity, 1 also consider
methods by which agents can leam about their environments. Along with the
ability to plan, the ability to leam is thought to be one of the hallmarks of an
intelligent system. I agree fully with [Russell & Wefald 1991, p. 18], who write

Leaming is an important part of autonomy. A system is autonomous to the
extent that its behaviour is determined by its immediate inputs and past
experience, rather than by its designer’s. Agents are usually designed for a
class of environments, where each member of the class is consistent with
what the designer knows about what the real environment might hold

in store for the agent. But a system that opcrates on the basis of built-in
assumptions will only operate successfuly when those assumptions hold,
and thus lacks flexibility. A truly autonomous system should be abie to
operate successfully in any environment, given sufficient time to adapt. The
system'’s intemal knowledge structures should therefore be constructible,
in principle, from its experience of the world. One should not equate
autonomous systems with tabula rasa systers. A reasonable half-way point
is to design systems whose behaviour is determined in large part, at least
initially, by the designer's knowledge of the world, but where all such
assumptions are as far as possible made explicit and amenable to change by
the agent. This sense of autonomy seems also to fit in reasonably well with
our tntuitive notions of intelligence.

In addition to the grid-space illustrations of Al techniques, which I use to
unify and focus my treatment, I will mention along the way several important
applications to realistic problems.
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Additional Readings and Discussion

For an argument against using the Turing test (which, sadly, also seems to be an
argument for abandoning Al's grand goal of achieving human-level intelligence)
se¢ [Hayes & Ford 1995] The Turing test plays an interesting role in the novel
(ralelen 2.2 [Powers 1995),

Both the bottom-up and top-down approaches to Al have been inspired and
informed by studies of animal and human behavior. The bottom-up people
tend to focus on (usually simple) behavior that can be achieved by assem-
blages of neuronlike computational elements or logic gates. They have used and
helped to create various computational models of animal behavior, as studied by
ethologists. Much of the so-called behavior-based and animat approaches to Al
mentioned in this chapter derive from animal models. For exemplary discussions
of the parallels between animals and robots, se¢ [Anderson & Donath 1990, Beer,
Chiel, & Sterling 1990], .

Bottom-up researchers and neuroscientists have also developed neural-
network models that purport to explain certain human perceptual and motor
phenomena, as studied by psychologists. Examples are networks that leam to
pronounce words from written text [Sejnowski & Rosenberg 1987]; networks that
recognize alphanumeric characters that vary in size, orientation, and position
(Minnix, McVey, & Ihigo 1991]; and networks that are sensitive to context effects
in letter perception [McClelland & Rumelhart 1981, McClelland & Rumelhart
1982}

When top-down researchers draw inspiration from animal and human be-
havior, they tend to focus on those aspects that are best modeled by symbol-
processing operations. These include various problem-solving, fanguage, and
memory tasks, as studied by cognitive psychologists. Two pioneers in develop-
ing computer models of human problem solving are Herbert Simon and Allen
Newell. (See [Newell & Simon 1972, Newell 1991, For reviews of the latter book
and a response by Newell, see Artificial Intelligence, vol. 59, 1993.) For more on the
relationship between cognitive science and computer science, see [Johnson-Laird
1988].

Of course, one can also take the view that whichever way animals and humans
achieve intelligent behavior may well be irrelevant to the en gineering problem of
designing intelligent artifacts. Just as airplanes don't fly like birds or insects, well-
engineered intelligent machines, able even to surpass human performance, may
ditfer substantially from naturally oecurring intelligences. Citing the success of
“brute-force” (and therefore presumably nonhuman) search methods in several
domains, including game playing, scheduling, and planning, [Ginsberg 1994]
speculates that the superior thinking methods of machines may end up being
quite different from that of humans. On the other hand, some think that computer
archutectures {as presently conceived) are so different from the brains of humans
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and animals that artificial intelligences based on these constrained architectures
will not be able to duplicate human behavior [Dreyfus 1979, Dreyfus 1992, Dreyfus
& Dreyfus 1986l.

The influence of other scientific disciplines on Al cannot always be character-
ized as oriented toward either a bottom-up or top-down approach. For example,
[McFarland & Basser 1993] discuss many examples of computation as it occurs in
animals, but their ideas are closely tied to economics and utility theory. According
to them, an animal is an economic agent. Chapter 3 of their book concentrates
especially on the role of utility theory in animal modefs. Michael Wellman, an Al
researcher, has developed an approach he calls “market-oriented programming”
[Wellman 1996], and [Shoham 1996] presents a related point of view.

Also cutting across the top-down and bottom-up approaches is the matter of
how intelligent behavior is to be defined. Should behavior be judged as intelligent
independently of how it is computed so long as it is the “right” behavior? There
are two somewhat contrasting views. According to [McFarland & Bosser 1993,
p- 6], “Intelligent behavior is the behavior that comes up with the right answer,
irrespective of how the answer is arrived at” But, in the opinion of [Russell &
Wefald 1991, p. 1], “.. . inescapable constraints on the reasoning capabilities of
any physical system make it impossible to do the right thing in all instances. A
designer of intelligent systems therefore needs to forget about doing the right
thing, per se, and think instead about designing the right system ... " This
view leads Russell and Wefald to describe an approach based on “bounded
rationality.” They maintain that an intelligent agent must always be deciding
between two kinds of actions, action in the world and computational action
directed at improving the estimate of what action in the world would be best.
(See also [Russell 19971)

Computational concerns do indeed limit what can be achieved by intelligent
systems. Much has been made of focussing on those computations that are
“tractable” {that is, achicvable in polynomial space and time) according to the
dictates of complexity analysis [Garey & Johnson 19791, But complexity analysis
usually is concerned with “worst-case” (instead of “average-case”) results, Many of
the computations of interest in Al have worst-case exponential complexity. Thus,
I think the proper way to respond to those who worry about the intractibility
of many Al algorithms s to say that we seek algorithms with good average-
case performance and that we are also willing to settle for approximate and
nonoptimal solutions in many situations.

Specifying a progression of increasingly versatile agents that might correlate
with some of the steps in the evolution of intelligence in animals is not new with
me. [Dennett 1995, pp. 373ff] proposes a simifer evolutionary sequence of agents
that he terms Darwinian, Skinnerian, Popperian, and Gregorian.

Although we are still far from creating systems of general human-level in-
telligence, it is important to ask what would be the consequences of doing so.
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Obviously, inexpensive robots, softbots, natural language systems, and expert
systems will have major economic effects. Will the use of these systems lead to
massive unemployment, or will they, like earlier technologies, create more jobs
than they eliminate? What happens if most of the very jobs they create can them-
selves be performed by intelligent machines? (For some of my earlier thoughts
about this problem, see [Nilsson 1984al) Joseph Weizenbaum [Weizenbaum 1976)
has worried about a somewhat different problem, namely, the dangers of using Al
systems for tasks for which he thinks they are inappropriate, such as counseling,
teaching, and judging. Since automated systems sometimes create the illusion of
being able to perform tasks that they really cannot, there is also the danger of
premature reliance on Al systems. But compensating for that danger is the risk
of not using an automatic system that is able to perform with fewer errors than
can any human. For a collection of essays about the various impacts of Al, see
[Trapp! 1986,

Perhaps the most profound impact of Al will be the effects that artificial
intelligences will have on our understanding of vurselves. Copernicus and later
astronomers moved us from the center of the universe to a small planet in one
of countless galaxies. Darwin and later evolutionists moved us from the center
of creation to our present place among countless DNA-based life forms. These
changes of perspective were difficult for some of us to accept. What changes awail
us if we are successful in building machines as intelligent as we?

I dlose this section with a short list of general source materials for AL This
list will be augmented by sources related to various Al subtopics as these are
presented in other chapters of the book. Some important journals are Artificial
Intelligence, the onkine Journal of Artificial Intelligence Research, Computational Intelligence,
and the Journal of Experimental and Theoretical Artificial Intelligence. The major confer-
ences are the annual National Conferences on Artificial Intelligence (sponsored
by the American Association for Artificial Intelligence, AAAD and the biennial
International Joint Conferences on Artificial Intelligence, IICAI Several countries
and regions hold conferences with published proceedings also—for example, the
European Conferences on Artificial Intelligence (ECAI. The AAAI holds annual
Spring Symposia and Fall Workshops in which ongoing rescarch ideas are re~
ported and discussed. The Assodiation for Computing Machinery (ACM) has a
special interest group on Al (SIGART), which pubhshes a newsletter, and the
AAAI publishes the Al Magazine.

The magazine PC Al publishes articles about applications of Al techniques—
concentrating on decision support and expert systems. The journal Engineering
Applications of Artificial Intelligence (EAAI) contains articles focussing on real-time
systems. A series of articles in JEEE Expert on “Intelligent Systems and their
Applications" features Al labs from around the world that are devoted to applied
research and technology transition.
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Good summaries of various Al topics can be found in The Encycloprdia of Artificial
Intelligence [Shapiro 19921, the several volumes of The Handbook of Artificial Intelligence
[Bart & Feigenbaum 1981, Barr & Feigenbaum 1982, Cohen & Feigenbaum 1982,
Barr, Cohen, & Feigenbaum 1989), and Exploring Artificial Intelligence [Shrobe 1988,
Important papers in several subfields of Al are reprinted in volumes entitled
Readings in X (for various instantiations of X).

1.1 Give your definition of the word machine. Do you believe that humans are
machines? Whatever your belicf (perhaps it is either yes, no, maybe, or not
entirely), use your definition and evidence about the various abilities of humans
to support your belief.

1.2 Can you think of any practical advantages for making thinking machines of
protein (rather than of silicon)?

1.3 Suppose you were the interrogator in a Turing test. Compose five questions
that you would ask of X and/or Y to determine which is a human and which is
not.

1.4 Comment critically on whether or not you think the Turing testis appropriate
for deciding whether or not nonhuman machines can “think” Propose at least
one alternative.

1.5 Some Al researchers have argued that the goal of Al should be to build
machines that help people in their intellectual tasks rather than to do those tasks,
Loosely speaking, “helping” is sometimes called weak Af, and “doing” is sometimes
called strong Al What is your opinion and why?



When you think on the field, you've automatically lost that down. The time you
should be thinking is during the course of the week in practice. That's when the

light should go on. When you get in the game, it's all about reacting to what
you see.

—Albert Lewis, comerback of the Oakland Raiders, as quoted by Sam
Farmer in the San Jose Mercury News, page 1D, August 30, 1996.
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Note: For elab-
oration of the
no-tight-space
condition, see
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Perception and Action

In this chapter, | consider machines that have no internal state and that sim-
ply react to immediate stimuli in their environments. We'll call these machines
stimulus-response (S-R) agents. A variety of robots can be built that exhibit surpris-
ingly interesting behavior based on motor responses to rather simple functions
of immediate sensory inputs. One of the earliest examples of this kind of robot
was Grey Walter's Machina speculatrix—a wheeled device with motors, photocelis,
and two vacuum tubes [Walter 1953] that moved toward light of moderate in-
tensity and avoided bright light. Similar machines are described by Braitenberg
[Braitenberg 1984]. |

[ begin my discussion with an illustrative example. Consider the robot in
the two-dimensional grid-space world shown in Figure 2.1. This robot's world
is completely enclosed by boundaries and may contain other large, unmovable
objects, as shown. The world has no “tight spaces” (spaces between objects and
boundaries that are only one cell wide), and the design of our robot will take
advantage of that fact.

We want this robot to execute the following behavior: go to a cell adjacent to
a boundary or object and then follow that boundary along its perimeter forever.
To be capable of such boundary-following behavior, the robot must be able to
sense whether or not certain cells are free for it to occupy, and it must be able to
perform certain primitive actions.

The robot is able to sense whether or not the eight cells surrounding itare free.
These sensory inputs are denoted by the binary-valued variables sy, sy, 53, 54, 5.
5, 57, and sg. They have value 0 whenever the corresponding cell (relative to the
robot, as shown in Figure 2.1) can be occupied by the robot; otherwise, they have

21
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The robot senses whether
the eight surrounding cells
are free for it to occupy

Boundary /
3 T 54
57| %6 | 55
X
Solid —371
object
|
7 !
A robor starting here wiil ga A robot starting here will
counterclockwise around the go clockwise around the
outside boundary of the abject inside of the outer boundary
Figure 2.1

A Robat in a Two-Dimensional Grid World

value 1. [ the robot were in the position marked by an X, the values of the sensory
inputs (starting with s; and proceeding clockwise) would be (0,0,0,0,0,0,1,0.

The robot can move to a (free) adjacent cell in its column or row. There are
four such actions:

1. north moves the robot one cell up in the cellular grid
2. east moves the robot one cell to the right
3. south moves the robot one cell down

4. west moves the robot one cell to the left

All of the actions have their indicated effects unless the robot attempts to move
into a cell that is not free; in that case, the action has no effect.

Given the properties of the kinds of worlds that a robot might inhabit
(Figure 2.1, for example), the task that the robot is to perform (following a
boundary), and the robot's sensory and motor abilities, the designer's job is
to specify a function of the sensory inputs {s;,...,ss in our example) that
selects actions appropriate for the task. It is common to divide the processes
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Perception and Action Components

of computing an action from the sensory signals into two separate phases, as
illustrated in Figure 22. A perceptual processing phase produces a vector X,
of features, (x1,...,%,...,xn), and an action computation phase selects an action
based on the feature vector. The values of the features can be either real numbers
(mumeric features) or categories (categorical features). (A categorical feature is one whose
value is a name or a property. For example, the value of the feature “color” might
be “red” “blue,” or “green”) The special case of binary-valued features can be
regarded as either numeric (0,1) or categorical (T, True, and F, False). The features
are selected by the designer to correlate with those properties of the robot's
environment that are relevant to which action should be performed in the state
described by the features.

Of course, the split between perception and action is completely arbitrary. 1
could have lumped the whole process as either perception (the world is perceived
to be in a state in which action north is appropriate) or as action (action north
ts computed to be appropriate based on the raw sensory data). Usually, the
split is made in such a way that the same features would be used repeatedly
in a variety of tasks to be performed. Different tasks would have the same
feature vector but different action functions. Viewed as computer programs, the
computation of features from sensory signals can be regarded as often used
library routines—needed by many different action computations. Deciding how
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Features for Boundary Following

to split into the two processes is part of the art of the design of these machines,
and [ will not have very much to sav aboul Lhat arl here.

Afer deciding how to split, we are left with two problems: (1) converting raw
sensory data into 4 fcature vector, and (2) specifying an action function. | will
discuss each of these problems briefly in the context of our example

2.1.1 Perception

The sensory input for our boundary-following robot consists of the values
of s,..., 55 There are 2% = 256 different combinations of these values. In our
environment, some of the combinations are ruled out because of my restriction
against tight spaces. For the task at hand, it happens that there are four binary-
valued features of the sensory values that are useful for computing an appropriate
action, [ denote these features by xy, v, x5, and x4. Their definitions are given in
Figure 13. For example, x; =1 if and only if s, = 1 or s5 = 1.

For this example, perceptual processing consists of relatively simple compu-
tations. For more complex worlds, and for robots with more complex sensors and
tasks, designing appropriate perceptual processing can be challenging, Also, in
many real tasks, perceptual processing might occasionally give erroneous, am-
biguous, or incomplete information about the robot's environment. Such errors
mighl evoke inappropriate actions, although depending on the task and on the
environment, poorly selected actions may not cause too much harm if they are
infrequent. 1 will return to the subject of perception in Chapter 6,

2,1.2 Action

Given the four features, we must now specify a function of them that selects the
appropriate boundary-following action. We note first that if none of the features
has value | (that is, if the robot senses that all of its surrounding cells are free),
the robot can move in any direction until it encounters a boundary. Let's have it
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move north. Whenever at least one of the other features has value 1, boundary-
following behavior is achieved by the following rules for action:

if x; =1 and x; = 0, move east
if x, =1 and x3 =, move south
it x3 =1 and x4 =0, move west

if x4 =1 and ¥; =0, move north

The conditions under which the robot should take these various actions
happen, in this case, to be Boolean combinations of the features. The featurcs
themselves are also Boolean combinations of the sensory inputs. Since several
important perceptual and action selection methods involve Boolean functions,
it will be helpful to digress briefly here to discuss them before continuing with
our example.

Boolean Algebra

A Boolean function, f(x}, £y, . . ., x,) maps an n tu ple of (0,1} values ta {0, 1}. Boolean
algebra is a convenient notation for representing Boolean functions. Boolean
algebra uses the connectives -, +, and ~. For example, the and function of two
variables is written x; - x,. By convention, the connective - is usually suppressed,
and the and function is written xyx,. The function xix, has value 1 if and only if
both x| and x; have value I; otherwise, it has value 0. The {inclusive} or function of
two variables is written x; +x,. 11 + x, has value t if and only if either or both of x
or x; has value 1: otherwise, it has value 0. The complement or negation of a variable,
x, 15 written X. ¥ has value 1 if and only if x has value 0; otherwise, it has value 0.

These definitions are compactly given by the following rules for Boolean
algebra:

]+[=],[+U=1,0+0:0
1 T=31-0=0,0-0=0
1=00=1

As an example, the condition under which our boundary-following robot
shot:ld move north is given by the expression X T35 X3 + x4¥7. The functions that
compute features from sensory signals also happen to be Boolean in this case.
For example, x4 =S, +s5. The other features and action rules are given by similar
functions.

Sometimes the arguments and vaiues of Boolean functions are expressed in
terms of the constants T (True) and F (False) instead of 1 and 0, respectively.

The connectives - and + are commutative, Thus, ax=xn and q+xn=
x2+x1. They are also associative; thus x;(xx3) = (rixeis and '+ (x; + x3) =
(x3 + X2} + 1. Therefore, we can.drop the parentheses and write expressions like
xixx5 and xy + x2 + x5 without ambiguity.
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A Boolean formula consisting of a single variable, such as xy, is called an atom.
One consisting of either a single variable or its complement, such as X7, is called
a literal.

We cannot interchange the order of the connectives - and + in complex
expressions. Instead, we have DeMorgan’s laws (which can be verified by using
the preceding definitions):

Me=fi+h

fi+h=hf
DeMorgan's laws can often be used to simplify Boolean functions. For example,
XiXy = (52 + 85)(84 + 85) = {52 +53)5455.

Another important law is the distributive law:

f+hy=hf +/ifs

Classes and Forms of Boolean Functions

Boolean functions come in a variety of forms. An important form is A, - - A,
where the 4; are literals. A function written in this way is called a conjunction of
literals or a monomial. The conjunction itself is called a term. Some example terms
are X1x7 and x;x;xq. The size of a term is the number of literals it contains. The
examples are of sizes 2 and 3, respectively,

It is easy to show that there are exactly 37 possible monomials of # variables
(sce Exercise 2.4). The number of monomials of size k or less is bounded from
above by

K
Z C2m, 1) :{)(nk),

I=U

where
i!
(@ = !
is the binomial coefficient.

A dause is any expression of the form A + 4, 4+ + 4, where the A; are
literals. Such a form is called a disjunction of literals. Some example clauses are
x5 4+ X5+ x5 and x +x3. The size of a clause is the number of literals it contains.
There are 3" possible clauses and fewer than ZLU ((2n,1) clauses of size k or less,
If{ is a term, then {by DeMorgan’s laws) f is a clause, and vice versa. Thus, terms
and clauses are duals of each other.

A Boolean function is said 1o be in disjunctive normal form (DNF) if it can be
written as a disjunction of terms. Some examples in DNF are f=x140 + x2x3x4 and
J=x1% + X% 4+ x1x26G. Any Boolean function can be written in DNE A DNF

(ip=
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expression is called a k-term DNF expression if it is a disjunction of k terms; it
is in the class k-DNF if the size of its largest term is k. The preceding examples
are 2-term and 3-term expressions, respectively. Both expressions are in the class
5-DNE

Disjunctive normal form has a dual: conjunctive normal form ((NF). A Boolean
function is said to be in CNF if it can be written as a conjunction of clauses. An
example in CNFis f = {x + x2)(x2 + x3 + x4). All Boolean functions also have a CNF
form. A CNF expression is called a k-clause CNF expression if it is a conjunction
of k clauses; it is in the class k-CNF if the size of its largest clause is k. The
example is a 2-clause expression in 3-CNF If { is written in DNF, an application
of DeMorgan's law renders f in CNE, and vice versa.

Representing and Implementing Action Functions

If there are R possible actions, then we must find an appropriate R-valued
function of the feature vector to compute an action. Various ways of representing
and implementing action functions have been investigated, and I describe some
of them next.

Production Systems

One convenient representational form for an action function is a production system.
A production system comprises an ordered list of rules called production nules
or, simply, productions. Each rule is written in the fornr ¢ — a;, where ¢ is the

condition parl, and a; is the action part. A production system consists of a list of such

rules;
O— M

{G— i

G — 4

Oy —

In general, the condition part of a rule can be any binary-valued (0,1) function
of the features resulting from perceptual processing of the sensory inputs, Often,
it is a monemial—a conjunction of Boolean literals. To select an action, the rules
are processed as follows: starting with the first rule, namely, ¢ — a;, we look
for the first rule in the ordering whose condition part evaluates to 1 and select
the action part of that rule. The action part can be either a primitive action, a call
to another production system, or a set of actions to be executed simultaneously,
Usually, the last rule in the ordering has 1 as its condition part; if no rule above
it has a condition part equal to 1, then the action associated with the last rule
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is executed by default. As actions are executed, sensory inputs and the values of
features based on them change. We assume that the conditions are continuously
being checked so that the action being executed at any time corresponds to the
first rule whose condition (at that precise time) has value 1.

Using Boolean algebra and the feature literals defined earlier for the boundary-
following robot, here is a production system representation of the boundary-
following routine:

x4¥; — north
X3Xq — west
XXy — south
X1X7 — east

1 — north

Boundary-following behavior is an example of a durative procedure—one that
never ends. The robot continues to execute actions forever. In contrast, some tasks
require acting only until some specific goal condition is achieved and then ceasing
activity. The goal is usually expressed as a Boolean condition on the features. As an
example, instead of having our robot follow a boundary forever, we might want
it to go to a (concave) corner and stay there. Given a corner-detecting feature, say,
¢, whose value is | if and only if the robot is in a corner, the following production
system will get the robot to a corner (if there is one to be found):

¢ — nil

] — b-f

Here, nil is the null or do-nothing action, and b-f is the boundary-following
procedure, which we have just defined.

In goal-achieving production systems, ¢), the condition part of the rule at
the top of the list, specifies the overall goal that we want the action program
to achieve. Whenever it is satisfied, the agent performs no action. Condition c;
and action a; are usually chosen so that if ¢; is not satisfied, and ¢, is, then
the execution of action a, will eventually achieve ¢;. And 50 on down the list.
This style of production system forms the basis of a formalism called teleo-reactive
(FRj programs [Nilsson 1994]. In a T-R program, cach properly executed action in
the ordering works toward achieving a condition higher in the list. Production
systems with this property are usually easy to write, gtven an overall goal for an
agent (stated as a condition on the features). T-R programs are also quite robust;
actions proceed inexorably toward the goal. Occasional setbacks, caused perhaps
by faulty perception, improperly executed actions, or exogenous processes in
the environment, are recouped so long as perception is reasonably accurate and
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A Threshold Logic Unit

the actions usually achieve their designed effects.’ Besides these features, T-R
programs can have parameters that are bound when the programs are called,
and they can call other T-R programs and themselves recursively,

Networks

Boolean functions and production systems can easily be implemented by com-
puter programs. Alternatively, they can be implemented directly as electronic
circuits.? The inputs to the circuitry can be the sensory signals themselves. In
logic circuits, Boolean functions are usually implemented by networks of logical
gates (AND, NAND, OR, etc.). A popular type of circuit consists of networks of thresh-
old elements or other elements that compute a nonlinear function of a weighted
sum of their inputs. An example of such an element is the threshold logic unit (TLU)
shown in Figure 2.4, It computes a weighted sum of its inputs, compares this sum
to a threshold value, and outputs a 1 if the threshold is exceeded. Otherwise, it
outputs a 0.

The Boolean functions implementable by a TLU are called the linearly sepd-
rable functions. (A TLU separates the space of input vectors yielding an above-
threshold response from those yielding a below-threshold response by a linear

1. 1-R programs are ones that are hoth “pulled” toward their goals and react to their situations.
The prefix ieleo is derived from the Greck word for “end” or “purpose”

2. Even s, the behavior of the circuit is often simulated by some type of circuit-simulation
program running on a computet. Nevertheless, thinking of the behavior as betng generated
by a circuit instead of by a program helps us to understand the dynamic dependence of
appropnate action on immediate sensory inputs
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Implementation of a Monomial with a TLU

Figure 2.6

{mplementing a Function for Boundary Following

surface—called a hyperplane in n dimensions.) Many, but far from all, Boolean funic-
tions are linearly separable. For example, any monomial (a conjunction of literals)
or any clause (a disjunction of literals) is linearly separable. | show a TEU imple-
mentation of a monomial in Figure 2.5. The TLU weights are shown drawn next
to their corresponding input lines, and the threshold is drawn inside the circle
representing the TLU. The exclusive-or function of two variables (f = x; 3 + x7x2),
however, is an example of a function that is not linearly separable.

The functions used by the boundary-following robot can be implemented by
TLUs. As an example, an implementation of x1%3 = (5, + 53)(55 + 55) = {51 + 83)53%3
by a single TLU is shown in Figure 2.6.

In applications in which there are only two possible actions, it may be that a
single TLU' can compute the proper action, given a coded representation of the
feature vector as input. For more complex problems, a network of such elements
is needed. Such circuits are called neural nefworks because the TLUs are thought
to be simple models of biological neurons, which fire or not depending on the
summed strength of their inputs across synapses of various strengths. We study
neural networks in more detail in the next chapter,
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A Network of TISA Units

Katz* has suggested that a simple network structure with repeated combi-
nations of inverters and AND gates (which can be implemented by TLUs) can be
used to implement any T-R program. I show my version of such a network in
Figure 2.7 The inputs to the network are the binary (0,1) values of the conditions,

3. Edward Katz, private communication, April 1996.
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¢.; the outputs of the network energize the corresponding actions, a,. (Not shown
here are the computations that produce the ¢; since the ; are often conjunctions
of literals, they too might be computed by TLUs.) Each rule in the T-R program is
implemented by a subcircuit {ralled a TISA, Test, Inhibit, Squelch, Act) with two
inputs and two outputs. One TLU in the TISA computes the conjunction of one
of its inputs with the complement of the other input; the other TLU computes the
disjunction of its two inputs. The inhibit input is 0 when none of the rules above
has a true condition; the test input is 1 only if the condition, ¢, corresponding
to this rule is satisfied. If the test input is I and the irhibit input is 0, the act
output is | (energizing the corresponding action, &). 1f either the test input or
the inhibil input is 1, the squelch output is 1 (inhibiting all units below). Using
programmable gate arrays or some equivalent form of dynamic circuit building,
it can be arranged that calling a TR program dynamically builds the run-time
circuit.

The Subsumption Architecture

There have been several other formalisms that have been proposed for con-
verting immediate sensory inputs into actions. Among thesc is the subsurption
architecture of Rodney Brooks [Brooks 1986, Brooks 1990, Connell 1990]. Although
there seems to be no precise definition of what constitutes such an architecture,
the general idea is that an agent's behavior is controlted by a number of “behav-
ior modules! Each module receives sensory information directly from the world.
if the sensury inputs satisty a precondition specific to that module, then a certain
behavior program, also specific to that module, is executed. One behavior mod-
ule can subsume another. In Figure 2.8, each upper module can subsume the one
below it. When module i subsumes module j, then if module i's precondition is
met, then module i's program replaces that of module j. Brooks terms this a hon-
zontal architecture as contrasted with a vertical one. Brooks and his students have
demonstrated that surprisingly complex behaviors can emerge from the interac-
tion of a relatively simple reactive machine with a complex environment {Mataric
1990, Connell 1990]. As contrasted with much other work in artificial intelligence,
Brooks's machines do not depend on complex internal representations of their
environments or on reasoning about them [Brooks 19914, Brooks 1991b4 But, of
course, one must recognize that all S-R machines, although capable of perhaps
very interesting behavier, are nevertheless quite limited. (IKirsh 1991) has written
4an interesting commentary on Brooks's approach.)

+ Because many of Brooks's subsumption machines do have small amounts of internal state,
it might have heen more appropriate to mention them in Chapter 5. We include them here
because of their close relatienship to T-R programs.
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Subsumption Modules

Additional Readings and Discussion

5-R agents are ubiquitous in our modern, electronic wortd. Thermostats for main-
taining temperature, cruise control for maintaining automobile speed, interrupt-
driven components of a compufet operating system, and thousands of different
automatic devices in factories are all S-R agents. Ordinarily, these kinds of sys-
tems and devices would not be considered part of the subject matter of artificial
intelligence, but Iinclude them in my treatment because they inhabit the territory
at the beginning of our journey toward more intelligent systems.

In some laboratory courses in robotics and Al, students begin by building
5-R robuts using Lego components. (See, for example, [Resnick 1993]) Al re-
searchers exploring behavior-based control strategies have experimented with
sonar-guided 5-R robots capable of wandering, obstacle avoidance, and wall
following [Mataric 1990, Connell 1990].

Our proposed splitbetween perception and action is common in agent design.
Foliowing [Kaelbiing & Rosenschein 1990], we assign to perceptual processing
the task of computing a feature vector from raw sensory input, and we assign to
the action function the task of selecting an action based on this feature vector.
Kaelbling and Rosenschein think of this architectural style as vertical in contrast
to Brooks's horizontal structure. Comparing these two styles, they say [Kaelbling
& Rosenschein 1990, pp. 36-37)

Horizon'tal decompositions that cut across perception and action have been
advocated by Brooks as a practical way of approaching agent design. . ..
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The horizontal approach allows the designer to consider simultaneously
those limited aspects of perceptron and action needed to support specific
behaviors. . .. The alternative is a vertical strategy based on having separate
system modules that recover broadly useful information from multiple
sources [i.e., perception] and others that exploit it for multiple purposes lie.,
action]. The inherent combinatorics of information extraction and behavior
generation make the vertical approach attractive as a way of making cfficient
use of a programmer’s effort.

Actually, the split between perception and action can accommodate the hori-
zontal approach also. The feature vector can be divided into separate [ields—each
field computed by specialized perceptual apparatus and evoking separate actions
or behaviors, as in the subsumption architecture.

T-R programs and other reactive systems bear a close relationship to various
ethological models of animal behavior [McFarland 1987). In some of these models,
a goal-achieving sequence of animal actions is elicited by arranging that the
result of one action acts as a stimulus or trigger that “releases” the next one in
the sequence. The cenditions and actions of a T-R program are selected so that
the program works in this manner. My work on T-R programs was inspired partly
by a book by [Deutsch 1960

Animals that seek out and move toward certain stimuli exhibit what are
called tropisms. Phototropic animals move toward light, for example. [Genesereth
& Nilsson 1987] term the kinds of agents discussed in this chapter tropistic agents.

Some experimental research uses simulated $-R robots rather than physical
ones. Simulations are sometimes criticized as "doomed to succeed” [Brooks &
Mataric 1993, p. 2091, but those that do not succeed well enough help us refine
perceptual and action strategics. And sometimes the simulation is actually the
“real thing” For example, in computer-based education, entertainment, and
dramatic art, animated characters interact with their simulated environments
and with a user [Bates 1994, Blumberg 1996]. {Blumberg's ALIVE system is another
example of one that uses principles from ethology to build interactive characters )

For more on Boolean functions, see {Unger 1989). Production systems can be
thought of as a generalization of Boolean functions called decision lists [Rivest 1987].
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Exercises

2.1 Write the following Boolean function in DNF:

F=00+x)0x +xy)

2.2 Show that xpxxs + X[xx5 = X3,
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2.3 Indicate which of the following Boolean functions of three input variables
can be realized by a single threshold element with weighted connections to the
inputs. You do not need to calculate the weight and threshold values:

b ox

2. Xy1XK3
L+x+x

4. (x1xx3) + (1 X23)

5.1

2.4 Prove that there are exactly 3" monomials of n dimensions and 3% clauses of
nn dimensions.

2.5 Refer to the definitions of the features, x|, 1z, x3, x4 on page 24 and to the rules
for action on page 25. Show that the assumption that there are no “tight spaces”
in the two-dimensional grid world implies that no two of the action rules can
be satisified simultaneously.

2.6 Design (by hand} a neural network that accepts as inputs the sensory signals
51,52 - - ., sg and produces as outputs the conditions needed by a network of TISA
units to implement the action rules on page 25 for the wall-following robot.

2,7 In this chapter, I stated that the actions prescribed by T-R programs “proceed
inexorably toward the goal” Is this statement strictly true? Can you think of
situations in which a T-R program does not terminate with the top condition
becoming true?



5.1 Introduction

At different points in this book, I will be discussing methods by which machines
can legrm. In this chapter, I show how the action-selecting computations per-
formed by S-R machines can be learned through exposure to a set of samples of
inputs patred with the action that would be appropriate for each input. Although
there are many different computational structures that might be used, I concen-
trate here on networks of TLUs with adjustable weights. Learning is achieved by
adjusting the weights in the network until its action-computing performance is
acceptablé. As mentioned in the last chapter, TLU networks are called neural net-
works because they model some of the properties of biological neurons. I won't
be speculating here about the relationships between neural networks and how
brains or parts of brains might function; instead, I will consider the networks
strictly a5 interesting and useful engineering devices.

I consider the following learning problem: we are given a set, E of n-
dimensional vectors, X, with components 4, i =1,...,n. These vectors might
be the feature vectors computed by the perceptual processing component of a
reactive agent. The values of the components can be real numbers or Boolean
values, as | mentioned earlier. For each X in Z, we also know what the appropriate
action, a, would be. Perhaps these actions are those that the learner observes
performed by a teacher in response to a set of inputs. These associated actions
are sometimes called the labels or the dasses of the vectors. The set E and the
associated labels constitute what is called the training set. The machine learning
problem is to find a function, say, f{X), that responds “acceptably” to the members
of the training set. Usually, we want the action computed by [ to agree with the

37
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label for as many vectors in E as possible. Because the labels are given along
with the input vectors, we say that the learning process is supervised.

Even if we find a function that responds appropriately to the training set,
what grounds do we have for belicving that it will respond appropriately to
inputs that it has not seen during training? Besides the experimental evidence
supporting the belief that it will, there is a body of theory that shows (under
certain conditions) that if the training set is “typical” of the kinds of other
inputs likely to be encountered, then these other inputs “probably” will evoke
“approximately correct” outputs, For more on this topic, refer to the literature on
probably approximately corvect (PAC) learning theory [Kearns & Vazirani 1994, Haussler
1988, Haussler 1990]. In practice, there are various methods for estimating what
the accuracy of a learned function, f, is likely to be on similar (but so-far unseen)
inputs. [ will present some of these methods later in the chapter.

Training Single TLUs
TLU Geometry

I will begin by considering how the weights of a single TLU can be adjusted
or trained so that it produces appropriate outputs for certain training sets. If a
TLU is to be used to compute an action, its inputs must be numeric (so that a
weighted sum can be computed); if the perceptual processing system produces
categorical features, these will have to be coded as numbers in some way. Of
course, a reactive machine that uses a single TLU to compute its actions will be
capable of only two actions, corresponding to the two possible outputs of the
TLU. A single TLU has also been called a Perceptron and an Adatine (for adaptive
linear element). Their use was extensively explared by Rosenblatt and by Widrow
[Rosenblatt 1962, Widrow 1962}, Training a TLU is accomplished by adjusting its
varjable weights. A geometric explanation of how o TLU responds to its inputs
will aid our intuitive understanding of TLU training methods,

ATLU 1s defined by its weights and threshold. The weights, (wy,..., W, ..., W),
can be represented by a weight vector W, | denote the TLU threshold by 6.
Here we assume that the input vector X has numeric components (so that a
weighted sum of them can be computed). A TLU has an output of 1 if the vector
dot product, s =X. W, is greater than 4, and has an output of 0 otherwise,
A TLU divides the space of input vectors by a linear boundary as sketched
in Figure 3.1 In two dimensions, the boundary is a line, and in three it is a
plane. In higher-dimensional spaces, a linear boundary is called a hyperplane. The
hyperplane separates the vectors for which X -W ~ ¢ = 0 from the vectors for
which X. W -8 < 0. The equation of the hyperplane itself s X - W -8 = 0. We
can change the position of the hyperplane boundary (with respect to the origin)
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Figure 3.1

TLU Geometry

by adjusting the threshold 4, and we can adjust the orientation of the hyperplane
by adjusting the weights.

322 Augmented Vectors

There are several procedures that have been proposed for adjusting the weights
of a TLU. My explanation of these is simplified if I adopt the convention that the
threshold of the TLU is always equal to 0. Arbitrary thresholds are achieved by us-
ing (1 + 1)-dimensional "augmented” vectors instead. The (n + 1)-th component
of the augmented input vector always has value 1; the {n+ I)-th component,
wa1, of the augmented weight vector is set equal to the negative of the desired
threshold value, 6. Hereafter, when I use the X-W notation, I will be assuming
(n 4 1)-dimensional augmented vectors. The output of a TLU, then, has value 1
when X - W = 0, and has valuc 0 otherwise,

3.2.3 Gradient Descent Methods

One way to approach the problem of training a TLU so that it responds appro-
priately o the training vectors is to define an error funtion that can be minimized
by adjusting weight values. A commonly used error function is squared error:

e= 3 (d—ft
Xe=
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where f; is the actual response of the TLU for input X;, d, is the desired response,
and we sum over all vectors in the training set. For fixed 2, we see that ¢ depends
on the weight values (through f,). We can find a minimum of & by performing
a gradient descent process. To do gradient descent, we caleulate the gradient of
e in “weight space” and move the weight vector along the negative gradient
(downhill). One problem with calk L,llalu'n;1 the gradient of ¢ (as defined) is that
¢ depends on all the input vectors in Z. Often, it is preferable to try the TLU
on one member of Z at a time, make an adjustment to the weights, and then
try another member of 2—an incremental training process using a sequence,
I, of labeled input vectors. Of course, the resulls of incremental training can
only approximate those of the so-called batch version, but the approximation is
usually quite effective. I will be describing the incremental version here.

The squared error for a single input vector, X, evoking an output of / when
the desired output is d is

e =(d—f)*

The gradien! of ¢ with respect to the weights is

de ” de de de
AW Law T aw wy

(The gradient of a quantity ¢ with respect to a vector W is sometimes denoted
by Vi)

Singe &'s dependence on W entirely through the dot product, s = X- W, we
can use the chain rule to write

de  de s

W 95 W
Then, because 4 w=X

hl3 de
aw - ds

Note that ﬂ—: =-2(d —j}%. Thus,

Je
W

We have a prablem, however, in attempting to carry out the partial derivative
of f with respect 1o s. The TLU output, f, is not continuously differentiable with
respect to s because of the presence of the threshold function. Most small changes
in the dot product do not change f at all, and when f does change, it changes
abruptly from 1 to 0 or vice versa. [ will consider two approaches to dealing
with this problem. In one, we ignore the threshold function and let f =s. In the
other, we replace the threshold function with another nonlinear function that is
differentiable.

dff
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3.2.4 The Widrow-Hoff Procedure

3.25

Suppose we attempt to adjust the weights so that every training vector labeled
with a 1 produces a dot product of exactly 1, and every vector labeled with a
0 produces a dot product of cxactly —1. In that case, with f =5, the incremental
squared error, & = (d - [}* = (d - 5)?, and g{ = 1. Now, the gradient is

de
— =-2d - )X
W = 2d-h
Moving the weight vector along the negative gradient, and incorporating the
factor 2 into a learning rate parameter, ¢, the new value of the weight vectoris given by

W—W4cd-HX

Whenever (d —f) is positive, we add a fraction of the input vector into the weight
vector. This addition makes the dot product larger and (d — f) smaller. Whenever
(d - f) is negative, we subtract a fraction of the input vector from the weight
vector—yielding the opposite effect, This procedure is known as the Widrow-Haff
or Delta rule Widrow & Hoff 19601' Of course, after finding a set of weights that
minimizes the squared error (using f =), we are free to reinsert the threshold
function to produce f values of 0 or 1.

The Generalized Delta Procedure

Another way of dealing with the nondifferentiable thréshold function was pro-
posed by Werbos [Werbos 1974) and independently pursued by several other
researchers, for example, (Rumelhart, et al. 1986]. The trick involves replacing the
threshold function by an $-shaped differentiable function called a sigmoid? Usu-
ally, the sigmoid function used is f(s) = 1_+IT? . where s is the input and [ is the
output. The output of a sigmoid function, superimposed on that of a threshold
function, is shown in Figure 3.2.

This choice for the sigmoid function gives us the following partial derivative:

of

EZ

fit =

Substitution of this expression into % = 2(d - )géx vields

g

7 = —2d =) -HX

2, [Russell & Norvig 1995, p. 595] attribute the use of this idea to (Bryson & Ho 1969).
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Figure 3.2

A Sigmoid Function

giving us the following weighi-change rule, known as the generalized Della procedure:
W — Wed -0 - )X
Comparing Widrow-Hoff with generalized Delta reveals these differences:

1. In Widrow-Hoff, the desired output, d, is either 1" or —1, whereas in
generalized Delta it is 1 or 0.

2. In Widrow-Hoff, the actual output, f, equals s, the dot product, whereas
in generalized Delta, it is the output of the sigmoid function.

3. In generalized Delta, there is the added term f(1 - [) due to the presence
of the sigmoid function. With the sigmoid function, f(I - f) can vary in
value from 0 to 1. When f is 0, f(1 - f} is also 0; when f is 1, f(1 — f) is
0; f(1 - ) obtains its maximum value of 1/4 when f is 1/2 (that is, when
the input to the sigmoid is 0). The sigmoid function can be thought of as
implementing a “fuzzy” hyperplane. For an input vector far away from
this fuzzy hyperplane, f(1 — f) has value close to 0, and the generalized
Delta rule makes little or no change to the weight values regardless of the
desired outpul. Weight changes are made only within the region of “fuzz”
surrounding the hyperplane (the only place where changes have much
effect on f), and these changes are in the direction of corvecting the error.

Alter the generalized Delta procedure finds a set of weights, the sigmoid
function can be replaced with a threshold function if desired.
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5.2.,6 The Error-Correction Procedure

In the next method, we keep the threshold element (instead of replacing it by
a sigmoid) and make an adjustment to the weight vector only when the TLU
responds in error, that is, when (d - f) has value 1 or =1. It is called an error-
correctton procedure. The weight change rule is

W—W+cd-NHX

Again, the change is in the direction that helps correct the error (and might
actually correct it, depending on the value of the learning rate parameter, ¢). One
difference between this rule and Widrow-Hoff is that in error correction both d
and f are either 0 or 1, whereas in Widrow-Hoff, d is +1 or —1, and [ = is the
value of the dot product.

It can be proved that if there is some weight vector, W, that produces a
correct output for all of the input vectors in E, then afier a finite number of
input vector presentations, the error-correction procedure will find such o weight
vector and thus make no more weight changes. (The proof requires that each
input vector appear in the training sequence, £, an infinite number of times,
even though the procedure is guaranteed to terminate after only ¢ finite number
of examples from X are presented.) For nonlinearly separable scts of input vectors,
the error-correction procedure will never terminate and thus cannot be used to
find a “best” weight vector judged against some error criterion. The Widrow-Hoff
and generalized Delta procedures, however, will find minimum squared-error
solutions even when the minimum error is not zero.

We saw examples of linearly separable functions in Chapter 2. Recall the
production rules for the actions of the houndary-following robot, One of these,
for example, was

X)X) — east

Expressed in terms of the sensory inputs, ;X3 = (s; 4 53)5:5. This function is
linearly separable and can be implemented by the TLU shown in tigure 2.6.
Thus, we can expect that error-correction training on a sufficiently large set of
appropriately labeled sensory vectors would terminate with a TLU that correctly
discriminates between inputs for which the robot should move east and those
for which it should not. We could assemble a set of training vectors, such as those
shown in Figure 3.3. You might want to try the error-correction procedure using
these and additional labeled input vectors. (Don't forget to include the so= 1
input and the wy weight component!) How does the trained TLU perform on
inputs that it has not been trained on? How many input vectors are needed in
the training set before the TLU performs acceptably?

tor additional background, citations, proofs, and exampies of error-correction
procedures, see [Nilsson 1965).
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Chapter 3

Input Sensory XXz
nhumber vector (move east)

1 00001100 O
2 11100000 1
3 00100000 1
4 00000000 O
5 00001000 0
6 01100000 1
Figure 3.3

A Training Set for Learning When to Move East

Neural Networks

Motivation

It often happens that there are sets of stimuli and responses that cannot be
learned by a single TLU. (The training set may not be lincarly separable.) In
that case, it is possible that a network of TLUs can give correct responses, The
function implemented by a network of TLUs depends on its topology as well as
on the weights of the individual T1LUs. Feedforward nefworks have no cycles: in a
feedforward network, no TLU's input depends (through 0 or more intermediate
TLUs) on that TLU"s output. (Networks that are not feedforward are called recurrent
networks. We'll study an instance of a recurrent network in a later chapter) If the
TLUs of a feedforward network are arranged in layers, with the elements of layer j
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Figure 3.4

A Network of TLUs That [mplements the Even-Parity Function

receiving inputs only from TLUs in layer j — 1, then we say that the network is
a layered, feedforward network. The network in Figure 3.4, which implements the
function f = x1x; + 11X7 (called the even-parity function), is a layered, feedforward
network having two layers (of weights). (Some people count the layers of TLUs
and include the inputs as a layer also; they would call the network of Figure 5.4
a three-layer network)

In the following sections, I describe a general procedure for training a mul-
tilayer, feedforward network. It is called the backpropagation procedure and uses
gradient descent. Since we will be taking partial derivatives of an error function
with respect to weight vectors, we replace all threshold functions in the network
with sigmoid functions. (After training, threshold functions can be substituted
back in for the sigmoid functions.)

Notation

I show a general, k-layer, feedforward network of sigmoid units in Figure 3.5. The
sigmoid units in all but the last layer are called hidden units since their outputs
only indirectly affect the final output. The network of Figure 3.5 has only one
output unit; several output units would be used when there are more than two
actions or categories of inputs. (With several output units, a decoding scheme is
needed to transform the output vector into a category. [Brain, et al. 1962) used
codes based on maximal shifi-register sequences, and [Dietterich ¢ Bakiri 1991,
Dietterich & Bakiri 1995] have investigated the use of similar error-correcting
codes.)

Tuse Figure 3.5 to introduce some useful notation. Each of the layers of sigmoid
units will have outputs that we take to be the components of vectors, just as the
mput features are components of an input vector. The j-th layer of sigmoids
(I <j < k) will have as their outputs the vector X, This vector is then the input
vector to each of the (j + 1)-th layer of sigmoids. The input vector is denoted
by X, and the final output (of the k-th layer TLU) is f. Fach sigmoid in cach
layer has a weight vector (connecting it to its inputs); the i-th sigmoid unit in the
j-th layer has a weight vector denoted by W?J . As before, we will assume that
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G U L TR

A k-layer Netwark of Sigmoid Units

3.3.3

the “threshold weight” is the last component of the associated weight vector. We
denote the weighted sum input to the i-th sigmoid unit in the j-th layer by sl.(”,
The input to a sigmoid unit is called its activation and is given by

s:;] —xi-D, wi(J}

The number of sigmoid units in the j-th layer is denoted by m;. The vector W?]
has components w;{.} forl=1,mj_1y + 1.

The Backpropagation Method

We will compute the gradient of the squared-error function, ¢ = (4 - f)2 In this
case, the weight vector over which the gradient is computed should be a vector
consisting of all of the weights in the network. It is convenient, however, to
take the partial derivatives of £ with respect to the various weights in groups
corresponding to the weight vectors of the individual sigmoids. The partial
derivative of & with respect to a weight vector, W?), is
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ae def o at ae o
M= (N M’ )]
awi wy aw 3 m 4

where WI?} is the I-th component of WI-U).
. iy . (
Just as before, since ¢'s dependence on Wlw is entirely through 51”' we can
use the chain rule to write

de e as”’

G o0 gl
BW]. as; BWI.

Again, becauses )= X0-D. WU) T = XU-D, Substituting yields

de 3 gy
g W
WS as,
NO“"‘BU‘_L_#_ 2(d fw--so
de

I i
; iU.) = -2(d f)aswx

T

The quantity (d - f )3—2%3 =—3 dfn plays an important role in our calculations;
I shall denote it by ﬁl.m, Each of the 5;’ 's tells us how sensitive the squared error
of the network output is to changes in the input of the corresponding sigmoid
function. The gradient of ¢ can be written using the §'s as

O iy
aw?

1

Since we will be changing weight vectors in directions along their negative
gradients, our fundamental rule for weight changes throughout the network will
be

Wl ow? . Wixi-n

where cf" "is the learning rate constant for this weight vector. (Usually, the learming
rate constants for all weight vectors in the network are the same)) We see that this
rule is quite similar to that used in the procedures for a single TLU or sigmoid
unit. A weight vector is changed by the addition of a factor times its vector of
(unweighted) inputs,
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3.34 Computing Weight Changes in the Final Layer

Now, we turn our attention to the calculation of the Bim's. Using the definition,
we have

M
I as”

We first calculate 8% in order to compute the weight change for the final
sigmoid unit:

k) f
Since f is the sigmoid function, and s*! is its input, we have (as before) —-’;— =
fi1 =), Thus,

s = d—f3f (=)

And the bé('kpropagation weight adjustment for the single element in the final
layer can be written as

“{(RI {_w[kl_{h((k}m J‘)f x(k I}

which is the same rule as the generalized Delta procedure would have given us
if the final sigmoid unit were the only one in the network and if X*-1' = X.

3.3.5 Computing Changes to the Weights in Intermediate Layers

Using our expression for the &s, we can similarly compute how to change each
of 1the weight vectors in the network. Recall

hf

Again we use a chain rule. The final output, f, depends on ::fJiJ through each of
the summed inputs to the sigmoids in the (j + 1)-th layer. So

+1) +h
U] df dSU df 351 af asrlil_]
=) fJ+ii ij(JFJ '”+a(;+i'} a(;j '”+3(J’+ij il
dsy ds, 5 % Mgy
I“J1-1 5 J_l_]) '”;+1 !+|)
Z{ _ __f__as _ 5(;+1}35
= (-1 no l
8/ a1 sV
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[]'+H

It remains to compute the _dL”’_ s. To do that, we first write

i+ ) gD
s < xi . W

Gl +1

1}
— Z flulw(;+

And then, since the weights do not depend on thes's,

me+l iy (]
o ] e
o }: e va
) as(j) - Yul (;']

Els(J ds.

i | 1=l i

4
Now, we note that J[—” 0 unless v =1, in which case J‘:ﬁ f(” ] »fU Therefore,

as[jH) I ‘
I - u({H‘ ]f-{.; (1 Lfim}

- U) I
Bsi

We use this result in our expression for Si.m to give

My

f} —f“(l IU)} Z 5(;4-!1 q+l

The preceding equation is recursive in the &s. (It is interesting to note that
this expression is independent of the error function; the error functlon explicitly
affects only the computation of 5*) Having computed the 5 "s for layer j+ 1,
we can use this equation to compute the 5}“ s. The base case is 5, which we
have already computed:

LY. d—ff (k-

We use this expression for the &'s in our generic weight changing rule, namely,
i T I (] BT

W< W+ 3 XY

Although this rule appears comples, it has an intuitively reasonable explanation.
The quantity $% = (d ~ ) (1 - f) controls the overall amount and sign of all
weight adjustments in the network. (Adjustments diminish as the final output,
f. approaches either 0 or 1, because they have vanishing effect on f then) As
the recursion equation for the 8's shows, the adjustments for the weights going
i 10 a sigmotd unit in the j-th layer are proportional to the effect that such
adjustments have on that sigmoid unit’s output (its {9 (1 - f%) factor). They are
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A Network to
Be Trained by
Backprop

also proportional to a kind of "average” effect that any change in the cutput
of that sigmoid unit will have on the final output. This average effect depends
on the weights going out of the sigmoid unit in the j-th layer {small weights
produce little downstream effect) and the effects that changes in the outputs
of (j + 1)-th layer sigmoid units will have on the final cutput (as measured by
the 84*1s). These calculations can be simply implemented by “backpropagating”
the §'s through the weights in reverse direction (thus, the name backprop for this
algorithm). For additional information about hackprop and its applications, see
[Chauvin & Rumelhart 1995],

As an example of the backpropagation process, let's go through one step
of training the neural network of Figure 3.6—starting with the randem weights
shown. {1 use our standard network notation here fvorder to make it easier to
follow my use of the backprop equations.) Our target function is the even-parity
function of two binary variables. The inputs (including the “threshoid input” and
the desircd labels are

e RN ()
cxp =1 =0k =1,d=0
2x0 =0 =0 =1,d=1
0
.X%U]ZG,X£}=],J;UJ:L(1=O

i _ o i _ _
4 =Lxy =1 =1d=1

—

ol

The first input vector is (1,0,1), which evokes first-layer outputs of j]m =0.881 and
A1 =0500 and a final output of [ = 0.665. Using the equation for the base case, we
calculate 54! = —(.148. Backpropagating this § through the weights in the second
layer produces 8" = —0.047 and 6" = 0.074. Then, using the weight-adjusting
equations {and a learning rate constant ¢ =1), the new weights are calculated

to be
Wi = (1953, ~ 2000, —0.047)
W4 = (1.074,3.000, -0926)
W = (2,870, 2,074, -1.148)
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Note that (even though fz“) = 0.500—just where maximum sensitivity to adjust-
ments occurs) no adjustment is made to wilz) or w{lz} since xf-!n) =0. The adjustments
to the first layer of weights act to decrease the values of both {1 and f{”, which
in turn, together with the adjustments to the second laver of weights, act to de-
crease f and the error for this input vector. It would be instructive for you to

write a program (or use a spreadsheet} to continue this training process.

- Generalization, Accuracy, and Overfitting

The neural-network training example just presented is quite atypical. Because
of its low dimensionality, we are able to train on all possible (only four) input
vectors. According to Figure 34, there exists a set of weights that classifies all of
them correctly. In most applications, the dimensionality is much greater, often
around 100 or more. With 100 binary components, there are 21% possible input
vectors. We could use only a tiny fraction of these for training. And, even if
the network were to dassify the entire training set correctly (which would be
unlikely®, we would have no guarantee that it would classify other input vectors
the way we would want it to. A network is said to generalize when it appropriately
classifies vectors not in the training set. Generalization ability is measured by the
accuracy with which it makes these classifications. [ show shortly how to estimate
generalization accuracy,

Why would we expect a neural network to be able to generalize at all? The
situation is somewhat analogous to curve fitting, When we try to fit a straight
line or a low-degree polynomial curve, say, to data, we have confidence that
we have captured some underlying relationship in the data if the fit to the data
is very good and if there is a lot of data. The fitted curve can then be used to
estimate (with reasonabie reliability) values for new data points not used earlier
in the fitting process. If a straight line does not fit the data well, then perhaps
we might try a second-degree curve, and so on. A similar story can be told for
neural networks. A neural network computes a complex, nonlinear function of
its mputs, If the classification of these inputs is in fact some function that is
close to some member of the set of functions implementable by the network,
and if the fit by a trained network on the training data is very good—for a
large number of inputs, then most likely the training process has captured an
underlying functional relationship between inputs and classification. In that case,
generalization to new inputs should be good.

It is important that the number of training input vectors be greater than the
number of degrees of freedom (the number of variable weights} of the network.

noisy, as would be the case, for example, if they were derived from noisy sensors. Or an input
vector in the training se might occasionally be mislabeled. The first type of noise is called
attribute noise, the second classification noise,
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{zero error)
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Figure 3.7

Curve Fitting

Again, an analogy with curve fitting is helpful Even if a straight line does not
fit the data, and if there_are m data points, then certainly some (m — 1)-degree
polynomial can be found to fit the data perfectly. But since such a fit is possible
regardless of the disposition of the m data points, it is unlikely that it captures
anything special about the data. Instead, we have overfitted the data. If the data is
noisy (perhaps a straight line could have fit the nonnoisy data), then our extra
degrees of freedom are essentially just fitting the noise. As is well known in
curve fitting, the number of data points should be significantly greater than the
degree of the polvnomial used for fitting. And, given sufficient data, the Occam’s
Razor principle dictates a choice of the lowest-degree polvnomial that adequately
fits the data* We illustrate some of these ideas for curve fitting in Figure 3.7
The quadratic function provides a better fit than does the linear one without
overfitting the data as does the high-degree function. Similar principles apply to
neural networks.

Consider a two-layer, feedforward, neural network with n inputs, i hidden-
layer units, and one cutput. Such a network has approximately (not counting the

v R Ay Y

4. William of Occam, [285-1349, was an English philosopher who is claimed to have said:
“ron sunt mulliplicanda enttia praeter necessitatern,” which means “entities should not be multiplied
unnecessarily”
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threshold weights) nk + h = (n + )i variable weights. For fixed input dimension,
the degrees of freedom are essentially controlled by the number of hidden units.
We would expect the percentage classification error on the training set to decrease
as the number of hidden units increases—until some minimal error percentage is
reached. (Of course, if the training set is linearly separable, we can get zero etror
on the training set with just one hidden unit) I show a typical example of training
set error as a function of the number of hidden units in Figure 3.8. However, as
discussed earlier, to avoid overfitting, we would not want so many hidden units
that (1 + )l begins to approach the number of training input vectors.

Even if the training set error is low, generalization might not be good. There
are various ways to estimate what the error rate would be for inputs not in the
training set but drawn from the same undetlying distribution as the training
set. This error rate is called in statistics the out-ofSample-set error rate. Perhaps the
simplest technique is to divide the input vectors available for training into two
disjoint sets and use just one of these, which we will call the training set, for
training. Then, after training is finished, we use the other set, which we will call-
tue validation sef, for estimating the out-of-sample error rate. If the number of
vectors in both sets is large, the error rate on the validation set is a reasonable
estimate of generalization accuracy. {Of course, it usually overestimates the true
out-of-sample error rate, Why?) Experienced designers usually include about 2/3
of the available vectors in the training set and the remainder in the validation set.

Another popular method of estimating generalization accuracy is called cross
validation. There, we divide the vectors available for training into k (usually 10)
disjoint subsets, called folds. We select one of these folds as a validation set and use
the other k — 1 (combined) as & training set. We do this k times, each time selecting
a different fold as a validation set and its complement as the training set, We
compute the error rate for each validation set (after training on its complement)
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Estimale of Generalization Error Versus Number of Hidden Units {Adapted from
[Duda, Hart, & Stork 1998))

and take the average of these error rates as the estimate of the out-of-sample error.
For the special case of k =m, where m is the number of labeled vectors available,
we have what is called leave-one-out cross validation. Experimental results suggest
that 10-fold cross validation gives reasonable estimates (slightly pessimistic) of
generalization accuracy. In Figure 3.9, I show how the estimate of out-of-sample
ETTOr rate as mcasured by a validation set varies with the number of hidden
units for a typical classification problem. Note how validation set etror begins to
increase due to overfitting as the number of hidden units increases.

Additional Readings and Discussion

Neural networks have been applied to several problems in pattern recognition,
automatic control, and brain-function modeling. Typical examples aré hand-
written (ZIP code) character recognition [LeCun, et al. 1989), speech recognition
[Waibel, et al. 1988], and learning to pronounce words presented as written text
(Sejnowski & Rosenberg 1987). However, it must be stressed that designing and
training neural networks for these applications is still an art requiring expe-
rience and experiments. Some of the best research results and applications of
neural networks are presented at the annual conferences on Neural Information
Processing Systems (NIPS) whese published proceedings are entitled Advances in
Neural Information Processing Systems.

As mentioned, the basic component of a neural network, the TLU, divides
the space of input vectors by a hyperplane. If the convex hulls of two subsets
of training inputs do not intersect, a hyperplane can perform the separation.
A separating hyperplane can be obtained either by the training procedures
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mentioned in this chapter or by linear programming methods (which are known
to be of polynomial complexity) {Karmarkar 1984].

I dealt here only with layered, feedforward networks. The analysis of the
behavior of recurrent networks is more complex but is explained clearly in
[Hertz, Krogh, & Palmer 1991], using analogies with the physics of dynamical
systems. The backpropagation algorithm has been generalized (independently
by [Pineda 1987, Almeida 1987, Rohwer & Forrest 1987]) to cover the case of
recurrent networks (when such networks converge to stable states). (A readable
presentation of the algorithm is given in [Hertz, Krogh, & Palmer 1991, pp. 172-
1761)

Neural networks are but one of the many structures used in machine learning,
Another is the decision tree—favored by some people because the functions that
trees implement (such as DNF Boolean functions) are more easily understood
than are those of neural networks. In Al, Ross Quinlan pioneered decision-
tree leamning methods with ID3 [Quinlan 1979] and €4.5 [Quinlan 1993] (Similar
techniques were developed independently by statisticians [Breiman, et al. 1984])

I will present other machine learning techniques at various points in the
book, but I mention here some of the sources for information about the topic.
The major annual conference is the International Conference on Machine Learn-
ing (ICML), whose proceedings are published. Papers on computational learning
theory appear in the Proceedings of the Workshops on Computational Leaim-
ing Theory (COLT). The major journal is Machine Learning. Important textbooks
are [Mitchell, T. 1997, Langley 1996, Weiss & Kulikowski 19911 {Fu 1994, Haykin
1994, Hertz, Krogh, & Palmer 1991] are books about neural networks, {Shavlik
& Dietterich 1990] is a collection of papers, and [Dietterich 19901 is an excellent
survey of the field of machine learning.
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3.1 A TLU with weight vector W and threshold & implements a hyperplane
boundary. Derive an expression for the Euclidean distance of the hyperplane
from the origin. From an arbitrary point X. (Refer to Figure 3.1

3.2 The following training set is linearly separable:

input output
100 1
011

e
11¢ 1
111 0
001 0
101 1
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Train tby hand) a linear threshold element on this training set. Your unit will
have four inputs counting the one that implements the threshold. Assume that
the initial values of all weights are zero. Train your unit with the fixed increment
error-correction procedure until it converges with a solution. Show the set of weights
at the end of each pass through a training cycle. Draw a sketch of a 3-D cube with
the preceding inputs as vertices, and sketch in the separating plane corresponding
to the final weight set.

3.5 You are to classify a set of n-dimensional input vectors with a TLU. But
suppose, for technological reasons, you can use only nonnegative weights. How
would you arrange to perform this classification?

3.4 Design (don'l train) a feedforward network to implement the exclusive-or
function of two inputs. Your network should have (1) a hidden layer consisting
of linear threshold elements receiving inputs x; and x;, and (2) a final output
unit receiving inputs from the outputs of the hidden layer (but not inputs from
x1 and x,).

3.5 Prove that it is possibie to implement any Boolean function of n inputs with
a network of threshold elements consisting of just one hidden layer.

3.6 Consider the nonlinear unit shown in the figure:

X-w ‘>@—>f(?()

fX)=0if X-W < b
=lifX-W>b
=(1/2b)X - W + b) otherwise

Instead of the usual threshold or sigmoid nonlinearity, we have a “ramp” function
as defined In the figure. Derive the weight-adjusting rule for the weight vector,
W, resulting from 4 steepest-descent procedure applied incrementally at each
input vector presentation to minimize the squared error, ¢, between the actual
output, f, and the desired qutput, d. Comment on your result.

3.7 Consider the cascade network shown in the following figure. There are three
inputs to the network, namely, x(, x;, and xs. Sigmoid unit number 1 receives
all of these inputs {as well as a “threshold input,” x; = 1. Sigmoid unit number
2 has as its inputs the output of sigmoid 1 and 1, x, xs, and x4, All inputs to
the sigmoid units are weighted with adjustable weights. Derive an appropriately
instantiated backpropagation-style incremental weight-adjustment procedure
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for this network based on minimizing the squared error between the network's
output and the labels of a set of training input vectors. Assume a learning-rate
factor of ¢ for all weight vector adjustments. Your answer may use vector notation;
that is, you don't have to instantiate down to the level of the components, x;, of

the input vectors.

o Sigmoid units
f

X3

x.;z]‘é’//‘ 2

3.8 A dot product umit (DPL) computes the vector dot product of an input vector
X with a weight vector W. It has no threshold; its output can be written simply
as the matrix equation WX, where W is a row vector and X is a column vector.
Consider the network of DPUs shown here. Prove that the entire network is
equivalent to a single DPU. What is the weight vector for this DPU?

W

X 12

39

1. Develop an incremental, gradient descent weight change rule for a single
sigmoid unit in which the error function is ¢ = |d —f}, where d is the
desired output, f = 1/(1 —¢7%), s = X- W, X is an (n + 1)-dimensional input
vectar, and W is the (n + I)-dimensional weight vector being changed.

2. Fxplain how your rule differs from the one that uses a squared-error
criterion.

3. What changes must be made to the backprop rule for a multilayer,
feedforward network if this new error criterion is used?



il Evolutionary Computation

The systems we studied in the last chapter adapt their behaviors so that they
conform to a set of training instances. This type of learning mimics some aspects
of learning in biological systems. Another way in which biological systems adapt
is by evolution: generations of descendants are produced that perform better than
do their ancestors. Can we use processes similar to evolution to produce usefil
programs? In this chapter, I examine a technique that attempts to do just that.
Biological evolution proceeds by the production of descendants changed from
their parents and by the selective survival of some of these descendants to produce
more descendants. These two aspects, change through reproduction and selective
survival, are sufficient to produce generations of individuals that are better
and better at doing whatever contributes to their ability to reproduce. The
following geometric analogy portrays a simplified version of the process: imagine
a mathematical “landscape” of peaks, valleys, and flat terrain populated by a
set of individuals located at random places on the landscape. The height of an
individual on this landscape is a measure of how well that individual performs
its task relative to the performance of the other individuals. Those individuals at
low elevations cease to exist, with a probability that increases with decreasing
height. Those individuals at high elevations ‘repreduce” with a probability that
increases with increasing height Reproduction involves the production of new
individuals whose location on the landscape is related to, but different from,
that of the parent(s). The most interesting and efficacious kind of reproduction
involves the production of new individuals jointly by two parents. The location(s)
of the offspring on the landscape is a function of the locations of the parents. In

9
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some instantiations of the evolutionary process, the location of an offspring is
somewhere “between” (in some sense) the focations of the parents.

We can regard this process as one of searching for high peaks in the landscape.
Newly generated individuals sample new terrain, and those at the low elevations
die off. After a while, some individuals will be located on peaks. The efficiency of
the exploration process depends on the way in which an individual differs from
its parent and on the nalure of the landscape. Offspring might have elevations
lower than their parents, but some might occasionally be higher

Evolutionary search processes have been used in computer science for two
major purposes. The most straightforward application is in function optimization.
There, we attempl Lo find the maximum (say) of a function, f(x;, ..., x,). The
arguments (xy,.... xy) specify the location of individuals, and the value f is the
height. John Holland {Holland 19751 proposed 4 class of genetic algorithms (GAs) for
solving problems of this sort. GAs are well described in various textbooks and
articles. (Sce, for example, [Goldberg 1989, Mitchell, M. 1996, Michalewicz 1992].)

The other application is to evolve programs to solve specific problems—for
example, programs to control reactive agents, This is the application that concerns
us here. Elaborations on GAs called dassifier systems [Holland 1986], [Holland
1975, pp. 17U, 2nd ed] have been used successtully for this purpose. Another
technique, called geaetic programming (GP) [Koza 1992, Koza 1994] evolves programs
in a4 somewhat more direct manner than do Gas. In the next section, T will
illustrate the GP process with an example.

Genetic Programming
Program Representation in GP

In G, we evolve functional pragrams such as LISP funclions. Such programs can
be expressed as rooted trees with labeled nodes. Internal nodes are functions,
predicates, or actions that lake one or more arguments. Leaf nodes are program
constants, actions, or functions that take no arguments. 1 show an example of
how a program for computing 3 + (5 x 4)/7 i expressed as a tree in Figure 4.1,
In this case, the leaf nodes are the conslants 3, 4, 5, and 7 and the internal nodes
are the functions +, x, and /.

Here, T show how GP can be used to evolve,a wall-following robot whose
task is the same as that considered in Chapter 2. Su ppose the world for this robot
is the two-dimensional grid world shown in Figure 4.2, We want to evolve a
program that takes as inputs the robot's current sensory dala and computes a
single action. The robot is controlled by repeated execution of this program, and
we want repeated executton to move the robot from an arbitrary initial position
to a cell adjacent to the wall and then 1o follow the wall around forever.
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Figure 4.1
—————

A Program
Expressed as a
Tree

Figure 4.2

TR
A Robot m a
Grid World

ow) o |ne

SW| & |8e

The primitive functions to be used in the program include four Boolean
functions, AND, OR, NOT, and IF; and four actions, north, east, south, and west. The
Boolean functions have their usual definitions:

1. AND(z,y) =0 if x = 0; else y

2 0R(x,y) =1if x = 1; else y

3, NOT(x) =0 if x = 1; else 1

4. IF(x,y,z) =y if x = 1, else z
The actions are defined as before:

1. north moves the robot one cell up in the cellular grid

2. east moves the robot one cell to the right

3. south moves the robot one cell down
4. west moves the robot one cell to the left

The action functions themselves have effects but no values: the evaluation of
any of them terminates the program so that there is no need to pass a value
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up the tree. All of the action functions have their indicated effects unless the
robot attempts to move into the wall; in that case, the action has no effect except
to terminate the program. Of course, repeating the execution of a program that
terminates with no effect will also have no cffect.

We use the same sensory inputs as before. Here, rather than using thes,, ..., s
notation, { use the more mnemonic n, ne, e, se, s, sw, v, and nw. These inputs
have value 0 whenever the corresponding cell is free for the robot to occupy;
otherwise, they have value 1. Figure 4.2 shows the locations of the cells being
sensed relative to the robot.

For GP, we must ensure that all expressions and subexpressions used in a pro-
gram have values for all possible arguments (unless execution of an expression
terminates the program). For example, if we were to use the function Divides(x, y)
to denote the value of x divided by y, we will need to give it some value (perhaps
0) when y is 0. In this way, we ensure that any tree constructed so that each
function has its proper number of arguments describes an executable program.
We will see later why this point is important.

Before proceeding to use GP to evolve a wall-following program, [ show an
example of a wall-following program in Figure 4.3; I show both the tree repre-
sentation and the equivalent list-structure representation. Repeated execution of
the program will cause the robot to go north tu the wall and follow it around in a
clockwise direction. This program can be compared with the production system
for boundary following developed in Chapter 2

The GP Process

In genetic programming, we start with a population of randem programs, using
functions, constants, and sensory inputs that we think may be the ones that will
be needed by programs if they are to be effective in the domain of interest. These
initial programs are said to constitute generation 0. The size of the population of
programs in generation 0 is one of the parameters of a GP run. In my illustration
of how GP works, we are going to start with 5000 random programs and attempt
to evolve a wall-following robot. We produce these initial random programs
from the primitive functions AND, OR, NOT, and IF, the actions north, east, south,
and west, the sensory functions n, ne, e, se, s, sw, w, ow, and the constants
0 and 1. Programs in each generation are evaluated, and a new generation is
produced until a program is produced that performs acceptably well

A program is evaluated by running it to see how weli it does on the task we
set for it. In our case, we run a program 60 times and count the number of cells
next to the wall that are visited during thesc 60 steps, (There are 32 cells next to
the wall, s0 a program that never gets to the wall would have a count of 0, and
a perfect program would have a count of 32.) Then we do ten of these runs with
the robot starting in ten randomly chosen starting positions. The total count of
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(IF (AND (OR (n) (me)) (NCT (e)})
{east)
(IF (AND (OR (8) (se)) (NOT (s)))
{south)
(IF (AND (OR (s) (sw}) (NOT (w}))
{west)
{north))))

Figure 4.3

A Wall-Following Program

next-to-the-wall cells visited during these ten rung is then taken as the fitness of
the program. The highest possible fitness value will be 320—achievable only by
a robot that on each of its ten fitness runs visits all of the next-to-the-wail cells
within 60 steps.

The (i + I)-th generation is constructed from the i-th one in the following
manner;

1. Five hundred programs (10%} from generation i are copied directly into
generation i + 1. Individuals are chosen for copying by the following
tournament selection process: seven programs are randomly selected (with
replacement;} from the population of 5000. Then the most fit of these
seven programs is chosen. (Tournament selection has been found to be
an efficient method for selecting fit individuals. The number 7 and the
percentage of programs to be copied are additional parameters of the GP
process.)
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Two Parent Programs and Their Child

2. Forty-five hundred new dhild programs (90%) are put into generation + 1.
Each child program is produced from a mother and a father program by
a crossover operation as follows: a mother and a father are each chosen
from generation i by tournament selection (as before). Then a randomly
chosen subtree from the father replaces a randomly selected subtree
from the mother. The result is the child program. (Executability of the
child is guaranteed by the requirement that all functions used in the
programs be exccutable for all possible values of their arguments.) 1 show
an illustration of the crossover operation in Figure 4.4. The shaded node
in each parent has been selected as a crossover point. The child program
may or may not have higher fitness than its parents. The mativation
for the possible effectiveness of the crossover operation is that a main
program and a subexpression of fit parents are incorporated into their
child.

3. Sometimes a mulation operalor is also used in constructing individuals for
the next generation. When used, it is used sparingly (perhaps at a 1%
rate). The mutation operator selects a single parent from generation i by
tournament selection (as before). A randomly chosen subtree is deleted
from this parent and replaced by a newly grown random subtree (created
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int the same manner as individuals are created for generation 0). My
iltustrative example does not use mutation.

Note that several rather arbitrary parameters must be set in constructing the
next generation. These include the number of individuals to be copied, the num-
ber to be produced by crossover, the number used in tournament selection, and
the mutation percentage. The parameters used here in my illustrative experi-
ment are based on the recommendations of experts in the technique of genetic
programming.

4.2.3 Evolving a Wall-Following Robot

Starting with our population of 5000 random programs, and using the techniques
just described, we start the GP process for evolving a wall-foliowing robot.
Many of the random, generation 0 programs do nothing at all: for example,
(AND (sw)(ne)) (with fitness = 0) evaluates its first argument, terminates if the
result is 0, and otherwise evaluates its second argument and terminates. Some
programs move in one direction only regardless of their inputs. For example,
when program (OR (e) (west)) evaluates west, it moves west and terminates.
That program had a fitness of 5 (some of its random runs happened to traverse
cells next to the wall). The 5000 programs in generation 0 can be regarded as an
uninformed search of the space of computer programs using ingredients chosen
for this particular problem class.

The list-structure form of the most fit program of generation 0 (fitness = 92)
and two of its fitness runs are shown in Figure 45. As is usual with GP. the
program is rather difficult to read and has many redundant operations. (Some of
these might be removed by a postprocessing translator) Starting in any cell, this
program moves east until it reaches a cell next to the wall; then it moves north
until it can move east again or it moves west and gets trapped in the upper-
left cell

The best program of generation 2 has a fitness of 117. The program and its
performance on twa typical fitness cases are shown in Figure 4.6, The program is
smaller than the best one of generation 8, but it does get stuck in the lower-right
cornet.

By generation 6, performance has improved to a best fitness of 163. The best
program follows the wall perfectly but still gets stuck in the bottom-right corner,
as shown in Figure 4.7

Finally, by generation 10, the process has evolved a program that follows the
wall perfectly. This program and two of the paths it takes from different starting

L Lthank David Andre for programming this illustrative example,
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(AND (NOT (NCT (IF (IF (NOT (nw))
(IF (e)(north) (east))
(IF (west)(0) (south)}
(OR (IF (nw)(ne)(w))
(NOT (sw)))
(NOT (NOT {morth))))))
{IF (OR (NOT (AND (IF (sw)(north)(ne))
(AND (south){1)))}
(OR (OR (NOT (s))
(0R (e)(e)))
(AND (IF (west)(ne)(sa)}
(IF (1) (e)(e))M)

(OR (NOT (AND (NOT {(me))(IF (east){s)(n))))

{OR (NOT (IF (nw) (east)(s)})
(AND (IF (w)(sw) (1))
(OR {sw) {ow)))))
(DR (NMOT (IF (DR {an){w)}
(OR {0)(se))
(CR (1)(east)}))
{OR (AD (OR (1}(ne))
(AND (nw){east)))
{IF (NOT (west))
(AND (west) (sast))
(IF (L) {north) (w3}

Figure 4.5

The Most Fit Individual in Generation 0

Chapter 4

positions are shown in Figure 4.8. The program follows the wall around clockwise

and moves south to the wall if it doesn't start next to it.

[ show in Figure 4.9 a curve of the fitness of the most fit individual in each
generation. Note the progressive (but often small) improvement from generation

to generation.
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Figure 4.7

The Most Fit Individual in Generation 6
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- 45 Additional Readings and Discussion

Genetic algorithms and genetic programming have been applied in a variety
of settings. GP methods have successfully evolved reactive agents similar to
those studied by other Al researchers. These include box pushing, ant trail
following, truck trailer backing, and inverted pendulum balancing. These and
other demonstrations of the versatility of the technique are described in [Koza
1992]. Added power is gatned when the method is extended to allow the evolution
of subroutines that can subsequently be used by the coevelving main program
just as if they were primitive functions. This feature and its applications are
presented in [Koza 1994, Perhaps the most complex and successful applications
of GP are in synthesizing electronic filters, amplifiers, and other circuits [Koza, et
al. 1996]. Some preliminary work has also been done on GP methods for evolving
programs that create and use memory structures, that search, and that employ
recursion [Andre 1995, Teller 1994, Brave 1996).

Genetic programming and genetic algorithms research papers appear in
Proceedings of the Conferences on Genetic Programming, the [EEE Transactions
on Evolutionary Computation, and the Proceedings of the International Conferences
on Genetic Algorithms.

e : \ e 3 "‘"“:hvl';..;:'\ s S
Exercises et e M
4.1 Specify fitness functions for use in evalving agents that

1. Control an elevator

2. Control stop lights on a city main street

4.2 Determine whal the words genotype and phenotype mean in (biological) evo-
lutionary theory. How might these words be used to describe GP?

4.5 How might the GP crossover process be changed to allow GP to relax the
requirement that the execution of every subtree return a value?

4.4 The crossover operation used in GP selects a random subtree in both parents.
Comment on what you think the effects would be of biasing the random selection
according to

1. Preferring those subtrees that were highly active during the fitness trials

2. Preferring larger subtrees to smaller ones, and vice versa
4.5 How could an evolutionary process, like GP, be used to evolve

1. Neural networks?

2. Production systems?
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Describe in some detail. In particular, how would the crossover operation be
implemented? Comment on whether or not vou allow Lamarckian evolution in
the evolution of neural networks.

4.6 Why do you think mutation might or might not be helpful in evolutionary
processes that use crossover?
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Representing the Environment by Feature Vectors

The feature vector used by an S-R agent can be thought of as representing the
state of the environment so far as that agent is concerned. From this feature
vector, the $-R agent computes an action appropriate for that environmental
state. As I have mentioned, sensory limitations of the agent preclude completely
accurate representation of environmental state by feature vectors—especially
feature vectors that are computed from immediate sensory stimuli. The accuracy
can be improved, however, by taking into account previous sensory history.
Important aspects of the environment that cannot be sensed at the moment might
have been sensed before, Suppose the agent does have an initial representation
of the environment at some time t=0. (This initial representation might be
preloaded by the designer, for example) We then assume that the representation
of environmental state at any subsequent time step, { + 1, is a function of the
sensory input at t + 1, the representation of environmental state at the previous
time step, t, and the action taken at time t. We call machines that track their
environment in this way state machines. Besides immediate sensory inputs, state
machines must have memory in which to store a model of the environment.

This model can take many forms. Perhaps the simplest representation is a
vector of features—just as is used by $-R machines. But now, the feature vector,
X;+1, depends on a remembered feature vector, X;. Figure 5.1 illustrates this type
of state machine.

Because agent environments might be arbitraxily complex, it is always the
case that the agent can only imperfectly represent its environment by a feature
vector. But it is also the case that agents designed for specific tasks can afford
to conflate many environmental states. The agent designer must arrange for a

71
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A State Machine

feature vecior that is an adequate representation of the state of the envirenment—at
least insofar as the agent’s tasks are concerned.

As an example of a state machine, let’s consider our boundary-following robot
from Chapter 2. Recall that it modeled its environment hy the values of features
computed from eight sensory inputs that informed the agent whether or not the
eight surrounding rells were free. Let's consider a somewhat sensory-impaired
version of the boundary-following robot. Assume that this rebot can sense only
the cells immediately to its north, east, south, and west. That is, it cannot sense the
four diagonally adjacent cells. Its sensory inputs are (s, 83,5, 38}, and these inputs
have value 1 only if the cells to the north, east, south, and west, respectively, are
not {ree. Otherwise, these inputs have value 0. Even with this impairment, this
robot can still petform boundary-following behavior if it computes the needed
feature vector from its immediate sensory inputs, the previous feature vector,
and the just-performed action. {Again, [ assume there are no tight spaces in the
environment.)

To follow our practice of making action dependent on 4 feature vector, we
use features w;=s;, for i =2 4,6,8. In place of the four sensory inputs that are
absent, we substitute four features, namely, wy, w3, ws, and w7, wy has value 1 if
and only if at the previous time step w) had value 1 and the robot moved east.
Similarly, ws has value 1 if and only if at the previous time step w, had value 1
and the robot moved south, and so on. (Otherwise, the w, have value 0)
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Using these features, the following production system gives wall-following
behavior (in worlds without tight spaces):

Ww;wy — east
wiwg —» south
Weivg — west
WwgW; — north
W — north
Wz — gast

W5 —> south
w7 — west

1 —> north

Note that the boundary-following robot of Chapter 2 (without the sensory
impairment) managed without memory of previous inputs, features, or actions,
If all of the important aspects of the environment can be sensed at the time
the agent needs to know them, there is no reason to retain a model of the
environment in metnory. But sensory abilities are always limited in some way,
and thus agents equipped with stored models of the environment will usually
be able to perform tasks that memoryless agents cannot,

Elman Networks

An agent can use & special type of recurrent neural network (called an Elman
network [Elman 19900 to learn how to compute a feature vector and an action from
a previous feature vector and sensory inputs, [ illustrate how this might be done
for the wall-following robot that senses only those four cells to the north, east,
south, and west. The network learns to store those properties of previously sensed
data that are appropriate to the task at hand. 1 show such an Elman network in
Figure 5.2. The network has eight hidden units, one for each feature needed by the
robot just considered.’ The input to the network consists of the four immediate
sensory inputs (s, 54, 5, 58) plus the values of the eight hidden units one time step
earlier. These extra inputs, called context units, allow the network to base its actions
on learned properties of data previously sensed—that is, on the context in which
the robot currently finds itself. As previously mentioned, there are various ways
to arrange for multiple network outputs. In this case, we need four distinguishable
outputs, corresponding to the actions north, east, south, and west, The network of
Figure 5.2 has four output units, one for each action. Each output unit computes

AR A D N
1. Of course, in a typical [earning situation, we won't know how many hidden units lor how
many layers) are needed.
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An Elman Network

its action from the same set of hidden units (features). We train so that onl};
one output unit has a desired output of 1; the others have desired outputs of 0.
Training is accomplished by presenting a sequence of sensory inputs, labeled by
the appropriate corresponding actions, that would occur in a typical run of an
experl wall-following teacher. In actual operation (after training), we select that
action corresponding to the output unit with the largest output. Although an
Elman network is a special case of the recurrent neural networks mentioned in
Chapter 3, training can be accomplished by ordinary backpropagation because
the backward-directed weights (from hidden units to context units) are fixed, and
the context units are treated as just another set of inputs.

Iconic Representations

Feature vectars are just one way of representing the environment. Other data
structures may also be used. For example, our boundary-following robot might
use an array to store a map of free and nonfree cells as it senses them. These
two possibilities, representing the world either by features or by data structures,
foreshadow a profound division in artificial intelligence. On one side, we have
what | call a feature-based representation of the world—a vector of features or
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An Agent That Computes Features from an Iconic Representation

attributes. On the other side, we have what | call an iconic representation—data
structures such as maps, which can usually be thought of as simulations of
important aspects of the environment, (Iconic representations are sometimes also
called analogical representations.} A crisp and precise distinction between iconic and
feature-based representations is difficult to make, but it is a distinction that we
will encounter throughout this buok.

When an agent uses an iconic representation, it must still compute actions
appropriate to its task and to the present {(modeled) state of the environment.
Reactive agents react to the data structure in much the same way that agents
without memory react (o sensory stimuli: they compute features of the data
structure. One way to organize such an agent is illustrated in Figure 53. The
sensory information is first used to update the iconic model as appropriate, Then,
operations similar to perceptual processing are used to extract features needed
by the action computation subsystem. The actions include those that change the
iconic model as well as those that affect the actual environment. The features
derived from the iconic model must represent the environment in a manner that
is adequate for the kinds of actions the robot must take.

When the iconic representation of a grid-space robot is a matrix of free
and noniree cells, it is as if the robot had sensors that could sense whether
or not any of the cells in the grid were free. For example, consider a robot
whose representation of its local environment is as shown in Figure 54. Free
cells are represented by s in the corresponding array element; nonfree cells
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A Maplike lconic Representation

are represented by 1's; unknown cells are represented by ?'s; and the robot's
own location relative to the surrounding cells is represented by the letter R. The
environmental situation represented by the array in Figure 5.4 should evoke the
action west in a wall-following robot designed to go to the closest wall and then
begin wall following. Of course, after taking the action, the robot must update
its model to change its own position and to take into account new sensory data.

Another type of action compﬁtalion mechanism uses a model in the form of
an artificial potential field. This technique is used extensively in controlling robot
motion [Latombe 1991, Ch. 7] The robot's environment is represented as a two-
dimensional potential field’ The potential field is the sum of an “attractive”
and a “repulsive” component. An attractive field is associated with the goal
location—the place that the robot is ordered 1o go. A typical attractive function
is pa(X) = k1d(X)?, where d(X) is the Fuclidean distance from a point, X, to the
goal. Such a function has minimum value 0 at the goal location. Obstacles in the
environment evoke a repulsive field. A typical repulsive function is p(X) = E&V
where dy(X) is the Euclidean distance from X to the closest obstacle point.

The total potential is the sum, p=p, + p;. Motion of the robot is then directed
along the gradient of the potential field—sliding downhill, so to speak. Fither the
potential field can be precomputed and stored in memory as an aspect of the
world model or it can be computed incrementally at the robot's location just
before the robot needs to decide on a move. An example of a potential field is
shown in Figure 5.5. The robot is at the position marked with an R, and the goal
location is marked with a G in Figure 55a. The attractive, repulsive, and total

AT R o Y
2. Higher-dimensional fields are used when there are many degrees of freedom to be
controlled.
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(b)

(c) (d)

Figure 5.5

Equipotentiat Curves of an Antificial Potential Field (Adapted from [Latombe 1991)

potentials are shown in Figures 55b, ¢, and d, respectively. Fquipotential curves
and the path to be followed by the robot are shown in Figure 55e. The method
suffers from the fact that there can be patential minima that would trap the robot.
Several methods have been explored to avoid this problem [Latombe 1991],

| Blackboard Systems

Data structures used to model the world do not necessarily have to be iconic,
although they often are. An important style of Al machine is based on a blackboard
architecture [Hayes-Roth 1985, Nii 1986a, Nii 1986b], which uses a data structure
called a blackboard. The blackboard is read and changed by programs called
knowledge sources (KSs). Blackboard systems are elaborations of the production
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A Blackboard System

systems [ have already described. Each KS has a condition part and an action
part. The condition part computes the value of a feature; it can be any condition
about the blackboard data structure that evaluates to 1 or 0 (o True or False, if that
notation 1s preterred). The action part can be any program that changes the data
structure or takes external action (or both). When two or more KSs evaluate to 1,
a conflict resolution program decides which KSs should act. In addition to changing
the blackboard, KS actions can alsy have external effects. And the blackboard
might also be changed by perceptual subsystems that process sensory data. Often,
the blackboard data structure is organized hierarchically, with subordinate data
structures occupying various levels of the hierarchy. T show a schematic of a
blackboard system in Figure 5.6.

The KSs are supposed to be “experts” about the part(s) of the blackboard that
they watch. When they detect some particular aspect of their part(s) of the black-
board, they propose changes to the blackboard, which, if selected, may evoke
other KSs, and so on. Blackboard systems are designed so that as computation
proceeds in this manner, the blackboard ultimately becomes a data structure that
contains the solution to some particular problem and/or the associated external
effects change the world in some desired way. The blackboard architecture has
beer used in several applications ranging from speech understanding [Erman, et
al. 1980}, to signal intcrpretatton [Nii 1986b], and medical patient-care monitoring
[Hayes-Roth, et al, 1992],

For an example, | return to a robot in grid world—this time our robot can
sense all eight cells immediately surrounding it. However, this robot's sensors
(like all reat sensors) sometimes give erroneous information. The robot also keeps
a partial map of its world—similar to the map shown in Figure 54. Because
of previous sensor errors, the map can be incomplete and incorrect. The data
structure representing the map and a data structure containing sensory data
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A Robot's Blackboard and KSs

compose the blackboard. T show the blackboard as it appears at one instant of
the robot's expetience in Figure 5.7 '

To help the robot correct blackboard errors, it has two KSs, namely, a gap filler
and a sensory filter. The gap filler looks for tight spaces in the map, and (knowing
that there can be'no tight spaces} either fills them in with 1's or expands them
with additional adjacent 0's. (I leave it to you to speculate about the basis for
filling or expanding) For example, the gap filler decides to fill the tight space at
the top of the map in Figure 5.7

The sensory filter looks at both the sensory data and the map and attempts
to reconcile any discrepancies, In Figure 5.7, the sensory filter notes that s is
a strong “cell-occupied” signal but that the corresponding cell in the map was
questionable. it decides to reconcile the difference by replacing that ? in the map
with a 1. Similarly, it decides that, based on the map data, the 53 =1 signal is
in error and therefore does not alter the map based on this signal. After these
actions, the gap filler can replace the lone ? in the left-hand column of the map
byal

Depending on the task set for the robot, some other K (reacting to the
adjusted map} can propose a robot action.
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Additional Readings and Discussion

State machines are even more ubiquitous than 5-R agents. And much of what
I said at the end of Chapter 2 about the relationship between S-R agents and
ethological models of animal behavior applies also to state machines. Many
animals maintain at least partial information about features of their external and
internal worlds that cannot be immediately sensed. (See Exercise 5.4 Production
systems that respond to memory as well as 1o perception have been used to
madel certain psychological phenomena (Newell 1973).

Elman networks are one example of leaming finite-state automata. This
problem has also been studied by [Rivest & Schapire 1993).

Many researchers [Kuipers, et al. 1993, Kuipers & Byun 1991] have studied the
problem of learning spatial maps, which are examples of iconic representations,
When there is uncertainty about the current state and about the effects of actions,
map learning is more difficult. This case has been studied by [Dean, Basye, &
Kaelbling 1993)

[Genesereth & Nilsson 1987] term agents whose behavior depends on past
history hysteretic agents

Exercises

5.1 A discrete elevator can sense the following information about its world:

I. What floor the elevator is stopped at.
2. What floors passengers in the elevator wani to go to.

5. What floors passengers outside of the elevator want rides from and
whether they want to go up or down.

4. The status of the elevator door (open or closed).
The elevator is capable of performing the {ollowing actions:

1. Go up exactly one floor (unless it is alrcady at the top floor).

2. Go down exactly one floor (unless it is already at the bottom floor).

o

. Open the elevator door.

4. Close the elevator door,

L") |

- Wait A seconds (a fixed time sufficient for all in the elevator to get off and
for all outside the elevator to get in).

Design a production system to control the clevator in an efficient manner. (It
is not efficient, for cxample, to reverse the elevator direction from going up to
going down cither if there is someone still inside the elevator who wants to go
lo a higher floor or if there is someone outside the elevator who wants to get on
from a higher floor)
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Note: For a
simpier algo-
rithm, see
wiwwnkp.com
/nils/darified.

5.2 An “artificial ant" lives in a two~dimensional grid world and is able to follow
a continuous “pheromene trail” (one cell wide) of marked cells. The ant occupies
a single cell and faces either up, left, down, or right. It is capable of five actions,
namely, move one cell ahead (m), turn to the left while remaining in the same
cell (I, turn to the right while remaining in the same cell (1), set a state bit "on”
(on), and set the state bit “off” (off). The ant can sense whether or not there is a
pheromone trace in the cell immediately ahead of it (in the direction it is facing),
and whether or not the state bit is on. (Assume that the state bit is off initially)
Specify a production system for controlling the ant such that it follows the trail.
Assume that it starts in a cell where it can sense a pheromone trace. (Recall that a
production system consists of an ordered set of condition-action rules; the action
executed is the one that corresponds to the first satisfied condition. A rule might
have mare than one action on its right-hand side.) Make sure your ant doesn't
turn around and retrace its steps backward!

5.3 The three-disc Tower-of-Hanoi puzzle has three pegs, A, B, and (, on which
can be placed three discs (labeled 15, D,, and D)) with holes in their centers to fit
on the pegs. Disc Ds is larger than disc D, which is larger than disc Dy. Ordinarily,
the puzzle has the three pegs in a line, but let's suppose we position them on a
circle. We start with the three discs on peg A and want to move them to one of
the other pegs. (See the figure.) The rules are that you can move any disc to any
peg except that only the top disc on a peg can be moved, and you cannot place
a disc on top of a smaller disc. You might be familiar with a recursive algorithm
for solving this problem.

Interestingly, there is another, nonrecursive, algorithm, which can be statedas
follows in English: we will always move the largest disc that can be moved,
but we will never move it in a direction that undoes the move just previously
made. Whenever possible, we move clockwise (CW) on odd-numbered moves
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and counterclockwise (CCW) on even-numbered moves. When adhering to this
CW/CCW schedule is not possible (because there is no such move of the biggest
disc that won't reverse 4 move just made), we move in the nonpreferred direction
instcad and then resume the original schedule.

We are going to specify a production system 1o implement this algorithm.
Assume the following six disc-moving actions: move(num, dir), where num can be
D, Dy, or Dy, and dir can be CW (clockwise} or CCW {counterclockwise), We also
assume sensors that can determine the truth or falsity of the following conditions:
81, B;, and Bs, where B; means that disc I), is the largest disc that can be moved. In
addition, we will have the following “state” conditions that will be set and unset
by the production system: (W (meaning (hat the last move was clockwise); and
My, M, and M3, where M; means that the last disc moved was dise D;. The state-
changing actions are toggle, which toggles the state CW (that is, when toggle is
executed, (W changes from 1 to 0 or from 0 to 1), and moved(D3), moved:Dy), and
moved(D;), where moved(D;) sets M; to true and M; to false for j # i,

Using these sensory and state conditions and thesc actions, specify a pro-
duction system that implements this algorithm. Don't forget to specify the initial
values of the state conditions! Assume that the production system is of the sort in
which the production rules are ordered and the action to be executed is the ac-
tion associated with the highest rule whose condition is satisfied. The action part
of a production rule can contain both disc-moving and state-changing actions,
which can be executed simultaneously.

5.4 The female solitary wasp, Sphex, lays her eggs in a cricket that she has
paralyzed and brought to her burrow nest. The wasp grubs hatch and then feed on
this cricket. According to [Wooldridge 1968, p. 701 the wasp exhibits the following
interesting behavior:

... the wasp's routine is to bring the paralyzed cricket to the burrow, leave
it on the threshold, go inside to see that all is well, emerge, and then drag
the cricket in. If the cricket is moved a few inches away while the wasp is
inside making her preliminary inspection, the wasp, on emerging from the
burrow, will bring the cricket back to the threshold, but not inside, and will
then repeat the preparatory procedure of entering the burraw to see that
evervthing is all right. If again the cricket is removed a few inches while the
wasp is inside, once again she will move the cricket up to the threshold and
reenter the burrow for a final check . .. On one occasion this procedure was
repeated forty limes, always with the same result.

Invent features, actions, and a production system that this wasp might be using
in behaving this way.

5.3 Invent an artificial potential function (with attractive and repulsive compo-
nents) that can be used to guide a robot from any cell in the two-dimensional
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grid world shown here to the goal cell marked by a 0. (Assume that the robot's
possible actions are moves to the north, east, south, and west) Does the sum of
the attractive and repulsive components have local minima? If so, where? In-
vent a particular overall potential function for this grid world that has no local
minima and whose use guarantees shoriest paths to the goal.




6.1

Robot Vision

Introduction

Most of the examples I have used so far to describe S-R and stite machines used
quite limited sensory inputs, which provided information only about adjacent
cells in their grid worlds. There are many other sensory modalities that can reveal
important information about an agent's world—acoustic, temperature, pressure,
and 50 on. Sensory transducers arc used in many different kinds of machines
whose functions must be responsive to their environments,”

[ animals, the sense of vision is able to provide a large amount of distal in-
formation about the world with eath glance: Endowing machines with the means
to “sec” 15 one of the concems of a subject called compnter vision. The field is very
broad and consists of both general techniques and ones specialized for its many
applications, which include alphanumeric character recognition, photograph
interpretation, face recognition, fingerprint identification, and robot control.

Although vision is apparently effortless for humans, it has proved to be a very
difficult problem for machines. Major sources of difficulty include variable and
uncontrolled illumination, shadows, complex and hard-to-describe objects such
as those that occur in outdoor scenes and nonrigid objects, and objects occluding
other ubjects. Some of these difficulties are lessened in man-made environments,
such as the intertor of buildings, and computer vision has generally been more
successful in those environments. [ have space here only for a representative
sampling of some of the major ideas, focussing on robot vision,

The first step in computer vision is to create an image of a scene on an array of
photosensitive devices, such as the photocells of a TV camera. (For stereo vision,
two or more images are formed. [ discuss stereo vision later in the chapter} The
image is formed by a camera through a lens that produces a perspective projection of

85
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The Many -l(}-UnE‘ Nature of the Imaging Process

the scene within the camera's field of view. The photocells convert the image inte
a two-dimensional, time-varying matrix of image intensity values, I(x, y {), where
x and y range over the photocell locations in the array, and t ranges over time. (In
color vision, three such matrices are formed—one for each of three primary colors.
[ deal only with the monochromatic case here. I also simplify by eliminating the
time vartable—presuming a static scene) A vision-guided redctive agenl musl
then process this matrix to create either an iconic model of the scene surrounding
it or a set of features from which the agent can directly compute an action.

As illustrated in Figure 6.1, perspective projection is a many-fo-one trans-
formation. Several different scenes can produce identical images. To complicate
matters, the image can also be noisy due to low ambient light levels and other fac-
tors. Thus, we cannot directly “invert” the image to reconstruct the scene. Instead
information useful to the agent is extracted from the image(s) by using specific
knowledge about the likely objects in the scene and general knowledge about
the properties ot surfaces in the scene and about how ambient illumination is
reflected from these surfaces back toward the camera.

The kinds of information to be extracted depend on the purposes and tasks
of the agent. To navigate safely through a cluttered environment, an agent needs
to know about the locations of objects, boundaries, and openings and about the
surface properties of its path. To manipulate objects, it needs to know about their
locations, sizes, shapes, compositions, and textures. For other purposes, it may
need to know about their color and to be able to recognize them as belonging to
certain classes. Based on how all of this information has changed over an observed
time interval, an agent might need to be able to predict probable future changes.
Extraeting such information from one or more images is a tall order, and, as pre-
viously mentioned, I can only give a general overview of some of the techniques.

Steering an Automobile

In cetain applications involving S-R agents, neural networks can be used to
convert the image intensity matrix directly into actions. A prominent example is
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The ALVINN Network

the ALVINN' system for steering an automobile [Pomerleau 1991, Pomerleau 1993).
I discuss this system before dealing with more general processes for robot vision.
The input to the network is derived from a low-resolution (50 x 32) television
image. The TV camera is mounted on the automobile and looks at the road
straight ahead. This imagg is sampled and produces a stream of 960-dimensional
input vectors to the neural network The network is shown in Figure 6.2,

The network has five hidden units in its first layer and 30 output units in
the second layer; all are sigmoid units. The output units are arranged in a linear
order and control the automobile’s steering angle. If a unit near the top of the
array of output units has a higher output than most of the other units, the car
is steered to the left; if a unit near the bottom of the array has a high output,
the car is steered to the right, The “centroid” of the responses of all of the output
units is computed, and the car’s steering angle is set at a corresponding value
between hard left and hard right,

The system is trained by a modified “on-the-fly" training regime. A human
driver drives the car, and his actual steering angles are taken as the correct labels
for the corresponding inputs. The network is trained incrementally by backprop
to produce the driver-specified steering angles in response to each visual pattern
as it occurs in real time while driving, Training takes about five minutes of driving
time.

This simple procedure has been augmented to avoid two potential problems.
First, since the driver is usually driving well, the network would never get

H——
1. Autonomous Land Vehicle In a Neural Network
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any cxperience with far-from-center vehicle positions and/or incorrect vehicle
orientations, Also, on long, straight stretches of road, the network would be
trained for a long time only to produce straight-ahead steering angles; this
training would overwhelm earlier training involving following a curved road. We
wouldn't want to try to avoid these problems by instructing the driver to drive
erratically occasionally, because the system would learn to mimic this erratic
behavior.

Instead, each original image is shifted and rotated in software to create 14
additional images in which the vchicle appears to be situated differently relative
to the road, Using a model that tells the system what steering angle ought to be
used for cach of these shifted images, given the driver-specified steering angle
for the original image, the system constructs an additional 14 labeled training
vectors to add to each of those encountered during ordinary driver training.

After training, ALVINN has successfully steered various testbed vehicles on
unlined paved paths, jeep trails, lined city streets, and interstate highways. On
highways, ALVINN has driven for 120 consecutive kilometers at speeds up 10 100

km/hr

Two Stages of Robot Vision

Although ALVINN's performance is impressive, more sophisticated processing of
higher-resolution images is required for many robot tasks. Since many robot
tasks involve the need to know about objects in the scene, I focus my discussion
on techniques relevant to finding out about objects. First, what is an object?
In man-made environments such as the interiors of buildings, objects can be
doorways, furniture, other agents, humans, walls, floors, and so on. In exterior
natural environments, objects can be animals, plants, man-made structures,
automobiles, roads, and so on. Man-made environments are usually easier for
robot vision because most of the objects tend to have regular edges and surfaces.

Two computter vision techniques are useful for delineating the parts of images
that relate to objects in the scene. One technique looks for “edges” in the image.
An image edge is a part of the image across which the image intensity or some
other property of the image changes abrupily. Another technique attempts to
segment the image into regions. A vegion is a part of the image in which the
image intensity or some other property of the image changes only gradually.
Often, but not always, edges in the image and boundaries between regions in
the image correspond te impottant object-related discontinuities in the scene
that produced the image. Some examples of discontinuities are illustrated in
Figure 6.3 Depending on illumination levels, surface properties, and camera

2. Adapled trom [Nalwa [993, p. 77,
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The Two Stages of Robot Vision

angle, these discontinuities might all be represented by image edges or image
region boundaries. Thus, extracting these image features is an important task for
robot vision.

I divide my discussion of visual processing into two major stages, as shown
in Figure 6.4. The image processing stage is concerned with transforming the
original image into one that is more amenable to the scene analysis stage.
Image processing involves various filtering operations that help reduce noise,
accentuate edges, and find regions in the image. Scene analysis routines attempt
to create from the processed image either an iconic or a feature-based description
of the original scene—providing the task-specific information about it that the
agent needs. My division of robot vision into these two stages is a simplification;
actual robot vision programs often involve more stages, and usually the stages
interact.
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A Robot in a Room with Toy Blocks

I will discuss the two stages in more detail later, but to give the general idea,
consider the grid-space robot depicted in Figure 6.5, In view of the robot are three
toy blocks with labels A, B, and (, a doorway, and a corner of the room. First,
image processing eliminates spurious noise and accentuates the edges of objects
and other discontinuities. Next, knowing that the world comprises objects and
forms with rectilinear boundaries, the scene analysis component might produce
an iconic represenlation of the visible world—similar, say, to the sort of models
used in computer graphics. Typically, this iconic model is used to update the more
comprehensive model of the environment stored in memory, and then actions
appropriate to this presumed state of the environment are computed.

Depending on the task, iconic models do not have to portray all the detail
that a computer graphics model does. If the task at hand deals only with the toy
blocks, then the location of the room corner and the doorway may be irrelevant
Suppose further that only the disposition of the blocks is important. Then the
appropriate iconic model might be the list structure {(C B A FLOOR)), which is
meant to represent that € is on top of B, which is on top of 4, which is on the
floor. If C were moved to the floor, the appropriate iconic model would be (€
FLOOR} (B A FLOOR). (It could also be (B A FLOOR) (€ FLOOR)), bul assuming that
the relative horizontal locations of the blocks are also unimportant, the order
of the first-level elements of the list structure need not have representational
significance.) Since the last element of each component list is always FLOOR, we
can shorten our lists by excluding this term.

tor robots that do not use iconic models at all, scene analysis might alter-
natively convert the processed image directly into features appropriate to the
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task for which the robot is designed. If it is important, for example, to determine
whether or not there is another block on top of the block labeled €, then an
adequate description of the environment might include the value of a feature,
say, CLEAR_C. This feature has value 1 if block € is clear; otherwise, it has value
0. (Here, I use mnenomic names for the features instead of the usual x;. We must
remember though that the names are mnenomic just to help us; they are not
mnenomic for the robot) In this case, scene analysis has only to compute the
value of this feature from the processed image. We see from these examples that
the process of scene analysis is highly dependent on the design of the robot
doing it and the tasks that it is to perform.

64 Image Processing
64.1 Averaging

We assume that the original image is represented as an m x n array, I(x,y), of
numbers, called the image intensity array, that divides the image plane into cells
called pixels. The numbers represent the light intensities at corresponding points
in the image. Certain irregularities in the image can be smoothed by an averaging
operation. This operation involves sliding an averaging window all over the image
array. The averaging window is centered at each pixel, and the weighted sum of
all the pixel numbers within the averaging window is computed. This sum then
replaces the original value at that pixel. The sliding and summing operation is
called convolution. If we want the resulting array to contain only binary numbers
(say, 0 and 1), then the sum is compared with a threshold. Averaging tends to
suppress isolated noise specks but also reduces the crispness of the image and
loses small image components,

Convolution is an operation that derives from signal processing. It is often
explained as a one-dimensional operation on waveforms (sliding over the time
axis). If we slide or convolve a function w (t) over a signal, s(t), we get the averaged
signal, s*{1):

s'(ih = [ s(uyw(n — Ddu = s{h) »w(l)

I use the operator « to denote convolution.
In image processing, the two-dimensional, discrete version of convolution is

" y) =10y« Win,y) = Z Z W -xv-y)
H==0C ¥=—
where I(x, y) is the original image array, and W(u, v} is the convolution weighting
function. I assume that Ix,y) =0 forx <@ or x> n and y < 0 or y > m. {Thus, the
convolution operation will have some “edge effects” near the boundaries of the
image.)
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Figure 6.6

Elements of the Averaging Operation

Sometimes, the value of the weighting function Wi, y) is taken to be 1 over
a rectangular range of x and y and zero outside of this range. The size of the
rectangle determines the degree of smoothing, with larger rectangles achieving
more smoothing. [ show an example of what the averaging operation does
for a binary image smoothed by a rectangular smoothing function and then
thresholded in Figure 6.6. (In this figure, I assume that black pixels have a high
intensity value and that white pixels have a low or zero intensity value. This
convention may seem reversed, but it makes this illustration a bit simpler) Notice
that the smoothing operation thickens broad lines and eliminates thin lines and
small details.

A very common function used for smoothing is a Gaussian of two dimensions:

Ly

Je_ nt
ro«

Wi, 1y =Gy =
X =0,y 7

The surface described by this function is bell-shaped, as shown in Figure 6.7 (1
have displaced the axes in this figure in order to display the Gaussian surface
more clearty} The standard deviation, o, of the Gaussian determines the "width”
of the surlace and, thus, the degree of smoothing. G(x, y) has a unit integral over
v and y. Three Gaussian-smoothed versions of a grid-space scene containing
bloacks and a robot, using different smoothing factors, are shown along with the
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The Gaussian Smoothing Function

original image in Figure 6.8 (Discrete versions of image smoothing and filtering
operations usually interpolate between discrete values to enhance performance.)

You will note that the sequence of images in Figure 68 is increasingly blurred.
One way to think about this blurring is to imagine that the image intensity
function I(x, y) represents an initial temperature field over a rectangular, heat-
conducting plate. As time passes, heat diffuses isotropically on the plate causing
high temperatures to blend with lower ones. According to this view, the sequence
of images in Figure 6.8 represents temperature fields at later and later points of
time. Koenderink [Koenderink 1984] has noted that convolving an image with a
Gaussian with standard deviation ¢ is, in fact, equivalent to finding the solution
to a diffusion equation at time proportional to & when the initial condition is
given by the image intensity field.

Edge Enhancement

As previously mentioned, computer vision techniques frequently involve ex-
tracting image edges. These edges are then used to convert the image to a line
drawing of sume sort. The outlines in the converted image can then be compared
against prototypical (model) outlines characteristic of the sorts of objects that the
scene might contain. One method of extracting outlines begins by enthancing
boundaries or edges in the image. An edge is any boundary between parts of the
image with markedly different values of some property, such as intensity. Such
edges are often related to important object properties as illustrated in Figure 6.3.

[ motivate my discussion by first considering images that are only “one-
dimensional” in the sense that I(x, y) varies only along the x dimension, not along
the y dimension. Then, I will generalize to the two-dimensional case. We can

R i ST TR ol
3. Tthank Charles Richards for creating the images and programming the image processing
operations illustrated in this chapter.



924

Robot Vision

Chapter 6

(a) Original image

(b) Width of Gaussian = 2 pixels
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Combining Edge Enhancement with Averaging

Edge enhancement alone would tend to emphasize spurious noise elements of the
image along with enhancing edges. To be less sensitive to noise, we can combine
the two operattons, first averaging and then edge enhancing. In the continuous,
one-dimensional case, we use a one-dimensional Gaussian for smoothing. It is
given by

1 i
Gixy = ¢ 27

1o

where ¢ is the standard deviation, which is a measure of the width of the
smoothing function. Smoothing with a Gaussian gives the filtered image

M =100 « Gx) =f HnGiu — x)y du
Subsequent edge enhancement yields
A2 ol /dx? = d2 0000 » Goolzde? = d2 [f Tw)Glw — x) du] Jdx*

which is equivalent to I(x) « d°G(x)/dx* because the order of differentiation and
integration can be interchanged. That is, to combine smoothing with edge en-
hancement, we can convolve the one-dimensional image with the second deriva-
tive of a Gaussian curve instead of having to take the second derivative of a
convolved image.

Moving now to two dimensions, we need a second-derivative-type operation
that enhances edges of any orientation. The Luplacian 1s such an operation. lhe
Laplacian of I(x, y) is defined as

VA, v) = 84k, 1) /axt + 821 (x, )/ dy?

[f we want to combine edge enhancement with Gaussian smoothing in two
dimensions, we can interchange the order of differentiation and convolution
(as in the one-dimensional case), yielding

Ix, v) # [5G (x, y)/af +8%Gax, y) /oy

The Laplacian of the two-dimensional Gaussian function looks a little bit like an
upside-down hat, as shown in Figure 6.11. (Again, T have translated the origin of
the coordinate space.) It is often called a sombrero function. The width of the hat
determines the degree of smoothing.

The entire averaging/cdge-finding operation, then, can be achieved by con-
volving the image with the sombrero function. This operation is called Laplacian
Julering: it produces an image called the Laplacian filtered image. It has been
remarked that early visual processing in the retinas of vertchrates seems to re-
semble Laplacian filtering, The zero-crossings of the Laplacian filtered image can
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Figure 6.11
L ]

The Sombrero Function Used in Laplacian Filtering

then be used to create a rough outline drawing. The entire process, Laplacian
filtering and zero-crossing marking, constitutes what is called the Marr-Hildreth
operator [Marr & Hildreth 19801 (The output of the Marr-Hildreth operator is
a component of what Marr called the primal skeich.) 1 show the results of these
operations on the image of the grid-space scene in Figure 6,124 Note that the
Marr-Hildreth operator provides a reasonable basis for an outline sketch for those
parts of the scene with simple boundaries. The more complex robot in front of
the doorway, however, is not well delineated.

There are several other edge-enhancing and line-finding operations, some of
which produce better results than does the easy-to-explain and popular Marr-
Hildreth operator. Among the prominent ones are the Canny operator (Canny
1986]), the Sobel operator {attributed to Irwin Sobel by [Pingle 1969)), the Hueckel
operator {{Hueckel 1973)), and the Nalwa-Binford operator ((Nalwa & Binford
1986). It should be noted that the Marr-Hildreth and other edge-enhancing
operators label pixels as candidates that might be on an image edge or line.
The candidate pixels must then be linked to form lines or other simple curves.

Region Finding
Another method for processing an image attempts to find “regions” in the image
within which intensity or some other property, such as texture, does not change

abruptly. In a sense, finding regions is a process that is dual to finding outlines;
both techniques segment the image into, we hope, scene-relevant portions. But

4. In calculating the image of Figure 4.12, [ used *band” crossings instead of zero-crossings. The
image intensity had o cross a band around 2ero in order to be displayed.
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Laplacian Filtering and the Marr-Hildreth Operator {width of Laplacian = 1 pixel)
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since finding outlines and finding regions are both subject to idiosyncrasies due
to neise, the two techniques are often used to complement each other.

First, [ must define what is meant by a region of the image. A region is a set
of connected pixels satisfying two main properties:

1. A region is homogeneous. Examples of commaonly used homogeneity
properties are as follows:

(a) The difference in intensity values of pixels in the region is no more
than some e.

(b) A polynomial surface of degree k (for some low, preassigned value
of k) can be filled to the intensity values of pixels in the region with
largest error (between the surface and an intensity value in the region)
less than ¢.

2. For no two adjacent regions is it the case that the union of all the pixels
in these two regions satisfies the homogeneity property.

Usually, there is more than one possible partition of an image into regions, but,
often, each region corresponds to a world object or to a meaningful part of cne.

As with edge enhancement and line finding, there are many different tech-
niques for segmenting a scenc into regions. 1 will describe one of these, called
the split-and-merge method [Horowitz & Pavlidis 1976]. In a version that is rather
easy to describe, the algoritbm begins with just one candidate region, namely,
the whole image. For ease of iliustration, let's assume the image is square and
consists of a 2 x 2! array of pixels. Obviously, this candidate region will not
meet the definition of a region because the set of all the pixels in an image will
not satisfy the homogeneity property (except for an image of uniform intensity).
For all candidate regions that do not satisfy the homogeneity property, those
candidate regions are each split into four equal-sized (andidate regions. These
splits continue until no more splits need be made. In Figure 6.13, I llustrate the
splitting process tor an artificial 8 x § image using a homogeneity property in
which intensities may not vary by more than 1 unit. After no more splits can
be made, adjocent candidate regions are merged if their pixels satisfy the homo-
geneity property. Merges can be done in different orders—resulting in different
final regions. In fact, some merges could have been performed before the split-
ting process finished. To simplify my illustration of the process in Figure 6.13, all
of the merges take place in the last step.

I used the low-resolution image of Figure 6.13 to illustrate the region-finding
process, | show results for a higher-resolution image in Figure 6.14. Just as in
Figure 613, we see some small regions and many irregularities in the region
boundaries. The regions found by the split-merge algorithm can often be “cleaned
up” by eliminating very small regions (some of which are transitions between
larger regions), straightening bounding lines, and taking into account the known
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Figure 6.13

Splitting and Merging Candidate Regions

shapes of objects likely 1o be in the scene, Intensity gradients along the wall of
the grid-world scene produce many regions in the image of Figure 6.14,

Recall that in my discussion of image smoothing with a Gaussian, | mentioned
that the process was related to isotropic heat diffusion. Perona and Malik [Perona
& Malik 1990] have proposed a process of anisotropic diffusion that can be used to
create regions. The process encourages smoothing in directions of small intensity
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Figure 6.14

Regions Found by Split Merge for a Grid-World Scene

change and resists smoothing in directions of large intensity change. As described
by (Nalwa 1993, p. 9¢], the result is “the formation of uniform-intensity regions
that have boundaries across which the intensity gradient is high”

Using Image Attributes Other Than Intensity

Edge enhancement and region finding can be based on image attributes other
than the homogeneity of image intensity. Visual texture is one such attribute. The
surface reflectivity of many objects in the world has fine-grained variation, which
we call visual texture. Examples are a field of grass, a section of carpet, foliage in
trees, the fur of animals, and so on. These reflectivity variations in objects cause
similar fine-grained structure in image intensity.

Computer vision researchers have identified many varieties of texture and
have developed various tools for analyzing texture. Among these are structural
and statistical methods. The methods are applied either to classify parts of the
image as having textures of a certain sort or to segment the image into regions
such that each region has its own special texture. The structural methods attempt
to represent regions in the image by a tessellation of primitive *texels"—small
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shapes comprising black and white parts. (See {Ballard & Brown 1982, Ch. 6] for
4 thorough discussion.)

Statistical methods are based on the idea that image texture is best described
by a probability distribxition for the intensity values over regions of the image.
As a rough example, an image of a grassy field in which the blades of grass
are oriented vertically in the image would have a probability distribution that
peaks for thin, vertically oriented regions of high intensity, separated by regions
of low intensity. Recent work by Zhu and colleagues [Zhu, Wu, & Mumford 1998]
involves estimating these probability distributions for various types of visual
textures, Once the distributions are known, they can be used to classify textures
and to segment images bascd on texture.

In addition to texture, there are other attributes of the image that might be
used. If we had a direct way to measure the range from the camera to objects
in the scene (say, with a laser range finden), we could produce a “range image”
(where each pixel value represents the distance from the corresponding point in
the scene to the camera) and look for abrupt range differences. Motion and color
are other properties that might be sensed or computed and subjected to image
processing operations.

Stene Analysis

After the image has been processed by techniques such as those just discussed, we
can attempt to extract from it the needed information about the scene. This phase
of computer vision is called scene analysis. Since the scene-to-image transformation
is many-to-one, the scene analysis phase requires either additional images or
general information about the kinds of scenes to be encountered {or both. I will
discuss the use of additional images later when 1 describe stereo vision; here ]
mention various methods in which knowledge about the scene can be used to
extract information about it. -

The required extra knowledge can be very general (such as the surface
reflectivity properties of objects) or quite specific (such as the scene is likely
to contain some stacked boxes niear a doorway). It can also be explicit or implicit.
For example, a line-finding algorithm might have implicit knowledge about what
constitutes a line built into its operation. Between these extremes are other pieces
of information about the scene, such as camera location, locations of illumination
sources, and whether the scene is indoors in an office building or outdoors. My
discussion below samples some points along these spectra. Again, please see
computer vision textbooks for detailed treatments.

Knowledge of surface reflectivity characteristics and shading of intensity in
the image can often be used to give information about the shape of smooth
objects in the scene. Specifically, we can use image shading to help compute
surface normals of objects. Methods for inferring shape from shading have been



65 Scene Analysis 103
e

6.5.1

developed by Horn and colleagues {see [Hom 198¢] for descriptions). The fact
that textural elements as represented in the image are perspective projections of
elements in the scene also facilitates shape and qualitative depth recovery from
texture. _

As already mentioned, sometimes an iconic model of the scene is desired,
and sometimes certain features of the scene suffice. Iconic scene analysis usually
attempts to build a model of the scene or of parts of the scene. Feature-based
scene analysis extracts features of the scene needed by the task at hand. So-called
task-oriented or purposive vision (see, for exaraple, {Ballard 1991, Aloimonos 1993)
typically employs feature-based scene analysis.

Interpreting Lines and Curves in the Image

For scenes that are known to contain rectilinear objects (such as the scenes
confronted inside of buildings and scenes in grid-space world), an important step
in scene analysis is to postulate lines in the image (which later can be associated
with key components of the scene}. Lines in the image can be created by various
techniques that fit segments of straight lines to edges or to boundaries of regions.
For scenes with curved objects, curves in the image can be created by attempting
to fit conic sections {such as ellipses, parabolas, and hyperbolas) to the primal
sketch or to boundaries of regions. (See, for example, [Nalwa & Pauchon 1987])
These fitting operations, followed by various techniques for eliminating small
lines and joining line and curve segments at their extremes, convert the image
inte a line drawing, ready for further interpretation.

Various strategies exist for associating scene properties with the components
of a line drawing. Such an association is called interpreting the line drawing, By
way of example, | mention here one strategy for interpreting a line drawing if
the scene is known to contain only planar surfaces such that no more than three
surfaces intersect in a point. (Such combinations of surfaces are called trihedral
vertex poiyhedra ) § show a typical example of such a scene in Figure 6.15. [llustrated
there is an interior scene with bounding walls, floor, and ceiling, with a cube on
the floor. For such scenes, there are only three kinds of ways in which two planes
can intersect in a scene edge. One kind of edge is formed by two plancs, with one
of them occluding the other (that is, only one of the planes is visible in the scene).
Such an edge is called an occlude. The occludes are labeled in Figure 6,15 with
arrows (—), with the arrowhead pointing along the edge such that the surface
doing the occluding is to the right of the arrow. Alternatively, two planes can
intersect such that both planes are visible in the scene. In one such intersection,
called a blade, the two surfaces form a convex edge. These edges are labeled with
pluses (+). In another type of intersection, called a fold, the edge is concave. These
edges are labeled with minuses ().
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Figure 6.15

A Lt g,

A Room Scene

Suppose an image is captured from such a scene and suppose that the image
can be converted into a line drawing—much like the one shown in Figure 6.15.
Can we label the lines in the image in such a way that they accurately describe the
tvpes of edges in the scene? Under certain conditions, we can. First the image of
the scene must be taken from a general viewpoint, one in which no two edges in the
scene line up to produce just one line in the image. The method for attempting
to label lines 1n the image is based on the fact that (under our assumption
about frihedral vertex polyhedra) there can only be certain kinds of labelings
of junctions of lines in the image. The different kinds of labelings are shown in
higure 6.16. Even though there are many more ways to label the lines at image
junctions, these are the only labelings possible for our polyhedral scenes.

Line-labeling scene analysis proceeds by first labeling all of the junctions
i the image as V, W, Y, or T junctions according to the shape of the junctions
in the image. | have done that for the image of our room scene in Figure 6.17
(Note that there are no T junctions in this image) Next, we attempt to assign
+, —, or = labels to the lines in the image. But we must do that in one of the
wavs illustrated in Figure 6.16. Also, an image line that connects two junctions
must have a consistent labeling. These constraints often (bul not always) force
a unigue labeling. I there is no consistent labeling, then there must have been
some error in converting the image into a line drawing, or the scene must not
have been one of trihedral polyhedra. The problem of assigning labels to the
image lines, subject to these constraints, is an instance of what in Al is called a
constratnt satisfaction problem. I will discuss methods for solving this general class
of problem later, but in the meantime, you might experiment with methods for
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Labels for Lines at Junctions (after [Huffman 1971])

coming up with a consistent labeling for the image of Figure 4.17 (Of course, a
labeling of the image corresponding to the labeled scene in Figure 6.15 is one
such consistent labeling, but the scene was stipulated to have those labels. Can
you think of an automatic way to find a consistent labeling for the image lines?)

Scene analysis techniques that label junctions and lines in images of trihedral
vertex polyhedra began with {Guzman 1968, Huffman 1971, Clowes 1971] and
were extended by [Waltz 1975] and others. Same success has also been achieved
at performing similar analyses for scenes containing nonplanar surfaces. For a
rore complete exposition (with citations) of work on interpreting line drawings,
see [Nalwa 1993, Ch. 4.

Interpretation of the lines and curves of a line drawing yields a great deal
of useful information about a scene. For example, a robot could predict that
heading toward a vertically oriented fold (2 concave edge in the scene) would
eventually land it in a corner. Navigating around polyhedral obstacles could be
performed by skirting vertically oriented blades (convex edges). With sufficient
general knowledge about the class of scenes, either the needed features or iconic
models can be obtained directly from an interpreted line drawing.
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Figure 6.17

Labeling Image Junctions According to Type

6.5.2 Model-Based Vision

Progressing further along the spectrum of using increasing knowledge about the
scene, I now turn to the use of models of objects that might appear in the scene. If,
for example, we knew that the scene consisted of industrial parts and components
used in robot assembly, then geometric moedels of the shapes of these parts could
be used to help interpret images. I give a brief overview of some of the methods
used in model-based vision; see [Binford 1982, Grimson 1990, Shirai 1987) for
further reading.

Just as lines and curves can be fitted to boundary sections of regions in
the image, so can perspective projections of models and parts of models. If,
for example, we knew that the scene contained a parallelepiped (as does the
scene in Figure 6.15), we could attempt to fit a projection of a parallelepiped to
components of an image of this scene. The paralletepiped would have parameters
specifying its size, position, and orientation. These would be adjusted until a set
of parameters is found that allowed a good fit to an appropriate set of lines in
the image.

Researchers have also used generalized cylinders [Binford 1987] as building blocks
for model construction. A generalized cylinder is shown in Figure 6.18. Each
cylinder has nine parameters as shown in the figure. An example rough scene
reconstriction of o human figure is shown in Figure 6.19. The method can be
adapted to hierarchical representations, because each cylinder in the model can
be articulated into a set of smaller cylinders that more accurately represent the
figure. Representing objects in a scene by a hierarchy of generalized cylinders
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Figure 6.18

A Generalized Cylinder

m

Figure 6.19
A Scene Model Using Generalized Cylinders

is, as Nalwa says, “easier said than done” [Nalwa 1993, p. 293], but the method
has been used for certain object-recognition applications [Brooks 1981} For more
discussion on the use of models in representing three-dirnensional structures, see
[Ballard & Brown 1982, Ch. 91.

Using a variety of model components, mode] fitting can be employed until
either an iconic model of the entire scene is produced or sufficient information
about the scene is obtained to allow the extraction of features needed for the task
at hand. Model-based methods can test their accuracy by comparing the actual
image with a simulated image constructed from the iconic model produced by
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scene analysis. The simulated image must be rendered from the model using
parameters similar to those used by the imaging process (camera angle, e1c). To
do so requires good models of illumination, surface reflectance characteristics,
and all of the other aspects of the rendering processes of computer graphics,

Stereo Vision and Depth Information

Under perspective projection, a large, distant ohject might produce the same
image a5 does a similar but smaller and closer one. Ihus, the estimation of the
distance to objects from single images is problematical. Depth information can
be obtained using stereo vision, which is based on triangulation calculations using
two (or more) images.

Before discussing stereo vision, however, I point out that under some circiim-
stances, and with appropriate prior knowledge, some depth information can be
extracted from & single image. For example, the analysis of texture in the image
(taking into account the perspective transformation of scene texture) can indicate
that some elements in the scene are closer than are others. Even more precise
depth information can be ubtained from single images in certain situations. In
an office scenc, for example, if we know that a perceived object is on the floor,
and if we know the camera height above the (same) floor, then, using the angle
Irom the camera lens center to the appropriate point on the image, we can cal-
culate the distance to the object. An example of such a calculation is shown in
Figure 6.20. {The angle « can be calculated in terms of the camera focal length
and image dimensions.) Similar calculations can be used to calculate distances
to doorways, sizes of objects, and so on.

btereo vision also uses triangulation. The basic idea is very simple. Consider
the two-dimensional sctup shown in Figure 6.21. There we have two lenses whose
centers are separated by a baseline, b. The image points of a scene point, at distance
d, created by these lenses are as illustzated. The angles of these Image points from
the lens centers can then be used 1o calculate d, as shown, For given precision
in the measurements of angles and baseline, higher accuracies are obtained
for larger baselines and smaller object distances. Figure 621 aversimplifies the
situation somevwhat in that the optical axes are paralle], the image planes are
coplanar, and the scene point is in the same plane as that formed by the two
parallel optical axes, When these conditions are generalized, the geometry is more
complex, but the general idea of triangulation is the same. (In animals and in some
robots, the optical axes can be rotaled to point at an object of interest in the scene )

The main complication in steree vision, however is not the triangulation
calculations. In scenes containing more than one point {the usual case!), it must
be established which pair of points in the two images correspond to the same
scene point {in order to calculate the distance to that scene point). Put another
way, for any scene point whose image falls on a given pixel in one image, we
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Depth Calculation from a Single Image
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Figure 6.21

Triangulation in Stereo Vision
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must be able to identify a corresponding pixel in the other image. Doing so is
known as the correspondence problem. Space does not permit detailed discussion of
techniques for dealing with the correspondence problem, but I will make a few
observations.

First, given a pixel in one image, geometric analysis reveals that we need
only search along one dimension (rather than two) for a corresponding pixel in
the other image. This one dimension is called an epipolar line, One-dimensional
searches can be implemented by cross-correlation of two image intensity profiles
along corresponding epipolar lines. Second, in many applications, we do not have
to find correspondences between individual pairs of image points but can do so
between pairs of larger image components, such as lines.? Scene analysis of each
image can provide clues as to which pairs of lines correspond. For an excellent
review of computational methods in stereo vision, see [Nalwa 1993, Ch. 7].

Additional Readings and Discussion

The team that developed ALVINN continues to develop other autenomous driving
systems, some of which use techniques related to those I discussed in this chapter
([Thorpe, et al. 1992]). In a related effort, [Hebert, et al. 1997) describes mobility
software for ah autonomous vehicle driving in open terrain using both stereo
and infrared sensors.

Although there are applications in which a three-dimensional model of
an entire scene is required from a computer vision system, usually robots
require only information sufficient to guide action. Reacting to early work in
vision drrected at computing complete scene models, some researchers have
concentrated on what they consider to be the more relevant task of purposive vision,
[Horswill 1993] gives an interesting example of 4 simple, task-oriented robotic
vision system. These task-oriented systems often suffice for robust mobile robot
navigation. See also [Churchland, Ramachandran, & Sejnowski 1994]

Much about the process of visual perception has been learned by studying
the psychology and neurophysiology of human and animal vision. [Gibson 1950,
Gibson 19791 studied, among other phenomena, how the changing visual field
informed a moving subject about its surroundings. [Tulesz 1971] discovered that
humans can exploit discontinuities in the statistics of random dots to percetve
depth. [Marr & Poggio 1979] developed a plausible neural model of stereo vision.

Experiments with frogs [Letvinn, et al. 1959] revealed that their visual systerm
notices only changes in overall illumination (such as would be caused by the
shadow of a large approaching animal) and rapid movement of small, dark
objects (such as flies). Experiments with monkeys [Hubel & Wiesel 1968] revealed

EERIIR (T
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can find correspondences between the image points where lines intersect.
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that neurons in their visual cortex were excited by short, oriented line segments
in their visual field. Experiments with horseshoe crabs revealed that adjacent
neurons in their visual system inhibit each other (ateral inhibition), achieving an
effect much like what later came to be known as Laplacian filtering [Reichardt
1965]. For more on biological vision, see [Marr 1982, Hubel 1988].

[Bhanu & Lee 1994] employed genetic techniques for image segmentation.

The major computer vision conferences are the International Conference on
Computer Vision (ICCV), the European Conference on Computer Vision (ECCV),
and Computer Vision and Pattern Recognition (CVPR). The Intemational Journal of
Contpuler Vision is a leading journal.

Textbooks on computer vision include [Nalwa 1993, Horn 1986, Ballard &
Brown 1982, Jain, Kasturi, & Schunck 1995, Faugeras 1993]. [Fischler & Firschein
1987] is a.collection of some of the important papers. A book devoted to outdoor
scenes is [Strat 1992). [Gregory 1966 is a popular account of how we sec.

Exercises

6.1 You are to design a visual system for detecting small black objects against a
light background. Assume that the image of one of these objects is a square that
is 5 pixels wide. Your system is to be used to create a Boolean feature that has
value ! whenever a single such image appears anywhere in a 100 x 100 image
array and has value 0 for any other image. Describe how you would design such
a system, first using a neural network (with one hidden layer) and second, using
convolution with a specially designed weighting function.

6.2 A one-dimensional image function, (x), and a one~dimensional weighting
function, W(x), are shown below, Draw a plot of 1(x) « W(x).
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6.3 A very simple edge finder (the so-called Roberts cross) computes an image
I*(x, y) from an image I{x, y) according to the following definition:

I‘(xf_r} = \/{J(x, r) _I(X'+' A'P’ + A))2+ (Hx:}’+A} _I(X+ A'},))Z

where 4 is a one-pixel offset, and the positive root is taken. Use differential
calculus to approximate this definition for small pixel sizes, and then use your
approximation to compute I*(x,y) when I(x,y} is given in polar coordinates by

Ir@)=1forr<?9
Ir,8)=0forr=> 10
Kre)=10-rfor9<r=<10
Assume a circular image field. of radius 20. (Note: Expressing the image in polar

coordinates is a hint that will be useful toward the end of your solution!) A rough
sketch of the image intensity is shown here:

Ir, 8)

6.4 Copy the following drawing, and label the lines using the vertex classes and
line labels discussed in Section 6.5.1. If there is more than one consistent labeling,
show as many as you can think of, and describe a physical interpretation of each.

S
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6.5 Can you find a consistent labeling for the lines in the image of the famous
impossible figure called the Penrose triangle shown here? Assume the figure is
suspended in empty space. Discuss the relationship between what might be called
“local consistency” and "global consistency”
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A man who does not plan long ahead will find trouble right at his door.
—Confucius

... [the ant] knew that a certain arrangement had to be made, but it could not
figure how to make it. It was like a man with a tea-cup in one hand and a
sandwich in the other, who wants to light a cigarette with a match. But, where
the man would invent the idea of putting down the cup and sandwich—before
picking up the cigarette and the match—this ant would have put down the
sandwich and picked up the match, then it would have been down with the
match and up with the cigarette, then down with the cigarette and up with the
sandwich, then down with the cup and up with the cigarette, until finally it had
put down the sandwich and picked up the match. It was inclined to rely on a
series of accidents to achieve its object. It was patient and did not think. ., , . Wart
watched the arrangements with a surprise which turned into vexation and then
into dislike. He felt likc asking why it did not think things out in advance . . .

—T. H. White, The Once and Future King, Chapter 13,
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Memory Versus Computation

The action functions of reactive agents {Figures 2.2, 5.1, and 5.3} do very little com-
putation. Essentially, these agents have their actions selected for them—either by
their designers, by leamning, by evolutionary processes, or by some combination
of these sources. The action functions themselves can be implemented by tables,
production rules, or combinational logic circuits that prescribe actions given
a feature vector. Such implementations lie toward the “space” end of the clas-
sic space-time tradeoff in computer science. They are space- or memory-based
implementations—compilations of the designer’s knowledge.

A broadly competent reactive machine, able to petform complex tasks in com-
plex environments would require large amounts (perhaps unattainable amounts)
of memory. In addition, a designer of such a reactive machine would require
superhuman foresight in anticipating appropriate reactions for all possible situ-
ations. We are thus led to consider trading time for space and adaptation instead
of explicit design. As a start, let's bring inside the action function some of the
computations that a designer of a reactive machine would have had to do. These
computations will take time, of course, but they will reduce the agent's memory
requirements and the burden on the designer.

Some of the computations we might consider are those that predict the
consequences of the actions possible in any given situation. Surely, a designer
of a competent reactive machine would have had to base the design on these
anticipated consequences. The designer (or evolutionary or leaming processes)
still has to specify what these computations are, but the programs for doing the
computations (at the time they are needed) will typically require much less space
than would all of their results. And it will be easier for the designer to specify the
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computations than to carry them out for all possible situations. Perhaps the most
important point is that if these consequence-predicting computations could be
automatically leamed or evolved, the agent using them would be able to select
appropriate actions even in those environments that a designer might not have
been able to foresee.

To predict the consequences of an action, an agent must have a model of the
world it inhabits and models of the effects of its actions on its model of the world.
Actual actions, then, need not be taken until their simulations showed them to
be safe and effective.

State-Space Graphs

As an example, consider a grid-space world containing three toy blocks, 4, B,
and C, all initially on the floor. Suppose the task for our robot is to stack them
s0 that A is on top of B and B is on top of ( and C is on the floor. While it
is obvious for us what actions should be performed, it is not so obvious for a
robot, Suppose the robot were able to model the effects of each of its actions on
its environment. It might do this by a pair of world models—one that represents
the world state before the action is taken and one that represents the world state
after the action is taken. For the purposes of this example, suppose the robot is
capable of moving any block, , that has no other block on top of it, to another
place y, either the floor or on top of a block that doesn't already have another
block on top of it. We model these actions by instances of a schema, move(x, y),
where x can be either 4, B, or C, and y can be either A, B, C, or Floor, and we
understand that some instances of this schema (for example, move(4, A)) do not
name executable actions. Instances of the schema, such as move(a, C), are called
operators. Thus, operators are models of actions.

Using list-structure iconic models, I show in Figure 7.1 the modeled effects of
all of those actions that can be taken when all of the blocks are on the floor!
(For clarity, I have included a pictorial sketch of each situation. Pictures are iconic
for us, whereas lists can be iconic for list-processing agents.) Two of these effects,
namely, ((AB)(()) and ((A)(B()), seem to be “closer” in some respects to the goal
((AB(Y) than do the others, Thus, considering just the predicted effects of a single
action, the robot might prefer the actions modeled by move(4, 8) and move(8, C)
to the others. And, of course, the robot has not taken a real action yet.

Looking ahead just one step in a simulation can often produce useful predic-
tions, but looking ahead more steps, perhaps all the way to task completion, can
find shorteuts and avoid blind alleys. A most useful structure for keeping track of

1. Tor simplicity, [ continue to use an abstract representation in which the horizontal positions
of the biocks are not relevant and therefore are not represented.
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Figure 7.1

Effects of Moving a Block

the effects of several alternative sequences of actions is a directed graph. The set
of worlds that an agent might produce through its actions can be represented by
a directed graph whose nodes are labeled by representations of the individual
worlds and whose arcs are labeled by operators. ([ begin by using graph-theory
terminology somewhat informally; later in the chapter, | will present relevant
formal definitions of the graph-theory concepts that we will be using} The rep-
resentations at the nodes can be either iconic or feature based. Although I will
be considering both types, I begin with iconic representations.

If the number of different distinguishable world situations is sufficiently small,
a graph representing all of the possible actions and situations can be stored
explicitly. For example, the graph illustrated in Figure 7.2 shows all the situations
and moves relevant to manipulating three blocks. Such a graph of world models
and actions is called a state-space graph. Note that each of the actions is reversible,
although to make the picture less cluttered I label only one of each pair of
reciprocal moves between configurations, It is easy to see from the graph that
if the initial situation is given by the world model ((A)(B)(()), and if the task is
to achieve the situation described by ((ABC)), then the robot should execute the
following sequence of actions: {move(8, C), move(A, B)}.

One of the advantages of representing the possible worlds in a graph struc-
ture is that any of the nodes in the graph can be taken to represent a goal
situation—perhaps a goal specified by some external source such as a human.
This flexibility in tasks is to be contrasted with the single-purpose agents that we
have studied up to now. To find a set of actions that will achieve a specified goal,
the robot needs simply to find a path in the graph from a node representing its
initial world state (the start node) to a node representing the specified goal state (the
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A State-Space Graph

goal node). The actions that will achieve that goal can then be read out as the labels
on the arcs in this path. For example, if the task for our block-stacking robot was
1o stack blocks € on B on A on the floor, and if the initial state was A on Bon C on
the floor, the action sequence would be {mave(4, Floor), move(B, A}, move(C, B)}. For
the graph shown in Figure 72, it is easy (for us!) to find paths by visual inspec-
tion; however, computational agents will need to use various graph-searching
processes in order to find paths.

The operators labeling the arcs along a path to a goal can be assembled into
a sequence called a plan, and searching for such a sequence is called planming.
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The process of predicting a sequence of world states resulting from a sequence
of actions is called projecting. Of course, for the execution of a sequence of actions
found in this manner to achieve the goal depends upon a number of assumptions.
The agent must be able to represent all of the relevant world situations by nodes
in a graph, and it must have accurate models of how actions take it between pairs
of world states. The actions must always have theit modeled effects—there can be
no slipups or uncertainty in the agents effector system. The agent's perceptual
system must accurately identify the start node. And there can be no other agents
or dynamic processes that change the world. If all of these assumptions are met,
and if the time allowed for the task permits search to a goal state, then an entire
sequence of actions can be planned and then executed (ballistically. as it were)
without need for sensory feedback from the environment.

Even though these assumptions do not hold in most real-world applications,
graph-search planning is an extremely useful and important idealization. Either
it can often be generalized to accommodate settings with less restrictive assump-
tions or it can be embedded as a component of architectures adapted to such
settings. I return to this topic in Chapter 10. In this chapter, I begin my treat-
ment of searching for paths in graphs by describing a particularly simple search
procedure, appropriate when the graph to be searched can be stored explicitly.
Usually, in that case, the graph is reasonably small, so we don’t necessarily have
to be too concerned with efficient search methods. In the following two chapters,
I will discuss graph-searching methods applicable to graphs so large that they
can only be represented implicitly and must be searched efficiently.

Searching Explicit State Spaces

Search methods for explicit graphs involve propagating “markers” over the nodes
of the graph. We start by labeling the start node with a 0, and then we propagate
successively larger integers out in waves along the arcs until an integer hits
the goal node. Then, we trace a path back from the goal to the start along a
decreasing sequence of numbers. The actions along this path, from start to geal,
are the actions that should be taken to achieve the goal. This method requires
O(n) steps, where n is the number of nodes in the graph. (If there is a single goal
node, the process could also be implemented in the reverse direction—starting
with the goal node and ending when an integer hits the start node.) The integers
put on the nodes by this process can be thought of as a kind of artificial potential
function over the nodes, with a global minimum at the start node. The reverse
path (from goal to start) then falls along the “gradient” of this function.

The stages of marker propagation for the problem of transforming ((BAQ))
into ((AB()) are shown in Figure 73. This method corresponds to what is called
a breadth-first search and was first proposed by [Moore 1959,
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(d)

Figu e 7.3

Stages of Search

We call the process of marking the successors of a node expansion. Expansion
puts marks on all of the marked node’s unmarked neighbors. An important
efficiency question is which marked {(but unexpanded} node should be expanded
next? In hreadth-first search, we expand next any uncxpanded node labeled by a
number no larger than that of any other unexpanded node. That is, we expand all
of the nodes labeled by a number i before expanding those labeled by a number
i for i < j. Other search methods make other choices about node expansion; these
will be described in detail later.

Feature-Based State Spaces

It was rather straightforward to explain state spaces when using iconic models to
label the nodes—we could easily visualize the effects of actions on the states. It
s also possible to define graphs whose nodes are labeled by features, but to do
s0 we need a way to describe how an action affects features. One technique for
describing such effects was introduced in a system called STRIPS [Fikes & Nilsson
1971, Fikes, Hart, & Nilsson 19721 The basic idea is to define an operator by three
lists. The first, called the precondition list, specifies those features that must have
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Predicting a Feature Vector with a Neural Network

value 1 and those that must have value 0 in order that the action can be applied
at all. The second, called the delete list, specifies those features that will have their
values changed from 1 to 0. The third, called the add list, specifies those features
that will have their values changed from 0 to 1, The values of the features not
explicitly mentioned in the delete and add lists are unchanged. These three lists
compose a STRIPS operator—a model of the effects of an action. I defer discussion
of using STRIPS operators in feature-based spaces until later in the book after |
have introduced more powerful techniques for computations involving features,

We might also be able to train a neural network to leam to predict the value
of a feature vector at time t from its value at time t — 1 and the action taken
at time t - 1 (Jordan & Rumelhart 19921, Such a network is shown in Figure 74.
Although I have shown a network of only one layer, intermediate layers of hidden
units might also be used. After training, the prediction network can be used to
compute the feature vectors that would result from various actions. These in turn
could be used as new inputs to the network to predict the feature vector two steps
ahead, and so on. A similar process (bascd on statistical clustering techniques) was
used for controlling a mobile robot by [Mahadevan 1992, Connell & Mahadevan
1993al. Because of unavoidable errors in the prediction process, it proved futile
to attempt to plan more than a very few moves ahead using this method.
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S Graph Notation

Before moving on in the next chapters to present techniques for dealing with very
large state spaces, it will be helpful to define some of the accepted terminology
that is used in discussions of graphs and graph search. In Figure 75, [use a sample
graph and tree to illustrate the terms I will be defining

A graph consists of a (not necessarily finite) set of nodes. Certain pairs of nodes
are connected by arcs, and these arcs are directed from one member of the pair to
the other. Such a graph is called a directed graph. For our purposes, the nodes are
labeled by models of world states, and the arcs are labeled by names of actions,
If an arc is directed from node n; to node n;, then node n, is said to be a successor
(or child) of node n;, and node n; is said to be a parent of node n;. In the graphs
that are of interest to us, a node can have only a finite number of successors, A
pair of nodes may be successors of each other; in this case, we replace the pair
of arcs by an edge. Graphs that contain only cdges are called undirected graphs. In
my subsequent diagrams of graphs, arcs will have arrows, and edges will not.

A (rooted) directed tree is a special case of a directed graph in which each node
(except one) has exactly one parent. The node with no parent is called the root
node. A node in the tree having no successors is called a tip node or leaf node. We
say that the root node is of depth zero. The depth of any other node in the tree is
defined to be the depth of its parent plus 1. A (rooted) undirected tree (with edges
instead of arcs) is an undirected graph in which there is precisely one and only
one path along edges between any pair of nodes,

Certain trees, useful in theoretical analyses, have the property that all nodes
except the tip nodes have the same number, b, of successors. In this case, & is
called the branching factor of the tree.

A sequence of nodes (m, n, ..., my), with each n,, a successor of n; for
i=1.... k-1 is called a path of length k from node m; to node ny. (Alternatively,
we could define a path as the sequence of arcs connecting the nodes.) If a path
exists from node n; to node nj, then node n; ts said to be accessible from node n;.
Node n; is then a descendant of node n;, and node n; is an ancestor of node n;.

Often it is convenient to assign positive costs to arcs, to represent the cost of
performing the corresponding action. I use the notation c(; ) {or, sometimes
c{a)) to denote the cost of an arc, g, directed from node n; to successor node .
It will be important in some of my later arguments to assume that these costs
are all greater than some arbitrarily small positive number, ¢. The cost of a path
between two nodes is then the sum of the costs of all of the arcs connecting the
nodes on the path. In some problems, we want to find that path having minimal
cost between two nodes. Such a path is called an optitnal path.

In the simplest type of problem, we desire to find a path (perhaps having
minimal cost) between a given node ny, representing the initial state, and another
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Graph and Tree Notation

given node ny, representing some other state. The more usual situation, though,
involves finding a path between a node ry and any member of a set of nodes
that represent states satisfying some goal condition. We call this set the goal set,
and each node in it is a goal node.

Given an explicit graph, we might sometimes want to find a path to some
node, no, from each of the other nodes in the graph. Such a collection of paths
constitutes a spanning tree of the graph—a tree rooted at ng. (Note that my definition
of a tree has to be changed a bit in order for a spanning tree to be a tree. See
Exercise 72.}

Since [ am representing state spaces as graphs, I sometimes use the word node
interchangeably to mean a node in the graph, the world state that it represents,
and the representation of that state (either a data structure or a set of features)
that labels the node. Similarly, I will use the word arc to represent an arc in the
graph, the action that it represents, and the operator (on state descriptions) that
models that action.

W Additional Readings and Discussion

For more on the computational aspects of graphs and on graph algorithms, see
[Cormen, Leiserson, & Rivest 1990, Ch. V1. Many problems can be posed as the
task of finding a path (or paths) in graphs, and thus the methods described in
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this and the following chapters find application in several areas beyond that of
agent planning.

7.1 A robot must find the shortest path between a starting point, s, and a goal
location, g, in the two-dimensional space populated by polygonal obstacles
shown here. Assume the robot is of infinitesimal size. The path can be adjacent
to (touching) the obstacles, but it may not intersect any.

1. Copy the diagram, and draw the shortest path between s and 4.

2, Although there are an infinite number of points in this 2-D space, what
is the minimal set of points that must be considered in searching for a
shortest path between an arbitrary s point and an arbitrary g point?

3. Given one of the points in the minimal set you just found, describe a
method for generating the successors of this point in the corresponding
search graph. What are the successor points for point s in the figure?

7.2 Spanning trees: Given a node n in 4 directed graph, §, for which there is at
least one path from every node in § to n, state a precise definition for a spanning
tree of § rooted at n. Then, think of what might be meant by a mintmum spanning
Iree.

7.3 The "Missionary and Cannibals” problem has a famous history in Al Here is
one statement of the problem:

Three missionaries and three cannibals come to a river. There is a boat on
their side of the river that can be used by either one or two persons. How
should they use this boat to cross the river in such a way that cannibals
never outnumber missionaries on either side of the river?
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Specify the form of state descriptions, the starting state, and the goal state for
this problem. Draw the entire state description graph, and label its nodes. (You
need include only those states that are “legal’—that is, states in which cannibals
do not outnumber missionaries on either side of the river)

7.4 Refer to the three-disc Tower-of-Hanoi puzzle defined in Exercise 5.3. Sup-
pose we do not know about the CW/CCW method of moving discs but must
search for a solution. Let the operators that describe actions be given by the
schema move(x,y.z), where x can be any of the three discs Dy, Dy, or D3, and y and
z can be any pair of distinct pegs A, 8, or C, Define state descriptions for this
puzzle, identify the start state and a goal state, and draw the complete search
space containing all possible states of the puzzle. Label the arcs by the appropri-
ate operators, (Each move is reversible; you need label only one of each pair of
reversible moves)
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| Formulating the State Space

Many problems of practical interest have search spaces so large that they cannot
be represented by explicit graphs. Elaborations of the basic search procedure
described in the last chapter are then required. First, we need to be especially
careful about how we formulate such problems for search; second, we have to
have methods for representing large search graphs implicitly; and, third, we need
to use efficient methods for searching such large graphs.

In some planning problems, like the one about block stacking, it is not too
difficult to conceive of data structures for representing the different world states
and the actions that change them. Typically though, finding representations that
result in manageable state-space graphs is difficult. Doing so requires careful
analysis of the problem—taking into account symmetries, ignoring irrelevant
details, and finding appropriate abstractions. Unfortunately, the task of setting
up problems for search is largely an art that still requires human participation.

In addition to problems involving agents stacking blocks, sliding tile prob-
lems are often used to illustrate how state-space search is used to plan action
sequences. For variety, I will use problems of this sort in this and the next chap-
ter. A typical example is the Fifteen-puzzle, which consists of fifteen tiles set in
a four-by-four array—leaving one empty or blank cell into which an adjacent
tile can be slid. The task is to find a sequence of tile movements that transforms
an initial disposition'of tiles into some particular arrangement. The Eight-puzzle
is a reduced version, with eight tiles in a three-by-three array. Suppose the ob-
ject of the puzzle is to slide tiles from the starting configuration until the goal
configuration is reached, as shown in Figure 8.1.

129
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Figure 8.1

Start and Goal Configurations for the Eight-Puzzie

In this problem, an obvious iconic state description would be a three-by-
three array in which each cell contains one of the numbers 1 through 8 or a
symbol representing the blank space. A goal state is the array representing the
configuration on the nght side of Figure 8.1. The moves between states correspond
to sliding a tile into the blank cell. As mentioned, we often have representational
choices in setting up the statc space of a problem. In the Eight-puzzle, we might
imagine that we have 8 x 4 ditferent moves, namely, move 1 up, move | down,
mave 1 left, move 1 right, move 2 up, . .., and so on. (Of course, not all of these
moves are possible in any given state.) A more compact formulation involves only
four different moves, namely, move blank left, move blank up, move blank right,
move blank down. A given start state and the set of possible moves implicitly
define the graph of states accessible from the start. The number of nodes in the
state-space graph for this representation of the Eight-puzzle is 9! = 362,880. (It
happens that the state space for the Eight-puzzle is divided into two separate
graphs; a tile configuration in one graph tannot be reached from one in the
other graph.)

Components of Implicit State-Space Graphs

That part of a state-space graph reachable by actions from the start state s
represented implicitly by a description of the start state and by descriptions of
the effects of actions that can be taken in any state. Thus, it is possible in principle
to transform an implicit representation of a graph into an explicit one. To do so,
one generates all of the nodes that are successors of the start node (by applying
all possible operators at that node), then generates all of their successors, and so
on. For graphs that are too large to represent explicitly, the search process need
render explicit only so much of the state space as is required to find a path to the
goal. The process terminates when an acceptable path to a goal node has been
found.

More formally, there are three basic components to an implicit representation
of u state-space graph:

. A description with which to label the start nede. This description is some
data structure modeling the initial state of the environment.

2 Functions that transform a state description representing one state of the
environment into one that represents the state resulting after an action.
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These functions are usually called operators. In our agent problems, they
are models of the effects of actions. When an operator is applied to a
node, it generates one of that node’s successors,

3. A goal condition, which can be either a True-False-valued function on
state descriptions or a list of actual instances of state descriptions that
correspond to goal states.

We will study two broad classes of search processes. In one, we have no
problem-specific reason to prefer one part of the search space to any other, inso-
far as finding a path to the goal is concerned. Such processes are called uninformed.
In the other, we do have problem-specific information to help focus the search.
Such processes are cailed heuristic.! | begin with the uninformed ones and will
discuss heuristic processes in the next chapter.

. Breadth-First Search

Uninformed search procedures apply operators to nodes without using any
special knowledge about the problem domain (other than knowledge about
what actions are legal ones). Perhaps the simplest uninformed search procedure
5 breadihifirst search, That procedure generates an explicit $tate-space graph by
applying all possible operators to the start node, then applying all possible
operators to all the direct successors of the start node, then to their SUCCEssors,
and so on. Search proceeds uniformly outward from the start node. Since we
apply all possible operators to a node at each step, it is convenient to group
them into a function called the successor function. The successor function, when
applied to a node, produces the entite set of nodes that can be produced by
applying all of the operators that can be applied to that node. Each application
of a successor function to a node is called expanding the node,

Figure 8.2 shows the nodes created in a breadth—first search: for a solution to
the Eight-puzzle problem. The start and goal nodes are labeled, and the order
of node expanstons is shown by a numeral next to each node. Nodes of the
same depth are expanded according to some fixed order. In expanding a node,
I applied operators in the order: move blank left, up, right, down. Even though
each move is reversible, I omit the arcs from successors back to their parents. The
solution path is shown by the dark line. As we shall see, breadth-first search has
the property that when a goal node is found, we have found a path of minimal
length to the goal. A disadvantage of breadth-first search, however, is that it
requires the generation and storage of a tree whose size is exponential in the
depth of the shallowest goal node.

WO —
1. The word hewristic comes from the Greek heuriskein, meaning “to discover” The borrowed
phrase Eureka! ('T have found it!") comes from the same source.
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Breadth-First Search of the Eight-Puzzle
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Uniform-cost search [Dijkstra 19591 is a variant of breadth~first search in which
nodes are expanded outward from the start node along “contours” of equal cost
rather than along contours of equal depth. If the costs of all arcs in the graph
are identical {equal to 1, say), then uniform-cost search js the same as breadth-
first search. Uniform-cost search, in tumn, can be considered to be a special case
of a heuristic search procedure, which 1 will describe in the next chapter, The
brief presentations just given of breadth-first and uniform-cost search methods
give the main idea, but they need technical elaboration to cover those cases in
which node expansion produces nodes already reached previously by the search
process. | defer discussion of these finer points until I deal with the more general
algorithm in the next chapter.

. Depth-First or Backtracking Search

Depth-first search generates the successors of a node just one at a time by
applying individual operators. A trace is left at each node to indicate that
additional operators can eventually be applied there if needed. At each node,
a decision must be made about which operator to apply first, which next, and so
on. As 500n as a successor is generated, one of its successors is generated and so
on. To prevent the search process from running away toward nodes of unbounded
depth from the start node, a depth bound is used. No successor is generated whose
depth is greater than the depth bound. (It is presumed that not all goal nodes
lie beyond the depth bound) This bound allows us to ignore parts of the search
graph that have beén determined not to contain a sufficiently close goal node.

Illustrate the process using the Eight-puzzle and a depth bound of 5. Again,
we apply operators in the order move blank left, up, right, down, and we omit
arcs from successors back to their parents. In Figure 8.3a, I show the first few node
generations. The number at the left of each node shows the order in which the
node is generated; | also show arcs leaving nodes that are not yet fully expanded.
At node 5, we reach the depth bound without having reached the goal, so we
consider the next most recently generated, but not yet fully expanded node, node
4, and generate the other of its successors, node 6. (See Figure 8.3b,) At this point,
we can throw away node 5, since we are not going to generate nodes below it
Node 6 is also at the depth bound and is not a goal node, so we consider the next
most recently generated but not fully expanded node, node 2, and generate node
7—throwing away node 3 and its successors since we are not going to generate
any more nodes below them. Going back to node 2 is an example of what is
called dironological backiracking. When the depth bound is reached again, we have
the graph shown in Figure 83c. At this point, not having reached a goal node,
we generate the other successor of node 8, which is not a goal node either. So,
we throw away node 8 and its successors and backtrack to generate another
successor of node 7. Continuing this process finally results in the graph shown
in Figure 84
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Note that depth-first search obliges us to save only that part of the search
tree consisting of the path currently being explored plus traces at the not yet
fully expanded nodes along that path. The memory requirements of depth-first
search are thus linear in the depth bound. A disadvantage of depth-first search
is that when a goal is found, we are not guaranteed to have found a path to a
goal having minimal length. Another problem is that we may have to explore a
large part of the search space even to find a shallow goal if it is the only goal and
a descendant of a shallow node expanded late in the process.

Hterative Deepening

A technique called iterative deepening [Korf 1985, Stickel & Tyson 1985] enjoys the
linear memory requirements of depth-first search while guaranteeing that a
goal node of minimal depth will be found (if a goal can be found at all). In
iterative deepening, successive depth-first searches are conducted—each with
depth bounds increasing by 1—until a goal node is found. I illustrate how iterative
deepening works on a sample tree in Figure 85.

Surprisingly, the number of nodes expanded by iterative-deepening search is
not many more than would be expanded by breadth-first search. Let's calculate
this number for the (worst) case of searching a tree with uniform branching factor
of b in which the shallowest goal node is at depth d and is the last node to be
generated at that depth. The number of nodes expanded by a breadth-first search
could be as high as

_bd-H_]
T ob-1

Nog=1+b4b+... 4

A\

Depth bound = 1

Figure 8.5

Stages in lierative-Deepening Search

Depth bound = 2 Depth bound = 3 Depth bound = 4
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To calculate the number of nodes expanded by iterative deepening, we first note
that the number of nodes expanded by a complete depth-first search down to

level j is

A |
Nati = 51

In the worst case, iterative-deepening search for a goal at depth 4 has to conduct
separate, complete depth-first searches for depths up to d. The sum of the number
of nodes expanded for all of these searches is

Simplifying yields the total number of nodes that might be expanded by an
iterative-deepening search for a goal of depth 4:

bI+2 _2h—bd +d+ 1
Nig=
(b —1)?

For large d, the ratio Njg/Nyy is b/(b — 1). For a branching factor of 10 and deep
goals, we expand only about 11% more nodes in an iterative-deepening search
than we would in a breadth-first search.

Another, related technique called iterative broadening is useful under certain
circamstances when there are many goal nodes. I refer you to [Ginsberg & Harvey
1992, Harvey 1994] for descriptions of this method.

W Additional Readings and Discussion
Various improvements can be made to chronological backtracking, These include
dependency-directed backtracking {Stallman & Sussman 1977, backjumping IGaschnig
19791, and dynamic backracking [Ginsberg 1993]. The lastcited paper compares
these methods and shows the advantages of dynamic backtracking, These en-
hanced backtracking techniques are usually employed in constraint-satisfaction
problems (which will be described in Chapter 11).
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8.1 In the water-jug puzzle, we are given a 3-liter jug, named Three, and a 4-
liter jug, named Four. Initially, Three and Four are empty. Either jug can be filled
with water from a tap, T, and we can discard water from either jug down a drain,
D. Water may be poured from one jug into the other There is no additional
measuring device. We want to find a set of operations that will leave precisely
two liters of water in Four. [Don’t worry! Here's a solution: (a) fill Three from the
tap, () pour Three into Four, (c) fill Three from the tap, (d) pour as much from Three
into Four as will fill it, (e} discard Four, () pour Three into Foutr.]

1. Set up a state-space search formulation of the water-jug puzzle;

{a) Give the initial iconic state description as a data structure,

{b) Give a goal condition on states as some test on data structures,

(c) Name the operators on states and give precise descriptions of what
each operator does to a state description.

2. Draw a graph of all of the distinct state-space nodes that are within three
moves of the start node, label each node by its state description, and
show at least one path to each node in the graph—labeling each arc by
the name of the appropriate operator. In addition to these nodes, show
also all of the nodes and arcs (properly labeled) on a path to the solution.

8.2 List the order in which nodes are visited in the tree below for each of the
following three search strategies (choosing leftmost branches first in all cases);

1. Depth-first search

2. Depth-first iterative-deepening search (increasing the depth by 1 each
iteration)

3. Breadth-first search

8.3 Consider a finite tree of depth 4 and branching factor b. (A tree consisting
of only a root node has depth zero; a tree consisting of a root node and its b
successors has depth 1; etc) Suppose the shallowest goal node is at depth g < d.
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1. What is the minimum and maximum number of nodes that might be
generated by a depth-first search with depth bound equal to d?

2. What is the minimum and maeximum number of nodes that might be
generated by a breadth-first search?

3. What is the minimum and maximum number of nodes that might be
generated by a depthfirst iierative-deepening search? (Assume that you start
with an initial depth limit of 1 and increment the depth limit by 1 each
time no goal is found within the current limit)

8.4 Assume that 10,000 nodes per second can be generated in a breadth-first
search. Suppose also that 100 bytes are needed to store cach node, What are the
memory and time requirements for a complete breadth-first search of a tree of
depth d and branching factor of 57 Show these in a table. (You can use approximate
numbers when time is better expressed in hours, days, months, years, etc)

8.5 Assume we are searching a tree with branching factor b. However, we do
not know that we are really searching a tree, so we are considering checking
each state description generated to see if it matches a previously generated state
description. How many such checks would have to be made in a search of the
tree to depth 4?
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Using Evaluation Functions

The scarch processes that | describe in this chapter are something like breadth-
first search, except that search does not proceed uniformly outward from the start
node; instead, it proceeds preferentially through nodes that heuristic, problem-
specific information indicates might be on the best path to a goal. We call such
processes bestfirst or heuristic search. Here is the basic idea.

I. We assume that we have a heuristic (evaluation) function, f , to help decide
which node is the best one to expand next. {The reason for the “hat” over
the f will become apparent later. We pronounce f “f-hat”} We adopt the
convention that small values of j indicate the best nodes. This function is
based on information specific to the problem domain. It is a real-valued
function of state descriptions,

2. Expand next that node, n, having the smallest value of f {n). Resolve ties
arbitrarily. (I assume in this chapter that node expansion produces all of
the successors of 4 node.)

3. Terminate when the node to be expanded next is a goal node.

People are often able to specify good evaluation functions for best-first search,
I the Eight-puzzle, for example, we might try using the number of tiles out of
place as a measure of the goodness of a state description:

Jim) = number of tiles out of place (compared with goal)

139
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A Possible Result of a Heuristic Search Procedure

Using this heuristic function in the search procedure just described produces the
graph shown in Figure 9.1. The numeral next to each node is the value of f for
that node.

This example shows that we need to bias the search in favor of going back
to explore early paths (in order to prevent being led “down a garden path” by
an overly optimistic heuristic). So, we add a “depth factor” to j : f (n) =g(n) + ﬁ(n),
where §(n) is an estimate of the “depth” of n in the graph {that is, the length of
the shortest path from the start to n), and h(n) is a heuristic evaluation of node
n. If as before, we let ﬁ(n) = number of tiles out of place {compared with the
goal) and take §(n) = the depth of node n in the search graph, we get the graph
shown in Figure 9.2. In this figure, 1 have written the values of §(n) + ﬁ(n) next
to each node. We see that search proceeds rather directly toward the goal.in this
case (with the exception of the circled node).

These examples raise two important questions. First, how do we settle on
evaluation functions for guiding best-first search? Second, what are some prop-
erties of best-first search? Does it always result in finding good paths to a goal
node? Some guidance about evaluation-function selection will be offered toward
the end of the chapter, and some methods for automatically learning evaluation
functions will be explained in Chapter 10. But most of the chapter will be devoted
to a presentation of the formal aspects of best-first search. I begin by developing
a general graph search algorithm that includes versions of best-first search as
special cases. (For more details about heuristic search than a single chapter or
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Heuristic Search Using j (m) = §(n) + ﬁ(ﬂ)

two can provide, refer to the articles cited and to the excellent book by Pearl
[Pear] 1984])

W A General Graph-Searching Algorithm

To be more precise about the heuristic procedures to be explained in this chapter,
I'need to present a general graph-searching algorithm that permits any kind of
ordering the user might prefer—heuristic or uninformed. I call this algorithm
GRAPHSEARCH. Here is {a first version of) its definition.

GRAPHSEARCH
1. Create a search tree, Tr, consisting solely of the start node, ng. Put 1 on an
ordered list called OPEN.
2. Create a list called CLOSED that is initially empty.
5. If OPEN is empty, exit with failure,

4. Select the first node on OPEN, remove it from OPEN. and put it on CLOSED.
Call this node n.

5. If n is a goal node, exit successfully with the solution obtained by tracing
a path backward along the arcs in Tr from n to ng. (Arcs are created in
step 6.)
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6. Expand node n, generating a set, M, of successors. Install M as successors
of n in Tr by creating arcs from n to each member of M.

7. Reorder the list OPEN, either according to some arbitrary scheme or
according to heuristic merit.

8. Go tostep 3.

This algorithm can be used to perform best-first search, breadth-first search,
or depth-first search. In breadth-first search, new nodes are simply put at the end
of OPEN (first in, first out, or FIFO), and the nodes are not reordered. In depth-
first-style search, new nodes are put at the beginning of OPEN (last in, first out,
or LIFO). In best-first (also called heuristic) search, OPEN is reordered according
to the heuristic merit of the nodes.

Algorithm A*

1will particularize GRAPHSEARCH to a best-first search algorithm that reorders (in
step 7) the nodes on OPEN according to increasing values of a function f as in the
Eight-puzzle illustration. I will call this version of GRAPHSEARCH, algorithm A*, As
we shall see, it will be possible to define f functions that will make A* perform
either breadth-first or uniform-cost search. In order to specify the family of f
functions to be used, I must first introduce some additional notation.

Let h(n) = the actual cost of the minimal cost path between node n and a goal
node lover all possible goal nodes and over all possible paths from 1 to them).

Let g(n) = the cost of a minimal cost path from the start node, ng, to node n.

Then f(r) = g(n) + hn) is the cost of a minimal cost path from ng to a goal
node over all paths that are constrained to go through node n. Note that f(ny) =
hing) is then the cost of an (unconstrained) minimal cost path from n to a goal
node.

For each node, n, let ﬁ(n (the heuristic factor) be some estimate of h(n), and
let §(n) (the depth factor) be the cost of the lowest-cost path found by A* so far to
node n. In algorithm A* we use f = j+ h. Note that algorithm A* with & identically
0 gives uniform-cost search. These definitions are illustrated in Figure 93,

The search process for the Eight-puzzie iliustrated in Figure 9.2 is an example
of an application of A*. There, I assumed unit arc costs, so gn) is simply the
depth of node n in the graph. There is a slight complication, though, which I
have overlooked in the definition of algorithm A*. What happens if the implicit
graph being searched is not a tree? That is, supposc there is more than one
sequence of actions that can lead to the same world state from the starting state.
For example, the implicit graph of the Eight-puzzle is obviously not a tree because
the actions are reversible—each of the successors of any node, n, has n as ane of
its successors. I ignored these loops in creating the Eight-puzzle search tree. They
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Start node, ng f(rg) = cost of lowest-cost

\ {optimal) path to 3 goal

Cost of an arc

KF(n) = g(n} + hin) = cost of lowest-cost
path to a goal—constrained to go
through node n

g(n) = cost of best path from ng to n
(= 8 in this example}

k{n) = cost of optimal path from » to a goal

f. &, hare estimates of f, g, &, respectively

»

f=g+ h
Figure 9.3 .
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Heuristic Search Notation

were easy to ignore in that case; I simply did not include the parent of a node
among its successors. Instead of step 6 as written in GRAPHSEARCH, | actually used

6. Expand node n, generating a set, M, of successors that are not already
parents of n in Tr. Install M as successors of n in Tr by creating arcs from n
to each member of M,

To take care of longer loops, we replace step 6 by

6. Expand node n, generating a set, M, of successors that are not already
ancestors of n in Tr. Install M as successors of n in Tr by creating arcs from
n to each member of M.

Of course, to check for these longer loops, we need to see if the data structure
labeling each successor of node n is equal to the data structure labeling any
of node n's ancestors. For complex data structures, this step can add to the
complexity of the algorithm.

The modified step 6 prevents the algorithm from going around in circles in its
search for a path to the goal. But there is still the possibility of visiting the same
world state via different paths. One way to deal with this problem is simply to
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ignore it. That is, the algorithm doesn’t check to see if a node in M is already on
OPEN or CLOSED. The algorithm is then oblivious to the possibility that it might
reach the same node via different paths. This "same node” might then be repeated
in Tr as many times as the algorithm discovers different paths (o it. If two nodes
in Tr are labeled by the same data structure, they will have identical subtrees
hanging below them. That is, the algorithm will duplicate search effort that it
need not have repeated, We will see later that under very reasonable conditions
on f when A* first expands a node n in Tr, it has already discovered a path to
node n having the smallest value of f.

To prevent duplicated search effort when these yet-to-be-mentioned condi-
tions on j’ do not prevail requires some moditication to algorithm A*. Because
search might reach the same node along different paths, algorithm A* generates
a search graph, which we call G. G is the structure of nodes and arcs generated
by A* as it expands the start node, its successors, and 50 on. A* also maintains a
search tree, Tr. Tr, a subgraph of G, is the tree of best (minimal cost) paths pro-
duced so far to all of the nodes in the search graph. I show examples for a graph
having unit arc costs in Figure 9.4. An eatly stage of search is shown in Figure 9.4a.
The search-tree part of the search graph is indicated by the dark arcs; gray arcs
are in the search graph but not the search tree. The dark arcs indicate the least
costly paths found so far to the nodes in the search graph. Note that node 4 in
Figure 9.4a has been reached by two paths; both paths are in the search graph,
but only one is in the search tree. We keep the search graph because subsequent
search may find shorter paths that use some of the arcs in the earlier search graph
that were not in the earlier search tree. For example, in Figure 9.4b, expanding
node 1 finds shorter paths to node 2 and its descendants (including node 4), so
the search tree is changed accordingly.

For completeness, 1 state the version of A* that maintains the search graph.
We note, however, that this version is seldom needed because we can usually
impose conditions on f that guarantee that when algorithm A* expands a node,
it has already found the least costly path to that node.

Algorithm A*
1. Create a scarch graph, G, consisting solely of the start node, ng. Put np on
a list called OPEN.
2. Create a list called CLOSED that is initially empty.
3. If OPEN is empty, exit with failure.

4. Select the first node on OPEN, remove it from OPEN, and put it on CLOSED.
Call this node n.

3. Ifn is a goal node, exit successfully with the solution obtained by tracing
a path along the pointers from n to ng in G. (The pointers define a search
tree and are established in step 7)
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Search Graphs and Trees Produced by a Search Procedure

6. Expand node n, generating the set, M, of its successors that are not already
ancestors of n in G. Install these members of M as successors of nin G.

7. Establish a pointer to n from each of those members of M that were
not already in G (i.e., not already on either OPEN or CLOSED). Add these
members of M to OPEN. For each member, m, of M that was already on
OPEN or CLOSED, redirect its pointer to n if the best path to m found so
far is through n. For each member of M already on CLOSED, redirect the
pointers of each of its descendants in G so that they point backward along
the best paths found so far to these descendants,

8. Reorder the list OPEN in order of increasing f values, (Ties among minimal
f values are resolved in favor of the deepest node in the search tree )

9. Goto step 3.

In step 7, we redirect pointers from a node if the search process discovers

a path to that node having lower cost than the one indicated by the existing
pointers. Redirecting pointers of descendants of nodes already on CLOSED saves
subsequent search effort but at the possible expense of an exponential amount
of computation. Hence this part of step 7 is often not implemented. Some of these
pointers will ultimately be redirected in any case as the search progresses.

Admissibility of A

There are conditions on graphs and on k that guarantee that algorithm A* applied
to these graphs always finds minimal cost paths. The conditions on the graphs are

1. Each node in the graph has a finite number of successors (if any).
2. All arcs in the graph have costs greater than some positive amount, e.
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The condition on F is

3. For all nodes n in the search graph, ﬁ(nj < It(n). That is, h never over-
estimates the actual value, h. (Such an h function is sometimes called an
optimistic estimator )

Ofeen, it is not difficult to find an i function that satisfies this lower bound
condition. For example, in route-finding problems over a graph whose nodes
consist of cities, the straight-line distance from a city, n, to a goal city Is a lower
bound on the distance of an optimal route from n to the goal node. In the Eight-
puzzle, the number of tiles out of place is a lower bound on the number of steps
remaining to the goal.

With these three conditions, algorithm A* is guaranteed to find an optimal
path to 4 goal, if any path to a goal exists. | can state this result as a theorem.
(I give a new version of a proof of this theorem next; for the original proof, see
[Hart, Nilsson, & Raphael 1968])

L T T T T
Theorem 9.1

Under the conditions on graphs and on h stated earlier, and providing there is a path with finite
cosl from the slart node, ne, to a goal node, algorithm A* is guaranteed to terminate with
mininal-cost path to a goal

Proof: The main component of the proof is the following important lemma. It is
important to understand this lemma thoroughly in urder to gain intuition about
why A* is guaranteed to find optimal paths.

Lemma 9.1

Al every step before termination of A*, there is always a node, say, n*, on OPEN with the
Jollowing properties:

1. n* is on an optimal path to a goal.
2. A* has found an optimal path o n*.
3. f ) < f(ng).

Proof of Lemma:  To prove that the conclusions of the lemma hold at every step
of A%, it suffices to prove that (1) they hold at the beginning of the algorithm and
(2)if they hold before a node expansion, they will continue to hold after a node
expansion. We call this kind of proof, proof by mathematical induction. Here is how
it goes.

Base case: At the beginning of search (when just node ng has been selected
for expansion), node r is on OPEN, it is on an optimal path to the goal, and A*
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The Situation When the (m + I)-th Node Is Selected for Expansion

has found this path. Also f (fo} < f(ng) because f (ng) =ﬁ(ng) < f(np). Thus, node
np can be the node n* of the lerma af this stage.

Induction step: We assume the conclusions of the lemma at the time m
nodes have been expanded (m > 0} and (using this assumption) prove them true at
the time m + 1 nodes have been expanded. It may be helpful to refer to Figure 9.5
as we prove the induction step.

We let n* be the hypothesized node on OPEN, which is on an optimal path
found by A* after it has expanded m nodes. Now, if n* is not selected for expansion
on the (m + 1)-th step (Figure 9.5a), n* has the same properties as before, thus
proving the induction step for that case. If n* is selected for. expansion (Figure
9.53b), all of its new successors will be put on OPEN, and at least one of them, say,
np, will be on an optimal path to a goal (since an optimal path is hypothesized
to go through n* and it must continue through one of its successors). And A* has
found an optimal path to ny because, if there were a better path to n, that better
path would also be a better path to a goal (contradicting our hypothesis that
there is no better path to the goal than the one A* has found through n*), So, in
this case, we let np be the new n* for the (m + 1)-th step, and we have proved the
induction step except for the property that f(n*) < f (np).

We prove that property now for all steps m before termination. For any node,
n*, on an optimal path and to which &* has found an optimal path, we have
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fn®) = §(n*) + h(n*) by definition
< g(n*) + h(n*) because §(n*) = g(n*) and h(n*) < h(n*)
< f(n*) since g(n*) + h(n*) = f(n*) by definition

< f{np) because f(n") = f(np) since n* is on an optimal path
which completes a proof of the lemma. "

Continuing now with the proof of the theorem, we prove first that A* must
terminate if there is an accessible goal, and then that it terminates by finding an
optimal path to a goal

* A* must terminate: Suppose it does not terminate, In that case, A* continues
to expand nodes on OPEN forever and would eventually expand nodes
deeper in the search tree than any preset finite depth bound—since we
have assumed that the graph being searched has finite branching factor.
Since the cost of each arc is larger than € > 0, the § {and thus the ﬁ values of
all nodes on OPEN will eventually exceed f(np}. But that would contradict
the lemma.

* A" terminates in an optimal path: A* can terminate only in step 3 (if OPEN
is empty) or in step 5 {in a goal node). A step 5 termination can occur
only for finite graphs containing no goal node, and the theorem claims
to find an optimal path to a geal only if there is a goal node. Therefore,
A* terminates by finding a goal node. Suppose it terminates by finding a
nonoptimal goal, say, ng; with f(ng2) > f(np) when there is an optimal goal,
say, ng1 # ng2 with f(ng)) =f(no) (see Figure 9.5 again). At termination in
ng2, f (ng2) > f(ng2) > f(no). But just before A* selected ng, for expansion,
by the lemma there was a node n* on OPEN and on an optimal path
withf(n*) < f(n). Thus, A* could not have selected g2 for expansion
because A* always selects that node having the smallest value of f and

A

fory < fno) < fng2). .

This completes the proof of the theorem. We say that any algorithm that is
guaranteed to find an optimal path to the goal is admissible. Thus, with the three
conditions of the theorem, A* is admissible. By extension, we say that any h
function that does not overestimate h is admissible. From now on, when 1 talk
about applying A*, I assume that the three conditions of the theorem are satisfied.

If two versions of A*, namely, A7 and A3, differ only in that ﬁl < ﬁz for all
nongoal nodes, we will say that A is more informed than A;. I state the following
result without proof (see [Hart, Nilsson, & Raphael 1968, Hart, Nilsson, & Raphael
1972, Nilsson 1980]).
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Figure 9.6
L

Refationships Among Search Algorithms

T T ]
Theorem 9.2

If A3 is more informed than A3, then a! the termination of their searches on any graph having
a path from g to a goal node, every node expanded by A% is also expanded by A;,

It follows that A expands at least as many nodes as does A3, and thus A3,
the more informed algorithm, is typically more efficient. Thus, we seek an
h function whose values are as close as possible to those of the actual k function
(for search efficiency), while still not exceeding them (for admissibility). Of course,
in measuring lolal search efficiency, we should also take into account the cost of
computing k. The most informed algorithm would have i = h, but, typically, such
an h function could be obtained only at high cost by completing the very search
we are attempting!

Figure 9.6 summarizes relationships among some of the search algorithms we
have discussed. When h = 0 for all nodes, we have a uniform-cost algorithm. (The
search spreads out along contours of equal cost) When f(m) = §(r) = depth(n), we
have breadth-first search, which spreads out along contours of equal depth. Both
the uniform-cost and breadth-first algorithms are special cases of A* (with fi =0),
s, of course, they are both admissible,
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hin;)

h(m) < c(ny, m) + hny)

Figure 9.7
e

The Consistency Condition

The Consistency (or Monotone) Condition

Consider a pair of nodes such that n; is a successor of n;. We say that h obeys the
consistency condition if, for all such pairs in the search graph,

»

hin,) = honp) < (g my)

where c(r;, m;) is the cost of the arc from n; to ny. We could also write
h(ny) < hanp) + (. m)

and
i) > o) — el m)

This condition states that along any path in the search graph, our estimate of
the optimal (remaining) cost to the goal cannot decrease by more than the arc
cost along that path. That is, the heuristic function is locally consistent taking
into account the known cost of an arc! The consistency condition can also be
thought of as a type of triangle inequality as shown in Figure 9.7

The consistency condition also implies that the f values of the nodes in the
search tree are monotonically nondecreasing as we move away from the start
node. Let n; and n; be two nodes in the search tree generated by A* with n;
a successor of n;. Then, if the consistency condition is satisfied, f (nj) = f (n). To
prove this fact, we start with the consistency condition:

him) 2 () — (g mp
We then add j(nj) to both sides:

ﬁ(nj) +§(n) 2 hn;) + glny — clmy, my)

.|
1. Peart [Pearl 1984, pp. 82-83] defines a notion of global consistency of the heuristic function

and shows that it is equivalent to our definition of (local) consistency.
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But §(n) = §(m;) + cln;, ;). (We might worry that §(n;) might be lower than this
value because we might have arrived at n; along some path less costly than that
through n;. But then n; would not be a successor of n; in the search tree.) Thus,

oy = fm)

For this reason, the consistency condition {on k) is often called the monotone
condition (on f).

We have an important thecrem involving the consistency condition {([Hart,
Nilsson, & Raphael 1968)).

Theorem 9.3

If the consistency condition on i is satisfied, then when A* expands a node n, it has already
Jound an optimal path to n.

Proof: Suppose A* is about to expand an open node, n, in a search for an
optimal path from a start node, ng, to a goal node in an implicit graph, G. Let
E=(ng,m,....mny ... n=ny) be a sequence of nodes in G constituting an
optimal path from ny to n. Let n; be the last node on & expanded by A*. (See
Figure 9.8.) Because nj is the last closed node on &, we know that m;, is on OPEN

and thus a candidate for expansion.
For any node, n;, and its successor, m,.y, in § {an optimal path to n), we have

g(i4) + f'(ﬂm) =gm) + ey, ny4) + ﬁ("m)

> g{n;) + ﬁ(ni) when the consistency condition is satisfied

Transitivity of the > relation gives us

glny + iNl("j) >g(m) + Fl(ni) for any m; and n; on £ if i <
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In particular,
g(n) + h(m) > gl g) + ﬁ(nm) :f(nm) because A* has found an
optimal path to ny,;, making g{m_,)=g(n_,)

But since A* is about to expand node n instead of node ny, it must be the case
that

fimy = tmy + him) < fm.)

But we have already established that
) <gamy + hon)

Therefore,
§(n) < g(n)

But since our method for computing the §'s implies that §(n) > g(n), it must be
the case that

gim) =gin)

which completes the proof, showing either that ny, ; =n or that we must already
have found some other optimal path to node n. .

The consistency condition is important because when it is satisfied, A* never
has to redirect pointers (in step 7). Searching a graph is then no different from
searching a tree.

With the consistency condition satisfied, we can give a simple, intuitive
argument for the admissibility of A*. It goes like this:

1. Monotonicity of f implies that search expands outward along contours of
increasing { values.

2. Thus, the first goal node selected will be a goal node having a minimal f
value,

3. For any goal node, 1, f(ng) = j(ng). (Here, we use the fact that if the h
function is consistent it will also never be greater than the true h function
[Pearl 1984, p. 831)

4. Thus, the first goal node selected will be one having minimal § value.

5. As a consequence of Theorem 9.3, whenever (in particular) a goal node,
ng. is selected for expansion, we have found an optimal path to that goal
node, That is, §(ng) = g(ny).

6. Thus, the first goal node selected will be one for which the algorithm has
found an optimal path.
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Many heuristic functions satisfy the consistency condition. For example, the
“tiles-out-of-place” function in the Eight-puzzle does. When a heuristic function
does not satisfy the consistency condition, but is otherwise admissible, then
(using an idea proposed by Mérd IMérd 1984]) we can adjust it (during search)
to one that does satisfy the consistency condition. Suppose, at every step of
A* we check the h values of the successors of the node, say, n, just expanded.
Any of these whose h values are smaller than ﬁ(n) minus the arc cost from n
to that successor will have their h values adjusted (during search) so that they
are exactly equal to ft(n) minus that arc cost, (But it is possible that a node on
CLOSED that has its & value adjusted in this way may have to be moved back
to OPEN | leave it to you to verify that this adjustment leaves the algorithm
admissible.

Iterative-Deepening A*

In Chapter 8, I stated that the memory requirements of breadth-first search grew
exponentially with the depth of the goal in the search space. Heuristic search has
the same disadvantage although good heuristics do reduce the branching factor.
Iterative-deepening search, introduced in Chapter 8, allows us to find minimal-
cost paths with memory that grows only linearly with the depth of the goal. A
method called iterative-deepening A* (IDA*), proposed by {Korf 1985], can achieve a
similar benefit for heuristic search. Further efficiencies can be gained by using a
parallel implementation of IDA* (see (Powley, Ferguson, & Korf 1993)),

The method works in a manner similar to ordinary iterative deepening. We
execute a series of depth-first searches. In the first search, we establish a “cost
cut-off” equal to f (np) = §(ng) + h(ng) (noJ where ny is the start node. For all
we know, the cost of an optimal path to a goal may equal this cut-off value. (It
will if hng) = h(np); it cannot be less because hing) > hino).) We expand nodes
in depth-first fashion—backiracking whenever the f value of a successor of an
expanded node exceeds the cut-off value, If this depth-first search terminates
at a goal node, it obviously has found a minimal-cost path to a goal If it does
not, then the cost of an optimal path must be greater than the cut-off value, So,
we increase the cut-off value and start another depth-first search. What is the
next possibility for the cost of an optimal path? It might be as low as the lowest
of the j values of the nodes visited (but not expanded} in the previous depth-
first search. The node having this lowest f value might be on an optimal path
(now that we know that no optimal path exists having cost equal to the previous
cut-off value). This lowest f value is used as the new cut-off value in the next
depth-first search. And so on. Intuitively, it is easy to see that IDA* is guaranteed
to find a minimal-cost path to a goal. (Korf 1985] presents a proof of this result, as
does [Korf 1993). The latter work also discusses limitations of iterative deepening
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in the case in which the monotene condition is not satisfied and presents an
alternative algorithm called recursive best-first search.)

IDA* does have to repeat node expansions, but (as with ordinary iterative
deepening) there are potential tradeoffs involving the reduced memory require-
ments and the implementational efficiencies of depth-first search (as compared
with breadth-first search). But note what happers in the case in which all of the
f values are different for each node in the search space—the number of iterations
can equal the number of nodes having j values less than the cost of an opti-
mal path! (There are ways to ameliorate this problem at the price of giving up
admissibility. I leave it to you to invent how this might be done)

Recursive Best-First Search

A search methed proposed by Korf called recursive best-first search, RBFS ([Korf 1993,
uses slightly more memory than does IDA* but generates fewer nodes than docs
IDA*. When a node, say, n, is expanded, RBFS computes the f values of the succes-
sors of n and recomputes the f values of n and all of n's ancestors in the search
tree. This recomputation process is called backing up the | values. Backing up is
done as foltows: The backed-up value of a successor of the node just expanded
is simply the f value of that successor. The backed—up'value,f{m), of node m in
the search tree with successors m; is

f(m) = nrlni_nf(m,-)

where f(m;) is the backed-up value of node m;

[f one of these successors of node n (which was just expanded) has the smallest
value of f over all OPEN nodes, it is expanded in tumn, and <o on. But suppose
some other OPEN node, say, n'—not a successor of n—has the lowest value of f .
In that case, the algorithm backiracks to the lowest common ancestor, say, node
k, of nodes n’ and n. Let node k, be the successor of node k on the path to n. RBFS
removes the subtree rooted at kg, k, becomes an OPEN node with j value equal
o its backed-up value, and search continues below that OPEN node, namely, «,
with the lowest value of f.

I illustrate the main idea of this algorithm in Figure 99. At all times, the
search tree consists of a single path of nodes plus the siblings of all nodes on the
path. Thus, the storage requirements are still linear in the length of the best path
explored so far. The tip nodes are all on OPEN, and all nodes in the search tree
have associated backed-up [ values.

For a review of and citations to other space-efficient search algorithms, see
[Korf 1991,
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(a) RBFS has just expanded node n (b) f values have been backed up, the
but has not yet backed up the f values subtree below &, has been discarded,
of its successors and search continues below n’

Fi

re9%9

Recursive Best-First Search

Heuristic Functions and Search Efficiency

The selection of the heuristic function is crucial in determining the efficiency of
A*. Using h=0 assures admissibility but results in a uniform-cost search and is
thus usually inefficient. Setting it equal to the highest possible lower bound on h
expands the fewest nodes consistent with maintaining admissibility. In the Eight-
puzzle, for cxample, the function ﬁ(n) = W(n) (where W(n) is the number of tiles
in the wrong place) is a lower bound on h(n), but it does not provide a very
good estimate of the difficulty (in terms of number of steps to the goal) of a tile
configuration. A better estimate is the function ﬁ(n} = P(nt), where P(n) is the sum
of the (Manhattan) distances that each tile is from "home” (ignoring intervening
pieces).

Early in the history of Al [Newell, Shaw, & Simon 1959, Newell 1964] suggested
using a simplified model to form a “plan” to guide search. Similar ideas, applied
to the problem of finding a good heuristic function, are described by [Gaschnig
19791 and by (Pear] 1984, Ch. 4. For example, we can relax the conditions of the
Eight-puzzle by allowing less restrictive tile movements. If we allow a tile to move
directly (in one step) to its goal square, then the number of steps to the goal is
just the sum of the number of tiles in the wrong place, W(n). A less relaxed and
therefore better) model allows tiles to move to an adjacent square even though
there may already be a tile there, The number of steps to a goal for this model is
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the sum of the distances that each tile is from its goal square, P(n). These models
show how an agent might automatically calculate the i functions we intuitively
guessed. Pearl points out that we might have calculated an h function that is
slightly better than W(n) by using a model in which any tile can be swapped
with the blank position in one move. Another less relaxed model would be one
in which tiles can move only to the position of the blank cell along a path of
adjacent cells—counting each position along the path as a move.

The use of Euclidean (straight-line) distances as h functions in road-map
navigation problems can also be explained by relaxed models. Instead of having
to travel over existing roads, a traveler in a relaxed model can “tele-transport”
directly to any city using a straight-line distance. Since solutions in relaxed
models are never more costly than solutions in the original problem, the h
functions so selected are always admissible! It turns out that they are also
consistent, so algorithms using them do not have to revisit previously expanded
nodes,

In selecting an h function, we must take into consideration the amount of
effort involved in calculating it. The less relaxed the model, the better will be the
heuristic function—although typically the more difficult it will be to calculate.
The absolute minimum number of node expansions is achieved if one uses a
heuristic function identically equal to h, but the calculation of such an i would
require solving the onginal problem, There is usually a tradeoff between the
benefits gained by an accurate h function and the cost of computing it.

Often, search efficiency can be gained at the expense of admissibility by using
some function for f that is not a lower bound on h. That is, a possibly nonoptimal
path might be easier to find than would be a guaranteed optimal one. And an h
function that is not a lower bound on h might be easier to compute than one that
is a lower bound. In these cases, efficiency might be doubly improved—because
the total number of nodes expanded can be reduced (albeit at the expense of
admissibility} and because the computational effort is reduced.

Another possibility is to modify the relative weights of § and hin the
evaluation function. That is, we use | = § + wh, where w is a positive number. Very
large values of w overemphasize the heuristic component, whereas very small
values of w give the search a predominantly breadth-first character. Experimental
evidence suggests that search efficiency is often enhanced by allowing the value
of w to vary inversely with the depth of a node in the search tree. At shallow
depths, the search relies mainly on the heuristic component, whereas at greater
depths, the search becomes increasingly breadth first, to ensure that some path
to a goual will eventually be found.

We might think that search efficiency could be improved by conducting
simultaneous searches from both the start node and a goal node. Such im-
provements can, typically, be achieved only for breadth-first searches, When
a breadth-first search is used in both directions, we can be assured that the
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(a) Breadth-first search

{b) Heuristic search

Figure 9.10
B RS

Bidirectional Searches

search frontiers meet somewhere between start and goal (see Figure 9.10a), and
termination conditions have been established so that the breadth-first bidirec-
tional search is guaranteed to find an optimal path [Pohl 1971]. But if heuristic
search is initiated at both start and goal nodes, the two search frontiers might
not meet to produce an optimal path if the heuristic tends to focus the searches
in inappropriate directions. (See Figure 9.10b.)

Auseful measure of search efficiency is the effective branching factor, B. 1t describes
how sharply a search process is focussed toward the goal. Suppose that search
finds a path of length d and generates a total of N nodes. B is then equal to the
number of successors of each node in that tree having the following properties:

» Fach nonleaf node in the tree has the same number (B) of successors.
» The leaf nodes in the tree are all of depth 4.

+ The total number of nodes in the tree is N,

Therefore, B is related to path length d and to the total number of nodes generated,
N, by the expressions
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BB+ +B=N

(B7 - 1)B
B-1) =N

Although B cannot be written explicitly as a function of d and N, a plot of B
versus N for various values of 4 is given in Figure 9.11. A value of B near unity
correspands to a search that is highly focussed toward the goal, with very little
branching in other directions. On the other hand, a “bushy” search graph would
have a high B value.

To the extent that the effective branching factor is reasonably independent
of path length, it can be used to give an estimate of how many nodes might be
generated in searches of various lengths. For example, we can use Figure .11
to calculate that the use of the evaluation function f(n) =§(n) + W(n) resuits
in a B value equal to 1.2 for the Eight-puzzle problem illustrated in Figure 9.2.
Suppose we wanted to estimate how many nodes would be generated using
this same evaluation function in solving a more difficult Eight-puzzle problem,
say, one requiring 30 steps. From F.gure 2.11, we note that the 30-step puzzle
would invelve the generation of about 2000 nodes, assuming that the effective
branching factor remained constant.

To summarize, there are three important factors influencing the efficiency of
algorithm A*:

¢ The cost {or length) of the path found
* The number of nodes expanded in finding the path

* The computational effort required to compute h

The selection of a suitable heuristic function permits us to balance these factors
to maximize search efficiency.

All of the search methods discussed so far, including the heuristic ones, have
O(n) time complexity, where n is the number of nodes generated (assuming
that the heuristic function can be computed in constant time). In particular, the
complexity is O(BY) for breadth-first search when the effective branching factor
is B, the arc costs are all equal, and goals are of depth d away from the start node.
For uniform-cost search (that is, i =0) and unequal arc costs, the complexity
is O(B*/), where € is the cost of an optimal solution and ¢ is the cost of the
least costly arc [Korf 19921, For many problems of practical interest, d {or (/)
is sufficiently farge to make search (even heuristic search) for optimal solutions
computationally infeasible, For example, if we are using search to compute the
best next action (out of, say, four choices) when the goal being sought is 15 actions
away, the search algorithm may have to expand as many as 4! % 10 nodes. Such
lengthy calculations might not be practical in cases in which an agent must make
a decision in a fraction of a second. Space complexity for A* is of the same order as
time complexity because all nodes expanded have to be stored in a tree structure.
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Since agents will have time and memory bounds on their computational
resources, it will be impossible to find optimal solutions for many tasks. Instead,
it will be necessary to settle either for nonoptimal but acceptable solutions {called
satisficing solutions) or for partial solutions. In the next chapter, | will present a
variety of methods that can be used by agents with limited resources.

Additional Readings and Discussion

Heuristic search involves two kinds of computations. First, there is the objec-
level computation of actually expanding nodes and producing the path itself.
Second, there is the metalevel computation of deciding which node to expand
next. The object level is about physical actions in the world; the metalevel is
about computational actions in the graph. Object-level/metalevel distinctions
come up frequently in Al They are thoroughly discussed in [Russell & Wefald
1991] and play a particularly important role in the abbreviated search methods
to be discussed in the next chapter.

Sliding block puzzles have been used by many Al researchers as a testbed
problem for heuristic search methods. An carly paper by [Doran & Michie 1966]
used the Eight-puzzle and initiated the use of evaluation functions in procedures
for finding paths in graphs.

In 1990, Korf stated that while “IDA* can solve the Fifteen-puzzle, any larger
puzzle [such as the Twenty-four puzzle] is intractable on current machines” [Korf
1990, p. 191). Yet with a more powerful machine (a Sun Ultra Sparc workstation
generating 4 million nodes per second) and with more powerful (automatically
discovered) heuristics, [Korf & Taylor 19961 were able to find optimal solutions
to randomly generated, solvable instances of the Twenty-four puzzle in times
ranging between two and a quarter hours and a month. [Korf 1997 uscd IDA* to
find optimal solutions to the 3 x 3 x 3 Rubik's Cube puzzle.

Although puzzies have been useful for improving and testing search tech-
niques, A* and related heuristic search procedures have been successfully applied
to many practical problems.

For more on using relaxed models to discover heuristic functions, see [Mostow
& Prieditis 1989, Prieditis 1993]. [Pohl 1973) experimented with varying the weight
on the heuristic component of f.

The classic book on heuristic search is [Pear] 1984]. [Kanal & Kumar 1988! is
a collection of papers about scarch. The first paper in the latter book proposes
a unification of search methods developed independently by Al and operations
research people.
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9.1 In the "Four-Queens puzzle,” we try to place four queens on a 4 x 4 chess
board so that none can capture any other. (That is, only one queen can be on
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any row, column, or diagonal of the array.) Suppose we try to solve this puzzie
using the following problem space: The start node is labeled by an empty 4 x 4
array; the successor function creates new 4 x 4 arrays containing ene additional legal
placement of a queen anywhere in the array; the goal predicate is satisfied if and
only if there are four queens in the array (legally positioned).

1. Invent an admissible heuristic function for this problem based on the
number of queen placements remaining to achieve the goal. (Note that alt
goal nodes are precisely four steps from the start node))

2. Use your heuristic function in an A” search to a goal node. Draw the
search tree consisting of all 4 x 4 arrays produced by the search and label
each array by its value of g and h. {Note that symmetry considerations
mean we have to generate only three successors of the start node)

9.2 This exercise assumes you have already completed Exercise 74 about the
Tower-of-Hanoi puzzle. Refer to your solution to that exercise, or, if you have not
already done it, do it now before continuing, Propose an admissible h function
for this problem that is better than k=0,

9.3 Algorithm A* does not terminate until a goal node is selected for expansion.
However, a path to a goal node might be reached long before that node is
selected for expansion. Why not terminate as soon as a goal node has been
found? Illustrate your answer with an example,

9.4 The monotone condition on the heuristic function requires that h(m) <
h{n } +c(m, n) for all node-successor patrs (n;, ny), where c(n;, nj) is the cost on
the arc from r; to n;. 1t has been suggested that when the monotone condition
15 not satisfied, this fact can be discovered and f adjusted during search so that
the condition is satisfied. The idea is that whenever a node n; is expanded, with
successor hode nj, we can increment h(n}) by whatever amount is needed to
salisly the monotone condition. Construct an example to show that even with
this scheme, when a node is expanded we have not necessarily found a least
costly path to it.

9.5 Show that an admissible version of algorithm A* remains admissible if we
remove from OPEN any node n {or which f(n) > F, where F is an upper bound
on f(ng), and ny is the start node.

9.6 (Courtesy of Matt Ginsberg, Daphne Koller, and Yoav Shoham.) In this
exercise, we consider the choice between two admissible heuristic functions, one
of which is always “at lcast as accurate” as the other. More predisely, for a fixed
goal, let hy and y be two admissible heuristic functions such that hy(m) < htn)
for every node #1 in the search tree,

Now recail that the A* algorithm expands nodes according to their f values,
but the order in which nodes of equal j value are expanded can vary, depending
on the implementation of the priority queue. For a given heuristic function h, we
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say that an ordering of the nodes in the search tree is AE-Iegal if expanding the

nodes in that order is consistent with A* search using . )

Let N denote the set of nodes expanded by an A* search using h; (the “less
accurate” heurtstic function). Prove that there is always some search ordering that
is A!i;z-legal that expands only a (not necessarily strict} subset of the nodes in N.

That is, prove that it is always possible that i, leads to a smaller search space than

“fiy. (Note that the question asks you to find some search ordering such that certain
properties hold. Do you see why it is not possible, in general, to show that these
properties hold for an arbitrary search ordering?)



Now that we have explored several techniques for finding paths in graphs, it
is time to show how these methods can be used by agents in realistic settings. {
first revisit the assumptions made when I first considered graph-search planning
methods in Chapter 7 and propose an agent architecture that tolerates these
idealized assumptions. Next, I show how some of the search methods can be
modified to fessen their time and space requirements—thus making them more
usable in the proposcd architecture. Finally, I show how heuristic functions and
models of actions can be learned.

The Sense/Plan/Act (ydle

As mentioned in Chapter 7, the efficacy of search-based planning methods
depends on several strong assumptions. Often, these assumptions are not met
because

1. Perceptual processes might not always provide the necessary information
about the state of the environment (because they are noisy or are
insensitive to important properties). When two different environmental
situations evoke the same sensory input, we have what is called perceptual
aliasing.

2. Actions might not always have their modeled effects (because the models
are not precise enough or because the effector system occasionally makes
ErTors in executing actions),

3. There may be other physical processes in the world or other agents (as
there might be, for example, in games with adversaries). These processes

163
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might change the world in ways that would interfere with the agent's
actions.

4. The existence of external effects causes another problem: during the time
that it takes to construct a plan, the world may change in such a way that
the plan is no longer relevant. This difficulty makes it pointless for an
agent to spend too much time planning.

5. The agent might be required to act before it can complete a search to a
goal state.

6. Even if the agent had sufficient time, its computational memory resources
might not permit search to a goal state.

There are two main approaches for dealing with these difficulties while pre-
serving the main features of search-based planning. In one, probabilistic methods
are used to formalize perceptual, environmental, and effector uncertainties. In
the other, we attempt to work around the difficulties with various additional
assumptions and approximations.

A formal way of confronting the fact that actions have uncertain effects is to
assume that for every action executable in a certain state, the resulting state is
given by a known probability distribution. Finding appropriate actions under
such circumstances is called a Markov decision problem (MDP) [Puterman 19941
Dealing with the additional problem of imperfect perception can be formalized by
assuming that the agent's sensory apparatus provides a probability distribution
over the set of states that it might be in. Finding actions then is called a
partially observable Markov decision problem (POMDP) [Lovejoy 1991, Monahan 1962,
Cassandra, Kaelbling, & Littman 1994]. Discussing MDPs and POMDPs is beyond
the scope of this book, but I touch on related techniques in Chapter 20 after my
treatment of probabilistic inference.

Instead of pursuing the formal, probability-based methods here, I propose
an architecture, called the sense/plan/act architecture, that gets around some of
the aforementioned complications in many applications. The rationale for this
architecture is that even if actions eccasionally produce unanticipated effects and
even if the agent sometimes cannot decide which world state it is in, these diffi-
culties can be adequately dealt with by ensuring that the agent gets continuous
feedback from its environment while it is executing its plan.

One way to ensure continuous feedback is to plan a sequence of actions,
execute just the first action in this sequence, sense the resulting environmental
situation, recalculate the start node, and then repeat the process. Agents that
select actions in this manner are said to be sense/plan/act agents. For this method
to be effective, however, the time taken to compute a plan must be less than
the time allowed for each action. In Figure 10.1, I show an architecture for a
sense/plan/act agent. In benign environments (those tolerant of a few missteps),
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An Architecture for a Sense/Plan/Act Agent

errors in sensing and acting “average out” over a sequence of sense/plan/act
cycles.

Environmental feedback in the sense/plan/act cycle allows resolution of some
of the perceptual, environmental, and effector uncertainties. For feedback to be
effective, however, we must assume that, on the average, sensing and acting are
accurate. In many applications, this assumption is realistic. After all, it is the agent
designer's task to provide sensory, perceptual, and effector modalities adequate
to the task requirements. Often, the agent can enhance perceptual accuracy
by comparing immediate sensory data with a stored model of the unfelding
situation. (Recall that we saw a simple example of such filtering in the illustrative
blackboard system of Chapter 5}

Approximate Search

[next treat modifications to the search process that address the problem of limited
computational and/or time resources at the price of producing plans that might
be suboptimal or that might not always reliably lead to a goal state. Application
of these techniques can then be incorporated in a sense/plan/act cycle even if
the plan is not optimal (nor even correct). Qualitatively, so long as the first action
has a tendency {on the average) to shorten the distance to the goal, muitiple
iterations of the sense/plan/act cycle will eventually achieve the goal.

As mentioned in the last chapter, relaxing the requirement of producing
optimal plans often reduces the computational cost of finding a plan. This
reduction can be done in either of two ways, First, we could search for a complete
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An Island-Driven Search

path to a goal node without requiring that it be optimal. Or we could search for
a partial path that does not take us all the way to a goal node. An A*-type search
can be used in both methods. In the first, we use a nonadmissibie heuristic
function, and in the second, we quit searching before reaching the goal—using
either an admissible or nonadmissible heuristic function. Discontinuing search
before reaching the goal is an example of an anyftme algorithm [Dean & Boddy
1988, Horvitz 1987]. Anytime algorithms are ones that can be stopped at any
time; the quality of the result generally improves with longer running times. In
the next few subsections, we elaborate on these and other approximate search
methods.

Island-Driven Search

In island-driven search, heuristic knowledge from the problem domain is used to
establish a sequence of “island nodes” in the search space through which it is
suspected that good paths pass. For example, in planning routes through difficult
terrain, such islands might correspond to mountain passes, Suppose ng is the start
node, ny is the goal node, and (ny,n, ..., m) is a sequence of such islands. We
initiate a heuristic search with ny as the start node and with n; as the goal node
(using a heuristic function appropriate for that goal). When the search finds a
path to m, we start another search with n; as the start node and n; as the goal
node, and so on until we find a path to n,. T show a schematic illustration of
island~driven search in Figure 10.2.
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Hierarchical Search

Hierarchical search is much like island-driven search except that we do not have
an explicit set of islands. We assume that we have certain “macro-operators” that
can take large steps in an implicit search space of islands. A siart island (near the
start node) and these macro-uperators form an implicit “metalevel” supergraph of
islands. We search the supergraph first, with a metalevel search, until we produce
a path of macro-operators that takes us from a node near the base-level start
node to a node near the base-level goal node. If the macro-operators are already
defined in terms of a sequence of base-level operators, the macro-operators are
expanded into a path of base-level operators, and this path is then connected,
by base-level searches, to the start and goal nodes. If the macro-operators are
not defined in terms of the base-level operators, we must do base-level searches
along the path ofisland nodes found by the metalevel search, The latter possibility
is illustrated schematically in Figure 10.3.

As an example of hierarchical planning, consider the grid-space robot task
of pushing a block to a given goal location. The situation is as illustrated in
Figure 10.4. A pushable block is located in one of the cells as shown. The robot's
goal is to push the block to the cell marked with a G. I assume that the robot
can sense its eight surrounding cells and can determine whether an occupied
surrounding cell contains an immovable barrier or a pushable block As in
Chapter 2, I assume that the robot can move in its column or row into an
adjacent free cell or into an adjacent cell containing a pushable block, in which
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case the block moves one cell forward also (unless such motion is blocked by an
immovable barrier).

Suppose the robot has an iconic model of its world, represented by an array
similar to the cell array shown in Figure 104. Then, the robot could first make
a metalevel plan of what the block's moves should be—assuming the block can
move in the same way that the robot can move, The result of such a plan is shown
by the gray armmow in Figure 10.4. Each step of the block's motion is then expanded
into a base-level plan. The first one of the block’s moves requires the robot to
plan a path to a cell adjacent to the block and on the opposite side of the next
target location for the block. The result of that episode of base-level planning is
shown by a dark arrow in Figure 10.4. Subsequent base-level planning is trivial
until the block must change direction. Then, the robot must plan a path to a
cell opposite the block's direction of motion, and so on. The base-level plans to
accomplish these changes in direction are also shown in Figure 10.4.]

In hierarchical planning if there is likelihood of environmental changes
during plan execution, it may be wise to expand only the first few steps of the
metalevel plan. Expanding just the first metalevel step gives a base-level action to

i —————
1. An early A paper on planning and execution mnvolved a simulated robot and task much
like that of Figure 10.4 [Nilsson & Raphael 1967),
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execute, after which environmental feedback can be used to develop an updated
metalevel plan.

Limited-Horizon Search

In some problems, it is computationally infeasible for any search method to find
a path to the goal. In others, an action must be selected within a time limit that
does not permit search all the way to a goal. In these, it may be useful to use
the amount of time or computation available to find a path to a node thought
to be on & good path to the goal even if that node is not a goal node itself. This
substitute for a goal, let's call it node n*, is the one having the smallest value of
f among the nodes on the search frontier when search must be terminated.

Suppose the time available for search before an action must be selected allows
search to a depth d. That is, all paths of length d or less can be searched. Nodes
at that depth, denoted by 3, will be called horizon nodes. Then our search process
will be to search to depth d and then select

n* = argmin f (n)
neX

as a surrogate for a goal node. I call this method limited-horizon search, [Korf 1990]
studied this technique and calls it minimin search £ A sense/plan/act system would
then take the first action on the path to n*, sense the resulting state, and iterate
by searching again and so on. We can expect that this first action toward a node
having optimal heuristic merit has a good chance of being on a path to a goal
And, often an agent does not need to search all the way to a goal anyway;
because of uncertainties, distant search may be irrelevant and provide no better
information than does the heuristic function applied at the search horizon.

Limited-horizon search can be efficiently performed by a depth-first process
to depth d. The use of a monotone j function to evaluate nodes permits great
reductions in search effort. As soon as the first node, say, n;, on the search horizon
is reached, we can terminate search below any other node, n, with f(n) > f ().
Node n cannot possibly have a descendant with an f value less than j (m1), so there
is no point in searching below it. (Under the monotone assumption, the f values
of nodes along any path in the search tree are monotone nondecreasing.) f(n;)
is called an alpha cut-off valie, and the process of terminating search below node n
is an instance of a search process called branch and bound, Furthermore, whenever
some other search-horizon node, say, ny, is reached such that f (n2) < f(n[), the
alpha cut-off value can be lowered to f {n2), which relaxes the condition for cut-
offs. Alpha cut-off values can be lowered in this way whenever horizon nodes are

———
2. We might ask why not search to a given cost horizon rather than to a given depth horizon.
Since the time required to search usually depends on depth and not cost, we use depth.
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reached having f values smaller than the current alpha cut-off value. [Korf 1990]
compares limited-horizon search with various other similar methods, including
IDA* and versions of A* subject to limited time.

An extreme form of limited-horizon search uses a depth hound of 1. The
immediate successors of the start node are evaluated, and the action leading to
the successor with the lowest value of j is executed. Thesef values are analogous
to the values of potential functions that I discussed in connection with robot
navigation in Chapter 5, and, indeed, a potential function might well be an
approptiate choice for f in robot navigation problems.

Formally, let o (r, @) be the description of the state the agent expects to reach
by taking action a at node ng. Applying the operator corresponding to action a
at node ny produces that state description. Our policy for selecting an action at
node ng, then, is given by

1= argminf(a(rm, a)) = argmin(c(a) + ﬁ(ﬂ(ﬂg,ﬂ])]
a il

where «(a) is the cost of the action. I will us¢ an equation similar to this later
when 1 discuss methods for learning f (e (o, a)).

Cycles

In all of these cases where there are uncertainties and where an agent relies on
approximate plans, use of the sense/plan/act cycle may produce repetitive cycles
of behavior. That is, an agent may return to a previously visited environmental
state and repeat the action it took there. Getting stuck in such cycles, of course,
means that the agent will never reach a goal state, Korf has proposed a plan-
execution algorithm called Realime A* (RTA*) that builds an explicit graph of all
states actually visited and adjusts the h values of the nodes in this graph in a
way that biases against taking actions leading to states previously visited [Korf
1990].

Building Reactive Procedures

As mentioned at the beginning of Chapter 7, in a reactive machine, the designer
has precalculated the appropriate goal-achieving action for every possible situa-
tion. Storing actions indexed to environmental states may require large amounts
of memory. On the other hand, reactive agents can usually act more quickly than
can planning agents. In some cases, it may be advantageous to precompute (com-
pile) some frequently used plans offline and store them as reactive routines that
produce appropriate actions quickly online.

For example, offline search could compute a spanning tree rooted at the goal
of the state-space graph and containing paths from all (or, at least, many) of
the nodes in the state space. A spanning tree can be produced by searching
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A Spanning Tree for a Block-Stacking Problem

"backward” from the goal. For example, a spanning tree for achieving the goal
block A is on block B is on block € is shown in Figure 105. It shows paths to the
goal from all of the other nodes.

Spanning trees and partial spanning trees can easily be converted to T-R
programs, which are completely reactive. If a reactive program specifies an action
for every possible state, it is called a universat plan [Schoppers 1987] or an action
policy. 1 discuss action policies and methods for learning action policies toward
the end of this chapter. Even if an action taken in a given state does not always
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result in the anticipated next state, the reactive machine is prepared to deal with
whichever state does result.

Learning Heuristic Functions

Continuous feedback from the environment is one way to reduce uncertainties
and to compensate for an agent’s lack of knowledge about the effects of its actions.
Also, useful information can be extracted both from the experience of searching
and from the experience of acting in the world. I will discuss various ways in
which an agent can learn to plan and to act more effectively.

Explicit Graphs

If the agent does not have a good heuristic function to estimate the cost to the
goal, it is sometimes possible to learn such a function. 1 first explain a very simple
learning procedure appropriate for the case in which it is possible to store an
explicit list of all of the possible nodes>

I assume first that the agent has a good model of the effects of its actions and
that it also knows the costs of moving from any node fo its successor nodes. We
begin the learning process by initializing the h function to be identically 0 for
all nodes, and then we start an A* search. After expanding node n; to produce
successors §(n;), we modify fl(n;) as follows:

ﬁ{n;) «~ min [ﬁ(nf)+c(n;, n]-)]

nedn,)

where c(n;, n;) is the cost of moving from n; to n;. The i values can be stored
in a table of nodes (because there is a manageably small number of them). 1
assume also that if a goal node, say, ny, is generated, we know that fl(ng} =0.
Although this learning process does not help us reach a goal the first time we
search any faster than would uniform-cost search, subsequent searches to the
same goal (from possibly different starting states} will be accelerated by using
the learned k function. After several searches, better and better estimates of the
true h function will gradually propagate backward from goal nodes. (The leaming
algorithm LRTA* uses this same update rule for b [Korf 19901)

If the agent does not have a model of the effects of its actions, it can learn them
and also learn an h function at the same time by a similar process, although the
learning will have to take place in the actual world rather than in a state-space
medel. (Of course, such learning could be hazardous!) | assume that the agent has

3. 1 discuss this spetial case simply to introduce some ideas that [ later generalize; as [ have
already saxd, most problems of practical interest have search spaces teo large to list all the
nodes.
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some means to distinguish the states that it actually visits and that it can name
them and make an explicit graph or table to represent states and their estimated
values, and the transitions caused by actions. [ also assume that if the agent does
not know the costs of its actions, it learns this cost upon taking them. The process
starts with just a single node, representing the state in which the agent begins, It
takes an action, perhaps a random one, and transits to another state. As it visits
states, it names them and associates h values with them as follows:

}Al(n,-) — [B(HJ) +c(m;, ﬂj)]

where n; is the node in which an action, say, 4, is taken, n; is the resulting node,
c(n;, ;) is the revealed cost of the action, ﬁ(nj} is an estimate of the value of
which is equal to 0 if n; has never been visited before and is otherwise stored in
the table.

Whenever the agent is about to take an action at a node, n, having successor
nodes stored in the graph, it chooses an action according to the policy:

A = argmin [fi(a{n, a)) +c(m, o(n, ﬂ))]
@

where o (n, a) is the description of the state reached from node n after taking
action a.

This particular leaming procedure begins with a random walk, eventually
stumbles into a goal, and on subsequent trials propagates better fi values
backward—resulting in better paths. Because the action selected at node n is
the one leading to a node estimated to be on a minimal-cost path from n to a
goal, it is not necessary to evaluate all the successors of node n when updating
h{n). As a model is gradually built up, it is possible to combine “learning in the
world” with “leaming and planning in the model” Such combinations have been
explored by {Sutton 1990] in his DYNA system.,

The technique can, however, result in learning nonoptimal paths because
nodes on optimal ones might never be visited. Allowing occasional random
actions (instead of those selected by the policy being learned) helps the agent
learn new (perhaps better) paths to goals. Taking random actions is one way for
an agent to deal with what is called "the exploration (of new paths) versus the
exploitation {of already learned knowledge) tradeoff” There may be other ways
also to ensure that all nodes are visited.

Implicit Graphs

Let's turn now to the case in which it is impractical to make an explicit graph or
table of all the nodes and their transitions. As before, when we have a model of the
effects of actions (that is, when we have operators that transform the description
of a state into a description of a successor state), we can perform a search process
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guided by an evaluation function, Typically, the function may produce the same
evaluation for several nodes, so applying the function to a state description is
feasible, whereas storing all of the nodes and their values explicitly in a table
might not be.

We can use methods similar to those described in Chapter 5 to learn the
heuristic function while performing a search process. We first guess at a set of
subfunctions that we think might be good components of a heuristic function.
For example, in the Eight-puzzle we might use the functions W(n} = the number
of tiles in the wrong place, and P(n) = the sum of the distances that each tile
is from "home," and any other functions that might be related to how close a
positivn is to the goal. We then write the heuristic function as a weighted linear
combination of thege:

h(r) = wiWin) + woP{n) + - -

[ mention two methods for learning the weights. In one, we set the weights
initially to whatever values we think are best and conduct a search using  with
these weight values. When we reach a goal node, ny, we use the then final known
value of f;(llg) = 0 to back up h values for all nodes, n; along the path to the goal.
Using these values as "training samples,” we adjust the weights to minimize the
sum of the squared errors between the training samples and the h function given
by the weighted combination. The process must be performed iteratively over
several searches.

Or we could use a method similar to the one I described earlier that adjusted h
with every node expansion. After expanding node n; to produce successor nodes
8{n;), we adjust the weights so that

ﬁ(n,-) — fl(n:] +f ( min [ﬁ{nj) +c(m;, n}-}] - ﬁ(n,-))

iy €8,

0r, rearranging,

rs

ﬁ{n,-} — (1~ fhin)+ £ min [ft(n;} +¢(n,, nj}]

mES(M,)

where 0 < S <1 is a learning rate parameter that controls how closely ﬁ(n,-) is
made to approach minnI&Sm,} [h{nj) + tlny, r:j)}. When 8 =0, no change is made

at all; when 8 =1, we set }A:(n,) equal to min,,}eg(,,i) [};(nj) + c(ng,m;) | Srall values
of B lead 1o very slow learning, whereas § near 1 may make learning erratic and
nonconvergent.

This learning method is an instance of temporal difference learning, first formal-
ized by [Sutton 1988]; the weight adjustment depends only on two temporally
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adjacent values of a function.* Sutton stated and proved several properties of the
method relating to its convergence in various situations. The interesting point
about the temporal difference method is that it can be applied during search
before a goal is reached. (But the values of h that are being learned do not be-
come relevant to the goal until the goal is reached.) This process, also, must be
performed iteratively over several searches.

We note that this learning technique can also be applied even in situations
in which we do not have models of the effects of actions, That is, the learning
can take place in the actual world as discussed previously. Take a step (perhaps a
random one or one chosen according to the emerging action policy), evaluate the
it's before and after, note the cost of the step, and make the weight adjustments.

Rewards Instead of Goals

In discussing state-space search strategies, I have assumed that the agent had a
single, short-term task that could be described by a goal condition. The goal was
to change the world until its iconic model{in the form of a data structure) satisfied
a given condition. In many problems of practical interest, the task cannot be so
simply stated. Instead, the task may be an ongoing one. The user expresses his or
her satisfaction and dissatisfaction with task performance by occasionally giving
the agent positive and negative rewards. The task for the agent is to maximize the
amount of reward it receives. (The special case of a simple goal-achieving task
can be cast in this framework by rewarding the agent positively (ust once) when
it achieves the goal and negatively (by the amount of an action's cost) every time
it takes an action.

In this sort of task environment, we seek to describe an action policy that
maximizes reward. One problem for ongoing, nonterminating tasks is that the
future reward might be infinite, so it is difficult to decide how to maximize it.
A way of proceeding is to discount future rewards by some factor. That is, the
agent prefers rewards in the immediate future to those in the distant future. Qur
approach, then, assumes that the agent takes an action at every time step. (By
“taking” an action, I mean either actually performing the action in the world or
applying an operator in a graph-search model of the world) Each action results
in a change in the state description—either a change actually perceived by the
agent or one computed by applying the operator in the model.

Let n denote a node in the state-space graph for the agent. Let 7 be a
policy function on nodes whose value is the action prescribed by that policy
at that node. Let r(n;, @) be the reward received by the agent when it takes an
action, g, at m;. If this action results in node n;, then ordinarily we would have

L]
4. Sutton credits [Samuel 1959) as the originator of the idea.
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rn;, @) = ~c(m, 1)) + pln), where p(n)is the value of any special reward given for
reaching node n;. Some policies lead to larger discounted future rewards than
others. We seek an optimal policy, z*, that maximizes future discounted reward at
every node.

Given a policy, 7, we can impute a value, V™(n), for each node, n, in the state
space; V™ (n) is the total discounted reward that the agent will receive if it begins at
n and follows policy . Suppose we are at node n; and take the action prescribed
by m(n;), which results in node n;. We can see that

V) = sy, &l 4 ¢ V7 )

where 0 < y < 1 is the discount factor that is used in computing the value at time
t, of a reward at time t=1;y;, and 7(n) is the action prescribed by policy n at
node n,. For the optimal policy, #*, we have

V() = max (r[n;, al+ yV”*(nj))

That is, the value of n; under the optimal policy is the amount the agent receives
by taking that action at i, that maximizes the sum of the immediate reward plus
the discounted (by ) value of n; under the optimal policy. (Note that n, is a
function of the action, 4, which also makes V”*(nj) a function of a.) If we knew
the values of the nodes under an optimal policy {their so-called optimal values),
we could write the optimal policy in the following interesting way:

7*(f,) = argmax (r[n;, al + yV”'(ni])

The problem is that we typically don't know these values. But there is a learning
procedure, called value iteration, that will {under certain circumstances) converge
to the optimal values.

Value iteration works as follows: We begin by assigning, randomly, an estimated
value ‘;’(n} to every node, n. Suppose at some step of the process we are at node n;,
and that the estimated value of node ; is then ¥ (n;). We then select that action a
that maximizes the sum of the immediate reward plus the estimated value of the
successor node. (I assume here that we have operators that modet the effects of
actions and that can be applied to nodes to produce successor nodes.) Suppose
this action a takes us to hode n;. Then we update the estimated value, f/{ni), of
node n, as follows:

V(n) (1 = )+ B [ o, @) + V|

The estimated values of all other nodes are left unchanged.
We see that this adjustment moves the value of V(n;) an increment (depending
on g} closer 1o [r(n,-,a) + y‘if’(nj]]. To the extent that f’(nj) is a good estimate for

1”"(nj), this adjustment helps to make 17(11,-) a better estimate for V™" (n;).
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Value iteration is usually presented for the more general case when actions
have random effects and yield random rewards—both described by probability
functions. Even then, providing that 0 < 8 <1 and that we visit each node
infinitely often, value iteration will converge to the optimal values—expected
values in the probabilistic case. (In deterministic domains, we can always use
B =1) This result is somewhat surprising because we are exploring the space
using (perhaps a bad) estimate of the optimal policy at the same time that we are
trying to learn values of nodes under an optimal policy. For a full treatment of
value iteration and related procedures, theit relations to dynamic programming,
and their convergence properties, see [Barto, Bradtke, & Singh 1995,

Learning action policies in settings in which rewards depend on a sequence
of earlier actions is called delayed-reinforcement learning. Two problems arise when
rewards are delayed. First, we must credit those state-action pairs most respon-
sible for the reward. The task of doing so is called the temporal credit assignment
problern. Value iteration is one method of propagating credit so that the appro-
priate actions are reinforced. Second, in state spaces too large for us to store the
entire graph, we must aggregate states with similar V values. The task of doing so
is Called the structural credit assignment problem. Neural-network and other learning
methods have been useful for that problem. Delayed-reinforcement learning is
well reviewed in [Kaelbling, Littman, & Moore 1996].

10.5 Additional Readings and Discussion

Our sense/plan/act cycle is an instance of what Agre and Chapman call interleaved
planning [Agre & Chapman 1990]. They contrast interleaved planning with their
proposal for improvisation. In their words [Agre & Chapman 1990, p. 301

Interleaved planning and improvisation differ in their understanding of
trouble. In the world of interleaved planning, one assumes that the normal
state of affairs is for things to go according to plan. Trouble is, so to speak,
a marginal phenomenon. In the world of improvisation, one assumes that
things arc not likely to go according to plan. Quite the contrary, one expects
to have to continually redecide what to do.

But, of course, isn't it the agent designer’s job to see to it that the perceptual
and motor systems are designed (with the task and environment in mind) so that
“trouble” is, in fact, marginal? Plans in the form of T-R trees [Nilsson 1994 are
quite robust in the face of marginal trouble. For more on interleaving planning
and execution, see (Stentz 1995, Stentz & Hebert 1995, Nourbakhsh 19971,

Regarding search through islands see {Chakrabarti, Ghose, & DeSarkar 1986],
For models and analysis of hierarchical planning, see [Korf 1987, Bacchus & Yang
1992, respectively. [Stefik 1995, pp. 259-280] provides a very clear exposition of
hierarchical planning.
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In limited-horizon search, one must decide on the *horizon” Such a decision
musl take into accounl the tradeoff between the value of additional computation
and the value of the action recommended by the computation already done.
This tradeoff is influenced by the cost of delay in acting. Appraising the relative
values of more computation and of immediate action is an instance of a metalevel
computation. This subject is treated in detail in (Russell & Wefald 1991, Ch. 51,
Their DTA* algorithm implements some of their ideas on this subject.

[Lee & Mahajan 1988] describe methods for learning evaluation functions.
Delayed-reinforcement and temporal difference learning methods are closely
related to stochastic dynamic programming. See [Barto, Bradtke, & Singh 1995,
Ross 1988]. For examples of robot systems that learn action policies based on
rewards, see [Mahadevan & Connell 1992] and various chapters in [Connell &
Mahadevan 1993bl. [Moore & Atkeson 1993] present efficient memory-based
reinforcement methods for controlling physical systems. [Montague, et al. 1995]
presents a model of bee foraging behavior based on reinforcement learning, and
[Schultz, Dayan, & Montague 1997] describe how neural mechanisms in primates
implement temporal difference learning mechanisms.
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10.1 (Courtesy of Matt Ginsberg) Island-driven search is a technique where
instead of finding a path directly to the goal, one first identifies an "island” that
is a node more or less halfway between the initial node and the goal node. First
we attempt to find an acceptable path to the goal that passes through this island
nede (by first finding a path from the start node to the island, and then finding
one from the island to the goal); if no acceptable path through a halfway island
can be found, we simply solve the original problem instead. Assume that search
can only be done forward—that is, going toward the goal node.

1. Assume, for any value of d, that the time needed to search a tree with
branching factor b and depth d is kb4, that the time required to identify a
suitable island is ¢, and that the probability that the island actually lies on
an acceptable path to the goal is p. Find conditions on p and ¢ such that
the average time required by the island-driven approach will be less than
the time required by ordinary breadth-first search.

2. Give an example of a search problem where island-driven search is likely
to save time.

10.2 Consider a blocks-world problem in which there are N named blocks that
can be in an arbitrary initial configuration and must be put in an arbitrary
goal configuration. (Again, we ignore horizontal positions of the blocks and are
concerned only with their vertical arrangements in stacks.} Suppose we use as an
"island” the state in which all N blocks are on the floor. Discuss the implications
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of this approach in terms of search, memory, and time requirements and length
of solution,

10.3 Explain how you would set up a hierarchical search procedure for the
following graph. It is desired to find a path from any node in the graph to the
node marked “Goal” (Although hierarchical search isn't required for such a small
graph, this exercise will give you practice in thinking about hierarchical search
in larger graphs where it would be helpful if not necessary.)

Goal

10.4 Imagine an agent confronted with a very large state space. Assume that the
state-space graph has on the order of b? nodes, where b is the average branching
factor, and d is the average length of a path between two randomly chosen nodes
in the state-space graph. We wish to compare two design strategies for designing
an agent able to achieve an arbitrary goal state from an arbitrary initial state
One strategy would plan a path at run time using IDA*; that is, when given the
goal and initial state, the agent would use IDA* to compute a path. The other
strategy would precompute and store all possible paths, for all goal states and
all start states. Compare these two strategies in terms of their time and space
complexities. (You can use approximations appropriate for large values of d)

10.53 You have a new job in a strange city and are staying with a friend in the
country who drives you to a subway station in the city every morning from which
you must take various trains to work. (The friend, who does deliveries in the city,
drops you off at many different stations during your stay.) The stations of the
subway system (of which there are a finite number) are laid out in a rectangular
grid. One of the stations, let's call it Central, is the one you must reach to get to
your jub. You can always tell when (and if) you get to Central. At each station, you
have your choice of four trains, narth, east, south, and west. Each train is a local one
and takes you only to an adjacent station in the grid where you might have 1o
get off and reboard another train to continue. Some of the connections between
adjacent stations are permanently out of service (decaying infrastructure), but it
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is known that there is still some path from any station in the grid to Central. Each
time you visit a station, you must pay $1, and you receive $100 every day that
you report for wotk. You do not have a route map, and you don't know anything
about the locations of the various stations relative to Central. You decide to use
value iteration to develop a policy for which train to take at each station. Value
iteration seems appropriate because you can always see the name of your present
station, which trains you can take from that station, and the names of the stations

these trains reach.

. Describe how value iteration would work for this problem. Is a temporal
discount factor necessary? Why or why not? Prove that if you adjust the
values of stations as you travel and that if you use these values to select
trains, you will end up at Central on every trip. (Hint: Show that your
algorithm adjusts values so that on no trial do you ever take an endless
trip through some subset of the stations that does not include Central)

2, I your learning algorithm does not guarantee producing values that
eventually result in optimal (shortest-path) trips, explain why not and
what might be done to guarantee optimality,

10.6 Consider the state-transition diagram shown here. There are two actions
possible from the starting state, A. One, action a, leads to state B and yields an
immediate reward of 0. The other, action b, leads to state € and produces an
immediate reward of 1000. Once in state B, there is only one action possible. It
produces a reward of +1 and leads back to B. Once in state C, there is also only one
action possible, It produces a reward of —1! and leads back to . What temporal
discount factor would be required in order to prefer action a to action b?
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There are applications of search techniques beyond the problem of selecting
actions for an agent. These applications include finding solutions to problems
of assigning values to variables subject to constraints and solving optimization
problems. Some specialized methods have been developed for these applications,
and although they might not all secm immediately relevant to agent design, they
are important Al techniques. T present some of them in this chapter

Assignment Problems

The condition for a goal node in a graph-search problem might be defined by
giving a specific data structure or state description that labels it, or it might be
defined implicitly in terms of conditions or constraints on that data structure. In
either case, when the problem is 1o find a sequence of actions for an agent, it isn't
the data structure labeling the goal node itself that is of primary interest; rather, it
is the sequence of steps that leads to the goal. Alternatively, when the goal node is
defined not by a specific data structure but by conditions or constraints, it might
be that the problem is to exhibit sume data structure satisfying those conditions;
the steps that produce it using graph-search methods might be irrelevant. We call
this latter type of problem a constraint-satisfaction problem. A prominent member
of this class jnvolves assigning values 1o variables subject to constraints. These
are called assignment problems, and they are the ones I shall consider now.

We can solve constraint-satisfaction problems by graph-search methods. A
goal node is a node labcled by a data structure (or state description) that satisfies
the constraints, Operators change one data structure into another. The start node
is some initial data structure. A good example of an assignment problem is the
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Figure 11.1

P e VI,
A Solution

to the Eight-
(ueens
Problem

Eight-Queens problem. The problem is to place (assign) eight quecns on a chess
board in such a way that there is a queen in every row and column but with
the additional constraint that only one queen can be in any single row, column,
or diagonal. {That is, no queen can be placed so that it can capture any of the
others, according to the rules of chess.) One solution to this problem is shown
in Figure 11.1. We call this an assignment problem because it can be posed as a
problem of assigning values from the set {row 1, row 2, ..., row 8} to variables
{position of queen in column 1, position of queen in column 2, .. ., position of
queen in column 8},

In posing this problem as a graph-search problem, an obvious data structure
would be an eight-by-eight array in which each cell contains one of two symbols
(say, 1 or 0), representing queen (1) or empty (0}. A goal state is defined implicitly
by the condition that there must be eight queens all safe from capture. The
operators linking state descriptions correspond to ways of transforming one array
into another. For example, an operator could add a queen to an array that does
not yet have eight queens, or it could move a queen to another cell. In assignment
problems, since the path to the goal is not the important thing, we often have
many choices about what the start state and the operators can be.

As another example of an assignment problem, one with a very large state
space, consider the problem of inventing a crossword puzzle.! I show an array for
a sample crossword puzzle in Figure 11.2. The problem is to fill in all of the blank
squares m the array with letters such that all rows and columns have English
words—according to the usual crossword puzzle rules, (I do not here consider
the other half of the problem, namely, creating the hints to give to the person
who is trying to solve our invented crossword puzzle.) In this problem, a state
description is any array of letters and blank spaces (tugether with the blacked-out
cells). A goal state is any such array that is a legitimate crossword puzzle solution.
The operators linking state descriptions are any operations on an array of letters

1. Matt Ginsberg and students have tested various state-space search techniques on crossword
puzzle generation problems [Ginsberg, et al. 19901
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Figure 11.2
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An Array lor
a Crossword
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and blanks that produce another array of letters and blanks. For example, an
operator could add & word to an empty row or column, or it could change 4
letter to another letter.

Constructive Methods

We can use the search methods of the last chapters to solve assignment prob-
lems. The most straightforward appreach is to attempt to construct the required
assignment step by step—even though we are not particularly interested in the
steps. We begin (the start node) with no assignments whatsoever. For the Eight-
{Jueens problem, the corresponding data structure is an array containing all 0's.
Each operator adds a queen to the array in such a way that the resulting array
satisfies constraints among its queens. Since there must be a queen in every col-
umn, we can stipulate without loss of generality that the operator to be applied
at a depth 0 node is the placement of a queen in the first column, and the oper-
ator to be applied at a depth 1 node is the placement of a queen in the second
column, and so on. We call this approach a constructive method because the solution
is constructed step by step. (Later, | will present a contrasting method)

I illustrate in Figure 11.3 parts of search trees that might be produced using a
constructive approach for the Eight-Queens problem and the crossword puzzle
invention problem. (For better readability, | use an X to represent a queen’s
location rather than displaying an array of 1's and 0's) Note in particular the
operators used to generate a node from a previous node. For the crossword
puzzle especially, it should be obvious that the state space is huge; there are
thousands of other operators we could have applied at each of the nodes.

A computational technique called constraint propagation oftcn helps markedty in
reducing the size of the search space. It is used in combination with a constructive
solution technique—assigning a value to each variable in turn. I describe this
technique by showing how it is applied in a reduced version of the Eight-Queens
problem. Consider the problem of placing four queens on a 4 x 4 chess board in
such a way that no queen can capture any other. In the Four-QQueens problem,
we have four variables, §1, 2, ¢, 44, representing the columns, one through four,
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State Spaces for Constructive Formulations

respectively, in which a queen might be placed. Each of the variables can have one
of four values, 1, 2,3, or 4, corresponding to the row numbers. So, for example,
when g5 has value 2, a queen is placed in the second row of the third column.
The Four-Queens problem places constraints on the values of these variables;
thus, for example, if g1 has value 1, g cannot have value 1 or 2.

Constraints are represented in a directed graph cailed a constraint graph. Each
node in this graph is labeled by a variable name together with a set of possible
values for that variable. A directed constraintarc, (i, ), connects a pair of nodes i and
j if the value of the variable labeling i is constrained by the value of the variable
labeling j. I show an example of such a graph for the Four-Queens problem in
Figure 114, In this problem, each variable constrains all of the others, so all of
the nodes have arcs to all other nodes. We say that a directed arc, (i, j). 1s consistent
if each value of the variable at the tail of the arc has at least one value of the
variable at the head of the arc that violates no constraints. The arcs in Figure 11.4
are consistent because for each pair ¢; and g; (i #£j) and for each value of g; there
is a value of g; that does not violate the constraint,
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A Constraint Graph for the Four-Queens Problem

After assigning values to one or more of the variables, we can use the concept
of arc consistency to rule aut some of the values of other variables. The process
of constraint propagation iterates over the arcs in the graph and eliminates
values of variables at the tails of arcs in an attempt to enforce arc consistency,
The process halts when no more values can be eliminated. I illustrate with an
example. Suppose a depth-first search process begins by assigning the value 1
to the variable q;. (That is, we place a queen in column 1, row 1) Constraint
propagation applied to this assignment then might proceed as follows:

1. Consider the arc (g, q;): we eliminate g; = 1 and 4, = 2 because the only
remaining value of ¢; (the value we just assigned) is inconsistent with
those values of .

2. Consider the arc {43, ¢1): we eliminate g5 = 1 and 45 = 3 because the value
of q; is inconsistent with those values of g3,

3. Consider the arc {44, g1): we eliminate g4 =1 and g4 = 4 because the value
of g1 is inconsistent with thosc values of 34

At this (incomplete) stage of constraint propagation, we are left with the graph
shown in Figure 115, Subsequent steps of constraint propagation, as shown in the
figure, eliminate all of the values of s, and thus we see that there is no solution
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q4

O Values eliminated by first making arc (g5, 4)
and then arc (g, §,) consistent

D Value eliminated by next making arc {g-, g,) consistent

Figure 11.5

s R
Constraint Graph with ¢

to the problem with 4/ = 1. No further search below the q; = I node in the search
graph is necessary, and we can backtrack to creating the node g, = 2 instead.

Next, we do constraint propagation assuming q; = 2. The first few steps might
proceed as follows:

1. Consider the arc (g2, q1): we eliminate g2 =1,42 =2, and g, = 3.
2. Consider the arc (gs, q;): we eliminate g3 =2 and g5 = 4.

3. Consider the arc (g3, q;): we eliminate g4 = 2.

We are left with the graph shown in Figure 11.6. Continued constraint propagation
eliminates all but one value of a variable for each node, leaving all arcs consistent.
Thus, we see that hefore completing the search there is only one solution, and
constraint propagation has found that solution for us.

Somctimes, as in this example, constraint propagation eliminates all values
of one or more of the variables—permitting us to see that a search problem has
no solution, given previous assignments of values to variables. Sometimes, it
shows that there is only one consistent solution, given previous assignments,
In these cases, constraint propagation eliminates further search. The basic idea
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O Value eliminated by first making arc (g5, g,) consistent
D Value eliminated by next making arc (g,, ¢4) consistent
\ Value eliminated by next making arc (g,, ¢,) consistent

Figure 11.6
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Constraint Graph with g; =2

of constraint propagation has been extended to include more complex tests
for consistency, but probably its most economical application involves the arc
consistenicy check that I have just illustrated. Constraint propagation has been
applied to a variety of interesting problems, including the problem of labeling
lines with +, ~, or —» in visual scene analysis and to the propositional satisfiability
problem considered later in the book. For an excellent survey of the method, its
extensions, and its applications, see [Kumar 1992].

Heuristic Repair

There is another approach to setting up a problem for solution by graph-search
methods. It is called the repair approach because it starts with a proposed solution,
which most probably does not satisfy the constraints, and repairs it until it
does. Thus, the initial node is labeled by a data structure that typically does
not satisfy all of the constraints. The operators produce a new data structure that
corresponds te a different proposed solution.
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Repair Steps for the Eight-Queens Problem

For example, in the Eight-Queens problem, we might start with eight queens,
one in each column, and in arbitrary, perhaps random, row positions. We repair
a faulty solution by moving one of the queens to violate fewer constraints. In the
so-called min-conflicts [Gu 1989, Minton, et al. 1992] version of repair, we consider
each column in tum (starting, say, with the first) and label each cell in that column
with the number of queens (outside of that column) that attack that cell. Then
we move the queen in that column to the cell having the minimum number of
attacking queens (the minimum number of conflicts). Ties are broken randomly,
This operation produces a successor node labeled by (perhaps) a slightly repaired
proposed solution. And so on through the columns. [ illustrate part of a depth-
first search for the Eight-Queens problem, using min-conflicts, in Figure 11.7
Again, queen locations are indicated by X's, and the numbers in the cells refer
to the number of queens attacking that cell. Similar repair-based approaches
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[Minton, et al. 1990} have been used to solve much larger problems, such as the
Million-Queens problem.2

In applying the repair approach to the crossword puzzle invention problem,
the start node can be any array that is completely filled with letters. We might
repair a faulty solution by replacing some individual letter in an array with
some other letter that, let us hope, is “on the way" toward making a row or
column contain a word. The search space for the crossword puzzle problem is
huge because there are thousands of other operators we could have applied at
each of the nodes.

Whether we should use a constructive method or a repair method, and what
to use for states and operators all can have dramatic effects on search difficulty.

Function Optimization

In some problems, instead of having an explicit goal condition, we may have
some function, v, over data structures and we seek to find a structure having a
maximum for minimum) value of that function. If we think of the data structures
as “points” in a space, this function can be thought of as a “landscape” over the
space. One class of methods consists of those that traverse the landscape, looking
for points of high elevation. Since we might not know the value of the global
maximum, we might never know for sure if we have reached a point having
maximal height.

Among the techniques for traversing a space are the hill-climbing methods,
which traverse by moving from one point to that “adjacent" point having the
highest elevation.> Hill-climbing methods typically terminate when there is no
adjacent point having a higher elevation than the current point—thus, they can
get stuck on local maxima,

We can use graph-searching methods to do hill climbing. Nodes are labeled
by data structures, as usual. Operators correspond to the ways in which a given
data structure can be changed to some adjacent one. Hill climbing follows a single
path (much like depth-first search without backup), evaluating height as it goes,
and never (well, hardly ever) descending to a lower point. Here is a simple hill-
climbing algorithm for the problem of finding a node having a {locally} maximal
value:

Lo
2 Although interesting as an exercise to illustrate constraint propagation and repair-based

approaches, there happens to be a linear-time algorithm for the N-Queens problem {Abramsan
& Yung 1989]

3. When we are seeking to minimize a function, we should, strictly speaking, call them descent
methods. But occasionally, T will use the generic phrase hil climbing to describe both activities.
The distinction is unimportant in any case because we can always convert one problem into
the other by multiplying the function we are optimizing by -1.
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HILLCLIMB
1. Set the current node, n, to a randomly selected node, ny.

2. Generate the successors of i {using operators defined for the problemy,
and select that successor, my, whose v value, v(m) =, is highest among
these. (Break ties arbitrarily.)

3. If v, < v(n), exit with n as the best node found so fax.

4. Otherwise, set n to 1y, and go to step 2.

Note that this algorithm is very much like depth-first search, except that we
always expand that successor having the highest value (and then only if its value
is not less than that of its parent), and there is no provision for backup. The moves
in hill-climbing search are irrevocable.

[ illustrate hill climbing (actually hill descending in this case) with a problem
of coloring the cells in a 3 x 3 grid. We are given some arbitrary configuration
of red and blue grid cells and wish to find a coloring having a minimal number
of pairs of adjacent cells with the same color. That is, we seek a node, n*, in the
state space for which, for all n, v(n*) < v(n), where v(n) = the number of pairs
of adjacent cells in nede n having the same color. For operators, we aliow any
cell to have its color changed from red to blue and vice versa. In Figure 118, 1
show part of the graph for this problem and the route taken by a hill-descending
procedure.

In case a move does not result in a change in the value of v, we say that
we are moving on a plateaut in the search space, It is possible for a hill-climbing
algorithm to wander endlessly on plateaus, revisiting previously visited nodes,
without climbing into higher terrain. Such wandering can be limited by adding
a counter that keeps track of the number of times the v value remains the same.
At the cost of additional memory, we might ameliorate the plateau problem by
refusing to move to any previously visited node having the same value as the
current node.

Another difficulty is caused by “ridges” (or their inverse, “gullies”) in the search
space. In the case of hill climbing, it might be that no move exists that doesn't
take us to nodes of lower height, but that two of the moves, executed serially,
will increase the height. This problem is schematically illustrated in Figure 11.9
Each of the available moves takes us off the ridge to a lower elevation, but a
sequence of two of them could move us higher up the ridge. The ridge problem
can sometimes be avoided by combining two or more moves into “macro-moves”
or by allowing a limited amount of “Jookahead” search.

We can attack the problem of getting stuck on local maxima by performing
several separate hill-climbing searches (either in parallel or in sequence), starting
at different locations. Each of the searches may end up at different local maxima, -
and we can use the highest of these, The GP method discussed in Chapter 4 is
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a kind of stochastic hill-climbing method in which there are several “climbers”
working in parallel and in which moves are made by creating offspring climbers.
The function being optimized is the fitness function. The effectiveness of GA and
GP methods can be compared with various versions of ordinary hill climbing
[uels & Wattenberg 1996, O'Reilly & Oppacher 1994].

A process known as simulated annealing (Kirkpatrick, Gelatt, & Vecchi 1983) is
also useful for dealing with local extrema, There are different versions of the
process; in one of these, we choose moves according to a probability distribution
over the available moves. The distribution favors moves to nodes having lower
elevation (hill descending again). We start the process with a distribution only
negligibly biased toward these favored nodes, and gradually increase the bias
until, late in the process, it is overwhelmingly probable that the move will be
to a lower elevation node The result is that at the beginning of the process,
we are executing a random walk over the landscape. Eventually, as the process
ensues, we start to descend into one of the valleys, If this valley is not very deep,
it typically will neither be very broad, and soon a subsequent random move
will jostle us out of it. It is less likely that we will move out of broad {and thus
probably deep) valleys, and at the end of the process (with no random moves), we
descend to jts deepest point. The process gets its name by analogy with annealing
in metallurgy, in which a material's tempcrature is gradually decreased allowing
its crystalline structure to reach a minjmal energy state. In simulated annealing,
the parameter in the probability distribution that controls its width is often called
the temperature.

I1.1 Refer to the image shown in Exercisc 6.4 in Chapter 6. Explain how you
would use a constraint graph and constraint propagation to find a consistent
labeling for this image.

11.2 Use the method of heuristic repair to solve the problem of coloring the map
shown here with four colors such that no two adjacent regions have the same
color. Start with the colors shown.

Red Green
Yellow

‘ Red
Green | gjye Blue]

Yellow
Red
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11.3 Use the min-conflicts method to solve the Four-Queens problem. Start with
all of the queens on a main diagonal. Break ties randomly! (Working this problem
out by hand may be tedious but is worth doing once)

11.4 If you have not yet done Exercise 73 (the Missionary and Cannibals prob-
lem), do so now. Let the function f = the total number of people on the start side
of the river. Can this problem be solved by a hill-descending method based on
f? Why or why not?
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Two-Agent Games

(Ine of the challenges mentioned in Chapter 10 involved planning and acting in
environments populated by other active agents. Lacking knowledge of how other
agents might act, we can do little more than use a sense/plan/act architecture that
does not plan too far into the unpredictable future. However, when knowledge
permits, an agent can construct plans that explicitly consider the effects of the
actions of other agents. Let's consider the special case of two agents, An idealized
setting in which they can take each other’s actions into account is one in which
the actions of the agents are interleaved. First one agent acts, then the other, and
50 On.

For example, consider the grid-space waorld of Figure 12.1, Two robots, named
“Black” and "White" can each move into an adjacent cell in their row or column.
They move alternately (White moving first, say), and when it is their turn to move,
they must move somewhere. Suppose the goal of White is to be in the same cell
with Black Black's goal is to prevent this from happening, White can plan by
constructing a search tree in which, at alternate levels, Black’s possible moves are
considered also. I show part of such a search tree in Figure 12.2.

In order to select its best first action, White needs to analyze the tree to
determine likely outcomes—taking into account that Black will act to prevent
White from achieving its goal. In some conflict situations of this sort, it is possible
that one agent can find a move such that no matter what the other does at any
of its moves, the one will be able 1o achieve its goal. More commonly, because of
computational and time limitations, neither agent will be able to find an action
that guarantees its success. ! shall be presenting limited-horizon search methods
that are useful for finding heuristically reasonable actions in these cases. in any

195
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Figure 12.1
Two Robots in
Grid World

White moves

Black moves -

Figure 12.2
]
AN PZONZAN
the Moves of
Two Robots White thoves

case, after settling on a first move, the agent makes that move, senses what
the other agent does, and then repeats the planning process in sense/plan/act
fashion.

My grid-world example is an instance of what are called two-agent, perfect-
infermation, zero-sum games. In the versions | consider, two agents, called players,
move in turm until either one of them wins {and the other thereby loses), or the
result is a draw. Each player has a complete and perfect model of the environment
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and of its own and the other’s possible actions and their effects. (Although neither
player has perfect knowledge of what the other will actually do in any situation)}
Studying games of this sort gives us insight into some aspects of the more general
problem of planning when there are multiple agents—even when the goals of
the agents do not conflict.

You will recognize that many common games, including Chess, Checkers
(Draughts), and Go, belong to this class. Indeed, computer programs have been
written that play these games—in some cases at championship levels. Although
the game of Tic-Tac-Toe (Noughts and Crosses) is not computationally interesting,
its simplicity makes it quite useful for illustrating search techniques, and 1 will
use it for that purpose. Some games (such as Backgammon) involve an element
of chance, which makes them more difficult to analyze.

Iconic representations naturally suggest themselves in setting up state-space
descriptions for many games—especially board games such as Chess. We used
8 x 8 arrays to represent the various positions of the Black and White robots in
their 8 x 8 grid worlds.! Game moves are represented by operators that convert
one state description into another. Game graphs are defined implicitly by a start
node and the operators for each player. Search trees can be constructed just as
we have done in previous chapters, although different techniques are used for
selecting the first move. I turn to a discussion of these techniques next.

The Minimax Procedure

In my subsequent discussion of games, [ name the two players MAX and MIN,
Our task is to find a “best” move for MAX. We assume that MAX moves first, and
that the two players move alternately thereafter. Thus, nodes at even-numbered
depths correspond to positions in which it is MAX's move next; these will be
called MAX nodes. Nodes at odd-numbered depths correspond to positions in
which it is MIN's move next; these are the MIN nodes. (The top node of a game
tree is of depth zero) A ply of ply-depth k in a game tree consists of the nodes
of depths 2k and 2k + 1. The extent of searches in game trees is usually given
in terms of ply depth—the amount of lookahead measured in terms of pairs of
alternating moves for MAX and MIN.

As | have mentioned, complete search (to win, lose, or draw) of most game
graphs is computationally infeasible. It has been estimated that the complete
game graph for Chess has approximately 10%° nodes. It would take about 104
centuries to generate the complete search graph for Chess, even assuming that a

1. However, in this case a better representation, which 1 leave te you to formutate, is based on
whether the distance between the robots is even or odd when it is White's turn to move. Parity
is preserved after a pair of moves!
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successor could be generated in 1/3 of a nanosecond 2 (The universe is estimated
to be on the order of 108 centuries old.) Furthermore, heuristic search techniques
do not reduce the effective branching factor sufficiently to be of much help.
Therefore, for complex games, we must accept the fact that search to termination
is impossible (except perhaps during the end game). Instead, we must use
methods similar to the limited-horizon search process described in Chapter 10.

We can use either breadth-first, depth-first, or heuristic methods, except that
the termination conditions must now be modified. Several artificial termination
conditions can be specified based on such factors as a time limit, a storage-space
limit, and the depth of the deepest node in the search tree. It is also usual in Chess,
for example, not to terminate if any of the tip nodes represent “live” positions,
that is, positions in which there is an immediate advantageous swap.

After search terminates, we must extract from the search tree an estimate of the
best-first move. This estimate can be made by applying a static evaluation function
to the leaf nodes of the search tree. The evaluation function measures the “worth”
of a leaf node position. The measurement is based on various features thought to
influence this worth; for example, in Checkers some useful features measure the
relative piece advantage, control of the center, control of the center by kings, and
so forth. It is customary in analyzing game trees to adopt the convention that
gamc positions favorable to MAX cause the evaluation function to have a positive
value, whereas positions favorable to MIN cause the evaluation function to have
a negative value; values near zero correspond to game positions not particularly
favorable to either MAX or MIN.

A good first move can be extracted by a procedure called the minimax procedure.
(For simplicity, I explain this procedure and others depending on it as if the game
graph were really just a game tree} We assume that were MAX to choose among
the tip nodes of a search tree, he would prefer that node having the largest
evaluation. Since MAX can indeed choose that node if it is his turn to play, the
backed-up value of a MAX node parent of MIN tip nodes is equal to the maximum of
the static evaluations of the tip nodes. On the other hand, if MIN were to choose
among tip nodes, he would presumably choose that node having the smallest
evaluation {that is, the most negative). Since MIN can choose that node if it is
his turn to play, the MIN node parent of MAX tip nodes is assigned a backed-up
value equal to the minimum of the static evaluations of the tip nodes. After the
parents of all tip nodes have been assigned backed-up values, we back up values
another level, assuming that MAX would choose that successor MIN node with

b it L

2. In contrast, Schaeffer estimates that the complete game graph for Checkers has only about
10" nodes [Schaeffer & Lake 1996]. Because MAX has only to show that one of its moves

at every ply leads to a solution, a solution tree would thus have about the square root of
this number or 10° nodes. Schaeffer and Lake think that flawless machine Checkers play is
attainable “in the near future”
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the largest backed-up value, whereas MIN would choose that successor MAX
node with the smallest backed-up value.

We continue to back up values, level by level from the leaves, until, finally,
the successors of the start node are assigned backed-up values. We are assuming
it is MAX's turn to move at the start, so MAX should choose as his first move the
one corresponding to the successor having the largest backed-up value.

The validity of this whole procedure rests on the assumption that the backed-
up values of the start node’s successors are more reliable measures of the ultimate
relative worth of these positions than are the values that would be obtained by
directly applying the static evaluation function to these positions. The backed-
up values are, after all, based on “looking ahead” in the game tree and therefore
depend on features occurring nearer the end of the game, when presumably they
are more relevant.

A simple example using the game of Tic-Tac-Toe illustrates the minimaxing
method. (In Tic-Tac-Toe, players alternate putting marks in a 3 x 3 array. One
marks crosses (X), and the other marks circles (0). The first to have a complete
row, column, or diagonal filled in with his marks wins) Let us suppose that MAX
marks crosses and MIN marks circles and that it is MAX’s turn to play first. With a
depth bound of 2, we conduct a breadth-first search unti! all of the nodes at level
2 are generated, and then we apply a static evaluation function to the positions at
these nodes. Let our evaluation function, e(p), of a position p be given simply by

If p is not a winning position for either player,
¢(p) = (number of complete rows, columns, or diagonals that are still open
for MAX) — (number of complete rows, columns, or diagonals that are still
open for MIN)
If p is a win for MAX,
e(p) = oo{l usc oo here to denote a very large positive number)
If p is a win for MIN,
t{p}=—
Thus, if p is

0
X

we have elp) =6 - 4=2,
We make use of symmetries in generating successor positions; thus the
following game states are all considered identical:

0 0
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Figure 12.3
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The First Stage of Search in Tic-Tac-Toe

(Early in the game, the branching factor of the Tic-Tac-Toe tree is kept small by
symmetries; late in the game, it is kept small by the number of open spaces

available)

In Figure 123, T show the tree generated by a search to depth 2. Static
evaluations are shown to the right of the tip nodes, and backed-up values are

circled. Since

has the largest backed-up value, it is chosen as the first move. (Coincidentally,
this would also be MAX's best-first move if a complete search had been done)
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L T e R e e
The Second Stage of Search in Tic-Tac-Toe

Now, following the sense/plan/act cycle, let us suppose that MAX makes this
move and MIN replies by putting a circle in the square just to the left of the X
(a bad move for MIN, who must not be using a good search strategy). Next MAX
searches to depth 2 below the resulting configuration, yielding the search tree
shown in Figure 12.4, There are now two possible *best” moves; suppose MAX
makes the one indicated. Now MIN makes the move that avoids his immediate
defeat, yielding

0
0IX

X

MAX searches again, yielding the tree shown in Figure 12.5.
Some of the tip nodes in this tree (for example, the one marked A) represent
wins for MIN and thus have evaluations equal to —co. When these evaluations
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The Last Stage of Search in Tic-Tac-Toe

are backed up, we see that MAX's best move is also the only one that avoids his
immediate defeat. Now MIN can see that MAX must win on his next move, so
MIN gracefully resigns.

The Alpha-Beta Procedure

The search procedure that I have just described separates completely the pro-
cesses of search-tree generation and position evaluation. Only after tree genera-
tion is completed does position evaluation begin. It happens that this separation
results in a grossly inefficient strategy. Remarkable reductions (amounting some-
times to many orders of magnitude) in the amount of search needed (to discover
an equally good move) are possible if we perform tip-node evaluations and
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Part of the First Stage of Search in Tic-Tac-Toe

calculate backed-up values simultaneously with tree generation. The process is
similar to alpha pruning discussed in Chapter 10.

Consider the search tree at the last stage of our Tic-Tac-Toe search (Figure 12.5).
Suppose that a tip node is evaluated as soon as it is generated, Then after the
node marked A is generated and evaluated, there is no point in generating (and
evaluating) nodes B, (, and D; that is, since MIN has A available and MIN could
prefer nothing to A, we know immediately that MIN will choose A, We can then
assign A's parent the backed-up value of —o00 and proceed with the search, having
saved the search effort of generating and evaluating nodes B, €, and D. (Note that
the savings in search effort would have been even greater if we were searching
to greater depths; for then none of the descendants of nodes B, €, and I would
have to be generated either) It is important to observe that failing to generate
nodes B, {, and D can in no way affect what will tumn out to be MAX's best-first
move. :

I this example, the search savings depended on the fact that node A repre-
sented a win for MIN. The same kind of savings can be achieved, however, even
when none of the positions in the search tree represents a win for either MAX
or MIN.

Consider the first stage of the Tic-Tac-Toe tree shown earlier (Figure 12.3). |
repeat part of this tree in Figure 12.6. Suppose that search had progressed in a
depth-first manner and that whenever a tip node is generated, its static evaluation
is computed. Also suppose that whenever a position can be given a backed-up
value, this value is computed. Now consider the situation occurring at that stage
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of the depth-first search immediately after node A and all of its successors have
been generated, but before node B is generated. Node A is now given the backed-
up value of —1. At this peint, we know that the backed-up value of the start node
is bounded from below by ~1. Depending on the backed-up values of the other
successors of the start node, the final backed-up value of the start node may be
greater than —1, but it cannot be less. We call this lower bound an alpha value for
the start node.

Now fet depth-first search proceed until node B and its first successor node,
C, ate generated. Node C is then given the static value of 1. Now we know that
the backed-up value of node B is bounded from above by —1. Depending on the
static values of the rest of node B's successors, the final backed-up value of node
B can be less than -1, but it cannot be greater. We call this upper bound on node
B a bela value. We note at this point, therefore, that the final backed-up value of
node B can never exceed the alpha value of the start node, and therefore we can
discontinue search below node B. We are guaranteed that node B will not turn
out to be preferable to node A.

This reduction in search effort was achieved by keeping track of bounds on
backed-up values. In general, as successors of a node are given backed-up values,
the bounds on backed-up values can be revised. But we note that

* The alpha values of MAX nodes (including the start node) can never
.decrease.

¢ The beta values of MIN nodes can never increase.

Because of these constraints, we can state the following rules for discontinuing
the search:

1. Search can be discontinued below any MIN node having a beta value less
than or equal to the alpha value of any of its MAX node ancestors. The
final backed-up value of this MIN node can then be set to its beta value,
This value may not be the same as that obtained by full minimax search,
but its use results in selecting the same best move.

2. Search can be discontinued below any MAX node having an alpha value
greater than or equal to the beta value of any of its MIN node ancestors.
The final backed-up value of this MAX node can then be set to its alpha
value.

During search, alpha and beta values are computed as follows:

* The alpha value of a MAX node is set equal to the current largest final
backed-up value of its successors.

* The beta value of a MIN node is set equal to the current smallest final
backed-up value of its successors.
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When search is discontinued under rule 1, we say that an alpha cutoff has
vccurred; when search is discontinued under rule 2, we say that a befa ait-off
has occurred. The whole process of keeping track of alpha and beta values
and making cut-offs when possible is usually called the alpha-beta procedure. The
procedure terminates when all of the successors of the start node have been
given final backed-up values, and the best first move is then the one creating
that successor having the highest backed-up value. Employing this procedure
always results in finding a move that is as good as the move that would have
been found by the simple minimax method searching to the same depth. The
only difference is that the alpha-beta procedure finds a best first move usually
after much less search.

My verbal description of the alpha-beta procedure can be captured by a
concise pseudocode recursive algorithm. The following version, which evaluates
the minimax value of a node n relative to the cut-off values & and 8, is adapted
from [Pear! 1984, p. 234];

AB(rt; o, f)

1. If n at depth bound, return AB(n) = static evaluation of n. Otherwise, let
“ M, o Mg, my be the successors of n (in order), setk « 1 and, if nis a
MAX node, go to step 2; else go to step 2. ..

2. Set o « maxle, AB(ny; @, B)) 2" Set § «— minlB, AB(ny; , B)].
5. Ha > B, retun B, else continue. 3’ If § < ¢, return a; else continue.

4. 1tk =b, return o; else proceed to 4’ If k = b, return B; else proceed to
Ak.p i€, setk < k+1and Ny Le, setk « k+ 1 and
go to step 2. go to step 2.

We begin an alpha-beta search by calling AB(s; —cc, +00), where s is the start
node. Throughout the algorithm, @ < 8. The ordering of nodes in step 1 of the
algorithm has an important effect on its efficiency, as we shall see.

An application of the alpha-beta procedure is illustrated in Figure 127 I show
a search tree generated to a depth of 6. MAX nodes are depicted by a square,
and MIN nodes are depicted by a circle. The tip nodes have the static values
indicated. Now suppose we conduct a depth-first search emploving the alpha-
beta procedure, (My convention is to generate the bottom-most nodes first)
The subtree generated by the alpha-beta procedure is indicated by darkened
branches. Those nodes cut off have X's drawn through them, Note that only 18 of
the original 41 tip nodes had to be evaluated. (You can test your understanding
of the procedure by attempting to duplicate the alpha-beta search on this
example.) '
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The Search Efficiency of the Alpha-Beta Procedure

In order to perform alpha and beta cut-offs, at least some part of the search tree
must be generated to maximum depth, because alpha and beta values must be
based on the static values of tip nodes. Therefore, some type of a depth-first
search is usually employed in using the alpha-beta procedure. Furthermore, the
number of cut-offs that can be made during a search depends on the degree to
which the early alpha and beta values approximate the final backed-up values.

Suppose a tree has depth d, and every node (except a tip node) has exactly b
successors. Such a tree will have precisely ¥ tip nodes. Suppose an alpha-beta
procedure generated successors in the order of their true backed-up values—the
lowest-valued successors first for MIN nodes and the highest-valued successors
first for MAX nodes. (Of course, these backed-up values are not typically known
at the time of successor generation, so this order could never really be achieved,
except perhaps accidentally.)

It happens that this order maximizes the number of cut-offs that will occur
and minimizes the number of tip nodes generated. Let us denote this minimal
number of tip nodes by Ny. It can be shown [Slagle & Dixon 1969, Knuth & Moore
1975] that

~ 2K2 for even d
B2 L p@-1/2 _ 1 for odd 4.

That is, the number of tip nodes of depth d that would be generated by optimal
alpha-beta search is about the same as the number of tip nodes that would
have been generated at depth d/2 without alpha-beta. Therefore, in the same
time that search without alpha-beta would stop at a depth bound of d/2, alpha-
beta search (with perfect ordering) can proceed to a depth of d. In other words,
alpha-beta, with perfect ordering, reduces the effective branching factor from b
to approximately v/b.

Of course, perfect node ordering cannot be achieved. (If it could, we wouldn't
need the search process at all) In the worst case, alpha-beta search produces no
cut-offs and thus leaves the effective branching factor unchanged. If the successor
nodes are ordered randomly, Pearl has shown that alpha-beta search allows
search depth to be increased by approximately 4/3; that is, the average branching
factor is reduced to approximately ¥b® [Pear] 1982b). (See [Pearl 1984, Ch. 9] for
thorough analysis with historical commentary) In practice, if good heuristics are
used to order successor nodes, the alpha-beta procedure usually comes close to
achieving the optimal reduction in the effective branching factor

The most straightforward method for ordering successor nodes is simply to
use the static evaluation function. Another technique for node ordering comes
as a side effect of using a version of iterative deepening—first used in the Chess-
playing program CHESS 45 [Slate & Atkin 1977]. The program first searched to a
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depth bound of one ply and then evaluated the best move; then it searched all
over again to two ply and evaluated the best move; and so on. The main reason for
these multiple, and seemingly wasteful, searches is that game-playing programs
often have time constraints. Depending on the time resources available, search to
deeper plys can be aborted at any time, and the move judged best by the search
last completed can be made. The node-ordering side effect comes about because
the successors judged to be best in the ply k search can be used to order nodes
in the ply k + 1 search.

Other Important Matters

For most of the game (in most games), search must end before terminating
positions are found (limited horizon), causing various difficulties. One difficulty
is that search might end at a position in which MAX (or MIN} is able to make
a great move. For this reason, most game-searching programs make sure that a
position is quiescent before ending search at that position. A position is quiescent
if its static value is not much different from what its backed-up value would be
by looking a move or two ahead.

Even by insisting on quiescence before ending search along a certain branch,
there can be situations in which disaster or success furks just beyond the search
horizon. There are situations in some games that inevitably lead to success
for MAX, say, no matter what MIN does, but for which MIN is able to make
quiescence-preserving stalling moves that push MAX's success beyond the search
horizon. This so-called horizon effect is one of the primary difficulties facing game-
playing programs.

Both the minimax method and its alpha-beta extension assume that the
opposing player will always make its best move. There are occasions in which
this assumption is inappropriate. Suppose, for example, that MAX is in a situation
that appears to be losing—assuming that MIN will play optimally. Yet, there exists
a move for MAX that gets it out of its difficulty if only MIN would make a mistake.
The minimax strategy won't recommend such a move, yet (since the game appears
lost anyway) there would seem to be little additional risk in gambling that MIN
will err. Minimax would also be inappropriate if one player had some kind of
model of the other players strategy. Perhaps the other “player” is not really an
opponent but simply another agent of change.

Games of Chance

Some games, such as Backgammon, involve an element of chance. For example,
the moves that one is allowed to make might depend on the outcome of a throw of
the dice. The game tree for a prototypical game of this type is shown schematically
in Figure 12.8. (To make the tree somewhat simpler, I show only the six different
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Game Tree for a Game Involving a Dice Throw

outcomes possible by throwing a single die.) MAX's and MIN's “turns” now each
involve a throw of the die. We might imagine that at each dice throw, a fictitious
third player, DICE, makes a move. That move is determined by chance. In the
case of throwing a single die, the six outcomes are all equally probable, but the
chance element could also involve an arbitrary probability distribution.

Values can be backed up in game trees involving chance moves also, except
that when backing up values to nodes at which there is a chance move, we
might back up the expected (average) values of the values of the successors instead
of a maximum or minimum.* The numbers adjacent to the nodes in Figure 128
are presumed backed-up values. We back up the minimum value of the values
of successors of nodes for which it is MIN's move, the maximum value of the
values of successors of nodes for which it is MAX's move, and the expected value
of the values of successors of nodes for which it is the DICE's move. This modified
backing-up procedure is sometimes called expectimaxing.

T
3. Of course, if we want to be very conservative about the outcome of a chance move, we
might instead back up the worst value for MAX whenever it is DICE's move.
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Introducing a chance move often makes the game tree branch too much for
effective searching. In such cases, it is extrernely important fo have a good static
evaluation function so that search does not have to go very deep. If a sufficiently
good static evaluation function were available, MAX's policy for choosing a
move could lock just at the positions one move ahead and make that move
that maximizes the value of the static evaluation function of those positions.
In the next section, we discuss techniques for learning action policies and for
learning static evaluation functions in games having branching factors too large
to permit search.

Learning Evaluation Functions

Some games (such as Go) allow so many moves at each stage that deep searches
would seem not to be feasible. Without any search, the best move would have
to be selected based just on the static evaluation of the successors or by reacting
to the immediate board position through various pattern recognition techniques.
In Go, for example, effort has been devoted to finding ways to evaluate and to
respond reactively to positions [Zobrist 1970, Reitman & Wilcox, 1979, Kierult
Chen, & Nievergelt 1990].

Sometimes, good static evaluation functions can be learned by neural net-
works. The game of Backgammon provides an example. A program called TD-
GAMMON [Tesauro 1992, Tesauro 1995] leamns to play Backgammon by training a
lavered, feedforward neural network. The structure of the neural net and its cod-
ing is as shown in Figure 129. The 198 inputs (which represent a Backgammon
board situation) are fully connected to the hidden units, and the hidden units
are fully connected to the output units. The hidden units and the output units
are sigmoids. It is intended that the output units produce estimates, py, pa, ps, and
ps, of the probabilities of various outcomes of the game resulting from any given
input board position. The overall value of a board position is then given by an
estimated “payoff” v =pi + 2p, - ps — 2ps. In using the network to play Back-
gammon, the dice are thrown and the boards permitted by all of the possible
moves from the existing board and that dice roll are evaluated by the network
The board with the best value of v is selected, and the move that produces that
board is made. (If it is White's move, the highest value of v is best; if it is Black's
move, the smallest value of v is best)

Temporal difference training of the network is accomplished during actual
play using the network tu play games against itself. When a move is made, the
network weights are adjusted, using backpropagation, to make the predicted

4. Human Go plavers evidently perform searches over isolated subsets of the board, and 1t
may be necessary and feasible for competent programs to do so also.
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The TD-GAMMON Network

payofl from the original position closer to that of the resulting position. For
simplicity, I explain the method as if it used pure temporal difference learning,
(A variant is actually used, but that variant need not concern us here.) If v is the
network's estimate of the payoff at time 1 (before a move is made), and v is the
estimate at time { + 1 (after a move is made), the standard temporal difference
weight-adjustment rule is
alll
AW =t(viy ~ V:)m
where Wy is a vector of all weights in the network at time {, and f{{. is the gradient
of v; in this weight space. {For a layered, feedforward network, such as that of TD-
GAMMON, the weight changes for the weight vectors in cach layer can be expressed
in the manner described in Chapter 3.) The network is trained so that, for all t, its
output, v, for an input before a move tends toward its output, v, for the input
after a move {just as in value iteration). Experiments with this training method
have been performed by having the network play many hundreds of thousands
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of games against itself. (Training runs have involved as many as a million and a
half games.}

Performarice of a well-trained network is at or near championship level. Based
on 40 games plaved against a version of the program that uses some look-
ahead search, Bill Robertie (a former Backgammon world champion) estimates
that TD-GAMMON 2.1 plays at a strong master level—extremely close (within a few
hundredths of a point) to equaling the world's best human players [Tesaurc 19951,

Additional Readings and Discussion

Just as puzzles have, games too have been important in refining and testing
Al techniques. For example, [Russell & Wefald 1991, Ch. 4] propose and evaluate
game-tree search algorithms (MGSS* and MGSS2) that use metalevel computations
(involving the expected value of continued search) to prune the search tree in a
way that is more efficient than alpha-beta. Berliner's 8* algorithm uses interval
bounds [Berliner 1979], which also permit more effective pruning, [Korf 1991] has
extended the alpha-beta procedure to multiplayer games.

Instead of using numerical evaluation functions, some work on game playing
has favored the use of pattem recognition techniques to decide whether one
position is better than or worse than another position. This technique has been
employed in programs that play Chess end games [Huberman 1968, Bratko &
Michie 1980].

The most successful early work on game playing was that of Arthur Samuel
who developed machine learning methods for the game of Checkers {Draughts)
[Samuel 1959, Samuel 1967. Samuel's Checker-playing programs played at near-
championship level. Jonathan Schaeffer's CHINOOK program at the University
of Alberta [Schaeffer, et al. 1992, Schaeffer 1997] is now regarded as the world
Checkers champion. In 1997, the IBM program, DEEP BLUE, defeated the reigning
world Chess champion, Garry Kasparov, in a championship match.

[Newborn 1996) is a book on computer Chess, recounting its history up
through the 1996 defeat of DEEP BLUE by Garry Kasparov. For a review of this book
plus commentary on the role of Chess as aresearch platform for Al see [McCarthy
1997]. McCarthy thinks that Chess programs could perform better with less search
if they used more humanlike reasoning methods. He thinks that Chess can again
become a “Drosophila” for Al if rescarchers would use it to test knowledge-based
reasoning methods.

[Michie 1966] coined the term expectimax and experimented with the technique.

[Lee & Mahajan 1986] have applied reinforcement learning methods to the
game of Othelio, and [Schraudoiph, Dayan, & Sejnowski 1994] have applied
temporal difference techniques to the game of Go.

For more on game search methods generally, see [Pearl 1984, Ch. 9l
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12.1 Why does search in game-playing programs always proceed forward from
the current position rather than backward from the goal?

12.2 Consider the following game tree in which the static scores (in parentheses
at the tip nodes) are all from the first player's point of view. Assume that the first
player is the maximizing player.

A

LMNOPQRSTUVWX]Y
2 3 B GO ® O M6 @6 &)

1. What move should the first player choose?

2. What nodes would not need to be examined using the alpha-beta
algorithm—assuming that nodes are examined in left-to-right order?

12.5 (Courtesy of Matt Ginsberg) Suppose that you are usi ng alpha-beta pruning
to determine the value of a move in a game tree, and that you have decided that a
particular node, n, and its children can be pruned. if the game tree is in fact a graph
and there is another path to the node n, are you still justified in pruning this node?
Either prove that you are or construct an example that shows that you cannot.

12.4 Most game-playing programs do not save search results from one move to
the next. Instead, they usually start completely over whenever it is the machine’s
turn to move. Why?

125 Comment (in one-half page or less) how you would modify the minimax
strategy so that it could be used to select a move for one of the players in a three-
person, perfect-information game. (A perfect-information gdme is one in which
each player knows everything about each state of the game. Chess is a perfect-
information game, but bridge is not) Assume that the players, A, B, and C, play
in turn. Assume that the game can end either in all players achieving a “draw”
or by one of the three players achieving a “win* Also assume that the game tree
cannot be searched to termination, but that evaluations of nonterminal positions
must be backed up by some process analogous to the minimax strategy in order
to select a move.



The most formidable weapon against errors of every kind is reason,
—Thomas Paine, The Age of Reason

Why is this thus? What is the reason of this thusness?
—Artemus Ward
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Using Constraints on Feature Values

I have discussed two rather different methods for modeling an agent's world:
iconic based and feature based. Binary-valued features are descriptions of the
world—what is true about it and what is not true about it. Iconic representa-
tions are simulations of certain aspects of the world. Although simulations are
more direct and often therefore more efficient than descriptions, descriptions
have a number of advantages of their own. The values of features are easy to
communicate to other agents, whereas iconic models may not break up well into
isolated pieces for incremental communication. Computing the valucs of featurcs
often requires less elaborate perceptual processing than would the construction
or modification of an iconic model. And, in cases where the values of some fea-
tures cannot be sensed directly, their values can sometimes be inferred from the
values of other features using constraints imposed by the kind of world an agent
finds itself in.

Furthermore, some information about an agent's environment is difficult or
impossible to represent iconically. For example:

» General laws, such as “all blue boxes are pushable”

» Negative information, such as “block 4 is not on the floor” (without saying
where block A is)

» Uncertain information, such as “either block A4 is on block B or block A is
on block

Some of this difficuli-to-represent information can be formulated as constraints
on the values of features. These constraints, representing important knowledge

217
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about the world an agent inhabits, can often be used to infer the values of features
that cannot be sensed directly. Inferring information about an agent's present state
(using computations based on constraints among features) can be contrasted with
computing the future states resulting from an agent's actions {using the search
methods discussed in Part IT of this book). The first activity I will call “reasoning,”
and the second “projecting” For the next few chapters, I set aside the problem of
projecting and concentrate on reasoning,

There are several applications involving reasoning about the values of fea-
tures. To be sure, reasoning can enhance the effectiveness of agents (even reactive
agents) as they decide upon actions. But there are many other applications as
well. For example, it has proved possible to represent the functioning of vari-
ous physical systems, including biological ones and electromechanical ones, by
appropriate sets of features. Constraints among these features encode physical
or other laws relevant to the organism or device. Reasoning can then be used,
among other purposes, to diagnose malfunction in these systems; features asso-
ciated with “causes” can be inferred from features associated with “symptoms,”
for example. This general approach is fundamental to an important class of Al
applications called expert systerns.

[ begin my discussion of reasoning techniques with a motivating exampie.
Consider a robot that is able 1o lift a block, if that block is liftable (that is, not
too heavy}, and if the robot's battery power source is adequate. If both of these
conditions are satisfied, then when the robot tries to lift a block it js holding, its
arm moves. We can represent these various conditions by binary-valued features:

xt (BAT_OK)
x2 (LIFTABLE)
Xz LMOVES)

I will use the mnemonic names of these features (given in parentheses) to aid
the discussion. Assume that the robot can sense BAT_OK (by reading a gauge)
and MOVES (by joint-angle sensors) but not LIFTABLE. Yet, the value of LIFTABLE
may well be important for the robot to know for other tasks that it will have to
perform. From my description, we know that if both BAT_OK and LIFTABLE have
value 1, so will MOVES. Thus, if MOVES has value 0 when the robot attempts to
move the block, then we know that either BAT_0K or LIFTABLE (or both) must
have value 0. But if BAT_OK is sensed to have value 1, then it must be LIFTABLE
that has value 0. Since we can reason thus, let's let the robot do so also. What is
nceded is a language in which both the constraints among features and the values
of features can be expressed and inference mechanisms that are able to perform
the required reasoning. The propositional calcufus, a descendant of Boolean algebra,
provides the necessary tools,
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The constraint of my example would be written in the language of the
propositional calculus as follows:

BAT_OK A LIFTABLE O MOVES

where A means "and," and > means “implies”

Mechanisms associated with this language can be used to derive conse-
quences from statements in the language. Since logical languages are so impor-
tant in artificial intelligence, I must treat them in some detail before returning
1o present yet more complex and intelligent agents based on the use of these
languages.

First, some definitions. A logic involves

* A language (with a syntax for specifying what is a legal expression in the
language)

* Inference rules for manipulating sentences in the language

* Semantics for associating elements of the language with elements of some
subject matter

We will study two logical languages: the first and simpler of the two is called
the propositional caleulus; the second, and more useful one, is called the first-order
predicate calculus (FOPC). Many ideas important in first-order predicate calcutus can
be more simply introduced in the propositional calculus, so I will present that
language first,

The Language

['will describe the elements of the propositional calculus formally, It's best for the
moment not to attempt to associate meanings with elements of this language;
think of what we are doing now as describing the rules of a meaningless game.
Later, we'll talk about meaning. Here are the elements of the language:’

Atoms: the two distinguished atoms T and F and the countably infinite set of
those strings of characters that begin with a capital letter; for example, P, q,
R ... P1,P2 ONAB, and so on.

Connectives: v, A, 3, and —, called “or,” “and,” “implies” and "not,” respectively.
{Later, I give these connectives meanings related to their names; for now,
they are meaningless symbols.)

L. To make it casier to distinguish logical expressions from other material in this book, I
will adopt the following notational conventions: logical expressions will be set in so-called
typevriter font, and symbols that stand for logical expressions wilt usually be set in
lowercase Greek letters,
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Syntax of well-formed formulas (wfs), also called sentences:
* Any atom is a wif,
Examples: P, R, P3
* [f ) and w; are wits, 5o are
wy v wy(called a disjunction of w) and ay)
@ A wy(called a conjunction of w; and ;)
an 2 wy(called an implication)

~wi{called a negation of w))

Atoms and atems with a - sign in front of them are called literals. In
w| 2wy, o) is called the antecedent of the implication, and uy, is called the
consequent of the implication.

Examples of wifs:
PAQ)D~P
PO -P
PYPDP
(P2Q) >(-QD>-P)

—~=p
* There are no other wifs.
Example: P 3 =~ is not a wif

Note the use of extra-linguistic separators, ( and }, in the preceding examples,
They group wffs into {sub) wifs according to the recursive definitions. Some
treatments of logic formalize separators as part of the language, but I will use
them somewhat loosely and intuitively. Wffs can be recognized by using their
definitions recursively. For example, I will show that (P A Q) 5 =R is a wif, First,
note that since P and Q are wifs, so is (P A §). And —R is a wif because R is. Therefore,
(PAQ D>—Risawif

Raules of Inference

We have a number of ways by which we can produce additional wifs from other
ones. These are called rules of inference. A rule of inference typically has the form:
v can be inferred from o (or from e and 8).2 Here are some commonly used rules
of inference:

TR
2. Lhaven't yet connected the word infer to the meaning that you might be guessing; a rule of
inference is simply a mechanical way of creating 4 new wif from others. Play along
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» The wif w; can be inferred from the wifs o, and w; D w, (this rule of
inference is called modus ponens).

* The wif w A @ can be inferred from the two wifs w; and w; (A introduction),

¢ The wif wy A | can be inferred from the wif w; A w; (commutativity of A).

* The wif @) can be inferred from the wif oy A a; (A elimination).

* The wif w; v w; can be inferred either from the single wff w; or from the
single wif w; (v introduction),

* The wif w; can be inferred from the wif =(=w)) (= elimination).

Definition of Proof

The sequence of wifs {wy, wy, . .., wy} is called a proof (or a deduction) of wy, from a
set of wifs A iff each w; in the sequence is either in A or can be inferred from
a wif (or wifs) earlier in the sequence by using one of the rules of inference. If
there is a proof of wy, from A, we say that ey, is a theorem of the set A. [ use the
following notation for expressing that w, can be proved from A:

Al oy

The concept of proof and theoremhood is relative to a particular set of
inference rules used. If we denote the set of inference rules by the letter ®, we
sometimes then write the fact that wy can be proved from A using the inference
rules in R by

A '_:R wn

Example: Given a set, A, of wffs: {P, R, P 5 g}, the following sequence is a proof
of Q AR given the inference rules just presented:

{P.PDQ,QR QAR

The concept of proof can be based on a partial order as well as on a sequence,
This partial order can be represented by a tree structure. Each node in the proof
tree is labeled by a wif and must correspond either to a wif in A or be inferable
from its parents in the tree using one of the rules of inference. The labeled trec is
a proof of the label of the root node. I show a sample proof tree in Figure 13.1.3

3. Note that a proof tree has parent-successor relations that are the reverse of those defined
for trees in Chapter 7; the root node is at the bottem of the tree.
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A Sample
Proof Tree

13:5

13.5.1

P Paq R

QAR

Semantics
Interpretations

Now it's time to talk about “meanings” Semantics has to do with associating
elements of a logical language with clements of a domain of discourse, Such
associations are what we mean by “meaning” For propositional fogic, we associate
atoms with propositions about the world. (Thus the name propositional logic) So, for
example, we might associate the atom BAT_OK with the proposition “The battery is
charged” (We are not compelled to make the association suggested by a mnemonic
atom string; we could make other ones instead) An association of atoms with
propositions is called an inferpretation. In a given interpretation, the proposition
associated with an atom is called the denotation of that atom.

Under a given interpretation, atoms have values—True or False. If atom a is
associated with proposition I, then we say that o has value True just in case
P is true of the world; otherwise, it has value False. The special atom T always
has value True, and the special atom F always has value False. Since propositions
about the world must either be true or false {an idealization we are willing to
make here). we can specify an interpretation by assigning values directly to the
atoms in a language—regardless of which proposition about the world each atom
denotes.

If an agent's sensory apparatus for determining the truth or falsity of various
propositions about the world is reliable, then when sensed feature x; has value 1,
the corresponding proposition about the world will be true, and the associated
propositional logic atom, perhaps 1, will have value True. For this reason, instead
of representing sensed information for an agent by a value of 1 or 0 on a certain
input “wire," we can represent it by a propositional calculus atom in an agent's
memory structure that we call its knowledge base. The explicit occurrence of an
atom, say, X1, in the knowledge base of an agent is intended to mean that the
agent regards an associated proposition to be true in its world. We will soon see
how an agent uses wffs in its knowledge base.
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13.5.2

w] w7 wiAay DIV "ol w1 D

True  True  True True False  True
True  False False True False  False
False True  False True True  True
False False False False True  True

Table 13.1
. T

The Propositional Truth Table

The Propositional Truth Table

Given the values of atoms under some interpretation, we can use a truth table
to compute a value for any wif under that same interpretation. The truth table
establishes the semantics (meanings} of the propositional connectives. Let «; and
w, be wifs; then the truth table rules are

* (w1 A ) has value True if both @y and w; have value True; otherwise, it has
value False.

* (w; v wy) has value True if one or both of @; or @; has value True; otherwise,
it has value False.

* — has value True if w; has value False; otherwise, it has value False.

* The semantics of D is defined in terms of v and -. Specifically, (w) D wp) is
an alternative and equivalent form of (-w v w),

These are called truth table rules because they are usually presented in tabular
form, as they are in Table 13.1.

We can use the truth table to compute the value of any wif given the values
of the constituent atoms in the wif. As an example of the use of the truth table
to compute the value of & wif, suppose P has value False, Q has value False, and &
has value Triee. In this interpretation, whal is the truth value of [(P > Q) DRI D P?
Working from the "inside out,” we first compute the value of # 3 Q to be True;
then we see that (P > Q) O R is True. Finally, since P is False, the value of the entire
expression must be False.

Ifan agent describes its world using n features (corresponding to propositions),
and these features are represented in the agent's model of the world by o
corresponding set of n atoms, then there are 27 different ways its world can be—so
far as the agent can discern—because there are 2" ways in which the n atoms can
have values of True and False. Each of the ways the world can be corresponds
to an interpretation. Given values for the n atoms (an interpretation), the agent
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13.5.4

can use the truth table to find the values of any wifs. What about the reverse
process? Suppose we are given the values of the wifs in a set of wifs. Do those
vilues induce a unique interpretation? This question is important because often
an agent is given a set of constraints among features (expressed as wifs that have
value True). Can the agent then induce an assignment of values (an interpretation)
to the atoms in its language and thus determine whether or not the corresponding
propositions about the world are true or false? That is, do the formulas specify
one of the 2" ways the world can be? The answer is usually no. Instead, there
may be many interpretations that give each wif in a set of wifs the value True. To
explore this topic further, I next introduce the notion of models.

Satisfiability and Models

We say that an interpretation satisfies a wif if the wif is assigned the value True
under that interpretation. An interpretation that satisfies a wif is called a model of
that wif. An interpretation that satisfies each wif in a set of wifs is called a model
of that set of wffs. Trivially, we can tell whether or not an interpretation satisfies
any atom because an interpretation assigns a value to each atom. We can usc the
truth table to tell whether or not an interpretation satisfies a wif that comprises
dtoms.

In my block-lifting robot, I expressed a constraint among some features by
the following wif:

BAT OK A LIFTABLE D MOVES

If this wif is to have value True, as we intend, then we must rule out all
interpretations in which BAT_OK and LIFTABLE have value True and MOVES has
value False. Each “constraint wif” tells us something about the way the world can
be and thus rules out some of the possible models. (Each model corresponds
to one of the ways the world can be) In general, the more wifs we have that
describe the world, the fewer models! This fact shouldn't be surprising; the more
we know about the world, the less uncertainty there is about the way it could be.

It is possible that nip interpretation satisfies a wif (or a set of wifs). In that case,
the wit (or the set of wifs) is said to be inconsistent or unsatisfiable. Examples of
unsatisfiable wifs are F and P A =P (no interpretation makes these wifs True). An
example of an unsatisfiable set of wifs is {P v QP v ~Q, =P v §, =P v ~4}. (Use the
truth table to confirm that no interpretation makes all of these wifs True)

Validity

Awifis said 1o be valid if it has value True under all interpretations of its constituent
atoms. {Thus, a valid wif is vacuous; it tells us nothing about the way the world
can be)) Here are some examples of valid wfs,
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¢+ P 3 P (which is the same as =P v P)

o T

* (P A-P)

+QvT

*[(POQ)DPIOP

*POW@R2P)

Use of the truth table to determine the validity of a wif takes time exponential
in the number of atoms because the wif must be evaluated for all combinations
of the values of the atoms.

Equivalence

Two wifs are said to be equivalent if and only if their truth values are identical
under all interpretations. I write equivalence with 2 = sign. We can use the truth
table to prove the following equivalences:

* DeMorgan’s laws:
=(w) vV w2) = —wp A -y
—(wg A @) =—-wy VW

* Law of the contrapositive:
(wr 3wz} = (—~wy 2 ~wi)

* If oy and w; are equivalent, then the following formula is valid:
(e D wg) A (w2 D an)

Because of this fact, the notation w{ = e is often used as an abbreviation
for (o7 D wz) A (@3 D o).

Entailment

It a wit w has value True under all of those interpretations for which each of the
wils in a set A has value True, then we say that A logically entails o and that w
logically follows from A and that w is a logical consequence of A, I use the symbol =
to denote logical entailment and write A |- w. Here are some examples.

* PP
* PPORQIEC
* F = w {where w is any wifl)

*PAQEP
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In the last two examples, | abbreviate the notation slightly, as is often done in
the case when A is a singleton.

Logical entailment is important in Al because it provides a very strong way
of showing that if certain propositions are true about a world then some other
proposition of interest (perhaps one that cannot be sensed) must also be true. For
example, suppose we sense features that we associate with the formulas BAT 0K,
and -MOVES, and that we represent some of our knowledge about the world by
the formula BAT.OK A LIFTABLE D MOVES. That is, we have three formulas, two of
which describe a particular world situation and one of which describes general
knowledge about the world. [ leave it to you to establish by the truth table that
—LIFTABLE is logically entailed by these three formulas. Since, by this entailment,
—LIFTABLE has value True in all of the interpretations in which the three formulas
have value True, it must a fortiori have value True in our iniended inlerpretation (that
is, the one we are associating with the robot's world). Therefore, the proposition
that is part of our intended interpretation, namely, that “the block is not liftable "
must be true!

Because entailment is such a powerful tool for determining the truth or falsity
of propositions about the world, it is important for us to study how to represent
information as wifs and how to produce entailed wfs efficiently. We can always
do this using the truth table method, but we seek simpler methods. An attractive
substitute for entailment is inference. Although they are fundamentally different
concepts, they are linked by the concepts of soundness and completeness.

Soundness and Completeness

There are two important definitions that connect inference with entailment (now
[ finally give their intuitive meanings to the words theorem and proof):

1. 1€ for any set of wifs, A, and wif, @, A kg w implies A |= w, we say that the
set of inference rules, R, is sound.

21, for any set of wifs, A, and wif, w, it is the case that whenever A | o,
there exists a proof of w from 4 using the set of inference rules, &, we say
that R is complete.

I have not yet given a set of complete inference rules for the propositional calculus
and will return to that matter in the next chapter.

When inference rules are sound and complete, we can determine whether
one wif follows from a set of wifs by searching for a proof instead of by using
the truth table. When the inference rules are sound, if we find a proof of
from A, we know that » logically follows from A. When the inference rules are
complete, we know that we will eventually be able to confirm that w follows
from A (when it does so} by using a complete search procedure to search for
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a proof. Substituting proof methods for truth table methods usually gives great
computational advantage in both the propositional calculus and the predicate
calculus (which we will study later),

To determine whether or not a wif logically follows from a set of wifs or can
be proved from a set of wifs is, in general, an NP-hard problem [Cook 1971]. (That
is, its complexity cannot be proven to be less than exponential in the number
of atoms,) Nevertheless, there are special cases that are tractable, and so it is
important to understand the process of logical reasoning.

. The PSAT Problem

Mostly, we will be attempting to establish that all the models of a set A are also
models of some wif w. We might occasionally, however, want to find at least one
model of A; that is, we might want to show that the wifs in the set are each
satisfiable by the same interpretation. Equivalently, we want a model for the
formula that comprises the conjunction of all the wifs in A.

The problem of finding a model for a formula is known as the propositional
satisfinhility (PSAT) problem. In the next chapter, 1 show that any formula can
be written as a conjunction of disjunctions of literals. A disjunction of literals
is called a clause, and a formula written as a conjunction of clauses is said to
be in conjunctive normal form (CNF). Thus, it suffices to be able to solve the PSAT
problem for CNF formulas. Many interesting problems, including ones involving
constraint satisfaction, circuit synthesis, circuit diagnosis, and planning, can be
encoded for solution as CNF PSAT problems (Selman, Kautz, & Cohen 1994))3

An exhaustive procedure for solving the CNF PSAT problem is to try sys-
tematically all of the ways to assign Tme and False to the atoms in the formula,
checking each assignment to see if all of the clauses have value True under that
assignment. If there are n atoms in the formula, there are 2 different assignments,
50 for large n, the exhaustive procedure is computationally infeasible.

Interesting special cases of the PSAT problem are 2SAT and 3SAT. The kSAT
problem is to find a model for a conjunction of clauses, the longest of which
contains exactly k literals. 25AT problems have polynomial complexity, whereas
35AT ones are NP-complete. Thus, the general PSAT problem is N P—complete.
But even though all known algorithms for solving a problem, like PSAT, take
exponential time in the worst case, many such problems take only polynomial
expecied time. In fact, for many natural probability distributions, the PSAT problem
only requires polynomial average time [Goldberg 1979, Purdom & Brown 1987]

T I
4. Cook [Cook 1968] has pointed out that PSAT encodings are often only a logarithmic factor
larger than their original source encodings.
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GSAT is a nonexhaustive, greedy, hill-climbing type of search procedure
[Selman, Levesque, & Mitchell 1992, Selman & Kautz 1993]. The procedure begins
by selecting a random set of values for all of the atoms in the formula. This set of
values is an interpretation. The number of clauses having value True under this
interpretation is noted, Next, we go through the list of atoms and calculate, for
each one, the increase in the number of clauses whose values would be True if
the value of that atom were to be changed. We change the value of that atom
giving the largest increase and continue. Of course, the largest increase may
be 0 or negative, but GSAT makes the change in any case. Since the procedure
may wander endlessly on a “plateaw,” it is terminated after some fixed number
of changes. And since the procedure may terminate at a local maximum (an
interpretation satisfying some but not all of the clauses), it may have to be
restarted with another random interpretation to search for a higher maximum.
GSAT has been able to find models for 2000 variable randomly generated 35AT
problems and has also been used to solve propositional encodings of large
N-Queens probiems. Random-walk variations (e.g, WALKSAT} on GSAT have been
shown to improve its effectiveness [Selman, Kautz, & Cohen 1994, Selman, Kautz,
& Cohen 1996].

Other Important Topics
Language Distinctions

The propositional calculus is a formal language that an artificial agent uses
to describe its world. There is always a possibility of confusing the informal
languages of mathematics and of English (which I am using in this book to talk
about the propositional calculus) with the formal language of the propositional
calculus itself. When we say, for example, that {P, P > 0} - Q we use the symbol
. That symbol is not a symbol in the language of the propositional calculus; it
is a symbol in our language used to talk ahout the propositional calculus. The
metalinguistic symbols - and |= should never be confused with the symbol >, for
example.

Metatheorems

In addition to theorems in the propositional calculus (produced by chains of
rules of inference), we will have theorems about the propositional calculus.
{These are often called metatheorems.) Here are two important theorems about
the propositional calculus.

¢ The deduction theorem: if {e, ws, . . ., wpl o, then(wrAwm A, Aw) Do
is valid, and vice versa,
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* Reductio ad absurdum: if the set A has a model but A U {=w} does not (that is,
there is no interpretation that satisfies all of the wifs in the combined set),

then A E w.

Associative Laws

The binary connectives A and v are associative. That is,
(@1 A wz) Aws = wr A (@ A )
(Ve Vs =w VeV es)

Thus, in these wifs, we can drop the parentheses and write
] Awr A
W VeV wsy

The first of these is called a conjunction, and the second is called a disjunction. The
individual e;'s in the first wif are called conjunds, and in the second wif, disjunds.

Distributive Laws
wn A (wy V) = (0 Awp) Vo) Aws)
w1 Y (w2 A as) = (@ vap) Alw v os)

Don't be misled by the apparent simplicity and obviousniess of some of the material presented
int this chapter; improper learning or remembering of these concepts will cause difficulties later!

13.1 Show by means of a truth table that =(P A Q) = (=P v —Q).

13.2 Prove that if A is inconsistent (that is, it has no model), then A & w, where
 can be any wif

13.3 How would you use the truth table to prove that modus ponens is sound?

13.4 Consider the following seven clauses:
—Av-Bv-C
—-ivB
—AvC
-BvC
“Bvi
-CVA
-CvV3B

The GSAT process for finding a model to satisfy a set of clauses sometimes ends in
a local maximum. Show that there is an assignment of truth values for &, B, and
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C that is a local (but not a global) maximum of the number of clauses satisfied
by that assignment.

13.5 (Courtesy of Bart Selman.) Show how the N-Queens problem can be rep-
resented as a PSAT problem. (Hint: Introduce one atom gy for each square (k, )
of the N x N board. If q; has value True, there is a queen on square (k, 1); if it
has value False, that square is empty. Now state the constraints of the problem in
terms of these atoms.)
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A New Rule of Inference: Resolution

Clauses as wifs

In the last chapter, | mentioned several rules of inference, including modus ponens.
Many of these can be combined into one rule, called resolution. The version of
resolution that I will use in this book applies to a special format for wifs called
clauses, which [ now define.

First, recall that a literal is either an atom (in which case, it is called a positive
literal} or the negation of an atom (in which case, it is called a negative literal). A clanse
is a set of literals. The set is an abbreviation for the disjunction of all the literals in
the set. Thus, a clause is a special kind of wif. Tusually write clauses as disjunctions,
but some of my definitions involving resolution will be simpier when they are
expressed using the set notation. As an example, the clause {P, Q, ~R} (equivalent
to P v § v —R) is a wif. The empty clause {} (sometimes written as Nil) is equivalent
to F (whose value is False).

Resolution on Clauses

The resolution rule for the propositional calculus can be stated as follows: from
{(A)UZ; and {-A} U £ (where I, and E; are sets of literals and A is an atom), we
can infer ; U I, which is called the resolveni of the two clauses. The atom 4 is
the atom resolved upon, and the process is called resofution.

Here are some examples.

¢ Resolving R v P and —-P v { yields & v §. The two clauses being resolved can
be rewritten as the implications =k O P and P > Q. A rule of inference called

231
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chaining applied to these implications yields —R 3 , which is equivalent to
the resolvent R v Q. Thus we see that chaining is a special case of resolution.

¢ Resolving R and —R v P yields P. Since the second clause is equivalent to
R O P, we see that modus ponens is also a special case of resolution.

+ Resolving P v Qv R v § with ~P v Q vV on P yields 3 VR v S v V. Note that
only one instance of § appears in the resolvent—which was, after all,
defined to be a set!

* Resolving Pv Qv —-R with PvWv —QvR on Q yvields Pv-RVR V.
Resolving them on R yields P v @ v —Q v W. In this case, since both =R v &
and Qv —Q have value True, the value of each of these resolvents is
True, In this example, we must resolve either on g or on R—not on both
simultaneously! That is, P v W is not a resolvent of the two clauses!

Resolving A, a positive literal, with —1 produces the empty clause. From A and
—A we can infer F because A and —A are contradictory. Any set of wifs containing
» and —4 is unsatisfiable. On the other hand, a clause that contains an atom and
its negation {such as A v -1 has value True regardless of the value of A.

Soundness of Resolution

The resolution rule | have just presented is a sound rule of inference. That is,
if the clauses {A} U 21 and {~A}U I; both have value True, then their resolvent,
namely, I; U I, does also. One way to prove that fact is to do ‘reasoning by
cases” We know that the atom A has either value True or value False. If (case 1) A
has value True, then =i has value False, and the dlause ¥; must have vaiue True
in order for the clause {1} U I3 to be True. If (case 2) A has value False, then the
clause £, must have value True in order for the clause {A} U ; to have value True.
Combining these two cases, we see that either I, or £; must have value True;
hence E; U E; has value True. A similar argument can also be carried out using
the truth table.

Converting Arbitrary wifs to Conjunctions of Clauses

Any wif in the propusitional calculus can be converted to an equivalent conjunc-
tion of clauses. A wif written as a conjunction of clauses is said to be in conjunctive
normal form (CNF). (A wif written as a disjunction of conjunctions of literals is said
to be in disjunctive normai form (DNF)} I will use an example to illustrate the steps
of the process of converting an arbitrary wif to CNE. The wff I use to illustrate
this process is ~(P > Q) v (R 3 P).

1. Eliminate implication signs by using the equivalent form using v:

=(-PvQv{(-RvP)
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2, Reduce the scopes of - signs by using DeMorgan's laws and by eliminating
double - signs:

(PA-QV(-RVP)
3. Convert to CNF by using the associative and distributive laws. First,
(Pv-RYP)A(-QV-RVP)
then
(Pv-R)A(—QV-RVP)

A conjunction of clauses (that is, the CNF form of a wif) is usually
expressed as a set of clauses (with conjunction of the clauses implied);

thus,
[(PV -R), (-Qv-RvVP)}

The following procedure might be useful in step 3 to convert wifs (or parts
of wifs) from DNF form to CNF form, First, write the DNF wifs as a matrix whose
row elements are the literals in each conjunct; we have implicit disjunction of
the rows. For example, the DNF form (PAQA =R} v (SARA =P}V (QASAP) can
be written in matrix form as follows:

P Q -R

S R —-P

QS P

Now select a literal in each row and make a disjunction of these literals. In my
example, one such selection might be P v R v P. Make all possible such selections.
Fach selection corresponds to a clause, and we take the conjunction of all these
clauses as the CNF form of the original wif. We can simplify some of these clauses;
for example, P v R v P simplifies to P v R We can eliminate some of the clauses;
for example, P v —P v Q can be eliminated because it trivially has value True. We
can also eliminate clauses that are subsumed by one of the other clauses. (A clause,
w1, subsumes a clause y,, if the literals in y; are a subset of those in y,.) For example,
B v R subsumes bothPvRvQ@and PVvRVS

Resolution Refutations

1 have already shown that resolution is a sound rule of inference. That is, A bres ¥
implies A k= y, where y is a clause. But resolution is not complete. For example,
PAREPVR, but we cannot infer PV R using resolution on the set of clauses
(P, R} (because there is nothing that can be resolved). Therefore, we cannot use
resolution directly to decide all logical entailments. However, we can show by
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resolution that the negation of P v R is inconsistent with the set {P, R}, and thus,
using proof by contradiction, establish that PAR =P VR

To illustrate the process, the negation of P VR is =P A —R. Expressed as a
(conjunctive) set of clauses, the negation of what we are trying to prove is {-P, -R}.
To show the inconsistency of these clauses with P A R, we add P and & to that set to
obtain {-P, -R, P, R}. Resolving on members of this latter set produces the empty
clause, which is a contradiction, and thus we have indirectly established P v R
from P AR

In general, a resolution refutation for proving an arbitrary wif, w, from a set
of wifs, A, proceeds as follows:

1. Convert the wifs in A to clause form—a {conjunctive) set of clauses.
2. Convert the negation of the wif to be proved, w, to clause form.
3. Combine the clauses resulting from steps 1 and 2 into a single set, T".

4. lteratively apply resolution to the clauses in T and add the results to T
either until there are no more resolvents that can be added or until the
empty clause is produced.

I state the following results without proof:!

+ Completeness of resolution refutation: the empty clause will be produced
by the resolution refutation procedure if A E . Thus, we say that
propositional resolution is refutation complete.

* Decidability of propesitional calculus by reselution refutation: if A is a
finite set of clauses and if A | w, then the resolution refutation procedure
will terminate without producing the empty clause.

The reasoning we used in the block-lifting example of the last chapter can be
performed using resolution refutation. We are given the set A of wifs;

1. BAT 0K

2. —MOVES

3, BAT_OK A LIFTABLE D MOVES

The clause form of the third wif is

4. ~BAT_OK v —~LIFTABLE v MOVES

AT

1. There are several proofs of the completeness of propositional resolution refutations; see
[Genesereth & Nilsson 1987, p. 87] for one (Propositional completeness also follows as a
special case of the completeness of first-order resolution refutation, mentioned in Chapter 16.)
Decidability follows from the fact that there are only a finite number of resolutinns possible
among a finite set of clauses.
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LIFTABLE
—BAT_OK v —LIFTABLE v MOVES

—MOVES
—BAT_DK v MOVES

BAT_DK

Figure 14.1
M

A Resolution Refutation Tree

The negation of the wif to be proved yields another clause:
5, LIFTABLE
Now we perform resolutions to produce the following sequence of clauses:

6. —BAT_OK v MOVES (from resolving 5 with 4)
7 ~BAT_0K (from 6, 2)
8. Nil (from 6, 1)

We can also represent this refutation as a refutation ree, as in Figure 14.1.

| Resolution Refutation Search Strategies

Although the resolution refutation procedure can easily be described as “perform
resolutions until the empty clause is produced,” there is the very important
matter of which resolutions should be performed first. Also, it might be that
some resolutions need not be performed at all, I take up these questions in this
section.

Ordering Strategies

First of all, in what order should resolutions be performed? This question is
analogous to questions about which node should be expanded next in state-
space search. Various strategies, called ordering strategies, have been proposed.
We can define, for example, breadth-first and depthefirst strategies. But first, some



256

Resolution in the Propositional Caleulus Chapier 14

14.4.2

definitions: let us call the original clauses {including the clause form of the
negation of the wif to be proved) (-t level resolvents. An (i + 1)-th level resolvent
is any resolvent of an i-th level resolvent and a j-th level resolvent with j <1,
A breadth-first strategy is then onc that generates first all of the first-level
resolvents, then all of the second-level resolvents, and so on,

A depth-first strategy would produce first a first-level resolvent, then resolve
that clause with some first-level or 0-th level clause to produce a second-level
resolvent, and so on. With a depth bound, the standard backtracking strategy
could be used. I will return to an application of depth-first resolution later in the
book.

A popular strategy for partially ordering resolutions is the unit-preference strat-
egy. In it, we prefer resolutions in which at least one dause consists of a single
literal. Such a dlause is called a unit dause. Note that the example illustrated in
Figure 14.1 does not violate the unit-preference strategy (that is, no resolution in
the refutation tree is between two nonunit clauses).

Refinement Strategies

Refinement sirategies do not say anything about the order in which clauses are
resolved; they permit only certain kinds of resolutions to take place at all. Some
{but not all)) of these limitations leave resolution refutation complete,

Set of Support

A clause, vy, is a descendant of a clause, yy, if and only if (a) y2 is a resolvent of
and some other clause, or if (b) 1 is a resolvent of a descendant of y; with some
other clause. If y; is a descendant of yy, then y, is an ancestor of y». Define the
set of support to consist of those clauses that are either clauses coming from the
negation of the theorem to be proved or descendants of those clauses.

The set-of-support strategy allows only those resolutions in which one of the
clauses being resolved is in the set of support. Note that the resolution refutation
of Figure 14.1 is one that adheres to the set-of-support limitation.

The set-of-support strategy is refutation complete {Chang & Lee 1973, p. 110,
That is, if we perform only set-of-support resolutions on an unsatisfiable set of
clauses, the empty clause will eventually be produced.

Linear Inpnt

The linegr-input strategy allows only those resolutions in which at least one of the
clauses being resolved is a member of the original set of clauses (including those
coming from the negation of the wif to be proved). The resolution refutation of
Figure 141 is one that adheres to the linear-input strategy also.
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The linear-input strategy is not refutation complete, as can be seen by
considering the following set of inconsistent clauses:

{PVQPV-Q-PVvQ-Pv-Q}

These clauses have no model, and thus there is a resolution refutation for them.
[ leave as an exercise the demonstration that there is no linear-input refutation
for these clauses but that there is a resolution refutation for them.

Ancestry Filtering
The ancestry-filtered strategy allows only those resolutions in which at least one
member of the clauses being resolved either is a member of the original set of

clauses or is an ancestor of the other clause being resolved, The ancestry-filtered
strategy is refutation complete [Luckham 1970].

Horn Clauses

There is a special type of clause that is important in Al and in other parts of
computer science. A Horn clause is a clause that has at most one positive literal.
Here are some examples of Horn clauses.

P,~PVQ-PV-QVR-PV-R

Clauses of this type were first investigated by the logician Alfred Horn [Hom
1951]
There are three types of Horn clauses.

* A single atom—often called a “fact”

* An implication—often called a ‘rule’—whose antecedent consists of a
conjunction of positive literals and whose consequent consists of a single
positive literal.

* A set of negative literals—written in implication form with an antecedent
consisting of a conjunction of positive literals and an empty consequent,
This form is obtained, for example, when one negates a wif to be proved
consisting of a conjunction of positive literals, Such a clause is therefore
often called a “goal”

Examples of these three types of Horn clauses are, respectively, P, PAQ 3R
and PAQD,

An important result about propositional Horn clauses is that there are linear-
time deduction algorithms for them [Dowling & Gallier 1984, Intuitively, the
reason for the NP-hardness of inference with non-Hom clauses is that in attempt-
Ing to prove a disjunction of positive Literals, such as P v g, we have to consider
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multiple cases—prove either P or Q. In Horn clauses, there are no disjunctions of
positive literals.

Systems for proving goals from Horn clause rules and facts usually supply
ordering information to the system by writing the facts and rules in a certain
order, by writing the literals in the antecedent of each rule or goal in a certain
order, and then by searching for a proof in depth-first fashion based on these or-
ders. We'll study this procedure in more detail later after discussing the predicate
calculus.

: = O AR ARG &R , A% Al -1 tghf
Eeveioes oAl s 4 e RITORETRIIN
14.1 Prove that the matrix procedure for converting from DNF to CNF preserves

equivalence.

14.2 Heads, I win; tails, you lose. Express these statements {(plus other statements
you might need) in the propositional calculus, and then use resolution to prove
that T win. {Alternatively, you can change the problem if you'd like to heads, you
win: tails, I lose.)

14.3 The following wifs are instances of axioms that are sometimes used in the
propositional calculus:

1. Implication introduction: P 2 (@ > P)

2. Implicatien distribution: (P2 (@2R)) 2 (P2 Q) D (PDR)

3, Contradiction realization: (§ > =P) 2 (D P} > —Q)

Use resolution refutation to prove each of these formulas.

14.4 Consider the following unsatisfiable set of clauses:
PvQ
Pv-l
=P v{
—P v -
1. Produce resolution refutations for each of the following strategies:

(a) Set-of-support resolution (in which the set of support is the last clause
in the preceding list of clauses)

(b} Ancestry-filtered form resolution

(c) A strategy that violates both set of support and ancestry filtering

2. Prove that there is no linear-input resolution refutation of this
unsatisfiable set of clauses.

14.5 Convert the following propositional calculus wif into clauses:

=[((Pv~Q) DR) D (PAR)
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Motivation

- The propositional calculus has several limitations. We can't, for example, express

the fact that when we move block B, say, it is the same block that ON_B_C asserts is
on block {. In the propositional calculus, atoms are strings that have no internal
structure. In propositions about toy blocks, ON_A_8 and ON_B_C are completely
different with absolutely nothing in common. Even though I used mnemonic
names for these atoms {to help us remember what I intend them to mean), I
could just as well have used different proposition letters for them, say, P124 and
Q23, respectively.

A more useful language would be one that could refer to objects in the world
(such as blacks) as well as to propositions about the world. We necd a language
that has names for the objects about which we want to state propositions and
names for the propositions we want to state. In our world of toy blocks (which
I hereinafter call the "blocks world”), we might have had propositions such as
ON.B.C > —~CLEAR C, where CLEAR C is intended to mean that block € has nothing
on it. To express a fact like this for each of several blocks would require several
propositional formulas. It would be nice if we could simply say something like
On(x, y) > —Clear(y), where x and y are variables that could refer to any blocks.

In this chapter, I present a Janguage, called the first-order predicate calculus,
which has these desired features. The predicate caleulus has symbols called
object constants, relation constants, and function constants, plus some other constructs
that will be introduced later. These language entities will be used (when I
discuss semantics) to refer to objects in the world and to propositions about the
world.

239
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The Language and Its Syntax

[ first introduce a restricted version of the predicate calculus that I will later ex-
pand, Again, for now, resist the temptation to impute meanings to the constructs
of the language. That way, you will be on the same footing as the computer
programs that will have to manipulate these structures! All expressions in the
language will be set in typevriter font. (lhere are many different typograph-
ical conventions for the predicate calculus used in books and papers. The one
used here is not universal!)

Components

» We have an infinite set of object constants. These will be strings of
alphanumeric characters (often mnemonic, but that helps only us, not the
computer). My convention will be that object constants begin with either a
capital letter or a numeral.

Examples: Aa, 125, 13B, G, John, EiffelTower

+ And we will have an infinite set of function constants of all “arities’! These will
be strings of alphanumeric characters beginning always with a lowercase
letter and (for now) superscripted by their arity.

Examples: father0f!, distanceBetween?, times®

+ We also have an infinite set of relation constants of all arities. These will be
strings of alphanumeric characters beginning with a capital letter and (for
now) superscripted by their arity. {I sometimes call a relation constant a
predicate.)

Examples: 817?, Parent?, Large?, Clear!, X114

+ 1 also will use the propositional connectives v, A, - and 2, and delimiters
(.) |1 and separator ..

Terms

* An object constant 1s a ferm.

» A function constant of arity n, followed by n terms in parentheses and
separated by commas, is a term. This type of term is called a functional
expression. In displaying such a term, [ usually omit the arity superscript
when its value is obvious from context. We might think of object constants
as function constants of arity 0.

Examples: father0f (John, Bill), tines(4, plus(3, 6)), Sam

pRRT T vm—
1. The made-up word arity comes from the “ary” suffix in binary (arity = 2), tertiary {arity = 3),
and so on.
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wifs
* Atoms: a relation constant of arity n followed by n terms in parentheses
and separated by commas is an atom (also called an atomic formula). A
relation constant of arity 0 omits the parentheses. Again, [ usually omit the
arity superscript when its value is obvious from context.
An atom is a wif.

Examples: Greaterthan(7, 2), P(4, B, C,D), Q

» Propositional wifs: any expression formed out of predicate<alculus wifs in
the same way that the propositional calculus forms wifs out of other wifs
is a wif, called a propositional wf.
Example: [Greaterthan(7, 2) A Lessthan(15,4)] v ~Brother(John, Sam) v P

{(Remember that the wifs used in these examples aren't supposed to mean
anything))

I will also use the extensions [ made in the propositional calcalus {conjunc-
tions with more than two conjuncts, disjunctions with more than two disjuncts,
clauses, (conjunctive) sets of clauses, etc) as wffs in the predicate calculus. For
now, these are the only terms and wifs we will consider; I will introduce others
(which will allow the promised variables) shortly.

Semantics
Worlds

We now have a language that can be used to refer to objects in the world as well
as to propositions. Here is what we can talk about now.

* The world can have an infinite number of objects, also called individuals,
in it. These can be individuals that are rather concrete, like Block A, Mt.
Whitney, Julius Caesar, and so on. Or they can be abstract entities like the
number 7, , the set of all integers, and so on. They can even be fictional
or invented entities (about whose actual existence people might argue),
like beauty, Santa Claus, a unicom, honesty, and so on. As long as we are
willing to give it a name and say something about it, we can think of it as
an actual individual in & world we want to talk about.

* Functions on individuals. We can have an infinite number of functions of
all arities that map n tuples of individuals into individuals. For example,
there might be a function that maps a person into his or her father or one
that maps the numbers 10 and 2 into the quotient 5,

* Relations over individuals. The individuals can participate in an arbitrary
number of relations. These will each have arities, (A relation of arity 1 is
called a property ) Thus, individuals might have properties such as heavy,
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big, blue, and so on, and they might participate in relations like bigger, in
between, and so on. To specify an n-ary relation extensionally, we explicitly
list all of the n tuples of individuals that participate in that relation.

15.3.2 Interpretations

An intterpretation of an expression in the predicate calculus is an assignment that
maps object constants into objects in the world, n-ary function constants into n-
ary functions, and n-ary relation constants into n-ary relations. These assignments
are called the denotations of their corresponding predicate-calculus expressions.
The set of objects to which object constant assignments are made is called the
domain of the interpretation.

Given an interpretation for its component parts, an atom has the value True
just in case the denoted relation holds for those individuals denoted by its terms.
If the relation doesn't hold, the atem has value False.

The values True and False of nonatomic wils are determined by the same truth
table used in the propositional calculus.

Example: Consider the blocks world again. [t is a world in which there exist
entities, A, B, C, and Floor.2 We will eventually be creating an assignment that
maps elements of the predicate calculus into these world objects. Since we cannot
actually make the world objects themselves be the values of assignments, we
imagine that the world is a mathematical structure, which (among other things)
contains the mathematical objects A, B, C, and Fleor. (Try not to be bothered
by the statement “the world is a mathematical structure” Whatever the world
really is, it won't matter for our purposes that we consider it to be a mathematical
structure.)

We also imagine relations among these objects. For example, we might have
the relations On and Clear. These relations can be defined extensionally by the
n tuples of objects that participate in them. For example, suppose we have the
configuration of blocks shown in Figure 15.1. In this world, the relation On is
given by the pairs <B, A>, <A, C>, and <C, Floor>. The relation Clear is given
by the singleton, <B>.

S0, the individuals A, B, C, and Floor, and the relations On and Clear
constitute the blocks world in this example, To describe that world in the predicate
calculus, [ employ the object constants 4, B, ¢, and F1, the binary relation constant
On, and the unary relation constant Clear. I am using mnemonic symbeols here for
convenience; probably it would be better pedagogy to use the relation constants

————
2. 1 will sometimes use boldface notation for objects, functions, and relations in the world—as
contrasted with typewriter notation for language elements of the predicate calculus—when

[ want to emphasize the distinction between language elements and what these elements
denote.
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B

Floor
Figure 15.1
A Configuration of Blocks
Predicate Calculus World
A A
B B
¢ C
Fl Floor
On On={<B A> <A (> <C Foor>)
Clear Clear={<B >}
Table 15.1

L ]
A Mapping between Predicate Calculus and the World

G0045, G123, ..., and 50 on in order to emphasize the notion that the symbols
used in our predicate-calculus language do not have any preassigned meanings.

Our intended interpretation (which is just one of many possible interpreta-
tions) for these predicate-calculus expressions is given in Table 15.1. We can use
these assignments to determine the value of some predicate-calculus wifs:

On{A,B) is False becausc <A B> is not in the relation On.

Clear (B) is True because <B> is in the relation Clear.

tn(C,F1) is True because <C, Floor> is in the relation On.

0n(C, F1) A =0r(A, B) is True because both on(C,F1) and -0n(4, B) are True.

Models and Related Notions

Several semantic notions have the same definitions in the predicate calculus as
they do in the propositional calcuius. To review,

* An interpretation satisfies a wif if the wff has the value True under that
interpretation.

* An interpretation that satisfies a wif is a model of that wff.

* Any wif that has the value True under all interpretations is valid.
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Efﬂ [a] [8] [c] Eﬁfl

Floor Floor Floor

Figure 15.2

Three Blocks-World Situations

* Any wif that does not have a model is inconsistent or unsatisfiable.

* If a wif w has value True under all of those interpretations for which each
of the wffs in a set A has value True, then A logically entails @ (A = w).

» Two wifs are equivalent it and only if their truth values are identical under
all interpretations {that is, if and only if the two wffs logically entail one
another),

Knowledge

Predicate-calculus formulas can be used to represent knowledge that an agent
has about the world. A set, A, of such formulas is called a knowledge base of the
agent, and if the formula » is included in A, we say (oosely) that the agent
"knows” w. (It would be more accurate to say that the agent “believes” w.)

Let's examine more closely what might be meant when we say that a set of
formulas embodies knowledge about the world. For example, do the following
formulas embody knowledge about a possible blocks world? -

1. On{A, F1) O C1sar(B)

2. Clear(B) A Clear(C) O On(A, F1)
3. Clear{B) v Clear(A)

4 Clear(B)

5. Clear(C)

Using the mnemonics as a hint, we can easily construct blocks-world interpre-
lations that satisfy these formulas and thus are models of them. The situations
we have in mind are illustrated pictorially in Figure 15.2. In all three of these,
the model uses the same mapping of object constants to objects that was used in
Table 15.1. The mappings between relation constants and relations in the world
are different in the three models, however. In one, the relation constant On is
mapped to the relation On = {< B, A >, < A, Floor >, < C, Floor >}, and the re-
lation constant Clear is mapped to the relation Clear = {< C > < B >}. You can
eastly establish the models corresponding to the other two blocks-world situa-
tions.
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There are also models of these formulas other than the ones suggested by the
predicate-calculus mnenomics. For example, there is a model in which B and ¢
are just different predicate-calculus names for the same object in the world, say,
B. And there are models in which 4, B, and € aren't assigned to blocks at all but to
numbers, say.” Some of these alternative models might be ruled out by providing
additional formulas. For example, we could rule out the models corresponding to
two of the situations in Figure 15.2 by supplying the additional formula Clear (),
assuming again the assignment of object constants to objects given in Table 15.1.
As [ mentioned when discussing the propositional calculus, the more formulas
we have, the fewer are their models. So, if we want to pin down the meanings of
a set of formulas so that these formulas constitute “knowledge” about a particular
world, we must have sufficient formulas so that their models not only include
the wotld we have in mind but exclude worlds with which we do not want our
world to be confused.

Quantification

Suppose we wanted to say that every object in the domain had a certain property
(or participated in a certain relation). We could do this for finite domains by
a conjunction such as Clear(B1) A Clear{B2) A Clear(83) A Clear(B4). But long
conjunctions are cumbersome, and we can't even write down infinite ones, which
might be needed if the domain were infinite.

Or suppose we wanted to say that at least one object in the domain had
a cerfain property. For finite domains, such a statement could be made by a
disjunction such as Clear(B1) v Clear(B2) v Clear(B3) v Clear(B4). Again, there
is a problem with large or infinite domains,

I introduce new syntactic entities for these purposes, namely, variable symbols
and quantifier symbols. In addition to the syntactic entities previously introduced:

1. We have an infinite set of variable symbols consisting of strings
beginning with lowercase letters near the end of the alphabet, such as
P9 T8t ....pLP2 ..., and so on. (These will be distinguished from
function constants by their use in context) A variable symbol is a term
{in addition to the terms 1 defined previously). Thus £(x, Bob, C17) isa
temary functional expression, for example.

2. We have the quantifier symbols, ¥ and 3. ¥ is called a universal quantifier,
and 3 is called an existential quantifier.

3 There is a theorem by Lowenheim that states that all consistent sets of predicate-calculus
wifs have a model whose domain is the integers [Lowenheim 1915).
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15.5.1

3. fwis a wif and £ is a variable symbol, then both (v£)w and (38)w are wifs.
£ is called the variable quantified over, and w is said to be within the scope of
the quantifier. Wifs of the form (Q€)w, where £ is a variable symbol and
( is either ¥ or 3 will most commonly {in our applications) be such that
w has the variable symbol £ embedded somewhere within it as a term. If
all variable symbols besides £ in w are quantified over in o, then ((%)w is
called a closed wff or closed sentence. In all of our applications, wifs will be
closed.

Examples: (¥x)[P(x) 2 k(x)], (3x)[P(x) > @y)[R(x, y) 2 s

We would be able to show (after describing the semantics of quantifiers
below) that (vx)l(¥y)e] is equivalent to (¥y)[(¥x)w], so we could just as well group
the universally quantified variables in a string in front of @: (¥x, y)o. In such a
formula, o is called the matrix. Similarly, for existential quantifiers. But mixtures
of universal and existential quantifiers must retain their order! It is not the case
that (¥x)[(3y)w] is equivalent to )l (¥x)al. J

We would also be able to show (after describing semantics below) that the
variable of a quantifier is a kind of “dummy variable” and thus can be renamed
without changing the value of the wff. Thus (¥x)w is equivalent to (¥y)w if all
occurrences of x in w are replaced by y. Similarly, for existential quantifiers.

Since quantifying over variable symbols gives the predicate calculus so much
expressive power, you may ask whether or not we can quantify over relation and
function symbols also. In the version of the predicate calculus we are using, such
quantification is not allowed. For this reason, it is called the first-order predicate
calculus. Second- and higher-order predicate calculi allow quantification over
relation and function symbols, but at the expense of much more complex
inference mechanisms.

Semantics of Quantifiers
Universal Quantifiers

(YE)w(€) has the value True (under a given assignment of object constants,
function constants, and relation constants to objects, functions, and relations}
just in case w(£) has the value True for all assignments of the variable symbol £
to objects in the domain.

Example: Suppose we use the two interpretations for Clear and On suggested
by the configurations in Figure 15.2. Under each of these interpretations, what is
the truth value of (¥x}(0a(x, ¢} 3 —Clear(C)]? In these interpretations, the variable
x can be assigned either to A, B, C, or Floor. We must investigate each of these
assignments in turn for each of the interpretations. For example, with x assigned
to A, if On(x, €} o ~Clear(C) is to have value True, we would either have to have
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15.5.2

15.5.3

15.5.4

<A (> not in the relation On or <C> not in the relation Clear. In fact, in each
interpretation, <C> is in the relation Clear, but <A, C> is not in the relation
On, so the first agsignment (of x to A) results in the value True. I leave it to you
to investigate the remaining assignments.

Existential (Quantifiers

(38)w () has the value True (under a given assignment to objects, functions, and
relations) just in case w(¢) has the value True for at least one assighment of the
variable symbol ¢ to objects in the domain.

Useful Equivalences

The following equivalences, analogous to DeMorgan’s laws, can be established
given the semantics of the quantifiers:

~(¥)w(€) = (H)w(f)
~(Fw(§) = V) w(f)

And | have already mentioned

(V8w (€) = (Yn)w(n)

Rules of Inference

The propositional-calculus rules of inference, suitably generalized, can also be
used with the predicate calculus. These include modus ponens, A introduction
and elimination, v introduction, - elimination, and resolution. I generalize the
resolution rule in the next chapter. In addition to the propositional rules, two
important ones are

* Untversal msiantiation (UI). From (Y€)w(£), infer (), where o(£) is any
wif with variable £, o is any constant symbo), and w(a) is w() with o
substituted for £ throughout w.

Example: From (¥x)P(x, £(x), B) infer P(4, £(4), B).

* Existential generalization (EG). From w(e), infer (3)w(£), where w(a) is a wif
containing a constant symbol , and w(€) is a form with £ replacing every
occurrence of & throughout .

Example: From (Yx)Q(4, g(4), x) infer (3y)(Yx)Q(y, g(y), x).

It is easy to show that both Ul and EG are sound rules of inference,
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Predicate Calculus as a Langunage
for Representing Knowledge

Conceptualizations

The big problem for Al is what to say, not how to say it. The predicate calculus
docs no more than provide a uniform language in which knowledge about the
world {after we have it!} can be expressed and reasoned about. The consequences
of the knowledge thus represented can be explored through logical deduction
methods to be described in the next chapter.

The first step in representing knowledge about a world is to conceptualize it in
terms of its objects, functions, and relations. Conceptualization usually involves
an act of invention on the part of the conceptualizer. There are often many choices
about what kinds of objects we think might exist in our worlds. We are free to
conceptualize the world in any way we wish; however, some conceptualizations
will be more useful (not necessanly more “correct” than others.

Next, we invent predicate-calculus expressions whose intended meanings
mvolve the objects, functions, and relations. Finally, we write wifs that are
satisfied by the world as we have conceptualized it. These wifs will be satisfied by
other interpretations as well; we need only to take care that they are not satisfied
by interpretations that our state of knowledge about the world can preclude.

When designing agents that must reason about and interact with actual
trather than imagined) worlds, it is important that conceptualizations be greunded.
That is, the truth values of at least some of the atoms used in a knowledge
base must be evaluable through perceptual mechanisms connected to the world.
Other atoms may be defined in terms of these primitive, perceptual ones, but
the whole structure must rest on perception of some sort if the conclusions
produced by logical methods are to have relevance to the world the robot
inhabits. Mathematics, on the other hand, does not need to be grounded because
mathematical statements need not be about the physical world,

The first serious proposal in Al to use the predicate calculus to represent
knowledge about the world was by John MiCarthy [McCarthy 1938], A large
project {the CVC project) to represent millions of commonsense facts about the
world is described in [Guha ¢ Lenat 1990, Lenat 1995, Lenat & Guha 19901, For
a4 more complete discussion of the role of logic in AL see [Nilsson 19911 For a
textbook treatment of Al based on logic, see [Genesereth & Nilsson 1987).

Examples

[ llustrate the process of conceptualizing knowledge about a world with some
examples. Suppose we are designing an agent that delivers packages in an office
building. Among other things, il will need to have 4 relation constant whose
mtended denolation is the property of something being a package. Let's usc
Package(x). Most likely, it will need to have a relation constant whose intended
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denotation is that a certain object is in a certain room. Let's use Inroom(x,y). And,
to handle my examples, it will need to have a relation constant whose intended
denotation is that a certain object is smaller than another certain object. With
these, we can express in the predicate calculus the following sample statements
about the world of this robot:

* “All of the packages in room 27 are smaller than any of the packages in
room 28

(¥x, y){[Packags(x) A Package(y) A Inroom(x, 27) A Inroom(y, 28] >
Smaller(x, y}}

* “Every package in room 27 is smaller than one of the packages in room 29"
This statement is ambiguous as it stands {a common phenomenon
when using everyday language). It could be represented by either of the
following two formulas {which are not equivalent!):

(3y)(¥x){[Package(x) A Package(y) A Inroom(x, 27) A Inroam(y, 29)! 2
Smaller(x, y]]

(¥x)(3y}{[Package(x) A Package(y) A Inroom(x, 27) A Inroom(y, 29)] O
Smaller(x, y}}

Some knowledge about our robot’s worid may require us to conceptualize the
notion of time. Consider, for example, the statemen! “Package A arrived before
Package B” A reasonable conceptualization would have objects that are time
intervals and ordering relations on the intervals. And we must have a way of
stating the arrival time of an object. Let's use Arrived(x,z), where x denotes an
arriving object, and z denotes the time interval during which it arrived. With
these, we can write

(321, z2){Arrived(A, z1) A Arrived(B, 22) A Before(zl, z2)]

I discuss a conceptualization for time intervals in more detail in Chapter 18, There
are also other methods, some involving temporal logics (Emerson 1989, Shoham
1987), that have been used in computer science and Al to deal with time.

Inventing conceptualizations can often involve rather thomy questions. For
example, it is difficult to decide how to deal with so-called mass nouns such as
‘milk” in the statement, "The package in room 28 contains one quart of milk” Is
milk an object having the property, say, of being white? If so, what happens when
we divide a quart into two pints? Does it become twe abjects (both of which are
white), or does it remain as one? Many of these questions remain subjects for
continuing research.

Later in the book, I will use conceptualizations that treat inténgible things,
such as situations and actions, a5 objects. I will also introduce extensions to
the predicate calculus that will allow one agent to make statements about the
knowledge of another agent, as in “Robot A knows that Package B is in room 28
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15.7

Additional Readings and Discussion

As previously mentioned, the use of logical sentences to represent knowledge and
the use of logical inference procedures to do reasoning has been controversial
in AL See (McDermott & Doyle 1980] and the associated discussion for examples
of the points made by both sides. Some of the controversy has to do with the
mismatch between the precise semantics of logical languages due to [Tarski 1935}
{see [Tarski 1956] for an English translation} and the more fluid and context-
dependent ideas of meaning that seem to be required for representations of
real-world (as opposed to mathematical) knowledge.

Tarskian semantics associates definite world individuals with object constants
in the language. An alternative view emphasizes the need for so-called indexical-
functional representations. In the words of Agre and Chapman [Agre & Chapman
1990, p. 211;

Whereas traditional representations posit a “semantic” correspondence
between symbols in an agent’s head and objectively individuated objects in
the world, our theory describes a causal relationship between the agent and
indexically and functionally individuated entities in the world. For example, one
of the entities Pengi {described in {Agre & Chapman 1987)) works with is the-
bee-I-ani-chasing. This entity is individuated indexically in that it is defined in
terms of its relationship to the agent ('), It is also individuated functionally
in that it is defined in terms of one of the agent's ongoing projects (chasing
a bee). Whereas in a traditional representation, the symbols BEE-34 and
BEE-35 would always refer to the same two bees, different bees might be
the-bee--am-chasing at different times.

Nevertheless, as we shall see in following chapters, researchers have heen able
to employ logical languages (with some extensions) to many Al representation
and reasoning tasks.

[Enderton 1972, Pospese] 1976] are two books on logic—the first rather math-
ematical, and the second more informal. For a quite readable overview, which
includes illustrative computer programs, see [Barwise & Etchemendy 19931

Exercises

15.1 Give a modet of the following furmulas whose domain is the integers:

1. On(4, F1) D Clear(B}

2. Clear(B) A Clear(C) O On(4, F1)
3, Clear(B) v Clear(a)

4. Clear(B)

5. Clear(C}
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15.2 Show that the wif (3x)0n(x, &) D ~Clear(a) has value True in each of the
interpretations suggested by the contigurations of Figure 15.2

15.3 The following wifs have an abvious "blocks-world” interpretation:
On(C, A)
On(A, F1)
On{B, F1)
Clear(C)
Clear(B)
(Yx)lClear(x) D —~(Jy)On(y, x)]

Invent another interpretation {objects, relations, and a mapping) that satisfies the
conjunction of these wifs.

15.4 For each of the following predicate-calculus expressions, say whether it
can be a syntactically legal sentence (wff), and, if not, why not. For each legal
sentence, say whether it is valid (necessarily true), unsatisfiable (necessarily false),
or contingent (dependent on the interpretation). For each confingent sentence, give
an interpretation for the symbols that makes the sentence true,

|. Won(Election, Clinten) A Won(Election, Bush)

2 -

3. (¥ s) {Attends(s, (CS221 v {S167))]

4. (¥ x) [Set(x) D (Subset(x, x) v —Subset(x, x))]

5 (M x) [P(x) v Q(x)] -3 x) [(=P(x} v Q(x))]

6. (¥ x){IsTrue(x)]

7 (3 x y z)[Equalladd(x, y), add(x, y, z))]

8 P{Igor) A Q(Bertha) ~ (¥ x) [-(P(x} v G(x))]

9. (=(3x)) D NonExistent (x)
15.5 A steeple-building robot looks for two blocks that are clear and puts one
of them on top of the other (if the block being moved can be focated as being
on some other block or on the floor). Write down a first-order predicate-calculus

expression that might be used to determine whether or not there exist two such
blocks.

15.6 A robot in grid world can move into a cell if that cell is one of the four
adjacent cells and if that cell is free of obstacles. In that case, we say that the cell
is avatlable. Also, the grid world has no “tight spaces” {as defined in Chapter 2),

Invent predicate-calculus expressions that can be used to define when a cell
15 available and to describe the “no-tight-space” condition.
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Unification

| abbreviate wifs of the form (v&y, &, .. ., BN viazv.. vipbyhviav. vy,
where i Ay ..., i) are literals that might contain occurrences of the variables
£1,& ... &. Thatis, [ simply drop the universal quantifiers and assume universal
quantification of any variables in the ;. (Later, I will show how any existentially
quantified variables can be eliminated first) Wifs in this abbreviated form are
called clauses. Sometimes 1 write a lause using set notation {Ay, &5, ..., A} and
assume disjunction among the elements of the set.

If two clauses have matching but complementary literals, we can resolve
them—just as in the propositional calculus. If we have a literal, A(§), in one clause
(where £ is a variable) and a complementary literal =i(r) in another clause, where
r 1s some ferm that does not contain £, we can substitute r for £ throughout the
first clause and then do propositional resolution on the complementary literals
to produce the resolvent of the two clauses.

Exampie: Consider the two clauses P(f(y), 4) v Q(B,C) and —P(z, A) v R{z, C)
v5(4,B). Substituting f(y)} for the x in the second clause yields —P(f(y), &)
VR(£(y),C) v 8(A B). Now the first literals in the two clauses are exactly com-
plementary, so we can perform a resolution on this literal, P(£(y),4), to yield
the resolvent, R(£(y), C) v S(A, B) v Q(B, C).

The appropriate substitution is computed by a process called unification.
Unification is an extremely important process in AL In order to describe it, I
must first discuss the general topic of substitutions.

The terms of an expression can be variable symbols, object constants, or
functional expressions, the latter consisting of function constants and terms, A

253
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substitution instance of an expression is obtained by substituting terms for variables
in that expression. Thus, four substitution instances of P[x, £(y), B] are

P{z, f(w), Bl
Pix, f(A), B)
Plg(z), £(4), B]
P[C, £(A), B]

The first instance is called an alphabetic variant of the original literal because we
have merely substituted different variables for the variables appearing in P[x,
£(y), B]. The last of the four instances shown is called a ground instance, since
none of the terms in the literal contains variables. (A ground term is a term that
contains no variables.)

We can represent any substitution by a set of ordered pairs:s = {r1/£), 12/&2, . . .,
Tn/En). The pair r;/¢; means that term 1; is substituted for every occurrence of the
variable & throughout the scope of the substitution. Also, no variable can be
replaced by a term containing that same variable, The substitutions used earlier
in obtaining the four instances of Plx, £(y), Bl are

sl = {z2/x,w/y}
s2={A/y}

$3 = (g(z)/x. Ay}
s4 = {C/x, A/y)

To denote a substitution instance of an expression, o, using a substitution, s,
I write ws. Thus, P[z, £(«), Bl = P[x, f(y), B)sl. The composition of two
substitutions st and s2 is denoted by s1s2, which is that substitution obtained
by first applying 52 to the terms of 51 and then adding any pairs of s2 having
variables not occurring among the variables of s1. Thus,

{g(x, y)/z}{A/%,B/y, C/u,D/z} = {g(A B)/z A/x Bfy,C/u}

It can be shown that applying s1 and 52 successively to an expression w is the

same as applying 5152 to w; that is, (ws1)s2 = w(s1s2). It can also be shown that

the composition of substitutions is assoctative. That is, (s1s2}3 = 51(s253).
Example: Let w be P(x, y), st be {£(y)/x}, and s2 be {A/y}. Then

(ws1)s2 = [P{E(y), y)H{A/y} = P(£(A), &)
and
w(5152) = [P(x, T (R)/x, Afy} = P{£(A), A)

Substitutions are not, in general, commutative; that is, it is not generally the
case that s1s2 = s251. So, the order of applying substitutions makes a difference.
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Example (using w, s1, and s2 from the preceding example):
w(s1s2) = P(£(A}, &)
w(s2s1) = [P{x, YA/, £(y)/x} = P(E(y), A)

When a substitution s is applied to every member of a set {ay} of expressions,
I denote the set of substitution instances by {w;)s. We say that a set {a} of
expressions is unifiable if there exists a substitution s such that wis = ws =
anss=.... Insuch a case, s is said to be a uniffer of {w;} since its use collapses the set
to a singleton. For example, s = {A/x, B/y} unifies {P[x, £(y), B}, Plx, 1(B), B}, to yield
{PlA, £(B), B]}. Although s = {#/%, B/y} is a unifier of the set (Pix, £(y), B, Plx, £(B), B]},
in some sense it is not the simplest unifier. We note that we really did not have
to substitute 4 for x to achieve unification. The most general (or simplest) unifier,
mau, § of {w;}, has the property that if s is any unifier of {«;} yielding {w}s, then
there exists a substitution s' such that {w;}s = {w;}gs’. Furthermore, the common
instance produced by a most general unifier is unique except for alphabetic
variants.

There are many algorithms that can be used to find the most general unifier of
a finite set of unifiable expressions and that report failure when the set cannot be
unified. The algorithm UNIFY, given here, is adapted from one given by [Chang &
Lee 1973, p. 771 1t works on a set of list-structured expressions in which each literal
and each term is written as a list. For example, the literal -P(x, £(4, y)} is written
as (P x (f 4 y)) inlist-structured form. The expression —¥ is the first top-level
expression in our example list, and (f 4 y) is the third top-level expression.

Basic to UNIFY is the idea of a disagreement set. The disagreement set of a
nonempty set W of expressions is obtained by locating the first symbol {counting
from the left} at which not all the expressions in W have exactly the same symbol,
and then extracting from each expression in W the subexpression that begins with
the symbol occupying that position. The set of these respective subexpressions
is the disagreement set of W, For example, the disagreement set of the set of two
lists {(—~P x (£ A y)),(—P x (f z B))isthe set {4, z}. The disagreement set can be
brought into agreement with the substitution A/z.

UNIFY(T) (T is a set of list-structured expressions.)
1. k « 0, T} « T, 0y « ¢ (Initialization step; e is the empty substitution.}
2. If Ty is a singleton, exit with oy, the mgu of I'. Otherwise, continue.
3. Dy « the disagreement set of T},

4. If there exists elements vy and ty in I}, such that vy is a variable that does
not occur in ty, continue. Otherwise, exit with failure; T is not unifiable.

5. 01 + ogfte/vel Ty« Tyltx/vi} (Note that Ty, =Tpop, )
6. ke k+1
7. o to step 2.
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[Chang & Lee 1973, p. 79] prove that UNIFY either finds a most general unifier
of a set of unifiable expressions or reports failure when the expressions are not
unifiable. The algorithm produces the mgu as a pair of list-structured expressions,
but these can easily be converted back to the form used in first-order logic. There
are several algorithms that perform unification, including one that runs in linear
time {Paterson & Wegman 1978].

As examples, [ist here the most general common substitution instances (those
obtained by applying the mgu} for a few sets of literals. You might step through
UNIFY for each of the sets of literals.

Most General Common
Sets of Literals Substitution Instances

[P{x), P(})} P(A)
Pl (x), y, g(y)], PlE(x), z, g(x)]) Plt(x), x, g(x)]
{Plf(x, g(A, 7)), g(& v)| Plf(x, 2), 2]} P£(x,g(4,7)),2(h,y)]

In step 4 of UNIFY, we check to see if a variable occurs in a term we are about
to substitute for it. Such a substitution would lead to an infinite loop and is thus
not allowed. As an example, suppose we are attempting to unify P(x,x) with
P(£(z),2). UNIFY would first substitute £(z) for x in these expressions, vielding
P(f(2),f(z)) and P(£(z),z). Without the occur check, it would then substitute
1(z) for z yielding P(£(£(2)),1(£(2))) and P(£(£(z}),£(z)) and so on.

Predicate-Calculus Resolution

Suppose that y; and y; are two clauses (represented as sets of literals). If there is an
atom ¢ in y; and a literal —~y in y; such that ¢ and ¥ have a most general unifier, ,
then these two clauses have a resolvent, p. The resolvent is obtained by applying
the substitution u to the union of y; and y,, leaving out the complementary
literals. That is,

e=n—1{eh U —{=¢¥hiu

Before two clauses are resolved, in order to avoid confusion about variables,
we rename the variables in each elause so that none of the variables in one clause
occurs in the other. For example, suppose we are resolving P(x) v Q(f(x)) against
Rig{x)} v —Q(£(4)). We first rewrite the second clause, say, as Rig(y)) v —Q(f(A})
and then perform the resolution to obtain P(a) v R(g(y)). Renaming the variables
is called standardizing the variables apart.

Here are some examples.

{P(x}, Q(x, y)} and {—P(4), R(B, )} resolve to produce {Q(4, v), R(B, z)}.

{P{x, x}, Q(x), R(x)} and [=P(4 ), ~Q(R)} resolve in two different ways to
produce {Q(4), R(A), ~Q{B)} and {P(B, B), R(B), ~P(4, 2)}, respectively.
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There is a slightly stronger definition of predicate-calculus resolution that
is sometimes needed. For example, consider the two clauses {P(u), P(v)} and
{=P(x), =P(y}}. These clauses have ground instances equivalent to P(A) and ~P(4),
respectively (obtained with the substitution A/u, A/v, 8/x, A/y). From these ground
instances, we can infer the empty clause, so we ought to be able to infer it also
from the original clauses, but we cannot do so using the resolution rule just
given. The stronger rule is as follows.

Suppose that y; and y; are two clauses {again, represented as sets of literals).
If there is a subset y| of y1 and a subset y; of y; such that the literals of y| can be
unified with the negations of the literals of y,, with most general unifier, ., then
these two clauses have a resolvent, p. The resolvent is obtained by applying the
substitution g to the union of y; and y,, leaving out the complementary subsets,
That is,

p=lin-mym-ml

Using this definition of resolution, the two clauses {P{v), P(v)} and {-P(x),
-P(y)} resolve to produce the empty clause.

Completeness and Soundness

Predicate-calculus resolution is sound. That is, if p is the resolvent of two clauses
¢ and ¥, then {¢, ¥} = p. The proof of this fact is not much more difficult than
the proof of soundness of propositional resolution. Just as in the propositional
calculus, completeness of resolution is a more complicated matter. We cannot
infer by resolution alone all the formulas that are logically entailed by a given set.
For example, we cannot infer P(4) v P(B) from P(4). In propositional resolution,
we surmounted this difficulty by using resolution refutation, and we can do the
same in the predicate calculus. To guarantee refutation completeness, however,
we must use the stronger rule of resolution just given.

Converting Arbitrary wffs to Clause Form

Just as in the propositional calculus, any wif can be converted to clause form.
The steps are as follows:

1. Eliminate implication signs (same as in propositional calculus).
2. Reduce scopes of negation signs (same as in propositional calculus).

5. Standardize variables. Since variables within the scopes of quantifiers are
like “dummy variables,” they can be renamed so that each quantifier has
its own variable symbol,

Example: (vx)l-P(x) v (3x)q(x)] would be rewritten as
{vz)[=P(x) v 3y)Q(y)]
4, Eliminate existential quantifiers.
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Example: In (vo)l(3y)Height(x, y)l, the existential quantifier is within
the scope of a universal quantifier, and thus the y that “exists” might
depend on the value of x. For example, if the intended meaning of
(Vx)[(Fy)Height(x, y)| is “every person, x, has a height, y," then ohviously
height depends on the person. Let this dependence be explicitly defined
by some unknown function, say, h(x), which maps each value of x into
the y that exists, Such a function is called a Skolem function.! If we use
the Skolem function in place of the y that exists, we can eliminate the
existential quantifier altogether and write (¥x)Heightix, h(x)).

The general rule for eliminating an existential quantifier from a wif
1s to replace each occurrence of its existentially quantified variable by
a Skolem function whose arguments are those universally quantified
varlables that are bound by universal quantifiers whose scopes include
the scope of the existential quantifier being eliminated. Function symbols
used in Skolem functions must be "new” in the sense that they cannot
be ones that already occur in any of the wifs to be used in a resolution
refutation,

Thus, we can eliminate the (3z) from

1(¥93Q(0)] D (YO{(¥p)(32)[P(x, 3. 2) D (Yu)R(x, . 1, 2)]})
to vield

[(¥3atw)] D (Y (Y9)IP(x, v, g(x. )} D (VwR{x, ¥, u, g(x, )
and we can eliminate the (3w) from

(Yx)[=P(x) v {{Yy)=P(y} v P(£(x, y)] A (B0)[QLx, w) A =P(w)}}
to yield

"(Yx){=P(x) v {(¥y)[=P(y) v P(£(x, y))] A [0(x, hix)) A ~P(a(x)]})

where g(x,y) and k(x) are Skolem functions.

If the existential quantifier being eliminated is not within the scope
of any universal quantifiers, we use a Skolem function of no arguments,
which is just a constant, Thus, (3x)P(x) becomes P(8k), where the constant
symbol Sk is used to refer to the entity that we know exists. Again, it is
necessary that Sk be a new constant symbo! and not one used in other
formulas to refer to known entities.

To eliminate all of the existentially quantified variables from a wif, we
use the preceding procedure on each subformula in turn. Eliminating the

i
1. Skolem functions are named for the logician Thoralf Skolem [Skolem 19207,
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existential quantifiers from a set of wifs produces what is called the Skolem
form of the set of formulas.

It should be noted that the Skolem form of a wit is not equivalent
to the original wifl The formula (3x)P(x) is logically entailed by its
Skolem form, P(Sk), but not vice versa. As another example, note that
[P{A) v P(B)] = (3x)P(x), but [P(A) v P(B)] & P(Sk). What is true is that a set
of formulas, A, is satisfiable if and only if the Skolem form of A is. Or,
more usefully for purposes of resolution refutations, A is unsatisfiable if
and only if the Skolem form of A is unsatisfiable [Loveland 1978, pp. 411f]

5. Convert to prenex form. At this stage, there are no remaining existential
quantifiers, and each universal quantifier has its own variable svmbol. e
may now move all of the universal quantifiers to the front of the wif and
let the scope of each quantifier include the entirety of the wif following
it. The resulting wif is said to be in prenex form. A wff in prenex form
consists of a string of quantifiers called a prefix followed by a quantificr-
free formula called a matrix. The prenex form of the example wif marked
with an * earlier is

(FD{=P(x) v {l=Ply) v P{E(x, y)] A [Q0x, hix)) A —P(a(x))l}}

6. Put the matrix in conjunctive normal form. Same as in propositional
calculus. We may put any matrix into conjunctive normal form by
repeatedly using one of the distributive rules, namely, by. replacing
expressions of the form wi v {wy A ws) by {w v ) A (@) v o).

When the matrix of the preceding example wif s put in conjunctive
noermal form, it becomes

(YR} (YY) {[=P() v —P(y) v P{F(x, 7] A [=P(x) v Q(x, hix))] A [=P(x)
v=P(h{x))}

7. Eliminate universal quantitiers. Since all of the variables in the wifs we
use must be within the scope of a quantifier, we are assured that all the
variables remaining at this step are universally quantified. Furthermore,
the order of universal quantification is unimportant, so we may eliminate
the explicit occurrence of universal quantitiers and assume, by convention,
that all variables in the matrix are universally quantified. We are left now
with just a matrix in conjunctive normal form.

8. Eliminate » symbols. We may now eliminate the explicit occurrence of A
symbols by replacing expressions of the form (w) A wy) with the set of
wifs {wy, w;). The result of repeated replacements is to obtain a finite set of
wifs, each of which is a disjunction of literals, Any wil consisting solely of
a disjunction of literals is called a clause, Our example wif is transformed
into the following set of clauses:
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—P(x) v ~P(y) v Pl£(x, y)]
-P(x) v Qlx, h(x)]
—-P(x) v =Plh(x)]

9. Rename variables. Variable symbols may be renamed so that no variable
symbol appears in more than one clause. We note that (vx)[P(x) A Q(x)] is
equivalent to [(¥x)P(x) A (¥9)Q(y)]. Our clauses are now

~P(x1} v =P(y) v Plf(x1, y)!
—P(x2) v ([x2, h(x2)]
—P(x3) v ~P[h(x3)]

The literals of a clause may contain variables, but these variables are always
understood to be universally quantified.

165 Using Resolution to Prove Theorems

When resolution is used as a rule of inference in a theorem-proving system, the
set of wifs from which we wish to prove a theorem is first converted into clauses,
It can be shown that if the wif « logically follows from a set of wifs, A, then it also
logically follows from the set of clauses obtained by converting the wifs in A to
clause form, and vice versa [Davis & Putnam 1960]. Therefore, for our purposes,
clauses are a completely general form in which to express predicate-calculus wifs.

Resolution refutation can be shown to be both sound and complete [Robinson
1965]. (See also [Chang & Lee 1973, p. 851) Thus, to prove a wif & from A, we
proceed just as we did in the propositional calculus. We negate w, convert this
negation to clause form, and add it to the clause form of A. Then we apply
resolution until we deduce the empty clause. We can use any of the ordering
and refinement strategies that we discussed in connection with resolution in the
propositional calculus.

As an example, let's return to the package delivery robot mentioned in the
last chapter. Suppase this robot knows that all of the packages in room 27 are
smaller than any of the ones in room 28, That s,

L. (Vx, y}{[Package(x) A Package(y) A Inroom(x, 27) A Inroom{y, 28)] O
Swaller(x, y)}
Abbreviating the predicate symbols to make our formulas more compact
and converting to clause form vields:

2. =P(x) v =P(y) v —I(x, 27) v —L(y, 28) v S(x, ¥)
Suppose that the robot knows that package A is either in room 27 or in
room 28 (but not which), It knows that package B is in room 27 and that
package B is not smaller than package A.

3. P(8)
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—I(A,27) I(A,27) v I(A,28)
{negation of wif
to be proved) =P} v =P(y) v =I(x,27) v -I{y,28) v S(x,y)
I(4,28) P(4)

—P{x) v —P{A} v =I{x,27)

-P(x} v =I(x,27) v S(x,4)

Figure 16.1

v 3(x,A) P(B)

—I(B,27) v 5(B,A)

A Resolulion Refutalion

166

4. P(B)

. T(K,27) v I(4, 28)
6. I(B,27)

7 —5(B, 4)

(W)}

Using resolution refutation, the robot can prove that package A is in room 27 A
proof tree is shown in Figure 16.1. The negation of the wif to be proved is shown
in the upper left; the wifs corresponding to what the robot knows explicitly are
shown along the right-hand side of the figure. Substitutions used during the
resolutions are also shown.

Answer Extraction

To use resolution to answer questions using knowledge about a domain repre-
sented by predicate-calculus wifs, we frequently have to do more than prove a
theorem. For example, suppose we must prove a theorem of the form (36)w(2).
We may also want to produce the & that we have proven exists. To do so, we must
keep track of the substitutions made during the refutation process, We can keep
track of the substitutions by using the device of an answer literal We add a lit-
eral Ans{£y, &, . . ) to cach clause ceming from the negation of the theorem to be
proved and perform resclution until only an answer literal is left. The variables
in the Ans literal are all of those variables that occur in the clause form of the
negation of the theorem to be proved, The terms substituted during the proof for
the variables in the ans literal will then be instances of existentially quantified
variables in the wff to be proved. The answer extraction process was invented by
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—I{4,u) v Ans{w) I(A,27) v I(A,28)
{negation of wff to be proved
with answer literal)

P(x) v =P(y) v —I(x,27) v -I(y,28) v 8(x,y)

I{4,28) v Ans(27)

—P(x) W _'lP(A) W —-I(x,??)
v S{x,A) v Ans(27)

—P{x) v =I(x,27) v S(x,A) v Ans(27) 1(B,27)

8(B,A) v Ans(27)

Ans (27)

Figure 16.2

Answer Extraction

[Green 1969b] It was later analyzed and extended by [Luckham & Nilsson 19711
See also [Nilsson 1980, pp. 175f]

[ give an example of how the 4ns literal is used in Figure 16.2. Now we prove
the wif (Ju)I(4, u), which can be taken to be the way the robot asks itself 'In
which room is A?"

16.7 The Equality Predicate

The relation constants used in the formulas in a knowledge base usually have
intended meanings {that is, relations), but these relations are circumscribed only by
the set of models of the knowledge base and not at all (of course) by the particular
symbols used for relation constants. The results of resolution refutations will be
consistent with intended meanings only if the knowledge base suitably constrains
the actual relations.

There are some important and commonly occurring relations, however, that
we might want all knowledge bases to describe. An example is the equality
relation, for which we might use a relation constant in either prefix form as in
Equals(4,B) or in infix form as in & =B. Just because we include the formula
Bquals(A,B) in a knowledge base does not mean that from P(4) we will be
able to conclude P(B). Nor would we be able to resolve Q€A,B) with —Q(B, 4),
for example. The knowledge base has no way of knowing what Equals means
without additional formulas.

There are some well-known properties of equality that can be expressed in
formulas, which we could add to the knowledge base. The equality relation is

* reflexive (¥x)Equals(x, x)

s symmetric (Vx, y){Equals(x, y) 2 Equals(y, %)l
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» transitive (Yx, y, z)[Equals(x, y) A Equals(y, z) D Equals(x, z)]

Even wilh these axioms we wouldn't be able to prove P(B) from P(4) and
Equals(4,B), What is needed is to be able to substitute equal terms for equal
terms in any expression. To sanction such substitutions, the knowledge base
would additionally need to list all of the allowable substitutions explicitly {for
each predicate constant and function constant}—an impractical requirement.

Several practical alternatives are possible. The strongest is called paramodula-
tion [Wos & Robinson 1968], [Chang & Lee 1973, pp. 168-170]. Paramodulation
is an equality-specific inference rule to be used in combination with resolution
in cases where the knowledge base contains the equality predicate. The rule is
defined as follows.

Suppose that y; and y; are two clauses (represented as sets of literals). If
y1={A{r)Uy/} and y2 = (Equals(a, 8) U y,}, where 7, &, and B are terms, where
and y; are clauses, and where A (1) is a literal containing (possibly among other
terms) the term 7, and if r and & have a most general unifier o, then infer the
binary paramodulant of y; and y;:

x ={Aoi(Ba)Uy o Upa}

where ial(fo)] denotes the result of replacing a single occurrence of 76 1n Ao by
fa. (The symmetry property of equality is handled by a paired rule that reverses
the roles of w and 8.

In operation, the rule is not as complex as its formal definition makes it appear.
As my first example (using a sledgehammer to crack a nut), we prove P(B) from
P(4) and (A =B). (Here, I shift to infix notation for brevity,) For a refutation-style
proof, we must deduce the empty clause from the clauses —-P(B), P(4), and {4 = B).
Using paramodulation on the last two clauses, A(t) is P(A), 7 is 4, a is 4, and 8
is B. Since A (in the role of 1) and A (in the role of @) unify trivially without a
substitution, the binary paramodulant is P(8), which is the result of replacing an
occurrence of r (that is, &) with g (that is, B). Resolving this paramodulant with
—P(B) yields the empty clause.

I leave it to you to work through the following example (taken from {Chang
& Lee 1973, p. 170)):

The binary paramodulant of

P(g(f(x))} v Q(x)
and

[£(g(B)) = Al v R{g(C))

P(g(A)) v Qg(B)) v R(g(C))
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With a slight extension to the kinds of paramodulants allowed (beyond the
binary ones), it can be shown that paramodulation combined with resolution
refutation is complete for knowledge bases containing the equality predicate.

For problems that do not require substituting equals for equals, the power of
paramodulation is not needed. In many cases, we can get by with a technique
called predicate evaluation, If an external process is able to return 4 truth value for
an equality predicate, we can replace that predicate (as it occurs in a formula) by
T or F as appropriate. In resolution refutation, clauses containing the literal T can
then be eliminated. The literal F in any clause can be eliminated Gt can always
be resolved away by an assumed omnipresent T),

Consider, for example, the problem éwhich might be faced by a delivery robot)
of proving that if a package, say, A, is in a particular room, say, K1, then it cannot
be in a different room, say, R2. The robot would have statements like the following
in its knowledge base:

(Vx,y,u, v)[In(x,u) A (u# v)} D —~In(x, v)
In(4, R1)

It attempts to prove —In(A, R2). Converting the first formula into clause form
vields

~Ia(x,u} v (u=v) v =In{x, v)

The strategy postpones dealing with equality predicates until they contain only
ground terms, Resolving the clause with the negation of the wif to be proved
yields

{(R2=v} Vv ~In(4, v}
Resolving this result with the given wit In(4 R1) yields
(R2=R1)

Now, we might imagine that the knowledge base actually contains the wif
—(R2=R1). If it did, we could use it to produce the empty clause, completing
the refutation, But in a large building with M rooms, we would need m*—}’—“
suth inequalitics. And if the robot had to do any reasoning involving numbers,
it might need an unmanageably large set of wffs, such as —~(3742 = 4861), and so
on. Instead of having all of these wifs explicilly in the knowledge base, it would
be better to provide a routine (that is, a program) that would be able to evaluate
expressions of the form (@ = g) for all (ground) ¢ and 8. In my example, the
program would return F {or, equivalently, Ni1) for the expression (R2 = R1), and
the refutation would be complete.

Several other commeonly occurring relations (greater than, less than, ...)
and functions (plus, times, divides, . .. ) could be evaluated directly rather than
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Excrcises

reasoned about with formulas. Evaluation of expressions is thus a powerful,
efficiency-enhancing tool in automated reasoning systems.

Additional Readings and Discussion

Some people find the resolution inference rule nonintuitive and prefer, instead,
so—called natural-deduction methods [Prawitz 1965]. These are called "natural”
because inference is performed on sentences more or less “as is” without trans-
formations into canonical forms. [Bledsoe 19771 discusses some of these nonres-
olution methods.

Larry Wos and the late Woody Bledsoe have been leaders in applying resolu-
tion and other inference methods to the task of proving theorems in mathematics.
This work resulted in new resolution strategies, such as set of support [Wos, Car-
son, & Robinson 1965] and unit preference. Examples of strong theerem-proving
systems (some of which have solved open problems in mathematics) can be found
in [Wos & Winker 1983, Boyer & Moore 1979, Stickel 1988, McCune 1992, McCune
1994, Wos 1993, [Wos, et al. 1992] is a textbook treatment of computer theorem
proving and its applications in problem solving.

Theorem proving has also been applied to the task of verifying and syn-
thesizing computer programs given specifications. [Manna & Waldinger 1992] is
a tutorial treatment of automatic program synthesis. [Manna & Waldinger 1985,
Manna & Waldinger 1990] are book-length treatments of logic and programming.
[Lowry & McCartney 1991] is a collection of articles on program synthesis.

Predicate evaluation is an instance of a more general process called semantic
attachment in which date structures and programs are associated with (that is,
attached to} elements of the predicate-calculus language. Attached structures and
procedures can then be used to evaluate expressions in the language in a way
that corresponds to their intended interpretations [Weyhrauch 1980, Myers 1994].

The Journal of Automated Reasoning covers both the theory and the application
of theorem-proving techniques.
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16.1 Say whether or not the following pairs of expressions are unifiable, and
show the most general unifier for each unifiable pair:

1. P(x,B,B) and P(4, v, 2}

2. P{g(£(v})), g(w)) and P(x, x)

3. P(x, £{x)) and P(y, y)

4. P(y, y.B) and P(z, %, z}

5.2+3=xandx=3+3

16.2 Explain why P(f(x, ), 4) docs not unify with P(£(y, £{y, 4)), 4).
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16.3 Convert the following to clause form:

1. (3 0PI v@ x [Q]1Y o @ ©[P&) v Qx)]

2.(¢V x)[P(x) DY p (¥ 2)[Q(x,y)] D= 2) [R(y,x)]]]
3.0V 0 [P(x)]) >3 x)[(Y 2) (Q(x,2)] v{¥ z) [A{x,y,2)]]
4 (Y ) [P) D 9x,y)] 2(3 pIPY] A3 2)[A,2)])

16.4 We are given the following paragraph:

Tony, Mike, and John belong to the Alpine Club. Every member of the Alpine
Club is either a skier or a mountain climber or both. No mountain climber
likes rain, and all skiers like snow. Mike dislikes whatever Tony likes and
likes whatever Tony dislikes. Tony likes rain and snow.

Represent this information by predicate-calculus sentences in such a way that
you can represent the question “Who is a member of the Alpine Club who is
a mountain climber but not a skier?” as a predicate-calculus expression. Use
resolution refutation with answer extraction to answer it.

16,5 Prove that (Yx)A(x) |= A(r), where 7 is a ground term.

16.6 Show by a resolution refutation that the wif (3x)P(x) logically follows
from the wif [P(A1) v P(a2)]. Is there a resolution refutation that shows that the
Skolemized form of (3x)P(x), namely, P(SK), logically follows from [P(A1) v P(a2)1?

16,7 Sam, Clyde, and Oscar are elephants. We know the following facts about
them:

1. Sam is pink.

2. Clyde is gray and likes Oscar.

3. Oscar is either pink or gray (but not both) and likes Sam.

Use resolution refutation to prove that a gray elephant likes a pink elephant; that
is, prove {3x, y)[Gray(x) A Pink(y) A Likes(x, y)l.

16.8 Yor each of the following formulas, either prove that it is valid or give
a counterexample to its validity. (Hint: Don't rush into the resolution attempts
immediately.)

L {lE0PE)] D Q) 2 {(¥o)lPx) D Q)]

2. {[(¥x)P(x)] 2 Q(A)} 2 {Fx)[P(x) D Q(AY]}

3. @x)(Plx) Q)] o (VoIP(x) D AA))

16.9 Convert the following formula into one that has neither an existential
quantifier nor a Skolem function.

(¥, y)((32)[0n(x, z) A Above(z, y)] > Above(x, y)}
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16.10 Use resolution refutation on a set of clauses to prove that there is a green
object if we are given:

* If pushable objects are blue, then nonpushable ones are green.

* All objects are either blue or green but not both,

* If there is a nonpushable object, then all pushable ones are blue.
* Object 01 is pushable.

* Object )2 is not pushable.

1. Convert these statements to expressions in first-order predicate calculus.
2. Convert the preceding predicate-calculus expressions to clause form.

3. Combine the preceding clause form expressions with the clause form of
the negation of the statement to be proved, and then show the steps used
in obtaining a resolution refutation.

16.11 The function cons(x,y) denotes the list formed by inserting the element
z at the head of the list y. We denote the empty list by Nil; the list (2) by
cons(2,Nil); the fist (1,2) by cons(1,cons(2,¥11)); and so on. The formula
Last(1,e) is intended to mean that e is the last element of the list 1. We have
the following axioms:

* (V u) [Last(cons{u,¥Nil),u}]
¢ (¥ x y z)[Last(y,z) D Last(cons(x,y),2)]

1. Prove the following theorem from these axioms by the method of
resolution refutation:

(Iv){Last{cons(2, cons(1,Nil)), v)
2. Use answer extraction to find v, the last element of the list (2,1).

16.12 The following logic circuit has four wires, W1, W2, W3, and W4. It has an
"and gate." A, and an “inverter,” B. The input wires, W1 and W2, can be either “on”
or not. If the and gate, A, is functioning properly (OK), wire W3 is "on" if and only
if wires W1 and W2 both are “on” If the inverter, B, is functioning properly (0K),
wire ¥4 is “on” if and only if wire W3 is not "on”

L w3 We
’A > B
W2 .

1. Usc expressions like OK(A), ON(W1), and so on to describe the functioning
of this circuit as defined.
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2. Using the formulas describing the functioning of the circuit, and assuming
that all components are functioning properly and that wires Wi and W2
are “on,” use resolution to show that wire W4 is not “on”

3. Again, using the formulas describing the functioning of the circuit, and
given that wires WI and W2 are “on,” but that wire W4 is also “on,’
use resolution to show that either the and gate or the inverter is not
functioning properly.



17.1

Knowledge-
Based Systems

Confronting the Real World

Now that we have studied the use of logic for representation and reasoning
and illustrated its use with some rather simple examples, we ask whether it can
be applied to “real-world” problems. Al research has found that applications
such as medical diagnosis, tax consulling, and equipment design (to name just
a few examples) typically require extensive knowledge of the subject at hand.
This emphasis on the importance of knowledge in applications such as these
prompis us (o use the phrase knowledge-based systems to describe programs that
reason over extensive knowledge bases. Do the methods | have described “scale
up” sufficiently well for practical applications? What are some of the theoretical
properties of reasoning methods that are relevant to this question? In this chapter,
[ deal with some of these questions and discuss some approaches that have
proved useful {or practical reasoning in realistic applications.

There are three major theoretical properties of logical reasoning systems,
namely, soundness, completeness, and tractability, To be confident that an in-
ferred conclusion is “true,” we require soundness, To be confident that inference
will eventually produce any true conclusion, we require completeness. To be con-
fident that inference is feasible, we require tractability. Regarding the predicate
calcutus, we know that resofution refutation is sound and complete, Because it is
complete, we know that if a wif w is logically entailed by a set of wffs, A, resolu-
tion refutation can be used to show that it is. But if w is net logically entailed by
A, the resolution refutation procedure might never terminate. Thus, we cannot
use resolution as a full decision procedure. Furthermore, it can be shown that there
is no other method that will always tell us that a wif  does not logically follow

269
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from a set of wifs A when it doesn't. Because of this fact, we say that the pred-
icate calculus is semi-decidable. Semi-decidability, of course, makes the predicate
calculus inherently intractable.

But the situation is worse. Even on problems for which resolution refutation
terminates, the procedure is NP-hard—as is any sound and complete inference
procedure for the first-order predicate calculus (Borger 1989]. So, although many
reasoning problems can be formulated as problems of resolution refutation, the
method is intractable for very large problems. This fact has led many to despair
of using formal, logical methods for large-scale reasoning problems. (See, for
example, Schwartz 1987, McDermott 19871) Yet, since humans themselves do
complex reasoning, there must be heuristics and special formulations that permit
tractable computations.

Researchers have explored various means to make reasoning more efficient.
First, we could forego our insistence on the soundness of inference nules and use
procedures that might occasionally (we hape rarely) “prave” an untrue formula,
Second, we could forego our insistence on completeness and use procedures that
are not guaranteed to find proofs of true formulas. Both of these modifications
can be used to make reasoning more efficient. Third, we could use a language that
is less expressive than the full predicate calculus. An example of a less expressive
language, to be discussed next, is ene that uses only Horn clauses. Reasoning is
typically more efficient with Horn clauses, and they suffice for many applications.

Reasoning Using Horn Clauses

Earlier, T defined Horn clauses to be clauses that had at most one positive literal.
If there is at least one negative literal and a single positive literal, the Horn clause
can be written as an implication whose antecedent is a conjunction of positive
literals and whose consequent is a single positive literal. Such a clause is called a
rule. There may be no negative literals in the clause, in which case, we write itas an
implication whose antecedent is empty and whose consequent is a single positive
literal; such a clause is called a fact. Or there may be no positive literal in the clause,
in which case, we write it as an implication whose consequent is empty and whase
antecedent is 4 list of positive literals; such a clause is called a goal. Horn dauses
form the basis of the programming language PROLOG [Colmerauer 1978, Clocksin
& Mellish 1987, Sterling & Shapiro 1986, Bratko 1990]. In PROLOG, these clauses
function as statements of the language and are written in the following formats:

. RU]PQ! }‘h - }..b] ,,,,, }‘I[Jn
twhich is a special way of writing the implication Ay A--- ARy D2,
where each %; is a positive literal. The literal Ay, is called the head of the
clause, and the ordered list of literals, A ..., y,, is called the body.

» Facts: Ay, :-

» Goals: o~ ;‘hw"'rlb

n
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The literals in goals and in the bodies of rules are ordered lists, and this order
plays an important role in the execution of a PROLOG program.

Inference over PROLOG clauses consists of attempting to “prove” a goal clause
and is performed by executing a PROLOG program. Such a proof is achieved
by resolutionlike operations performed on PROLOG facts, goals, and rules. Each
resolution is performed between a goal and either a fact or a rule:

* A goal can resolve with a fact by unifying the fact with one of the literals
in the goal. We cali this literal the one resolved upon. The resolvent is a
new godl consisting of a list of all of the substitution instances of the other
literals in the original goal (i.e., those that were not resolved upon}—written
in the same order as in the original goal. The substitution instances are
obtained by applying the mgu of the unification to all of these other
literals.

» A goal can resolve with a rule by unifying the head of the rule with one of
the literals in the goal. The resolvent is a new goal formed by appending
the list of substitution instances of all of the literals in the body of the
rule to the front of the list of substitution instances of all of the other
(nonresolved-upon) literals in the goal.

In PROLOG programs, the clauses are Gsually ordered in the following way:
the first clause is the goal clause, then follow facts, and finally rules. In executing
the program, the interpreter checks for resolutions with the goal by proceeding
through the goal literals in order, examining each clause in order, performing the
first possible resolution, and then starting over with the new goal clause. Proof
of a goal clause succeeds when the new goal produced by a resolution is empty,
That can happen only when a goal clause having a single literal resolves with
a fact clause. (Thus, we put the facts first 50 as to succeed as soon as possible)
A goal clause fails (cannot be proved) if the interpreter has tried all resolutions
for one of the goal literals and none results in new goals that can be proved. In
that case, the interpreter backtracks to the previous goal clause and tries other
resolutions on it. This process is readily seen to be equivalent to ordinary linear
resolution on clauses using a depth-first, backtracking search procedure—with
ordering of resolutions governed by the orderings of clauses and of literals within
clauses. If the orders in which we select clauses to resolve and literals in these
clauses to resolve upon are well chosen, a depth-first search using these orders
can be an efficient way to find a proof. The PROLOG programmer specifies the
order of resolutions for a depth-first search by writing the clauses in order and
by writing the literals in each clause in order.

I'illustrate PROLOG inference by some simple examples. The first does not
involve variables and gives a high-level view of the process. Recall the block-
lifting example used earlier to illustrate reasoning in the propositional calculus.
A PROLOG program for proving that the arm moves, given that the block is liftable
and the battery is charged, is shown here.
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(goal) 1
(rule) 4
MOVES

BAT_OK LIFTABLE
Figure 17.1 1
An AND/OR
Proof Tree (fact) 2 (fact) 3

l. :— MOVES

2 BAT_OK :-

3. LIFTABLE :-

4. MOVES :- BAT.OK, LIFTABLE

The first resolution is between the goal clause and statement 4 yielding the new
goal clause : - BAT_OK, LIFTABLE. The new goal clause resolves with statement 2
(resolving on the first literal in the new goal clause) yielding the new goal clause
:~ LIFTABLE. That resclves with statemeni 3, produding the empty goal clause,
terminating the program successfully. In this case, no backtracking was necessary.

The proof we have just obtained can be displayed by the tree structure shown
in Figure 171. The sets of nodes in gray boxes correspond to program statements
(goals, rules, or facts), The nodes are labeled by literals in the program statements.
There are two kinds of arcs, match arcs (indicated by double lines), and rule arcs
(indicated by single lines). Rule arcs connect the body nodes of a rule with the
head node of the same rule. Match arcs connect a body node of one rule (or a
goal node) to an identically labeled head node of another rule {or to a fact). A goal
node or a body node in such a tree is proved if it is connected by a match arc to a
fact node or to a head node that has all of the nodes in its body proved. I use a
circular symbol () joining rule arcs to emphasize that all of the body nodes must
be proved in order for the head node to be praved. The tree in Figure 171 is an
instance of what is called an AND/OR proof tree. In such a tree, body nodes are
called AND nodes because they must all be proved. (If there had been alternative
resolutions possible, the search for a proof tree could have generated additional
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nodes, called OR nodes, through alternative match arcs. We will see an example
of an AND/OR tree with an embedded proof tree subsequently.)

As an example using variables,! we return to the blocks world. Suppose we
want to use the concept of a block being above another block. Using the predicate
calculus, we can define above in terms of on recursively by the following two
formulas:

(¥z, y, 2)[0n(x, ¥) O Above(x, y)|

¥z, y){(32)l0n(x, 2) » Above(z, y)| O Abovel(x, y)}

With these definitions, the following PROLOG program can be used to prove that
block A is above block ¢ when A is on B and B ts on C:

1} :- Above(4,C)

2) On(A,B) :-

3) 0n(B,C) :-

4) Above(x,y) :- On(x,y)

5) Above(x,y) :- On(x,z}, Above(z,y)

The first possible resolution of the goal (with rule 4) produces the new goal
:~ On(A,C). That goal fails, so we hacktrack to the original goal and try the
next resolution (with rule 5} to produce an alternative new goal :- On(A,z),
Above(z,C). Resulving vn the first literal in this goal (with facl 2) produces the
new goal :- Above(B,C). That goal resolves with rule 4 to produce :- On(8,0),
which resolves with fact 3 to produce the empty goal, and the process terminates.
The production of the goal :- Above(B,C) can be thought of as a recursive call
to the same program.

The AND/OR tree illustrating the search performed by the PROLOG interpreter
is shown in Figure 172. The nodes in the proof tree are indicated by bold ellipses,
and the nodes in the part of the search that were sborted are indicated by
shaded nodes. Some of the match arcs are labeled by substitutions {obtained
when unifying body nodes with head nodes), and the boxed structures repre-
sent substitution instances of rules. In order that the tree represent a legal
proof, substitutions must be nsistent. Consistency here requires that the same
term be substituted for the variable z throughout the proof tree. Of course, in
PROLOG consistency is achieved by immediate substitution of terms for variables
in creating a new goal. Note the use of instantiating variables apart in rule 4 of
the proof tree.

L PRDLOG typographical conventions are the reverse of ours; in PROLOG, variables are
capitalized, and constants are strings of lowercase alphanumerics. To facilitate comparison with
FOPC, I adhere to my usual conventions,
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{goal) |

{M‘x,C/y}/ N/LC/:{}

tinstance of
rule) 4

(instance of
rule) 5

hbove(A,C) hbove (4,C)

No further matches possible

{Bz’z}// \\{B/z}

(instance of
tule) 4
(fact) 1 Above(B,C)
Qu(B,C)
{fact} 3
Figure 17.2
LT RS R S 234 A Ay S v o

Ar AND/OR Tree

PROLOG is a general-purpose programming language that has proved useful
in a variety of Al applications, especially in natural language processing {Pereira
& Shieber 19671, A textbook by [Shoham 1994] shows how PROLOG is used to
implement several Al techniques. Logical languages related to PROLOG (such as
DATALOG) are used to define “intensional relations” with which to augment the
explicitly occurring (extensionat relations) in a relational database. For a thorough
treatment of the use of logical methods in databases, see [Uliman 1988, Ullman
1989]. [Minker 1997] is a rcadable survey article.

These elementary PROLOG programs illustrate how Horn clause rules can be
used for reasoning problems In PROLOG, reasoning proceeds "backward,” be-
ginning with the goal to be established, chaining through rules, and finally
anchoring in facts. Al systems that perform this style of backward reasoning
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using goals, rules, and facts are said to perform backward chaining. Forward chaining
15 also possible. In that case, reasoning proceeds forward, beginning with facts,
chaining through rules, and finally establishing the goal. Forward-chaining sys-
tems usually represent rules in standard implicational form, with an antecedent
consisting of positive literals, and a consequent consisting of a positive literal.
Just as PROLOG is a system based on backward chaining, there is a computer lan-
guage, called OPS5 [Brownston, et al. 1985), that is based on forward chaining.
Several practical and efficient reasoning systems have been written in OPS5.

In forward-chaining systems, a rule is applicable if each of the literals in its an-
tecedent can be unified with a corresponding fact (using consistent substitutions).
Since facts are ground atoms, variables occur in only one of a pair of expressions
to be unified. This restricted form of unification is usually called patterm matching.
Application of a rule (whose antecedent literals are matched consistently to facts)
is achieved by adding the corresponding instance of the consequent of the rule
to the list of facts. When more than one rule is applicable, some sort of exter-
nal conflict resolution scheme fs used to decide which rule will be applied. When
there are large numbers of rules and facts, the number of unifications that must
be tried becomes prohibitive. OPS5 uses a procedure called the RETE algorithm,
which compiles the rules into a network used to guide facts efficiently through
consistent matches with rules (Brownston, et al. 1985, Forgy 1982

The process of forward chaining—facts triggering rules, which add new facts,
and so on—is quite analogous to the workings of the blackboard systems |
discussed in Chapter 5. In a specialized form, it also serves as a model of aspects
of human cognitive processing, The facts correspond to what is called working
o short-term memory. The rules correspond to long-term memory. In Al the most
fully developed systems based on this cognitive model are those based on the
SOAR formalism [Laird, Newell, & Rosenbloom 1987, Rosenbloom, Laird, & Newell
1993,

Maintenance in Dynamic Knowledge Bases

Forward chaining makes manifest facts that were entailed by rules but that were
not explicitly available in a knowledge base until they were deduced. Onge
available, these deduced facts might then be used to deduce additional facts, or
they might evoke agent actions. Thus, forward-directed reasoning can be viewed
as making changes to a knowledge base of facts, I elaborate on that view here.

Consider a knowledge base, KB, of propositional calculus atoms, Here, we
call the atoms premisses instead of facts because we want to be able to reason
about various “what-if* possibilities. For concreteness, let's consider an example
in which the premisses are P and g and the rules are PA Qo Rand P v R 5 8. Note
that the rules are implications with single-literal consequents, just as before, but
now they are not restricted to being Horn rules.
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1 1 =P A =P vAR

A Spreadline Reasoning System

A chain of forward reasoning using the rules allows us to add R and S as new
atoms 1o KB. One way to think about this KB is that it is like a one-dimensional
spreadsheet with one row and scveral columns. We might call it a “spreadline”
We have a column for each of P, , R, and 8. And we have a cell in each column
for each of the values of these atoms. In each of P's and §'s value cells, we could
enter either 1s (for True) or 's {for False); in R's value cell, however, we would enter
the formula P A Q, and in §'s value cell we would enter the formula P v R. These
formulas are the antecedents of each of the rules. Some instances of spreadlines
are illustrated in Figure 173. The one on top is a version that shows the formulas;
the unes on the bottom show the deduced values of the cells for two examples.
Just as in spreadsheets, any cell that has o formula in it, gets its value immediately
calculated (by forward chaining) from the values of the components. And if the
values of any components of a formula happen to change, the value of that
formula is automatically changed as well

We could extend the spreadline to contain any number of premisses and rules.
Such a structure can be thought of as a kind of dynamic knowledge base. Reasoning
processes are incorporated (using the tormulas) in mechanisms external to the
explicit values in the cells. Knowledge bases implemented in this manner are
useful for a variety of purposes. Just like spreadsheets, they can be used to answer
what-if questions. Sumeone (or an agent) might want to know how the values
of various atoms would be changed if premisses were changed in a certain way.,
In Al these spreadiines are called reason muaintenance systems. They and other
structures soon to be discussed are instances of what are generally called truth
maintenance systems (TMSs). The formulas entered in the values of rule cells are
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P q R s
=P Af =PvER
Instances of the KB

P q R 3

1 1

Figure 174
A S

A KB with Missing Values

called justifications. They are usually expressed as disjunctions of conjunctions
of atoms-—disjunctive normal form. Various efficient procedures (such as the
RETE algorithm [Forgy 1982]} have been devised to do the forward-chaining
background computations to compute the values of all cells.

One interesting extension (beyond that of conventional spreadsheets) enables
us to omit the values of certain premiss cells. Instead of having to label each of
them as 1 or 0, we might not give them a value at all. If the values of premiss
cells are missing, then so also might be the values of some of the rule cells. When
a conventional spreadsheet confronts a formula having a component with a
missing value, it might assume that value is 0, or it might warn the user about
the missing value. Instead, when a dynamic knowledge base cannot compute the
value of a formula {because of components having missing values), it reports the
value of the formula as missing also—leaving the cell blank. [ show an example in
Figure 174; the formulas for R and 3 are the same as those in Figure 173. Note that
in one case the value of S can be computed even though one of its components
is missing,

In the vocabulary of TMSs, an atom whose value is neither 1 nor 0 is said to
be OUT. I will use OUT as the value of OUT atoms instead of leaving their value cells
empty. When a cell has a value of 1 or 0, it is IN. Note in particular that changing
the value of a cell, say, P, from 1 to QUT is quite different from saying that P is
False. Such a change just says that the KB no longer knows whether P is True (or
False).

Allowing values of cells to be DUT permits an interesting generalization of
rule types. We can have rules whose antecedents involve atoms that must be QUT



278 Knowledge-Based Systerts Chapter 17
B

instead of having a value of 1 or 0. I illustrate with an example. Suppose we can
conclude U if R is True and $ is OUT. We can write this in a form something like

that of an implication:
RAS DU

| superscript an atom by a minus sign (7} if that atom has to be OUT. (The
consequents in TMS implications never have superscripted signs. That is, when
the antecedent is satisfied, the consequent is 1 and thus IN.)

TMSs should be thought of not as general-purpose reasoning systems (such
as the ones we studied in Chapters 13 through 16), but as knowledge base mainte-
nance systems that pérform automatic updates when the truth values of certain
atoms are changed. The use of IN's and OUT's permits an elementary sort of
“nonmonotonic” or defeasible inference not sanctioned by ordinary reasoning
systems. Ordinary logical inference is monotonic in the sense that when a new
formula is added to a knowledge base, all of the deductions permitted before the
formula was added are still valid. Adding new formulas never decreases the set
of provable theorems. But if we make the deduction of an atom, say, ¢, depend
on some other atom being QUT, then when we add that other atom back 1N, we
will have to retract ¢. In the example just given, if we find out that § has value
True, then we have to retract U, which, of course, may lead to further retractions
{or deductions).

Cycles among the rules present some difficulties, however. One is mufual
jusiification. Consider the wifs P,P > Q, G DR, R D Q. If P has value True, so do 9 and
R. But if we don't know the value of P, we can’t conclude anything about g or &,
But in dynamic knowledge base calculations, § and R could justify themselves.
Consider the stages of calculation illustrated in Figure 175. Initially, suppose P has
value 1 leading to the starting KB in the figure. If P became OUT, the spreadline
calculations could proceed as shown—resulting in Q and R justifying themselves
without support from P. Additionally, when a formula has BUT's in it, the values of
the atoms may either be indeterminate or overdetermined. In the first case, there
may be more than one way that atoms could be IN or OUT; in the second, there
may be no consistent values for them. (For more details, see [Shoham 1994, Ch. 5])

Certain applications of a TMS system mandate that it would be inconsistent
for all of the members of a certain subset of the atoms to be IN with value 1.
These subsets are called nogoods. A consistency maintenance system (CMS) enforces
these constraints by making some of the IN's OUT. Since consistency can often be
maintained in several different ways, CMSs are nondeterministic.

Continuing with my use of spreadlines to frame my discussion of dynamic
knowledge bases, there are applications in which the spreadline is used in a
backward rather than a forward direction. That is, instead of starting with certain
premisses and using the formulas to update the values of all cells, we start with a
particular cell's formula and ask which premiss values, together with certain other
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Mutual Justification

formulas called the background theory, will make the formula in that cell True. In
these applications, the values of the cells are taken to be formulas—expressed
in DNF form in terms of the premiss atoms. These formulas are called the
labels of the cells. Knowledge bases that have these labels attached to atoms are
called assumption-based truth maintenance systems (ATMSs). The label of each atom
consists of the various sets of premiss values (assumptions) that, together with
the background theory, would make the atom have valuc True.

Consider, for example, the spreadline at the top of Figure 176. We reexpress
the formulas in terms of the premisses and obtain the spreadline at the bottom
of the figure to obtain the ATMS labels. Usually, set notation is used for the
labels. A conjunction of atoms is represented by a set, and a disjunction of these
conjunctions s represented by a list of multiple sets. In Figure 176, in order for U
to have value True, for example, either P must be True (making v True) or R and
must be True (making W True). In a minimal label for U we do not need to include
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Conversion of a TMS to an ATMS

the set {P,Q} (making S True) because the occurrence of P in the label subsumes
{p,Qk

ATMSs can be used for a variety of purposes. One is to perform diagnosis.
The formulas in Figure 176 might model the functioning of some electronic
equipment, for example. If we observe that some aspect represented by U is not
funclioning (that is, U has value False), we can use the ATMS to determine that
both P and R » @ must have value False, for otherwise U would be True. Thus, we
can determine that one of the two parts whose functionings are represented by
R and ( must be faulty and that the part whose functioning is represented by P
must be faulty also.

AIMbSs sometimes have additional features and restrictions. Some of the
premisses are taken as always having value True and thus are left out of the labels.
(That is, these premisses are part of the background theory) Also, labels might
be modified by an assumption that some subsets of the premisses are nogoods,
and thus cannot all have value True. For more details about TMSs, ATMSs, and
their applications, see [de Kleer 1986a, de Kleer 1986b, de Kleer 1986, Forbus &
de Kleer 1993],

Rule-Based Expert Systems

One of the most successful applications of Al reasoning techniques using facts
and rules has been in building expert systems that embody knowledge about a
specialized field of human endeavor, such as medicine, engineering, or business,
A survey of the many expert systems in use (circa 1988) is given in [Feigenbaum,
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Basic Structure of an Expert System

McCorduck, & Nii 1988]. A textbook covering expert systems in engineering
has been written by [Dym & Levitt'1991]. Strictly speaking, any program that
functions as an expert can be called an expert system. The following definition
is given in [Feigenbaum, McCorduck, & Nii 1988]:

Al programs that achieve expert-level competence in solving problems by
bringing to bear a body of knowledge are called knowledge-based systems
or expert systems. Often, the term expert systems is reserved for programs
whose knowledge base contains the knowledge used by human experts, in
contrast to knowledge gathered from textbooks or nonexperts. More often
than not, the two terms—expert system and knowledge-based system—are
used synonymously.

in my treatment here, I will focus mainly on rule-based expert systems.

The basic structure of an expert system, in the context of its use, is shown
in Figure 177 (adapted from {Feigenbaum, McCorduck, & Nii 1988]). The major
parts of the system are the knowledge base and the inference engine. In terms of
the reasoning systems discussed so far, the knowledge base consists of predicate-
calculus facts and rules about the subject at hand. (Although it might also consist
of knowledge represented in some syntactic variant of the predicate calculus.
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We will see an example of such a variant in the next chapter) The inference
engine consists of all the processes that manipulate the knowledge base to deduce
information requested by the user—resolution or forward or backward chaining,
for example. (In some instances, the knowledge base and inference mechanisms
might be tightly linked, as they are in TMSs, for example} The user interface
mighl consist of some kind of natural language processing system that allows
the user to interact with the system in a limited form of natural language. (See
Chapter 24 Graphical user interfaces with menus are also used, The explanation
subsystem analyzes the structure of the reasoning performed by the system
and explains it to the user. (We will see a simple example of such explanations
later)

These four parts of the system are the parts that constitute the system as it
is used in an application. In the construction of an expert system, a *knowledge
engineer” (usually a computer scientist with Al training) works with an expert (or
experts) in the field of application in order 1o represent the relevant knowledge
of the expert in a form that can be entered into the knowledge base. This process
is offen aided by a knowledge acquisition subsystem that, among other things,
checks the growing knowledge base for possible inconsistencies and incomplete
information. These are then presented to the expert for resolution.

The procgss of building the system usually iterates through many cycles. At
each step of the cycle, a prototype system s tested by the knowledge engineer
and the expert to see if it makes the same kinds of inferences that the expert
would make on typical problems thal might be posed by a user. If the system
responds differently than the expert would, the explanation subsystem is used
to help the development team decide which information and inferences are
responsible for the discrepancy. It may be that the expert needs to articulate
certain information in more detail or provide additional information (o cover
the case al hand. This process continues until the develupment team is satisfied
that the system operates appropriately. The process of crafting expert systems 1s
one that requires experience and judgment. Various textbooks have been written
on this subject; {Stefik 1995} is an excellent one. 1 attempt here only to give some
of the fundamental ideas.

Rule-brased expert systems are often based on reasoning with propositional
logic Horn clauses (perhaps with some kind of additional mechanism for dealing
with uncertainty}. The knowledge base consists of rules gathered from experts.
These systems have been applied in many settings. One could imagine a loan
officer in a bank, for example, using such a system to help decide whether or not
to grant a personal loan to an individual. A practical loan-approval system would
take into account many factors, many more than we would wan! to consider in
an illustrative example. But 1 can give an approximate idea of how such a system
mighl work by describing a vastly oversimplified version. Suppose the following
atoms are intended to denote the associated propositions:
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» 0K (The loan should be approved)

» COLLAT (The collateral for the loan is satisfactory.)

* PYMT (The applicant is able to make the loan payments.)
» REP (The applicant has a good financial reputation.)

» APP (The appraisal on the collateral is sufficiently greater than the loan
amount )

» RATING (The applicant has a good credit rating)
» INC (The applicant's income exceeds his/her expenses)
* BAL (The applicant has an excellent balance sheet)

Then, the following rules might be used to make a decision:

I. COLLAT A PYMT A REP O QK
2 APP D COLLAT

3. RATING D REP

4. INC D PYMT

5. BAL AREP D 0K

Suppose the loan officer wants to establish whether or not 0K is true fora
certain applicant. To prove OK, the inference engine searches for an AND/OR proof
tree using either backward or forward chaining (or both). The AND/OR proof tree
(if one exists) will have node 0K as root node, and facts (determined to be true
either by the user or listed in seme database of facts) as the leaf nodes. The root
and leaves will be connected (usually through intermediate nodes) through the
rules.

Using the preceding rules in a backward-chaining fashion, the top part of the
search tree for a proof of 0K is shown in Figure 178. The user's goal, to establish
0K, can be done either by proving both BAL and REP or by proving each of COLLAT,
PYMT, and REP. These two alternative ways of proving OK are represented by the
two OK nodes just under the root. Recall that these nodes are called OR nodes in
an AND/OR tree. A node in an AND/OR tree that has OR-node successors can
be proved by proving any one of those successors. Applying the other rules, as
shown, results in other sets of nodes to be proved.

Let us assume for purposes of illustration that the truth (or falsity) of BAL,
RATING, APP, and INC can be established either by querying a database or by
having the reasoning system ask the loan-officer user directly. On the other hand,
0K, PYMT, COLLAT, and REP denote concepts that are useful for the purposes of
reasoning but ones about which neither the user nor a database has explicit
information. (If the user already had knowledge of these concepts, he or she
wouldn't need the expert system!) In full-scale expert systems, there may be
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Figure 17.8

A Search Tree for a Proof

several alternative rules to be tried in linking the intermediate nodes with leaf
nodes.

Queries by the system of the user or of a database can be interleaved with
a search for a proof if the proof proceeds in depth-first fashion. If, for example,
early in the search process the node BAL is found not to be true, search would then
continue using rule 1, Proceeding through rules 1, 2, 3, and 4, the search process
finally generates requests to find out about APP, INC, and RATING. If the truth of
all of these nodes can be established {from the database or from the user), then
we have a proof of 0K, Of course, in realistic applications, the attempted proof
trees will be both deeper and much broader.

Consulfing systems attempt to answer a user'’s query by asking questions {of
the user or of a database) about the truth of propositions that they might know
about. Backward chaining through the rules is used to get to askable questions.
If a user were to “volunteer” information, bottom-up, forward chaining through
the rules could be used in an attempt to connect to the proof tree already built.

I can use this same example to describe how the system’s reasoning can
be explained to the user. The ability to give explanations for a conclusion is
very important for acceptance of expert system advice, The proof tree is used
to guide the explanation-generation process. Referring again to Figure 178, it is
straightforward to see how the system'’s responses in the following dialog might
be produced. (Each atom used by the reasoning system has some appropriate
English sentence associated with it.)
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User: Why do you believe that The loan should be approved?

System: Because The collateral for the loan is satisfactory, and The applicant is able
to make the loan payments, and The applicant has a good financial reputation.

User: Why do you believe that The applicant has a good financial reputation?

System: Because the credit-rating service said that The applicant has a good
credit rating.

User: Why did you ask me about whether or not The applicant’s income exceeds
his/her expenses?

System: Because [ was trying to establish whether or not The applicant is able
to make the loan payments.

User: Why are you trying to establish whether or not The applicant is able to
make the loan payments?

System: Because that is one of the criteria in establishing whether or not
The loan should be approved.

User: Why are you trying te establish whether or not The loan should be
approved?

System: Because you asked me to.

In many applications, the system has access only to uncertain nules, and the
user may also not be able to answer questions with certainty. For example, the
following rule, suitably encoded in computer-understandable form, was used in
the MYCIN system [Shortliffe 1976], which diagnosed bacterial infections:

Rule 300

If: 1) The infection which requires therapy is meningitis, and
2) The patient does have evidence of serious skin or soft tiseme
infection, and

3) Organisme were not seen on the stain of the culture, and

4) The type of the infection is hacterial

Then: There is evidence that the organism (other than those seen
on cultures or smears) which might be causing the infecticm is
staphylococeus-coag-pos (.75); streptococcus-group-a (.5).

Similarly, the following rule was used in the PROSPECTOR system [Duda,
Gaschnig, & Hart 1979, Campbell, et al. 1982], which reasoned about ore deposils:

If there is a pre-intrusive, thorough-going fault system, then there
is (5, 0.7) a regional enviromment favorable for a porphyry copper
deposit.

The numbers (.75 and .5 in MYCIN, and 5, 0.7 in PROSPECTOR) are ways to represent
the certainty or strength of a rule. They are used by these systems in computing
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the certainty of conclusions. Techniques similar to those used by MYCIN and
PROSPECTOR have been applied with good results. In Chapter 19, | introduce
more sophisticated and well-founded techniques for dealing with uncertain
information.

Rule Learning

Given the importance of rule-based systems and the human effort that is required
to elicit good rules from experts, it is natural to ask whether or not expert-
system rules could be learned automatically. There are two major types of
learning, inductive and deductive. Both types can be used in learning rules.
Neural-network learning, for example, is inductive because the functions leamed
are hypotheses about some underlying and unknown function. In successful
learning, the hypotheses typically give correct outputs for most inputs, but
thev might also err. Inductive rule-learning methods create new rules about a
domain—not derivable from any previous rules. I present methods for inductively
learning rules in both the propositional and the predicate calculus.

Deductive rule learning enhances the efficiency of a system’s performance
by deducing additional rules from previously known domain rules and facts.
The conclusions that the system can derive using these additional rules could
also have been derived without them. But with the additional rules, the system
might pérform mare efficiently. [ will explain a technique called explanation-based
generalization (EBG) for deducing additional rules.

Learning Propositional Calculus Rules

Several methods for inductive rule learning have been proposed; [ describe one
of them here.2 I first describe the general idea for propositional Horn clause logic.
Then, I show how a similar technique can be used to learn first-order logic Hon
clause rules,

To frame my discussion, 1 use again my simple example of approving a bank
loan. Instead of being given rules for this problem, suppose we are given a
training set consisting of the values of attributes for a large number of individuals.
To illustrate, consider the data given in Table 17.1 (I use 1 for True and 0 for False).?
This table might be compiled, for example, from records of loan applications and
the decisions made by human loan officers. Members of the training set [or which
the value of 0K is 1 are called positive instances; members for which the value of 0K

2 Rules can alse be extracted from decision trees (see [Quinlan 1993, Ch. 3]} and from neural
networks (see [Towell & Shavlik 1992, Towell, Shavlik, & Noordweier 1990}

3. In real applications, of course, we would need much more data than that given here.
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Individual | APP RATING INC BAL | OK
1 1 0 4] 1. |0
2 0 g 1 0 0
3 1 1 0 1 1
4 0 1 1 1 1
5 0 1 1 0 0
6 1 1 1 0 1
7 1 1 | 1 1
8 1 0 1 ] 0
9 1 1 0 0 0
Table 17.1
A
Bank Data

is O are called negative instances. From the training set, we desire to induce rules of
the form

apra AL oy DOK

where the o; are propositional atoms from the set {APP, RATING, INC, BAL). Hf
the antecedent of a rule has value True for an instance in the training set, we say
that the rule covers that instance. We can change any exjsting rule to make it cover
fewer instances by adding an atom to its antecedent. Such a change makes the
rule more specific. Two rules can cover more instances than can one alone. Adding
a rule makes the system using these rules more general. We seek a set of rules that
covers all and only the positive instances in the training set.

Searching for a set of rules can be computationally difficult. I describe a
“greedy” method, which [ call separate and conquer * We first attempt to find a single
rule that covers only positive instances—even if it doesn't cover all the positive
instances. We search for such a rule by starting with a rule that covers all instances
(positive and negative), and we gradually make it more specific by adding atoms
to jts antecedent. Since a single rule might not cover all the positive instances,
we gradually add rules {making them as specific as needed as we go) until the
entire st of rules covers all and only the positive instances.

Here is how the method works for our example. We start with the provisionat
rule

TO0K

RN e
4, The method was originated by [Michalski 1969] and investigated in a series of programs
based on Michalski's A} algorithm,



288 Knowledge-Based Systems . Chapter 17
o e——_— SRR S S S TR R e
which covers all instances. Now we must add an atom to make it cover fewer
negative instances—working toward covering only positive ones. Which atom
{from the set {APP, RATING, INC, BAL) should we add? Several critenia have

been used for making the selection. To keep my discussion simple, [ will base
our decision on an easy-to-calculate ratio:

Yo =ty /e

where n, is the total number of (positive and negative) instances covered by the
(new} antecedent of the rule after the addition of & to the antecedent, and n} is
the total number of positive instances covered by the (new) antecedent of the
rule after the addition of « to the antecedent.

We select that o vielding the largest value of r,. In our case, the values are

Fapp = 3{6 =05
FRATING = 4/6 =0.667
g =3/6=05

FpaL = 3/4 =075
5o, we select BAL, yielding the provisional rule
BAL D OK

This rule covers the positive instances 3, 4, and 7 but also covers the negative
instance 1, so we must specialize it further. We use the same technique to select
another atom. The calculations for the r,'s must now take into account the fact
that we have already decided that the first component in the antecedent is BAL:

rapp = 2/3 = 0.667

rarg = 3/3 =10
mic=2/2=10

Here we have a tie between RATING and INC. We might select RATING because
rraring 1 based on a larger sample. (You should explore the consequences of
selecting TNC instead.)

The rule BAL A RATING D OK covers only positive instances, 5o we do not need
to add further atoms to the antecedent of this rule. But this rule does not cover
all of the positive instances. Specifically, it does not cover positive instance 6. So,
we must add another rule.

To learn the next rule, we first eliminate from the table all of the positive
instances already covered by the first rule, to obtain the data shown in Table 172,
We begin the process all over again with this reduced table, starting with the
rule T 2 OK. This rute covers some negative instances, namely, 1,2,5,8 and 9. To
select an atom to add to the antecedent, we calculate
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Individual | APP RATING INC BAL | OK

1 1 0 0 1 0

2 0 0 1 0 ]

5 0 1 1 0 0

4 1 1 1 0 1

8 ! 0 1 0 0

9 1 1 0 0 0
Table 17.2
oo R
Reduced Data

rpp = 1/4 =025
e = 0/3 =00

rine = 1/4=0.25

reaL =0/1 =00

Again, a tie. Let's arbitrarily select APP to give us the rule APP 2 OK. This rule covers
negative instances 1, 8, and 9, so we must add another atom to the antecedent.

The t's are

FRATING = 1/2 =05
e = 1/2 =05
THAL — Ofl =00

We select RATING to give us the rule APP A RATING D OK. This rule covers negative
instance 9. Making this rule yet more specific (in the usual way) finally resuits
in the rule APP A RATING A INC D OK. These two rules, namely, BAL A RATING D 0K
and APP A RATING A INC D OK cover all and only the positive instances, so we are
finished.

Since this process for finding rules employed greedy search, it should not
be surprising that the learned rules can sometimes be simplified. For each rule,
we can test to see if the rule can be discarded without changing the decisions
made on the training set by the remaining set of rules. If there is no effect (or
if there is little effect on accuracy when there is noise in the data), the rule can
be eliminated. Similarly, for each atom in a rule, we can test to see if the atom
can be removed with minimal effect. Indeed, if the data are noisy, we would
want to modify the criterion that the learned rules should cover all and only
the positive instances. Instead, we might permit each rule to cover “mainly”
positive instances—permitting (as we must for noisy data) each rule to cover
a small number of negative instances. Similarly, the set of rules learned might
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be permitted to fail to cover a “few” of the positive instances. These “pruning”
operations and noise-tolerant modifications help minimize the risk of overfitting.

I can succinctly state this process for rule learning in pseudocode. I call it the
generic separate-and-conquer algorithm (GSCA). In the algorithm,

E is the initial training set of instances of binary-valued features each
labeled by the value of an atom, y

m is a set of rules to be learned

o is one of the rules; it has y as its consequent and (the conjunction of
atoms) T as its antecedent

a is an atom drawn from one of the features in =

GSCA

1. Initialize 3, « B.

2. Initialize = « empty set of rules.

3. repeat The outer loop adds rules until »r covers all (or most) of the

positive instances,

4. Initialize ' < T.

5. Initialize p « T 3y,

6. repeat The inner loop adds atoms to I until p covers only {or mainly)

positive instances.

7. Select an atom ¢ to add to I'. This is a nondeterministic chotce point that

can be used for backtracking.

8 eI nuo

9. until p covers only {or mainly) positive instances in Sq;.

10. 7«1, p. We add the rule p to the set of rules.
Il. Ear < Eq — (the positive instances in Eqy covered by 7).

12. until  covers all (or most) of the positive instance in Z.

In the bank loan example, the rules learned are consistent with the rules
originally given by the “expert” for this problem. With such a small training set,
however, it is possible to learn idiosyncratic rules that might not accord with
an expert’s intuition about the problem. (For example, if we had broken ties
differently, we would have learned different rules in this case) Comparing the
learned rules with the rules given us by the expert reveals that the leared rules
do not mention any of the expert's nonmeasurable or nonaskable predicates
(namely, COLLAT, PYMT, and REP); these are not represented by features in the
data. Intermediate predicates simplify knowledge representation and reasoning

by encapsulating commonly occurring groups of more primitive predicates
Learning these intermediate predicates is an important research problem. Some
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preliminary work has been done on the subject of "predicate invention.” (See, for
example, [Muggleton & Buntine 1988}) Even without producing rules involving
intermediate predicates, rule learning can often be used to accelerate the process
of building expert systems.

Learning First-Order Logic Rules

The rule-leaming technique just described produces rules in propositional logic.
Although many expert systems are based on propositional logic, more versatility
is achieved by the use of rules with universally quantified variables, The subfield
of inductive logic programming (ILP} concentrates on methods for inductive learning
of Horn clauses in FOPC (and, thus, PROLOG programs). Several methods for
leaming Hom clauses have been developed—some with certain restrictions on
the types of Horn clauses that can be produced. A full treatment of the subject is
well beyond the scope of this book, but I will briefly outline a representative ILP
technique using the separate-and-conquer approach. The method I describe is
based on a system called FOIL [Quinlan 1990]. (For a full and readable treatment
of the field, see [Lavrat & DZeroski 1994). [Muggleton 1992] is a collection of ILP
papers, and [Muggleton & De Raedt 1994] is a standard reference.)

To make my discussion conform to most of the ILP literature, 1 use notation
that is closer to that of PROLOG, although to be consistent with my FOPC con-
ventions, I continue to use uppercase letters for constants and Jowercase ones
for variable symbols. In ILP, our goal is to learn a program, =, consisting of Horn
clauses, p, each of which is of the form p :- ay, a3, .., a;, where the a; are atomic
formulas that unify with ground atomic facts, The idea is that x should evaluate
to True when its variables are bound to some set of values known to be in the
relation we are trying to leamn; these are the positive instances, £*, of the training
set. w should evaluate to False when its variables are bound to some set of values
known not to be in the relation; these are the negative instances, -, Just as in
learning propositional rules, we want x to cover the positive instances and not
cover the negative ones. The ground atomic facts with which the « are to unify
are said to constitute background knowledge. We assume that they are given—as ei-
ther subsidiary PROLOG programs, which can be run and evaluated, or explicitly
in the form of a list of facts.

As an example, suppose a delivery robot navigating around in a building
tinds, through experience, that it is easy to go between certain pairs of locations
and not so easy to go between certain other pairs. We show a partial map of such
a building in Figure 179. In this building, the locations A, B, and ( are junctions,
and all of the other locations are shops.

We suppose that the robot has compiled a training set, E, of pairs of
locations—each pair labeled by whether or not it was easy to navigate the pair.
We presume the robot has some information about properties of these locations
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Al A A2

B2 C2

Figure 17.9

Map of Part of a Building

and about relations between these locations. Specifically, for any location it is
known whether or not it is a junction, and for any pair of locations whether
or not one member of the pair is a shop connected to a junction. These rela-
tions are denoted by expressions of the form Junction(x) and Shop(x,y). We
want a learning program to learn a program, Easy(x,y) that covers the positive
instances in & but not the negative ones. Easy(x,y) can use the background
subexpressions Junction(x) and Shop(x,y).

To make my example concrete, suppose the training set consists of the
following positive instances of Easy (E*):

(<A B> <AC><B(><BA><(A><(B>,

<A Al > <A A2> <Al,A>, <A A> <B Bl > <B, B2>,

<Bl,B> «B3B> <( (1> <( (2> «C1,C> < (2,( >}
and the following negative instances of Easy (2 7):

[<ABl> <A B2> <A (1> <A (2>, <B(l> <B, (2>,

<B Al > <B A2>,< (Al >, «(,A2>,<(,Bl >, <(,B2 >,

<Bl,A> <BLA> <(1,A> <(2,A> «<(1,B> «<(2,B >,

<ALB> <A2,B>, <Al (> <A2 (>, <Bl,(> <B2( >}

We assume that the robot can evaluate Junction(x) and Shop(z,y) for any
values of the variables. Specificalty, for all of the locations named in E, only the
following give a value of True for Junction:

{4,8.C}

All other locations mentioned in 2 give a value of False for Junction.
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For all of the locations named in E, only the following (ordered) pairs give a
value of True for Shop:

[« ALA » <«A2,A>, <Bl.B>, <B2B> <(L, (> <(2( >}

All other pairs of locations mentioned in Z give a value of False for Shop.
It happens that the following PROLOG program covers all of the positive
instances of the training set and none of the negative ones:

Easy(x,y) :- Junction(x), Junction(y)

:= Shop(z, y}
:- Shop(y, x)

As with other leamning problems, we want the induced program to generalize
well; that is, if presented with arguments not represented in the training-set (but
for which we have values for the needed background relations), we would like
the program to guess well. (Imagine that the building has repeated structure on
other floors and wings not represented in the training set)

The learning process to be explained uses a version of the GSCA algorithm.
We start with a program having a single rule with no body, we add literals to the
body until the rule covers only {or mainly) positive instanccs, and then we add
additional rules in the same way until the program covers all (or most) and only
{with few exceptions) positive instances. (The parenthetical loosenings apply to
the case in which the data may be noisy.)

Typically, there are unlimited possible literals we might add to the body of a
clause. Practical ILP systems restrict the literals in various ways. Typical allowed
additions are

I. Literals used in the background knowledge.

2. Literals whose arguments are a subset of those in the head of the
clause.

3. Literals that introduce a new distinct variable different from those in the
head of the clause. :

4. A literal that equates a variable in the head of the clause with another
such variable or with a term mentioned in the background knowledge.
(This possibility is equivalent to forming a specialization by making a
substitution.)

5. Aliteral that is the same {except for its arguments) as that in the head
of the clause. {This possibility admits recursive programs, which are
disallowed in some systems and which I do not treat here)

In my robot navigation example, the literals that we might consider adding
to a clause are
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Junction(x)
Junction(y)
Junction(z)
Shop(x,y)
Shop(y,x)
Shop(x,z)
Shop(z,y)
(x =y)

ILP systems that follow the approach I am discussing here {of specializing
clauses by adding a literal} thus have well-defined methods of computing the
possible literals to add to a clause. The matter of selecting which literal to add is
more complicated; most systems use scoring methods similar to the one I used
in the propositional logic rule-learning example.

I illustrate how the ILP version of GSCA works using my example of robot
navigation. Knowing that the predicate Easy is a two-place predicate, the inner
loop of our algorithm initializes the first clause to Easy(x,y) :-. This clause
covers all the training instances (positive and negative), so we must add a literal
to its {empty) body. For purposes of iltustrating the algorithm and leaving aside
the matter of how to select an atomic formula to add, suppose the algorithm adds
Junction(x). The following positive instances in & are covered by Easy(x,y) :-
Junction{x):

<A B> <AC><B(>» <«<BA> <(A>» <(,B>

<A, Al > <A, A2> «<B Bl >, <B,B2>, <(,(l> «<(,(2>)
To compute this covering, we interpret the logic program Easy(x,y) :-
Junction(x) for all pairs of cities in Z, using the cities given in the background
relation Junction as ground facts. The following negative instances are also
covered:

{«ABl> <AB2> <A (l> <A, (2> «<(,Al> <CA2>,

<CBl> <«(B2> <BAl> <B A2> <B,(l1>,<B (2>}
Thus, another literal must be added. Suppose we next add Junction(y). The

following positive instances are covered by Easy(x,y) :- Junction(z), Junc-
tion(y):

[« A B> <A (> <B(><BA> <(A> <(,B>)

There are no longer any negative instances in 2 covered so we terminate the
first pass through the inner loop with the clause Easy(x,y) :- Junction(x),
Junction(y).
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But the program, r, consisting of just this clause does not cover the following
positive instances:

l« A, Al > «AA2> <AL A> «<A2,A> <B, Bl >, <B B2>,

<BlL B>, <B2 B> <(, (1> «<( (2> <(1,C> <(2,(>)
The positive instances that were covered by Easy(x,y) :- Junction(x), Junc-
tion(y) are removed from Z to form the S to be used in the next pass through
the inner loop. Ey; consists of all the negative instances in E plus the positive
instances (listed earlier) that are not yet covered. In order to attempt to cover
them, the inner loop creates another clause, initially set to Easy(x,y) :- . This
clause covers all the negative instances, and so we must add literals, Suppose we
add the literal shop (x, y). The clause Easy(x, ¥} :- Shop(x,y) covers no negative

instances, so we are finished with another pass through the inner loop.
Easy(z,y) :- Shop(x,y) covers the following positive instances in Zgy:

{<ALLA>,<A2A> <B1, B> <BLB> <(1,C» < (2 (>}

These instances are removed from Eq for the next pass through the inner loop.
The program now contains two clauses: .

Easy(x, y) :- Junction(x), Junction(y)
:= Shop(x, y)
This program is not yet adequate since it does not cover the following positive
instances:

<A Al> <A A2>,<B,Bl > <BB2> <(,(1> < (2>}

After the next pass through the inner loop, we add the clause Easy(x,y) :-
Shop(y,x). Now the program covers all and only the positive instances, so the
procedure terminates with

Easy(x, y) :- Junction(x), Junction(y)

:= Shop(x, y)
:= Shop(y, x)
This program can be applied {perhaps with good generalization) to other

locations besides those named in E—so long as we can evaluate the relations
Junction and Shop for these other locations.

Explanation-Based Generalization

Now I turn to deductive learning and a method for deriving rules from previous
rules and facts. I explain the method by way of a blocks-world example. Suppose
our general knowledge about this world includes the following rules:
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Negation of theorem

Pushable(4) —Heavy(x) v —Pushable(x)

General knowledge

—Heavy(4) —Green(x) v Heavy(x)

Specific fact
—Greenfd) pec

Green(4)

Nil
Figure 17.10

A Resolution Refutation Used in EBG

Green(x) 2 Heavy(x)
Heavy(x) > —Pushable(x)
Among the facts about this world is the following:

Green{d)

Suppose we are asked to prove ~Pushable(A). In this illustrative example, the
proof is trivial, although it might be more complex in more realistic problems. [
show the resolution refutation in Figure 17.10.

From the proof, we can construct an explanation for the conclusion. An
explanation is the set of facts used in the proof. In this case, the explanation for
—Pushable(A) is Green(4). Using the explanation, we could construct a new rule,
namely,

Green(A) D ~Pushable(d}

But this rule would have limited utility because it applies only to block A
However, we notice that the proof can be generalized—4 could have been
anything, and the proof would still have worked. Generalizing the explanation
by replacing the constant A by the variable z gives us Green(x). Following the
structure of the proof for —Pushable(4), and without additional search, we see
that with Green(x} in place of Green(4), we can prove —Pushable(x). The result
of the process, which we call explanation-based generalization (EBG), then, is the rule

Green{x) > —Pushable(x)
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This rule could have been established from the general rules alone, so we have
really learned nothing new. But the EBG process guided us toward this rule
based on our need to have established it for a specific case. For a more thorough
discussion of EBG, see [Minton, et al. 1989).

In performing the EBG process, we assume that the general rule might be
useful for other similar cases as well and is therefore worth deriving and saving.
Of course, more rules might slow down the reasoning process by increasing
the branching factor, so EBG must be used with care—possibly by keeping
information about the utility of learned rules. Minton defines ulility in ferms
of the average savings in search effort provided by the rule, how often the rule
is used, and the cost of deciding whether or not the rule is applicable [Minton
1988, Minton 1990]. His PRODIGY system keeps only rules with high utility.

Additional Readings and Discussion

(Levesque & Brachman 19871 discuss the tradeoffs between expressibility of log-
ical representations and the tractability of logical reasoning methods. [Levesque
1986 points out that the intractability of reasoning is due to the presence of
disjunctions and negations in logical languages. He proposes to use vivid repre-
sentations that dispense with these constructs. Representations using only Horm
clauses (called Horn theories) are tractable if they do not contain function symbels.
These restrictions are observed in a language called DATALOG used to augment the
information in databases [Ullman 1989]. [Gogic, et al. 1995] provide comparisons
of expressibility, tractability, and succinctness of various versions of propositional
logic and its nonmonotonic extensions.

[Selman & Kautz 1991] propose the use of "approximate theories” to speed
some inference procedures. These are Horn greatest-lower-bound (GLB) and
Horn least-upper-bound (LUB) theories. If a formula does not follow from an
LUB theory, it doesn't follow from the original theory. On the other hand, if it
does follow from a GLB theory, it also follows from the original theory. [Kautz,
Kearns, & Selman 1993 propose the use of characteristic models as a feasible
way to perform inference in Horn theories.

In the next chapter, I will mention terminological logics—another way 1o obtain
tractability by restricting the representation language.

As an alternative to restricting the language, we might use approximate
inference methods—ones that might not be sound or complete. An example
involves stochastic sampling of models [Khardon & Roth 1998]

The first proposal to use first-order logic (and resolution methods) as a pro-
gramming language (and its interpreter) was due to [Green 1969al. Independently,
[Kowalski 1974] elaborated this idea and inspired the invention of PROLOG. Alain
Colmerauer developed and wrote the first interpreter for PROLOG [Roussel 1975,
Colmerauer 1973]. An efficient implementation is due to [Warren, Pereira, &
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Pereira 1977]. The main journat for papers on this topic is the Joumal of Logic
Programming.

AND/OR graph structures are basic te problem-solving methods that reduce
problems to alternative sets of subproblems (as in backward reasoning through
rules). [Nilsson 1980, Ch. 3] presents an algorithm, A0*, for searching AND/OR
graphs. It is based on earlier work by [Nilsson 1969, Martelli & Montanari 1973).
[Davis 1980] describes the use of metarules to control search over the AND/OR tree
structures of rule-based expert systems. See also [Smith, Genesereth, & Ginsberg
1986, Smith 1989].

Determining minimal ATMS labels is NP-complete [Selman & Levesque 1990],
even in the case of background theories consisting only of Horn clauses. However,
[Kautz, Kearns, & Selman 1993) show that such labels can be computed in
polynomial time if the computation is based on characteristic models. For other
work on TMSs, see [Doyle 1979, de Klcer 1986a, de Kleer 1986b, de Kleer 1986c,
Forbus & de Kleer 1993, Shoham 1994] _ :

For an overview of the process of building expert systems, see [Bobrow,
Mittal, & Stefik 1986]. [Stefik 1995] is a textbook dealing with many aspects of
building knowledge-based systems. (It also contains much other material on Al)
Particularly useful is Stefik's annotated bibliography containing short paragraphs
summarizing important papers in the field (Appendix A).

For an example of an expert system that configures Digital Equipment Corpo-
ration VAX-11/780 systems, see IMcDermott 1982). [Leonard-Barton 1987] presents
the history of the development and use of an expert system at Digital Equipment
Corporation. Ongoing work on applications is reported in the Proceedings of the
Conferences on Innovative Applications of Artificial Intelligence (IAAI. Papers
on expert systems regularly appear in IEEE Expert.

For more on predicate (concept) invention, see [Kautz & Selman 1992] and
[Muggleton & Buntine 1988]. An impressive example of an application of ILP is in
the prediction of protein secondary structure by the GOLEM system [Muggleton,
King, & Stemberg 19921, The Proceedings of the International Inductive Logic
Programming Workshops contain current papers on that topic.

The Proceedings of the International Conferences on Knowledge Representa-
tion and Reasoning (KRR) contain papers describing ongoing research. [Brachman
& Levesque 1985] s a collection of important papers on knowledge representa-
tion.
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17.1 The following questions pertain to PROLOG:;

. Explain why a PROLOG interpreter running a PROLOG program cannot be
used to prove the negation of an atom.
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2. Some reasoning systems (such as PROLOG) conclude —¢ when they fail to
prove the atom ¢. This type of negation is known as negation as failure.
Explain why we cannot, in general, logically conclude the literal —P by
failing to prove P.

17.2 The PROLOG interpreter, as described in this chapter, performs a prescribed
resolution at each step. If all of the statements in a PROLOG program were con-
verted to disjunctions of literals, describe a control strategy for a resolution
refutation system that performs the same resolutions as does the PROLOG in-

terpreter.

17.3 Tom claims to be a descendent of Paul Revere, Which would be the easier
way to verify Tom’s claim:; by showing that Revere is one of Tom’s ancestors
{backward scarch) or by showing that Tom is one of Revere’s descendants (forward
search)? Why? Might there be exceptions to your answer?

174 In the circuit described in Exercise 16.12, suppose that W1, W2, and W4 are
“on’ Describe how an ATMS system might be used to diagnose the possible faults
in the circuit,

17.5 An inductive learning system observes that every time q is true, one of the
following formulas is also true;

P(AB)

P(C.B)

P(D, B)

This lcarning system decides to create the rule
{(Yx)(P(x,B) D Q)

What is the" rationale for this inductive generalization? Why didn't the system
create the rule (¥x, y)(P(x, y) 2 Q)?

17.6 An expert system 1s used to estimate whether or not people are good credit
risks based on a number of factors that combine to produce a numeric score. To
be judged a good credit risk, the score must be higher thean some numbet, N.
The designers of the expert system won't say what the value of N is, but we have
learned that Pete is judged to be a good credit risk and that Joe's score is higher
than Pete’s, We can prove that Joe would be judged to be a good credit risk also
by using the following domain rules:

¥(x, v, z)[Greater(x, y) A Greater(y, 2) D Greater(x, z)]
¥(x)IC(x) O Greater(score(x), N}
¥{x)(Greater(score{x), N) D C{x)|
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and the following data:
C(Pete)
Greater(score(Joe), score{Pete))

First, use these axioms and data to prove that Joe is a good credit risk, and
then use explanation-based generalization techniques on your proof to establish
the rule

[¥(x, y){{Greater{score(x), score(y)) A C(y)] D C(x)}
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The Commonsense World
What Is Commonsense Knowledge?

I have illustrated several Al techniques using puzzles and games and the grid
world of locations, walls, doors, batteries, and blocks. We expanded our view
slightly in the last chapter when [ illustrated forward and backward reasoning
with a very simple expert system for deciding about loan applications. Real expert
systems, of course, have many more facts and rules than did my illustrative
example, but even so they contain limited knowledge about quite circumscribed
domains.

Much more extensive knowledge will be required for truly versatile, human-
level Al systems, And these systems will need to know about many topics
that have proved difficult to conceptualize formally. It is perhaps paradoxical
that Al scientists find the very subjects that are easy for ten-year-old humans
more refractory to Al methods than are subjects that experts must study for
years. Physicists are able to describe detailed, exact physical phenomena by
wave equations, relativity theory, and other mathematical constructs, but Al
researchers still argue about the best way to represent the simple (but very useful)
facts that a liquid fills the shape of a cup and will fall out if the cup is turned
upside down. The highly theoretical characterizations invented by physicists and
mathematicians seem easier to formalize than do ideas that, after all, enabled
human beings to function pretty well even before Aristotle,

Consider just some of the things that a ten-year-old knows:

If you drop an object, it will fall (Nowadays, a ten-year-old might also know
that objects wouldn't “fall” if dropped in an orbiting satellite.)

301
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People don't exist before they are born.

Fish live in water and will die if taken out
People buy bread and milk in a grocery store.
People typically sleep at night.

Knowledge of this sort is usually called commonsense knowledge. Typically,
knowledge about any subject is spread over a variety of levels—ranging from
that possessed by the person-in-the-street to that of the specialist. But the most
advanced scientific theories extant around 500 B.C, say, were little more than
careful verbal formulations of people’s everyday observations. To some the earth
was flat, objects fell fo the earth because that was “their natural place,” and hu-
man diseases were caused by a variety of colorful “influences” When knowledge
was scarce, little separated everyday, commonsense knowledge from advanced
scientific knowledge. Commonsense knowledge was (and still is) adequate for
many of the things that humans want to do. Scientific knowledge gradually
separaled itself from commonsense knowledge as people sought more precise
descriptions of their world.

Even today, many of the things that we would want a robot to do could be
based on medieval, if not prehistori, science. Get under shelter when it is raining
(o need for knowledge about low-pressure systems); take care not to spill the
coffee out of its cup when stopping or turning abruptly {no need for advanced
hydrodynamics); plug yourself in when the battery charge gets low (no need for
electrochemical theory); pay the bills on time so that creditors do not take legal
action (no need for complex psychological theories of the behavior of creditors).

I am not arguing here against advanced knowledge when such knowledge is
required. Weather-forecasting systems need to know meteorology; systems con-
trolling nuclear-power-plant heat exchangers need to know thermodynamics, It
is just that for many tasks only the simple knowledge possessed by ten-year-olds
is required. And deploying that knowledge (once we figure out how to represent
it)) ought to be more tractable than using overly detailed scientific knowledge.

Al researchers have called knowledge about the commonsense world naive
knowledge. Thus we attempt to construct theories about naive physics, naive
economics, naive psychology, naive statistics, naive sociology, and so on. Al-
though we have contrasted naive knowledge with expert knowledge, it should
be stressed that these terms refer loosely to regions of a continuum. Different
tasks require different levels of knowledge along this continuum. Taking physics
as an example, a robot would need to know only simple properties of objects in
order to stack blocks on a table. Commonsense physics for such a robot would
have facts such as no two blocks can be in the same place, a block must be
supported by the table or by another block, and so on. A robot that could hit
billiard balls inito the pockets of a pool table would need to know a bit more. For
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that task, a robot would have to know about rolling friction, inelastic collisions,
transfer of momentum, and so on. We could obviously imagine tasks that would
demand increasingly sophisticated knowledge until we approached the frontiers
of modern science. So when we say that we are interested in formalizing com-
monsense knowledge, we do not have in mind a crisply defined region along
this continuum. We are thinking vaguely of a rather broad region near the naive
end of the spectrum.

Difficulties in Representing Commonsense Knowledge

What are some of the reasons that it has proved difficult to formalize common-
sense knowledge? Probably one reason is its sheer bulk. Much expert knowledge
can be compartmentalized in such a way that a few hundred or a few thousand
facts are sufficient to build useful expert systems. How many will be needed by
a system capable of general human-level intelligence? No one knows for sure.
Doug Lenat, who is bravely leading an effort to build a large knowledge base of
such facts, called CYC, thinks that between one and ten million will be needed
[Guha & Lenat 1990, Lenat & Guha 1990, Lenat 19951 In 1990, the CYC authors
said:

Perhaps the hardest truth to face, one that Al has been trying to wriggle out
of for 34 years, is that there is probably no elegant, effortless way to obtain
this immense knowledge base. Rather, the bulk of the effort must (at least
initially) be manual entry of assertion after assertion. [Guha & Lenat 1990,
p. 33]

Another difficulty is that commonsense knowledge seems not to have well-
defined frontiers that enable us to get a grip on parts of it independently of
the other parts. Conceptualizations of the commonsense world wouid proba-
bly involve many entities, functions, and relations that would crop up diffusely
throughout the conceptualization. Thus, as we attempt to develop a conceptual-
ization, we wouldn't know whether we had “gotten it right” until we had nearly
finished the entire, exceedingly large job.

Another roadblock for formalizing commonsense knowledge is that knowl-
edge about some topics just doesn't seem to be easily captured by declarative
sentences, Describing shapes and other complex physical objects by sentences is
difficult. For example, can a human face be described in words so that it can be
recogruzed by another person who hasn't seen it before? How do we use words
to capture a tree, a mountain view, a tropical sunset? If something cannot be
described in English or some other natural language, there is good reason to
believe that we will not find a conceptualization of it that can be described in
logic either.
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Related to the difficulty of capturing krowledge in a declarative sentence is
the difficulty that many sentences we might use for describing the world are only
approximations. In particular, universal sentences (that is, those of the form “All x's
are y's" are seldom valid unless they are merely definitions. Various modifications
to ordinary logic have been proposed to deal with the fact that much knowledge
15 approximate. I touch on one approach later in this chapter and present another,
based on probability theory, in Chapters 19 and 20.

Besides the difficulty caused by interdependent knowledge, it isn't always
obvious how we ought to conceptualize some subjects, Should we think of time,
for example, as the set of real numbers (that is, as a continuum of instants), or as
just the integers, or as intervals of the real line, or as something else? Whereas we
might want to imagine the past as a single time line, how are we to imagine the future?
Even though we might not want to admit that there is more than one future (Qué
sertt, serit), we are all used to imagining alternative futures that our actions can affect,
How do we conceptualize the wotld so that a statement like, “If I hadnt gone to
law school, I wouldn't have met you,” makes sense? What kind of entity do we
want an intention to be so that our conceptualization can handle statements like
‘1 didn't intend to arrive late™?

The Importance of Commonsense Knowledge

Granted that building machines with commonsense is difficult- why is it im-
portant? Won't most of the useful applications of Al be in expert systems, where
knowledge s tess difficult to formalize? There are several answers to this question.
First, I would argue that machines with commonsense will find many commer-
cially valuable applications. Few would argue about the value of a “household
robot” Such a machine could be given the tasks of keeping the house neat, doing
the laundry, preparing and serving meals, performing routine household main-
tenance (such as replacing burned-out light bulbs), doing the dishes, and so on.
But think of the knowledge such a robot would have to have! Enough to be able
to answer questions like, where do burned-out light bulbs go? how do you pick
up a plate? a glass? where do all of the things go that come out of the dishwasher?
how do you tell that the vacuum cleaner needs emptying? how long does lettuce
ordinarily keep in the refrigerator? and so on and on.

I'could argue also that commonsense knowledge is what is needed in order to
make expert systems more useful. Expert systems perform well only within their
very tightly circumscribed arcas of expertise, General commonsense kn owledge
would at least enable them to recognize when the user wants information outside
of that area. It would also allow the system to predict more accurately when its
knowledge is relevant to the task at hand and when it isn't,

The structure of commonsense knowledge might also be important in ex-
panding the knowledge of an expert system. We are all familiar with the use
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of analogies and metaphors in our own reasoning. Spatial metaphors are par-
ticularly common. For example, we say quantum electrodynamics is beyond our
limit of knowledge; cleanliness is next lo godliness; Mary's salary is above John's;
and so on. There is ample reason to suspect that metaphors are more than sim-
ply linguistic coincidences. The foundations of our conceptualizations of a good
many subjects may, in fact, be based on spatial and other commonsense ideas.
Thus, an expert system possessing a basic commonsense conceptualization of the
world might already be well equipped to expand its knowledge base with little
augmentation or revision.

Finally, commonsense knowledge is undoubtedly required in order to under-
stand natural language—a subject I take up in Chapter 24.

Research Areas

Even though we do not yet have systems with commonsense (with the possible
exception of CYC—a work in progress), Al researchers have attacked the problem
of representing commonsense knowledge on several fronts:

1. Objects and materials. The world consists of objects. Some, such as blocks
in the grid world, are discrete, solid things that are relatively easy to talk
about and describe. Some objects are hierarchical, in the sense that they
consist of parts (other objects) put together in a certain fashion. There are
also fluids and gases and collections, such as piles of sand, bags of flour,
and galaxies. A notable effort at describing matertals and their properties
(especially liquids) is that of [Hayes 1978, Hayes 1985a, Hayes 1985b.

2. Space. The physical world has spatial extent. Objects exist in space and are
located in space relative to other objects. Thus, we must have ways to talk
about things being inside, above, and next to other things, for example.
We must also be able to describe how large things are, what their shapes
are, and so on. An early Al effort at formalizing various netions about
space is that of [Kautz 1985]. For papers on spatial reasoning in various
robotics tasks, see [Chen 19%0].

3. Physical properties. Al systems should also be able to reason about such
physical properties as mass, temperature, volume, pressure, radiation
level, wavelength, and any relations among them.

4. Physical processes and events. Objects fall, balls are thrown, grass grows,
glasses are filled and emptied, candles burn, hot objects cool. In physics,
many such processes are described by differential equations, and we
could use these equations in Al Often, however, we do not need the exact
(and expensive) solutions provided by physics. Instead, Al researchers
have developed a qualitative physics in which general trends can be inferred
without the need for exact calculation [Weld & de Kleer 19901
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5. Time. Processes (including computation) occur in time, and computer
scientists and Al researchers have developed various techniques for
deseribing and reasoning about time. Special temporal logics (Emerson
1989] used in the analysis of computer programs have certain important
aspects of time built into them. Al people have tended to handle time
m two other ways (but see [Shoham 1987] for a discussion of the use
of temporal logics in AD, First, explicit mention of time can be ignored
altogether by referring instead to situations, which are “snapshots” of the
world al unspecified times, Situations are linked by actions that transform
one sttuation into another, I deal with this approach in Chapter 21.
Second, time and time intervals can be included among the entities that
are explicitly reasoned about. As an example of the formalization of a
concept needed for commonsense reasoning, I describe this approach to
formalizing time in the next section of this chapter.

30 Time
How are we to think about time? Is it like the “real line” of numbers extending
both into the infinite past and infinite future? Or is it like the countable integers,
beginning with 0 at the "big bang" and ticking in discrete time units? Some early
societies thought time was circular—proceeding in cycles of endless repetition.
We need to decide on what picture we will use before we can state useful facts
about time.

The picture most often used in Al was formalized by James Allen [Allen 1983,
Allen 1984]. (See also [Allen 1991a] for a discussion of the many ways to represent
time.} In this picture, time is something that events and processes occur in. {tn 4
perfectly static world, with nothing at all going on, there would be no need for
time; in fact, it would be hard even to see how time could be defined in such
a world.) These “containers” for events and processes are called intervals. Time
intervals are like intervals on the real number line. In this conceptualization
then, time intervals are among the entities that “exist”

To describe time intervals, we need to give them names, and we will use
predicate-calculus object constants, such as 11,12,.. ., to denote them. To say
that some event or process, denoted by E, occupied (fully) the interval T, we
would write Occurs (E,1). (I leave it to you to think about how to formalize the
notions of events and processes; for present purposes, they too are entities that
“exist”)

Time intervals have beginning and ending time points. Time points are thought
of as real numbers. The beginning of an interval is given by a function, denoted
by start; the end of an interval is given by a function denoted by end. A basic
fact about intervals is
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——t— Meets(x,y) Met_by(y,x) |
b= Before{x,y) After{y,x)
Overlaps(x,y) Overlapped_by{y,x)
Starts(x,y) Started_by(y,x)
Ends(x,y) Ended_by(y,x)

During(x,y) Contaims{y,x)

Equals(x,y} Equals(y,x)

Relations between Intervals

(¥x)start{z) < end(x)|

{(When the beginning and end of an interval are the same, the interval collapses
to the degenerate case)
We define a basic relation between intervals as follows:

(¥x, y)[Meets(x, y) = (end(x) = start(y)]

(Two intervals meet if the end of the first is the same as the start of the sec-
ond.} We can define six other relations between intervals either in terms of Meets
or in terms of the start and end times of the intervals. These are denoted by
Before, Overlaps, Starts, Ends, During and Equals. We also have the in-
verses Met_by, After, Overlapped_by, Started_by, Ended_by, and Contains.
(Equals is its own inverse)) For example,

(¥x, y)(Before(x, y) = (3z)[Meets(x, z) A Meets(z, y)}
(¥x, y){Before(x, y) = [{end(x) < start(y)]}

I show a graphical illustration of these relations in Figure 18.1 and leave it to
you Lo complete the definitions I began with Before.
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The interval relations can be used to express some commonsense facts about
events in time. For example, to say that the event of water flowing out of a faucet
is preceded by turning a valve counterclockwise and followed by turning a valve
clockwise, we might write

(Vy)}{Occurs(Flow, y)
2 {3x, z)[0ccurs{Turn_ccw, X) A Dccurs(Turn_cw, z) A Qverlaps(x, y})
ADverlaps(y, z)l}

There are also some basic axioms expressing such things like the transitivity of
Before. This particular formalization of time has been applied to a variety of
temporal reasoning problems.

Knowledge Representation by Networks

Taxonomic Knowledge

Often, the entities of both commonsense and expert domains can be arranged in
hierarchical structures that organize and simplify reasoning. In CYC's represen-
lation of commonsense knowledge, for example, the most fundamental entity is
denoted by the object constant Thing. In CYC, there are several kinds of things: ob-
jects in the world, mathematical objects, events and processes, and so on. These
are arranged in a taxonomy or hierarchy that implicitly encodes facts of the forms
"X is a P, all P's are (s, all ('s are R's,” and so forth. (See [Guha & Lenat 1990] for
a discussion of C¥C's hierarchy.) Taxonomic hierarchies can be encoded either in
networks or in data structures called frames. I discuss the network representation
first, using information about office machines as an illustrative example.

Suppose we want to represent the following facts: Snoopy is a laser printer,
all laser printers are printers, all printers are machines, plus some related infor-
mation. As predicate-calculus statements, we might have

Laser_printer(Sncopy)
(Vx)[Laser_printer[x] O Printer{x)]
(vx)[Printer(x) O Office machine(x)]

The Laser_printer, Printer, and 0ffice machine predicates represent categories
in a taxonomy. One important type of reasoning using taxonomic knowledge in-
volves transitivity of categories, For example, given the preceding facts, we can de-
duce (Vx)Laser printer(x) D Qffice machine(x)| and 0ffice machine(Snoopy).
The members of each taxonomic category might all have certain properties,
such as the energy source of all office machines is an electric wall outlet. These
properties can be expressed by a function and an equality predicate: |

(Vx)[0ffica machine(x) D [énergy.source(x) = wall_outlet]]
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Note that the members of subcategories typically inherit the properties common
to their superategories:

(¥x)[Laser_printer(x) D [energy source(x) = wall outlet]]

These common kinds of inferences about entities in a taxonomic hierarchy are
facilitated hy a graphical representation called a semantic network.

Semantic Networks

Semantic networks are graph structures that encode taxonomic knowledge of
objects and their properties. Here, I discuss a simple version of them that
incorporates the main ideas. There are two kinds of nodes:

* Nodes labeled by relation constants corresponding to either taxonomic
categories or properties

¢ Nodes labeled by object constants corresponding to objects in the domain
There are three kinds of arcs connecting the nodes:

¢ Subset arcs (sometimes called isa links)
* Set membership arcs (sometimes called instance lirnks)

+ Function arcs

[ show an example of such a network having these various kinds of nodes and
arcs in Figure 18.2.

Reasoning about properties and set membership is easier and more efficient
in a semantic network than it would be using unguided resolution on the
corresponding wifs." To determine whether or not an object, represented by node
A, is a member of some set, represented by node B, we follow the arcs up from
A to see if we encounter node B. Referring to Figure 18.2, it is easy to determine,
for example, that R2D2 is an officc machine. To determine the value of some
property of an object represented by node A, we follow the arcs up from A to
look for a node having this same property. For example, to determine the energy
source for Snoopy, we follow the arcs from Snoopy up to the 0ffice_machines
node and see that the answer, Wall_cutlet, is represented there.

Nonmonotonic Reasoning in Semantic Networks

As already mentioned, reasoning in ordinary logic is monotonic because adding
axioms to a logical system does not diminish the set of theorems that can be

1. Although a modification of the unification procedure that takes into account “type
information” on variables, along with other heuristics, results in resolution systems that are
essentially as efficient [Sticke! 19851
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Figure 18.2

Wall_outlet

€Nergy_source

Office_machines

Ink_jet_printers

Arc conventions:

Subset  e—

Element —m

Function sse—pe

A Semantic Network

proved. That s, if A" is a superset of A, then for any o for which A F w, it is also
the case that A’k w. But there are many examples of commonsense reasoning by
humans that seem to be nonmonotonic. We often make default inferences—ones
that barring knowledge to the contrary, we are willing to assume are true. But, if
new, contradictory knowledge arrives, we then must retract the default inference.
There are many systems and logical mechanisms that have been proposed for
capturing this nonmonotonic phenomenon—1 already described how TMSs do
s0. Other formalisms are default logic [Reiter 1980], autoepistemic logic IMoore
t985al. nonmonotonic logic McDermott & Doyle 1980], and circumscription
[McCarthy 1980, McCarthy 1986).

Here, I describe a simple (albeit not fully adequate) mechanism for nonmono-
tonic reasoning called cancellation of inkeritance, The mechanism is best explained
using semantic networks. Suppose we want to say that the energy source of office
machines, by default, is an electric wall outlet, but that, as an exception to this
rule, the energy source of a robot is a battery. We could express that knowledge
by adding another function arc to the semantic network, as shown in Figure 183.
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Office_machines

eneIgy_gource

Wall_outlet

anergy_source

Ink_jet_printers

Arc conventions:

Subset  —

Element -——

Function  se——

Figure 18.3

A Semantic Network for Default Reasoning

It would seem that the property inheritance mechanism in the new net-
work would lead to a contradiction. Although property inheritance allows us
to conclude (correctly) that the energy source of printers is a wall outlet, it also
contradicts the explicitly represented fact that the energy source of robots is a
battery {assuming that batteries and wall outlets are different). We are protected
from this contradiction by the way in which the network is used. Information
about the most specific categories (ordered according to the subset or instance
arcs) takes precedence over less specific categories. So, in the case in whch we
want to inquire about the energy source of R2D2, we first locate the node labeled
R2D2 in the network and inquire whether or not that node has an energy_source
function arc. If it does, we accept the answer given by the node at the head of that
arc as final. If it does not, we follow arcs up the hierarchy until we come to the
first node that has an energy_source function arc. We then use the node at the
head of that arc to answer the query. Information associated with nodes high in
the taxonomic hierarchy is general, default information—subject to cancellation
by more specific information associated with nodes lower in the hierarchy.



312

Representing Commaonsense Knowledge Chapter 18

18.3.4

Del_Robots C1_Robots

works_during

works_during

Figure 18.4

Conflicting Defaults

here are various difficulties associated with the property inheritance mecha-
rusm, One problem is that properties inherited from different parent nodes might
conflict. The subnetwork shown in Figure 184 illustrates this problem. C3PO is
both a delivery robot and a cleaning robot; does it work the night shift or the
day shift? In cases of conflict, no conclusion can be drawn. In more sophisticated
nonmonotenic systems, default knowledge is prioritized so that one default can
take precedence over another in cases of multiple inheritance.

Frames

Taxonomic knowledge can also be encoded in a data structure called a freme. A
frame has a name and a set of attribute-value pairs. The frame name corresponds
1o a nodc in a semantic netwark, The attributes correspond to the names of
arcs associated with this node, and the values correspond to nodes at the
other ends of these arcs. The attribute-value pairs are usually called slots, the
attributes are called slot names, and the values are called slot fillers, I show an
example in Figure 18.5. Note that we can also represent what is sometimes called
metaknowledge in these representations; the date that the frame was created and
the creator of the frame, for example, are knowledge about the frame, not about
printers.

Semantic networks and frames do have difficulties, however, in expressing
certain kinds of knowledge. For example, it is difficult (but not impossible [Hen-
drix 1979)} to express disjunctions (and thus implications), negations, and general,
nontaxonomic knowledge. These problems have led to hybrid systems, such as
KRYPTON [Brachman, Gilbert, & Levesque 19851 CLASSIC is another hybrid system
[Borgida, et al 19891 These use what are called terminological logics—employing
hierarchical structures to represent entities, classes, and properties and logical
expressions for other information,
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Frame name

/

Pranters

subset_of: Office_machines

superset_of: {Laser printers,
/ : ;
Ink_jet_printers}

/ energy_source: Wall_outlet

4

Slots
¢reator: John_Jones

date: 16_Aug 91
i‘\"“-\._
/ ~
Slot names Slot fitlers

Figure 18.5

A Frame

184 Additional Readings and Discission

For more on commonsense representation and reasoning methods, see [Davis
1990, Hobbs & Moore 1985]. Regarding CYC, there are five reviews of |Lenat &
Guha 19901 in Artificial Intelligence, 61(1): 41-104, 1993.

[Sowa 1991] is an edited collection of papers on and related to semantic
networks. The property inheritance mechanism, developed by Al researchers
for efficient reasoning in semantic networks, has been incorporated as a basic
feature of class hierarchies in object-oriented programming languages. For an
experimental comparison of various terminological-logic systems, see [Heinsohn,
et al 1992].

Cancellation of inheritance in semantic networks is a nonmonotonic reason-
ing technique. [ have already cited the more sophisticated mechanisms of default
logic and circumscription. For a review, see [Brewka, Dix, & Konolige 1997]. An-
other nonmonotonic reasoning convention is known as the cosed-world assumption
(CWA). The CWA augments a knowledge base, A, of predicate-calculus formulas
by including with & the negations of all of the ground atoms that cannot be
deduced from A. This process is nonmonotonic because if an atom e is added to
A, the literal —e added by CWA must then be retracted. For a collection of papers
on nonmonotonic reasoning, see [Ginsberg 1987].

Some of the work on knowledge representation concentrates on languages
and formalisms that allow different knowledge-intensive programs to share
information. Examples are the knowledge interchange format (KIF) {Genesereth &
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Fikes 1992] and KQML [Finin, Labrou, & Mayfield 1997]. These systems depend on
establishing common conceptualizations of knowledge called ontologies. [Gruber
1997] describes principles for their design.

Human commonsense representation and reasoning seem to involve many
mechanisms that are quite different from the logical ones studied in this book. The
use of analogies and metaphors seems to be fundamental, Analogical reasoning
has been studied by several researchers in Al and psychology, including [Gentner
1983]. [Lakoff 1987, Lakoff & Johnson 1980] are books about the role of analogies
in human thinking and language. Case-based reasoning is another reasoning
method that exploits analogies and similarities with previously solved problems
[Kolodner 19931 {See also the special issue on case-based reasoning of Machine
Learning, 10(3): 1-5, 1993)
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18.1 It is commonplace 1o assume that knowledge can be encoded by predicate-
caleulus formulas constituting a knowledge base. Consider, for example, the follow-
ing formulas that are alleged to encode some of the knowledge about personnel
and organization of the ACME Company:

Salary(Joe, 20000)
Dept{Joe, Sales)
Boss_of(Joe, Henry)

(¥x, y)[Dept(x, Sales) A Salary(x, y)] 3 (y > 20000)]

Any account of what it means for these formulas to encode knowledge would
have to apply also, of course, in the case in which all of the mnemonic predicate
constants (eg, Salary) and object constants (e,g, Henry) were replaced by less
suggestive L”gensym" constants. In what technical sense can it be said that the
formulas (with the gensym constants, say) encode knowledge about the ACME
Company?

18.2 (Courtesy of Daphne Koller) Consider the following argument:

Wellington heard about Napoleon’s death. Therefore, Napoleon could not
have heard about Wellingtorr's death,

Provide a formal first-order logic derivation of this argument. (Hint: When doing
knowledge representation, it is often a good idea to start out with o provisional
vocabulary and a provisional set of axioms, and modify them as you see what's
required for the proof)
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L. List a set of relation constants, function constants, and object constants
needed for a first-order logic representation of the knowledge in this
domain. Your domain elements should be people, times, and events (such as
a person’s death). (Hint: It is often easier to use functions in cases where
they make sense. It's OK for a function not to be defined over the entire
space (e.g, an event may have a time but a person may not), so long as
it's always used consistently.)

2. Using this vecabulary, write down the basic facts as well as any
commonsense axioms used in this argument.

3. Using a formal logical proof, prove the conclusion from the facts you
wrote down.

18.3 Suppose that we had to prove that a bird named Tweely is located in a zoo.
tf we had a knowledge base, our goal would be something like

Bird(x) » Name(x, Tweety) A Located_ in(x, y) A Zooy)

Suppose that we know 500 birds, five things named Tweety, 10'° object/focation
pairs, and 100 zoos. Further, each object has a unique location and each location
has about 1000 objects.

1. In solving this problem by proving each conjunct in order {taking due
account of the substitutions made in solving the conjuncts), what is the
optimal ordering of conjuncts? (For a given problem, the optimal ordering
of conjuncts is the order that generates the smallest search space or, in
other words, gives the least number of possible solutions that need to be
checked )

2. One popular heuristic is to order conjuncts according to which has the
smallest number of answers {at the time it is attempted). This heuristic is
sometimes called cheapest first. What is the order of the conjuncts using this
heuristic?

5. Prove that the cheapest first heuristic is always optimal, or modify the
example to create a counterexample.

18.4 Construct an example to show that the closed-world assumption (CWA)
applied to a set of formulas can lead to an inconsistency.

18.5

I Express as predicate-calculus wifs the information in the semantic
network shown here. Take care that the wifs are written in such a way
that they explicitly state the inheritance cancellation information tha is
implicit in the inheritance hierarchy.
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2. Can you prove that Fido has four legs from your predica'te-calculus wifs?
If not, what information would you need to add in order to complete the

proof?

is_a_subset of

no._of_legs

is_a_
subset_of

is_an_element_of is_an_element_of

18.6 For the two examples shown here, pick the most appropriate knowledge
representation system and encode the statements of the examples in the selected
representation, Use your representation and a reasoning system appropriate to it
to answer the question in each example. Explain in some detail how the reasoning
system arrives at the answer—showing resolution refutations, for example, if a
reasoning system based on resolution is nsed, Use diagrams if they are helpful
in your explanations.

1. Typically, birds fly. Ostriches are birds. Oliver is an ostrich. Ostriches do
not fly.

Q. Does Oliver fly?

2. Seymore is an elephant and John's friend. All elephants are gray or a
friend of Bert. No friend of Bert is a friend of John.

(. Is Seymare gray?
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47 Uncertain
nformation

An agent often has only uncertain information about its task and about its
environment. The techniques 1 have described so far had limited abilities for
representing and reasoning about uncertain knowledge. A statement such as
P v Q allows us to express uncertainty about which of P or Q is true, but I have
not yet described how we might represent how certain we are about either P or Q.

In ordinary logic, we can deduce q from P and P> Q. That is, if an agent
knows P > §, and it subsequently learns P, it can infer q also. Are there analogous
inference processes when information is uncertain? Various formalisms have
been employed to represent and reason about uncertain information. 1 have
already alluded to ones used by MYCIN and PROSPECTOR. The formalism that is
most well developed (and, some would argue, most appropriate) is based on
probabilities. 1 begin the chapter with a brief review of the fundamentals of
probability theory.

Review of Probability Theory

Fundamental Ideas

Assume we have a collection of random variables, V1, V3, .. ., V. When we want to
talk about the value of V; without saying what this value is, we use the symbol
v, In our applications, the randem variables stand for features of a domain of
interest. The values of the random variables can be of different types. If the
variables stand for propositions, their values are either True or False (or, possibly,
1 or 0); if the variables stand for physical measurements (such as height, weight,
speed, etc ), the values are numeric; if the variables stand for categories (such as
color, letters of the alphabet, etc), the values are categorical For example, the

317
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result of a coin toss might be represented by the single variable, C, whose value,
¢, could be either of the categorical values H (heads) or T {tails). If we are talking
about the results of flipping a coin k times, we would need k variables, (C;, . . ., (),
each one of which could have value H or T.

We denote the joint probability that the values of Vi, V2,.. ., Vi are vy, va, ..., %,
respectively, by the expression p(Vy =v1, Vo =wa, . .., Vi = v ). An expression of the
tormp(V1,V2,. . ., Vi) is called a joint probability function over the variables v, . . ., V.
It maps the set of variables into a real number between 0 and 1. Substituting
specific values for the variables in p(Vy, ¥y, ..., V}) gives us an expression of the
form p(v1,vs, ..., vy)—an abbreviation for p(Vy =v;, V, =v,,.. .. Vi =w). Thus, for
a fair coin toss, we might have p(H) = 1/2. If we flipped a fair coin five times, we
might have p(H, T,T H, Ty =1/32. p(H, T, T, H, T} is the joint probability of the first
toss resulting in heads, the second toss resulting i tails, the third toss resulting
in tails, the fourth toss resulting in heads, and the fifth toss resulting in tails.

Probability functions must satisfy certain properties; among these are

(a) 0<p(V,Vy.... Vi) <1
for any assignment of values to the variables, and

{b) Ep(vl,V)_,. L =1

where the summation is over all values of the variables. Thus, in our coin-flipping
example, p(H) = 1/2 is consistent with property (a), whereas p(H) = 1,2 together
with property (b) constrains p(T) to be 1/2. 1 will not have much to say here about
how to assign probabilities to the values of random variables, Just as the truth
or falsity of various propositions denoted by wifs in the propositional calculus
is based on the subjective judgment of experts in the domain of application
(or by perceptual processing of sensory data), so are the probability values of
random variables dependent on expert judgment or on perceptual processing.
Our main concern instead will be how to perform calculations that will tell us
the probabilities of certain variables of interest.

In the applications that I consider in this chapter, the variables correspond
to propositions about a domain. These propositions may be either true or false.
The corresponding propositional variables will thus have values True or False. We
may be uncertain about the truth of one or more of these propositions; this
uncertainty is represented by the probability of the vatue(s) of the corresponding
variable(s). Thus, the techniques to be described in this chapter can be considered
as probabilistic alternatives for the methods discussed in Chapters 13 and 14 for
representation and reasoning using propositional logic. (Developing probabilistic
alternatives for first-order logic remains a frontier research problem; see, for
example, INilsson 1986, Glesner & Koller 1995))
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It will be helpful to frame my presentation of important concepts with a
specific example. T will use the same one used earlier to illustrate reasoning
in the propositional calculus. Recall the propositional atoms BAT_OK, MOVES, and
LIFTABLE, which are intended to mcan, respectively, the battery is fully charged,
the arm moves (when holding the block), and the block is liftable. To these, we add
the atom GAUGE, which is intended to mean that the gauge indicating the status
of the battery says that the battery is fully charged. To make my diagrams and
formulas somewhat less cumbersome, [ will rename these atoms by the single
letters B,M, L, and G. Now, let us suppose that we are unsure about whether these
atoms are True or False. Before any sensor readings are taken, we have a priori
probabilities on various combinations of these values, That is, for example, we
think it quite unlikely that ¥ is False when the others are all True.

Because there are 4 binary-valued variables, there are 16 joint probabilities
over these variables, each of the form pB=bM=m L=1G =g), where b, m 1,
and ¢ are True or False. An agent designer might specify these 16 values, subject
to the constraints that each is between 0 and 1 and that they all sum to 1. As an
example, [ list some of these joint probabilities in the following table:

(8,M,L,G) Joint probability

{True, True, True, True}  0.5686
(True, True, True, False)  0.0299
(True, True, False, Tue) 00135
(True, True, False, False)  0.0007

(Of course, a designer would be unlikely to specify the probabilities with the
degree of precision given in the table. I do so to make these values consistent
with other related probabilities for this example given later in the chapter)

When we know the values of all of the joint probabilities for a set of random
variables, we can compute what is called the marginal probability of one of these
random variables. For example, the marginal probability p(B = b) is defined to be
the sum of all of those 8 of the 16 joint probabilities for which B=b:

pE=b)=> p@MNL0)

B=b

Using this formula, the marginal probability p(B = True) = 0.95, which is the sum
of the 8 joint probabilities in which the value of B is True.

Lower order joint probabilities can also be computed by summing appro-
priately over the full joint probabilities. For example, the joint probability p(B =
b, M=m) is the sum of all of those 4 full joint probabilities for which B =} and
W=nm:
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pB=bM=m)= Z pBM,L,G)
B=bM=m

it follows that when lower order joint probabilitics are known, we can use them
also to calculate marginal and other iower order joint probabilities. Thus, for

example,

pE=b=3 pBM
B=b

and

pE=bM=m= Y pBMHL)

B=bM=m

When dealing with propositional variables (ones having values True or talse), |
often employ a shorthand notation. Instead of having to write p(B = True, M = False),
for example, [ will sometimes wrile p(B, —¥)—assuming that unnegated variables
have been instantiated to True and negated ones have been instantiated to False.
This abbreviated notation will be used only when context makes it clear that [
am denoting a probability value for an instantiation of variables rather than a
probability function over the variables.

Thus, given the full joint probability function (say, as a table) for a collection of
random variables, we can in principle compute all of the marginal probabilities
and all of the lower order joint probabilities. However, when we have a large col-
lection of random variables, the task of specifying all of the joint probabilities, let
alone computing the lower order probabilities, becomes intractable. Fortunately,
in most applications, the joint probabilities satisfy certain special conditions that
enable their specification and computations over them to become feasible, These
conditions will be described later in the chapter.

Conditional Probabilities

We want to be able to use information about the values of some variables o ob-
tain probabilities for the values of others. For example, if the block-lifting robot
senses that its arm does not move, it might want to calculate the probability that
{given that fact} the battery is charged. Such calculations are called probabilistic
inference in anatogy with logical inference methods. Before explaining how prob-
abilistic inferences can be perfurmed, 1 must first define what are called conditional
probabililies.

The conditional probability function of V; given Vj 15 denoted by p(V;IV)). For
any values of the variables V; and V;, it is given by

pvi V)

yavy = e
P v
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where p(V;, V) is the joint probability of V; and V;, and p(V}) is the marginal
probability of V;. From this expression, we see that we can also write a joint
probability in terms of a conditional probability:

pi, Vy) = p(Vi[V)p(¥))

Returning to our block-lifting example, we can calculate the probability that
the battery is charged given that the arm does not move:

)= p(B = True, ¥ = False)

p(B = Truej¥ = False 01 = Fals)

Both the numerator and denominator of this expression can be caiculated by
appropriate sums of joint probabilities, as explained earlier.

Conditional probabilities are easily understood under a frequency interpreta-
tion of probabilities. In such an interpretation, p(M = False), for example, is the ratio
of the number of times the arm does not move to the total number of attempts
(in some imagined experiment carried out an infinite number of times). Thus, the
probability that the battery is charged given that the arm does not move is the
number of times the arm does not move and the battery is charged divided by
the number of times the arm does not move. A conditional probability is thus a
normalized version of a joint probability.

Venn! diagrams, such as the one in Figure 19.1, are helpful to illustrate joint
and conditional probabilities (for a small number of variables). In that diagram,
I show two overlapping elliptical regions, one denoting occasions in which the
arm does not move (M = False) and one denoting occasions in which the battery
is charged (8 = True). The areas of each of these regions are proportional to the
corresponding (marginal} probabilities, shown using shorthand notation in the
figure. The area outside of both ellipses corresponds to the occasions in which
the arm does move and the battery is not charged (p(M = True, B = False)).

Note especially the three separate disjoint parts of the ellipses, namely, those
corresponding to the joint occurrences of the arm not moving and the battery
not being charged, the arm not moving and the battery being charged, and the
arm moving and the battery being charged. The areas of each of these disjoint
regions are proportional to the corresponding joint probabilities, as shown in
the diagram. The way in which we calculate a marginal probability from joint
probabilities is obvious from the diagram: p(B) = p(8, M) + p(B, —M).

We can also have joint conditional probabilities of several variables condi-
tioned on several other variables. For example, (using shorthand notation)

p(=G B, —M L)

{(—G, B|—M,L)=
PGB L = D

L]
1. John Venn was an English logician [Venn 18801,
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\ M= False B = True /

p(M,—B)

P(B M) = P(B,ﬂH)/p(ﬁH)

Figure 19.1

A Venn Diagram

In caiculating any conditional probability, the joint and marginal probabilities
that occur in the computation can be calculated from any full set of joint
probabilities that contain all of the needed variables, as described earlier.

We can also express a joint probability in terms of a chain of conditional
probabilities. For example,

p(B. L, G M) = p(BIL, G, M)p(L|G, M)p(GIM)p(M)

The general form for this chain rule is

k
POV V=[] pVilVin,.. .. 1)
i=1
The chain rule expression depends on the way in which we choose to order the
V.. Different possible orders give different expressions, but they all have the same
value for the same set of variable values.
Since the way in which we order variables in a joint probability function is
unimportant (so long as we keep track of which is which), we can write

pVe Viy = pVilVp(Vy) = pv) [ Vip(Vy) = p(V;, V)

Note then that
P(VJ'WE)PWJ
p(vy)

This last equation is very important. It is called Bayes' rule.?

pvilVp =

2. Bayes’ rule was first formulated by Reverend Thomas Bayes [Bayes 1763].
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[ mention one final notational convention. When we have joint probabili-
ties of a collection of variables or probabilities conditioned on a collection of
variables, it will be convenient to use set notation. Thus, p(V) will sometimes be
used as an abbreviation for p(V,..., Vi), where V= {(V),..., V). Similarly, we
might use the abbreviation povIYy), where V; is also a set of variables. If the vari-
ables (V1,.. ., Vi) have values vy, . .., v, respectively, we denote that fact by the
expression V = v, where now V and v are ordered lists.

Probabilistic Inference
A General Method

The general setting for probabilistic inference is that we have a set, ¥, of propo-
sitional variables Vy, . .., Vi, and we are given,-as evidence, that the variables in a
subset, £, of V, have certain definite values, £ = e (of True or False). In agent applica-
tions, the "given" variables would typically have values determined by perceptual
processes. We desire to calculate the conditional probability, p(V; = v;|£ = e), that
some variable, V;, has value v;, given the evidence. We call this process probabilisic
inference.

Since V; has value True or False, there are two conditional probabilities in
which we might be interested, namely, p(V; = True|/ = e) and pV; = False|E = e).
Of course, we need only calculate one of these because piVi=True| =€) +
p(Vi = fulsel€ = €} = 1, regardless of the value of £. I illustrate by describing a
"brute-force” method for calculating p(V; = True|€ = e). Using the definition for
conditional probability, we have

p(V[ = True, £= €)
piE=e)

plVi=Tue|C =e) =

ptVi = True, € =€) is obtained by using our rule for calculating lower order joint
probabilities from given higher order ones:

pVi=Te £E=¢) = Z ptvy, ... VY
Vi=True £=e

wherethe V;, i=1,.. .,k constitute our collection of propositional variables. That
is, we sum over all values of the joint probability for which V; = True and for
which the evidence variables have their given values. The calculation of pé€=e
can be done in a similar manner, although as my next example iliustrates, it need
not be explicitly calculated.

As an example, suppose we have joint probabilities given by

p(P,Q, R} =03
pR 0, -R)y=02
p(P,-Q,R) =02
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p(P, =G, ~R) = 0.1
p(—f,Q,R) =005
p(=P,Q,—R) = 0.1
p(-P,—Q,R) =0.05
p(~P,—Q,-R) =00

We are given -R as evidence and wish to calculate p(Q|-R). Using the procedure
just given, we calculate

p(Q, -R) _ [p(P.Q, R} +p(~P, 0, ~R)]
pi-R) p(~R)

_ 02401 03

~ p(>R}  p(-R)

Now we can either calculate the marginal p(=R) directly or (as is usually done)
calculate p(-Q|-R) by the same method just used—avoiding the calculation of
p(-R) by taking advantage of the fact that p(¢|-R) + p(—Q|=R) = 1. | proceed with
the latter method:
p(~Q.-R} _ [p(P. -G —R) 4 p(=P,=Q, —R)]

pi-R) p(-R)
(01400 _ 01

PR pCR)
Since these two quantities must sum to one, we have that p(Q|-R) = 0.75.

In general, probabilistic inference using this method is intractable because,
to perform it in cases in which we have k variables, we need an explicit list of all
of the 2* values of the joint probability, p(vy, Vs, . .., V). For many problems of
interest, we couldn't write down such a list even if we knew it (which we generally
do not).

In view of this intractability, we might ask, “how do humans reason so ef-
fectively with uncertain information?” Pearl [Pearl 1986, Pearl 1988, Pear] 1990)
surmised that we do it by formulating our knowledge of a domain in a special
manner that greatly simplifies the computation of the conditional probabilities
of certain variables given evidence about them. These efficient knowledge for-
mulations involve what are called conditional independencies among various of the
variables—a subject to which I now turn

p(Q)-R) =

p-Q-R) =

Conditional Independence

We say that a variable, V, is conditionally independent of a set of variables, ¥;, given
a set V,, if p(V|V, V) = p(V|¥)) and use the notation I{V, Vil“?j} to state this fact.
The intuition behind conditional independence is that if I(V, ViiVy), then V; tells
us nothing more about V than we already knew by knowing ;. As far as V is
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concerned, if we know V; we can ignore V;. In our block-lifting example, it seems
reasonable that if we already know (by some other means) that the battery is
charged (B = True), then insofar as we are concerned about the amm moving (4),
we don't need explicit knowledge about 6 (the gauge indicates that the battery
is charged). That is, p{M[B, @) = p(M|B).

If a single variable, V;, is conditionally independent of another variable, V;,
given a set V, we have (by definition) p(V;V;, V) = p(V;|V). By the definition of
conditional probability, we have p(V;|V;, Vip(;lV) = p(¥; ViiV). Combining these
two results yields

PV VilV) = pViivip(vIv)

for the case in which [(V, ¥j[V). Note that ¥; and V; appear symmetricaily.
Thus, saying that V; is conditionally independent of V;, given V, is also to say
that V; is conditionally independent of V;, given V. It suffices to say that ¥;
and V; are conditionally independent given V. This same result applies to sets,
namely, if ¥; and V; are conditionally independent given ¥ (that is, I(¥; VitV)),
then p(V;, VjIV} = p(ViVip(V;IV). If V is empty, we simply say that V; and V; are
independent,

As a generalization of pairwise independence, we say that the variables
Vi.... Vi are mutuglly conditionally independent, given a set V if each of the variables
is conditionally independent of ail of the others, given V. Since

k
P Yy D = [pWilVicy, ... VW)
i1
and, since each V; is conditionally independent of the others given V, we have
k
PV Vo Vi) = [T pvii¥)
i=l

When V is empty, we have
PV V) =pVpVay - p(Vy)

and say that the variables are unconditionally independent.

Conditional independencies can be conveniently represented in structures
called Bayes networks (also called belief networks), These structures are very useful
for probabilistic inference. The conditional independencies represented in Bayes
networks can lead to great economies in probabilistic inference computations.

AT

185 Bayes Networks

A Bayes network is a directed, acyclic graph (DAG) whose nodes are labeled by
random variables. A Bayes network stipulates that each node, V;, in the graph is
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conditionally independent of any subset of the nodes that are not descendants of
V; given the parents of V;. That is, let A(V;) be any set of nodes in the graph that are
not descendants of V;, and let P(V;) be the immediate parents of V; in the graph.
The graph is simply a way of stating that, for all V; in the graph, I(V;, A(V))|P(V;),
which means that p(V;|A(V)), (V) = p(V; | P(V)).

Let V1, V3,..., V; be the nodes in a Bayes network Given the conditional
independence assumptions made by the network, we can write down the joint
probability of all of the nodes in the network as follows:

k
pvi Vo V) = [[ptiPvin

i=1

This expression can be derived in a straightforward manner by applying the
conditional independencies to the chain rule expression for the joint probability
of all of the variables using any chain rule order consistent with the partial order
implied by the Bayes network DAG,

Bayes networks are sometimes called causal networks because the arcs con-
necting the nodes can be thought of as representing direct causal relationships.
Human experts are often able to relate causes and effects in such a way that re-
veals inherent conditional independencies representable by the resulting Bayes
net. Structuring Bayes networks using intuitive notions of causality usually re-
sults in’ networks for which the implied conditional independence assumptions
are appropriate. In the words of one researcher [Heckerman 1996, p. 14]: “. . . to
construct a Bayesian network for a given set of variables, we draw arcs from cause
variables to immediate effects. In almost all cases, doing so results in a Bayesian
network iwhose conditional-independence implications are accurate)”

[illustrate the construction of a Bayes network using our block-lifting exam-
ple. We start with what we imagine to be “first causes" for this domain, namely, the
variables corresponding to the propositions “the battery is charged” (8) and “the
block is liftable” (L). B and L have a causal influence on ¥ (“the arm moves®), and B
has a causal influence on G (“the gauge indicates that the battery is charged”), Thus,
we would draw the Bayes network for this problem as shown in Figure 19.2. Note
that, among other things, the network states that p(uiG, B, L) =pMB,L). If there
were another node in the network, say, U (meaning the block is up), it would not
be the case that p(Mjc, B, L, U) = p(M|B, L) because U would be a descendant of ¥,
(The block being up influences the probability that the arm moves, How else did
the black get up?) The expression for the joint probability function for all of the
nodes in the network is given in the figure,

We see that in order to calculate the value of joint probabilities given by the
Bayes network, we need to know the conditional probability functions of each
node in the network conditioned just on its parents, as shown in Figure 19.2, For
nodes without parents, the probabilities are not conditioned on other nodes;
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Prior probabilities associated with
each node having no parents

p{B)

p{M[B,L)=02
p(M|B,—L)=0.05
p(M[—B,L)=00
e M P(HI"!B,_\L) =040

peiB)=095 |
p(G| —|B) =0.1 ‘-\_\

Conditional probability tabies associated
with each child node and its parents

p(G,B,M,L)=p(GIB)p(MIB,L)p(B)p(L)

Figure 19.2

A Bayes Network

these are called the prior probabilities of these variables. Therefore, a complete
specification of the probabilities for a set of random variables involves a Bayes
network for these variables along with conditional probability tables (CPTs) for each
node in the network,

The Bayes network formula for the joint probability function for our block-
lifting example should be compared with a similar one (assuming no conditional
independencies) obtained by using the chain rule:

P(G/ M, B, L) = p(G|B, M, L)p(M|B, L)p(B|L)p(L)

Note that the Bayes network formula is simpler. Without the conditional indepen-
dencies stipulated by the Bayes network, the specification of a joint probability for
all four variables of this example involved specifying 16 separate joint probabii-
ities (actually just 15 are needed becausc they must sum to 1). As is evident from
Figure 192, the assumptions made by the Bayes network require us to specify
only 8 probabilities. When there are several conditional independencies among
the variables in the domain, the joint probability expression calculated from the
Bayes network requires the specification of many fewer probabilities than would
be required without these independencies. This reduction can sometimes make
otherwise intractable problems feasible.
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19.4  Patterns of Inference in Bayes Networks

There are three important patterns of inference in Bayes networks. To explain
these, I continue with our example.

* Causal or top-down inference. Suppose we want to calculate pMIL), the
probability that the arm moves given that the block is liftable. Since the
block being liftable is one of the causes of the arm being able to move,
we say that this calculation is an example of causal reasonting. L is called the
evidence used in the inference, and M is called the query node. Here is how we
perform the inference in this case: first, we expand p(MIL) (a marginal) into
the sum of two joint probabilities (because we want to mention the other
parent, B, of M

PMIL) = p(M, BIL) + p(M, =B|L)

Next, we want M to be conditioned on this other parent as well as on L, so
we use a form of the chain rule to write

pOMIL) = p(M[B, L}p(BIL) + p(M| =B, L)p(~B|L)

But p(BIL) = p(B) (from the structure of the network; note that B has no
parents). Similarly, p(=B|L) = p(-8).

Therefore, p(M|L) = p(wB, L)p(B) + p(M—B, L)p(—B). Since all of these
quantities are given along with the network, we can compute

PML) = 0.855,

The operations that we performed in this cxample are worth noting
brcause they tan be generalized to more complex versions of causal
reasoning, as we shall see later. The main operations are as follows.

(a) Rewrite the desired conditional probability of the query node. V, given
the evidence, in terms of the joint probability of V and all of its parents
(that are not evidence), given the evidence.

(b) Reexpress this joint probability back to the probability of 1’ conditioned
on all of the parents.

Diagnostic or bottom-up inference. Now let's calculate p(—L|=H}, the
probability that the block is not liftable given that the arm does not move.
Here the roles of query and evidence are reversed from what they were
in the last example. Since we are using an effect (or symptom) to infer a
cause, we call this type of reasoning diagnostic reasoming.

p(-M=L)p(-L)
pi—M)

p{—L|=M) = (Baves' rule)
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Now we calculate p(-M|-L) = 09525 (using causal reasoning) and

3 - -ML)p(L
compute p(=Li-¥) = (5503 = WE. similarly, pi-#) = P =

00595x07 .. 003683 Gince these two expressions must sum to 1,

pi=H) =M
p(—L|-M) = 0.88632

The calculations used in this simple example of diagnostic reasoning
can also be generalized, The main step is the use of Bayes' rule to convert

the problem into one of causal reasoning,

Fxplaining away, If our only evidence is —¥ (the arm does not move), we
can compute the probability that the block is not liftable, =L, as we just
did. But if we are also given =B (the battery is not charged), then L ought
to become less certain. In this case, we say that —B explains —M, making —L
less certain. This type of inference uses a top-down or causal reasoning
step embedded in a bottom-up or diagnostic one.

p(—M, -B|=L)p(-L)
p(—ﬂB' —|H)
_ piM~8, ~Lp(=B|Lp(-L)
p (—|Br —|M)

_ p(=Mj—B, ~L)p{~B)p(-L)
- p(—B, =M}

(Bayes' rule)

p(—L|—B, ~M} =

(def. of conditional probability)

(structure of the Bayes network)

From this expression, using the probabilities given in the network and
solving for p(-B, M) in the usual way, we compute p(—L|-B, M) = 0.030,
which is, as expected, much less than p(-L|-M) computed earlier. Again,
note the use of Bayes' rule, an important step in the process of explaining
away.

Uncertain Evidence

The expression p(V|E), where V is a query node, does not give us the appropriate
probability when the evidence, &, itself is uncertain. In Bayes network calcula-
tions, in order for evidence nodes to be “given,” we must be certain about the
truth or falsity of the propositions they represent. We can achieve that require-
ment by arranging to have each so-called evidence node (the ones about which
we are uncertain) have a child node, ahout which we can be certain. So, in the
last example we considered {explaining away), suppose the robot is not certain
that its arm did not move; it might have a somewhat unreliable joint-angle sen-
sor. In that case, the evidence could be provided by a node ¥, representing the
proposition “the arm sensor says that the arm moved” We can be certain that
that proposition is either true or false, depending on its reading. The Bayes net-
work would then be used to calculate p(=L|—B, ~") instead of p(-L|-B, ~M). Of



330

Reasoning with Uncertain Information Chapter 19

M

course, the network will need the values of p(¥|M) and p(M'|-M), which describe
the reliability of the sensor.

Note that the network in Figure 19.2 already provides for the fact that we
may be uncertain about whether or not the battery is charged. Node B has a
child node, G, and we expressed how reliable the gauge is by the probabilities
P(GIB) and p(5|-B).) I leave it to you (perhaps after reading further) to compute
p(=Li—G, =),

Even with the simplifications given by a Bayes network, the brute-force
method we have just used for calculating various conditional probabilities of
interest from a joint probability is, in general, intractable for large networks, Its
worst-case time complexity is exponential in the number of propositional vari-
ables. Fortunately, there are several shortcut methods for calcy lating conditiona
probabilities for networks of special forms. I consider same of these methods next
after first presenting another result about conditional independencies in Bayes
networks.

. D-Separation

I happens that a Bayes network implies more conditional independencies than
just those involving the parents of a node. For example, in Figure 19.2, pM|G, B) =
P(MB); that s, M is conditionally independent of 6 given B{even though we are not
given both of K's parents). Intuitively, in the network of Figure 19.2, knowledge
of (the effect) ¢ can influence knowledge about (a cause) B, which influences
knowledge about (another effect) K. But if we are given the cause, B, there is
nothing more that G can tell us about ¥, In this case, we say that B d-separates
(direction-dependent separation) ¢ and i

Other conditional independencies of this sort exist in Bayes networks, I state
them here and refer you to [Pear] 1988 pp- 117-122] for the proofs.

Two nodes V; and ¥; are conditionally independent given a set of nodes &
(that is, I{V;, V;l£)) if for every undirected path in the Bayes network between V,
and Vj, there is some node, ¥, on the path having one of the following three
properties (see Figure 193):

1. ¥y is in €, and both arcs on the path Jead out of V.
2. Vpis in €, and one arc on the path leads in to V and one arc leads out.

3. Neither ¥y, nor any descendant of Vp is in €, and both arcs on the path
lead in to ¥},

When any one of these conditions holds for a path, we say that V, blocks
the path, given €. Note that the paths referred to in this result are undirected
paths, that is, paths that ignore arc directions. If all paths between V; and V; are
blocked, then we say that £ d-separates Vi and V; (direction-dependent separation)
and conclude that V; and V) are conditionally independent given ¢£. Additional
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Evidence nodes, E
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¥ /

Vi 18 independent of V) given the evidence nodes becausc all three paths between
them are blocked. The blocking nodes are

(@) V) is an evidence node, and both arcs lead out of V),.
(b) Vi is an evidence node, and onc arc leads into V;, and one arc leads out.
{c) V45 is nnt an evidence node, nor arc any of its descendants, and both arcs lead

into Vs,

Figure 19.3

Conditional Independence via Blacking Nodes

examples of conditional independence ue to d-separation in Figure 19.2 are as
follows:

* 1(G, L[B) because, by rule 1, B blocks the (only) path between ¢ and L, given
B. By rule 3, M also blocks this path, given B, because ¥ is not a member of
the set of evidence

* [(6,L) and I(8, L) because, by rule 3, M blocks the (only) path between G
and L and between B and L, given the empty set of evidence. (4 is not a
member of the empty sct of evidence)

Note, however, that B and L are not conditionally independent given ¥ because
although ¥ is on a path between B and L, both arcs on this path lead into M and
Mis in the set of evidence—so M does not block the path in this case,

The concept of d-separation can also be applied to sets. Two sets of nodes,
Vi and V;, are conditionally independent, given & if they are d-separater by €.
They are d-separated by £ if every undirected path between all nodes in V, and
all nodes in V; is blocked, given £,

Even using d-separation, probabilistic inference in Bayes networks is, in
general, NP-hard (Cooper 1990]. Some simplifications can be made, however
for an important class of networks called polytrees. A polytree is a DAG for which
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there is just one path, along arcs in either direction, between any two nodes in
the DAG. The network in Figure 19.2, for example, is a polytree. [ will illustrate
how probabilistic inference in polytrees is performed by an extended symbolic
example. (The method to be illustrated is based on an algorithm suggested by

[Russell & Norvig 1995, pp. 447f1)

Probabilistic Inference in Polytrees

The network shown in Figure 194 is a typical example of a polytree. In this
network, we will want to calculate the probability of Q given some of the other
nodes. Note that some of the nodes are connected to Q only through Q's parents.
We will say that these nodes are above Q. The other nodes are connected to Q only
through @'s immediate successors (its childrent). We will say that these nodes are
below Q. Also note that there is no path {except for the one through Q connecting
a node above § with a node below it—for otherwise the network would not be
a polytree). These definitions and connection property apply to every node in a
polytree! Our examples will be of three types:

1. All evidence nodes are above Q. As a typical example of this type, we will
calculate p(Q|P5, P4).

2. All evidence nodes are below Q. As a typical example of this type, we will
calculate p(Q|P12, P13, P14, P11).

3. There are evidence nodes both above and below Q.

Evidence Above

Let's calculate p(QiPs, P4) where all of the gvidence nodes are above Q. Our
calculation is a trace of the execution of a “bottom-up” recursive algorithm that
calculates the probability of each of the ancestors of @, given the evidence, until
either we reach the evidence or the evidence is below that ancestor. The algorithm
proceeds as follows:

First, we “involve the parents” (of Q):

p(@[Ps,P4) = ) p(Q, P6, P7|P5, P4)

Pé6.PT

(The special notation used to index this summation means we add four versions
of p(0, P6, PT|PS, P4)—the original, one substituting —Pé for P§, one substituting
~P7 for P7, and one with both substitutions.)

Next, we make the parents of Q part of the evidence by using the definition
of conditional independence to write

p(Q, P&, PT|B5, P4) = p(0|P6, P7, P5, P4)p(P6, P7|P5, P4)
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PS5 P7

Figure 19.4
L T
A Typicai Polytree

Substitution yields

p(QiPs,P4) = Y p(QIP6, P7, P, PA)p(P6, PT|PS, P4)
P6P7
Now, because a node is conditionally independent of nondescendants given its
parents,

p(QIP5, P4) = E p(QjP6, PT)p(P6, PT|P5, P4)
PEPT

Then, d-separation allows us to split the parents:

P(QIP5, P4} = Z P(QIP6, PT)p(P&|P5, P4)p(P7(P5, P4)
PEPT
And, finally d-separation allows us to ignore evidence above one parent in
calculating the probability of the other:

PIPS,P4) = Y p(@IPE, PT)p(PIPS)p(PTIPA)
P6PT
It is very important to note that the terms being summed are {a) the probabilities
of the query node, given the various values of its parents (which probabilities
are given along with the Bayes network), and (b} the probabilities of each of the
parents given just that part of the evidence above that parent (a recursive call to
the very algorithm we are executing). These resuits follow directly from the fact
that we are working with a polytree.

This same procedure is applied recursively until finally either we reach nodes
having an evidence node as a parent or we reach nodes having no parents (nodes
that are not themselves evidence nodes). We have the first of these two cases in
calculating p(P7|P4); the evidence node, P4, is one of the parents of the query
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node, 7. In that case, the step of “involving the parents” is simpler because one
of them is already involved. Because p(P7, P3{P4) = p(PT|P3, P4)p(P3|P4), we can
write

pR7IP) = Y p(RTIP3, PA(P3Pe) = Y p(PTIP3, PAYp(P3)
P3 P3
(The last step follows because I{P3, P4).) All of the terms in this sum are given by
the Bayes net, so the procedure ends along this branch for this example.
In calculating p(P6|P5), we obtain

P(P6IPS) = ) p(PS|PL, P2)p(PLIPE)p(P2)
P1F2

Here, we must next calculate p(P1]P5), and we note that the evidence node is no
longer "above” the query node; it is "below” We can no longer use this recursive
procedure, but must use the “evidence-below” procedure—yet to be described.
In this example, we simply use Bayes' rule to obtain p{P1/P5) = E@%%g(ﬂ. Now
all of the quantities needed to calculate p(P6|P5) are given by the Bayes network.
We can assemble all of these results (performing all of the summations) to get a

final answer for p(Q|P5, P4),

Evidence Below

Next, let's calculate p(QjP12, P13, P14,P11) where all of the evidence nodes are
below Q. Again, our calculation is a trace of the execution of a recursive algorithm.
It proceeds as follows: at the top level, we use Bayes' rule to write

p(P12, P13, P14, P11{Q)p(Q)

P12,P13,P14,P11) =
p(a )= P12 Pi3 P14 P1Y)

= kp(P12, P13, P14, P11IQ}p(Q)

where k = mﬁ.}m is a normalizing factor to be calculated fater in the same
way as we did in our earlier examples. By d-separation, I{{P12, P13}, {P14, P11}|Q),
yielding

p(QIP12, P13, P14, P11) = kp(P12, P13]Q)p(P14, P11{Q)p(Q)

Note that we have split the set {P12, P13, P14, P11} into two subsets corre-
sponding to the two children of Q. Each of the terms p(P12, P13|9) and p(P14, P11/Q)
involves a case of calculating the probability of a set of query nodes given a sin-
gle evidence node above them. Thus, we can use something like the previous
algorithm. Because there is only a single evidence node, it is convenient to use a
tep-down recursive algorithm instead of a bottom-up one as before,
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I illustrate how the top-down version proceeds by calculating p(P12, P13|Q)
first. The key step is to involve that single child, Ps, of g that is above the set of
query nodes, {P12,r13}. Note first that p(P12, P13, P9|Q) = p(P12, PL3]P9, Q)p(POIQ)
by the definition of conditional independence. Then,

p(P12,P13[Q) = Z p(P12, P13[PY, Q)p(PSIQ)
P9

Now, by d-separation, I({P12, P13}, QiP9), s0

p(P12,P13)Q) = E p(P12, P13[PI)p(P|)
P9
Of the terms in this sum, p(P9|q) is calculated by involving all of the parents of
Pg:

PESIR) = ) p(P9|P8, Qp(PE)
3]

p(P9IP8, Q) is given by the network. The other term, p(P12, P13{P9), is a recursive
call to the same top-down procedure that calculates the probability of a set
of query nodes given a single evidence node above them. In this case, the
recursive call terminates after one step because the children of P9 are the evidence
nodes. Because P12 and P13 are independent given P3, we have p(P12, P13{P9) =
p{P12{P9)p(P13iP9). Both of these probabilities are given by the network.

Applying the top-down procedure to p(P14, P11|Q) vields

p(P14,P11|Q) = ) p(P14, P11|P10}p(PLOIG)
P10
and then
p(P4, P11Q) = Y p(P14|P10), p(P11|P10)p(P10(Q)
P10

because /(P14, P11|P10). Only the middle term of this product is not given directly
by the network We use the top-down procedure again to calculate that term:

P(P11|P10) = ) p(P11|P15, P10)p(P15[P10)
P15
Here
p(P15[P10) = ) p(P15|PLO, P11)p(PLL) (Why?),
P11
but in p(P11{P15, P10), the query node P11 is above the evidence nodes, so we
have to apply the top level of this procedure (using Bayes' rule) again:

P15, P10
P11|P15,P10) = p(P15, P10jP11)p(P11)
p(P15,P10)

pl = kip(P15, P10[P11)p(P11)
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where ki = 7erprs; and p(P11) is given directly by the network; the algorithm
terminates with ‘

p(P15,P10[P11) = p(P156|P10, P11)p(P10[P11) = p(P15|P10, P11)p(P10}

because P10 and P11 are independent.

Now, all of the results can be collected, and the sums and k and k; can be
computed, to obtain a final answer for p(@|P12, P13, P14, P11).

The complexity of both the evidence-above and evidence-below algorithms
is linear in the number of nodes in the network (for polytrees).

Evidence Above and Below

If there is evidence both above and below §, as in
p(QI{P5, P4}, {P12, P13, P14, P11})

we separate the evidence inte above, €%, and below, £~ portions and use a
version of Bayes' rule to write

pEIq, EHp@ieh)
plE-IEY)

paIEt &)=
As usual, we treat p{T-lTFT =k, as a normalizing factor and write
PQIET, E7) =kap(€71Q, ETIP(QIE™)
Note that Q d-separates £~ from &%, so
PIET, £7) =kop(E7IQP@IET)

Note that we calculated the first probability in this product already as part of
the top-down precedure for calculating p(Q|€~). The second probability was
calculated directly by the bottom-up procedure.

A Numerical Example

I demonstrate the use of some of these methods numerically with the smaller,
abstract polytree shown in Figure 19.5. We want to calculate p(q|u).
As usual for diagnostic reasoning, we first apply Bayes' rule to obtain
1

pQIU) = kp(UIR)p(Q), where k= 0
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(R) = 0.01 PB=00
pR)=0,
p(PIR,~Q) = 0.90 psiQ =095
p(P1-R, Q)= 0.80 p(S1-0) = 0.0
p(P|-R,—q)=0.01
pUIn=07 Ve p(Vis)y=0.99
p(UI-p) =02 p(¥|-8y=01
Figure 19.5
L
A Small Polytree

The top-down algorithm successively calculates

P =) puUP)p(P()
P

peI) =) p(PIR Qp(R)
R

= p(PIR, Q}p(R) + p(P|-R, Q}p(—R)
=095 x 0.01 + 08 x 0.99 = 0.80, thus
p(-PiR) =020
p(U1Q) =p(UIP) x 0.8 + p(U|-P) x 0.2
=07 x08+02 x 0.2 =040, thus
PAIU) = k x 0.6 x 0.05 =k x 0.03
p{-QIU) = kp(Ul~Qp(-0)

plU-Q) =) pulP)p(PI-Q)
P

pPI~Q) =) " p(PIR, ~Q)p(R)
R

= p(PIR, ~Q)p(R) + p(P|-R, ~Q)p(-R)
=090 x 0.01 + 0.01 x 0.99 =0.019, thus
p(—P1-Q) =098
pUI-G) = p(U[P) x 0.019 + p(UiF) x 0.98
=07 x 0019+ 0.2 x 0.98 = 0.21, thus
p-QU =k x 021 x 095 =k x 0.20
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Thus, k=435, and finally

P =435 x 003 =0.13

Calculations like those of this example can be organized to avoid repeating
subcaleulations. One method of doing so is called bucket elimination [Dechter 1996],

When the network is not a polytree, the recursive procedures just described
will not terminate because of the multiple paths between nodes, Other techniques
have been propased for dealing with these more complicated networks. Among
them is a Monte Carlo method (called logic sampling [Henrion 1988). In that
technique, the marginal probabilities of the parentless nodes are used to assign
random values (such as True or False) to those nodes, Using those values, the CPTs
of their descendants are used to assign random values to these descendants, and
so on down the network. Finally, every node in the network has a value. This
process is repeated many times, and we keep track of all the values assigned to
the nodes. In the limit of an infinite number of trials, the node values will be
consistent with the joint probability for the nodes stipulated by the network
and its CPTs. After a large number of trials, we can estimate p(q[E), say, by
dividing the number of times § and E were assigned value True and dividing
by the number of times E had value True. Clearly, the same method can be used
to calculate the joint probability of a set of query nodes given a set of evidence
nodes.

Another method, called custering [Lauritzen & Spiegelhalter 1988] groups
nodes in the network into "supernodes” in such a way that the graph of super-
nodes is a polytree. The possible values of the supernodes are all the combi-
nations of values of their component nodes. The polytree algorithm can then
be used, but now there are many CPTs for each of the supernodes—giving the
conditional probabilities for all of the values of the supernodes, conditioned on
all of the values of the parent nodes (which may themselves be supernodes),

Additional Readings and Discussion

There are several textbooks on probability that can be consulted to supplement
my brief review; [Feller 1968] is one.

Some researchers think that nonmonotonic reasoning can best be handled
by probabilistic methods. See, for example, [Goldszmidt, Morris, & Peard 1990]

In AL work on prebabilistic inference using Bayes networks began with
Pearl 1982a, Kim & Pearl 1983] who developed ‘message-passing” algorithms
for trees and polyiree networks, respectively. The polytree method described in
this chapter is based on that of [Russell & Norvig 1995, pp. 447ffl. My treatment
of Bayes nets was limited to discrete-valued variables. Some work has also been



Exercises 339

W

done with continuous random variables; see [Shachter & Kenley 19891, [Wellman
1990] has investigated “qualitative” networks.

[ have already cited the book on probabilistic inference by [Pear] 1984].
(Neapolitan 1990] is a textbook on the use of probabilistic methods in expert
systems, [Henrion 1990] is an introductory article about probabilistic inference
in Bayes nets. (Jensen 1996l s a textbook on Bayes networks, featuring the HUGIN
system. [Neal 1991) investigates the connections between Bayes networks and
neural networks. A special issue on “Uncertainty in AI" of the Communications
of the ACM was guest edited by David Heckerman, Michael Wellman, and Abe
Mamdani (vol. 38, no. 3, March 1995).

Bayes networks are being used in many expert-system applicativns. A typical
example is PATHFINDER, whicty assists pathologists with the diagnosis of lymph
node diseases [Heckerman 1991, Heckerman & Nathwani 19921, Another is CPCS-
BN for internal medicine [Pradhan, et al 1994] which has 448 nades and 908
arcs and compares favorably with the world's leading diagnosticians in internal
medicine.

There are several alternatives to Bayes networks for reasoning with uncertain
information. The MYCIN expert system for medical diagnosis and treatment
recommendations used certainty factors [Shortliffe 1976, Buchanan & Shortliffe
1984], [Duda, Hart, & Nilsson 1976 used sufficiency and neeessity indices in their
PROSPECTOR expert system for aiding mineral exploration,

Other methods are based on fuzzy logic and "possibility theory” [Zadeh 1975,
Zadeh 1978, Elkan 19931 and Dempster-Shafer rules of combination [Dempster
1968, Shafer 1979]. [Nilsson 1986] develaps a “probabilistic logic” and provides ci-
fations to related work in probability theory and multivalued logics. My view now
is that probabilistic inference in Bayes networks dominates these other methods
for most expert-system applications, but the subject remains controversial.

Human behavior, when confronted with uncertainties, can be quite inconsis-
tent (Tversky & Kahneman 1982] and thus might not provide useful models for
engineering,

[Shafer & Pearl 1990] is a collection of papers on uncertain reasoning. Pro-
ceedings of the annual conferences on Uncertainty in Artificial Intelligence (UAD
contain descriptions of ongoing research. The Intemational Jotrnal of Approximate
Reasoning, as well as some of the other Al journals and Al conference proceedings,
publishes important papers,
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19.1 Suppose that colored balls are distributed in three indistinguishable boxes,
B1, B2, and B3, as follows:
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Bl B2 B3

Red 2 4 3
White 3 2 4
Blue 6 3 3

A box is selected at random from which a ball is selected at random. The ball
is red. What are the probabilities of the box selected being B1, B2, or B3? Explain
your reasoning.

19.2 Consider the belief network shown here,

p(P) (P)

p(QP}
p(Q]=P)

@

1. Derive an expression for the probability of P 5 .
2. When are p(? > Q) and p(QjP) equal?
3. Assume the conditional probability table for the network is not known.

Instead, all that is known are the values of p(P) and of p(® 3 @). What can
be said about the value of p(g)?

19.3 An admissions committee for a college is trying to determine the probability
that an admitted candidate is reaily qualified. The relevant probabilities are given
in the Bayes network shown here. Calculate p(A|D).

p(hy=112
A
pBlA)=1 p(Cla)=1
p{Bl-4) = 112 p(Cl=h) =172
B C
p(D)B,C)=1

p(DIB-C} = 1/2
p POI-BO=172
p(D)—B,~C) =0

A = applicant is quahfied

B = applicant has high grade point average

C = applicant has excellent recommendations
D = applicant is admitted

p(AID)=?

19.4 {Courtesy of Judea Pear], a resident of earthquake country) The belief
network shown here formalizes the following situation: you have a new burglar
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alarm installed at home. It is fairly reliable at detecting a burglary, but also
responds on occasion to minor earthquakes. You also have two neighbors, John
and Mary, who have promised to call you at work when they hear the alarm.
John quite reliably calls when he hears the alarm, but sometimes confuses the
telephone ringing with the alarm and calls then too. Mary, on the other hand,
likes rather loud music and sometimes misses the alarm altogether.

p(B)=.001 p(E) = 002

p(A|B,E)= 98
P(ﬁ |B—E) = .95
p(A1-BE)=.29
P(A|“‘IB,‘|E) = .00]

pJI4)=.95 pMity= 70
pLIl-A)= 01 piM]-4)= 01

To exercise your ability to work with joint probabilities as defined by belief
networks, calculate the joint probability that neither John nor Mary calls and
that there is both an earthquake and a burglary. That is, calculate p(-J, =¥, 8, E).

19.5 Ina galaxy far, far away, 90% of the taxicabs are green and 10% are blue. An
accident involving a taxicab occurs; we presume that the accident rate for green
taxicabs is the same as that for blue taxicabs. A court considers the accident, and
a newspaper reporter who was at the scene says, “The cab involved was blue”
This reporter is usually reliable; in fact, his statements are correct 80% of the
time, That is, if the taxicab involved in the accident was in fact blue (or green),
the probability that our witness would say "blue” for “green”) is 0.8. What is the
probability that the taxicab involved in the accident was blue, given the reporter’s
statement?

19.6 Orville, the robot juggler, drops balls quite often when its battery is low. In
previous tests, it has been determined that the probability that it will drop a ball
when its battery is low is 09. Whereas when its battery is not low, the probability
that it drops a ball is only 0.0, The battery was recharged not so long ago, and
our best guess (before looking at Orville's latest juggling record) is that the odds
that the battery is low are 10 to 1 against. A robot observer, with a somewhat
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unreliable vision system, reports that Orville dropped a baﬂ..The reliability of
the observer is given by the following probabilities:
plobserver says that Orville drops | Orville does drop) = 0.9
p(observer says that Orville drops | Orville doesn't drop) = 02

Draw the Bayes network, and calculate the probability that the battery is low
given the observer's report.
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Learning Bayes Nets

The problem of leaming a Bayes network is the problem of finding a network that
best matches (according to some scoring metric) a training set of data, &, where E is
a set of instances of values for all {or at least some) of the variables. By “finding
a network,” we mean finding both the structure of the DAG and the conditional
probability tables (CPTs) associated with each node in the DAG.

Known Network Structure

If we knew the structure of the network, we have only to find the CPTs. Let's
describe that case first. Often human experts can come up with the appropriate
structure for a problem domain but net the CPTs. And learning the CPTs is still
needed in the case in which we must also learn network structure. There is an easy
and a harder setting for learning the CPTs. In the easy case, there is no missing
data. That is, each member of the training set = has a value for every variable
represented in the network. In more realistic settings, however, it is often the
case that the values of some of the variables are missing for some of the training
records; missing data makes learning the CPTs somewhat harder.

No Missing Data

| begin by assuming no missing data. Here, if we have an ample number of
training samples, we have only to compute sample statistics for each node and
its parents. Suppose we want the CPTs for some node V; given its parents P(V}).
Following my eariier convention, we denote the value of V; by v;. There are as
many tables for the node V; as there are different values for V; {ess one). In the

343
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G M B L Number of instances

True True True True 54
True True True False 1
True  False True True ]
True False True False 27
False True True  True 3
False False True False 2
False False False True 4
Fulse False Fulse False 2

100
Figure 20.1

i
A Network and Some Sample Values

Boolean case, which I again assume, there is just one CPT for each node. Let V;
have k, parent nodes. Then, there are 2ki entries (rows) in the table because each
parent can have ane of two possible values. Let's denote the variables associated
with the parents of V; by the vector variable P; and the values of these variables
by the vector of values p;. The sample statistic j(V; =v|P; = p;) is given by the
number of samples in € having V; =v; and P; = p; divided by the number of
samples having P; =p;. To learn CPTs, we simply use these sample statistics for
the real thing for all of the nades in the network.

An example might make this calculation more clear. Consider a Bayes network
with the same structure as that of Figure 19.2, which I repeat as Figure 20.1 without
the CPTs. Suppose we observe 100 sets of values of G, ¥, B, L, as shown in the figure.
(Note that some combinations do not appear, and some combinations appear
more frequently than do others) To calculate the sample probability f(B = Trze),
for example, we simply calculate the fraction of times that B has value True among
all of the samples and obtain (B = True) = 0.94. Similarly, H(L = True) = 0.68. For
the nodes B and L, these probabilities are all that are needed for their CPTs,

We calculate the rows of the CPT for node ¥ in a manner illustrated by the
following typical calculation: to calculate p(M = True|B = True, L = False) (which we
write as p(M|B, —L) in my shorthand notation), we count the number of times that
M has value True, B has value True, and L has value False and divide that number
by the number of times that B has value True and L has value False. This gives us
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PM[B, -L} = 0.03. We make similar calculations for the CPT for node 6. You might
want to calculate the complete set of sample statistics and compare them with
the CPTs given in Figure 19.2.

Notice that some of the sample statistics in my example are based on very
small samples—leading to possibly inaccurate estimates of the corresponding un-
derlying probabilities. In general, the exponentially large number of parameters
of a CPT may overwhelm the ability of the training set to produce good estimates
for these parameters. Mitigating this problem is the possibility that many of the
parameters will have the same (or close to the same} value. Techniques for using
this redundancy to reduce the number of parameters that must be estimated in
a CPT have been explored by [Friedman & Goldszmidt 1996al.

It is also the case that before samples are observed, we may have prior
probahilities for the entries in the CPTs. Bayesian updating of the CPTs, given
a training set, gives appropriate weight to the prior probabilities, although
the procedure is somewhat complex (see [Heckerman, Geiger, & Chickering
1995). When there is a very large training set, the effect of the priors is greatly
diminished.

Missing Data

[n gathering training data to be used by a learning process, it frequently happens
that some data are missing. Sometimes, data meant to be captured are inadver-
tently missing, and sometimes the fact that data are missing is important in itself
[ will deal with the former case here, A simple, convergent process of iteratively
computing sample statistics has been shown to be effective [Lauritzen 19911, T
give the main idea of the method using the example just presented. Suppose,
instead of Lthe data shown in Figure 20.1, we have the following data:

G M B L Number of instances

True True True Tme 54
True  True  Trwe  False 1

* x True True 7
True False True False 27
False Trie + True 3
False False True False 2
False False False True 4
False False False False 2

The occurrence of an asterisk {*) indicates that the value of the variable associated
with that position is missing for that group of variable values. The question is, how
do we deal with these missing values in attempting to estimate the CPTs for this
network? Let's consider first the three samples in which G = False, M = True, L = True,
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and the values of B are missing. Each of these three samples could either have had

. B=True or B = fulse; we don'l know which. But, for these samples, we do know

the values of G, ¥, and L. Thus, although we don't know the value of B, we could
compute the probability, p(B|—G, M, L), of B given the values of G, M, and L. This
prabability could be computed using probabilistic inference methods previousty
explained—working on the network structure (Figure 20.1) and the CPTs of the
network, if we had these CPTs. {Of course, we don’t have them yet, but I will
discuss that difficulty shortly) Thus, for purposes of computing sample statistics
for estimating the network’s CPTs, each of these three samples could be replaced
by two weighled samples—one in which B = True, weighted by p(B|~G, M, L), and
one in which B = False, weighted by p(=Bj—G, M, L) = 1 - p(B|=G, ¥, L). (Note from
Figure 20.1, by the way, that p(Bj—G, ¥, L) = p(BI-G, M) because B is conditionally
independent of L, given G and M)

We employ the saine process for the seven samples in which B = True, L = True,
and the values of G and M are missing, Each of these samples is replaced by four
weighted samples corresponding to the combinations (G, ); (G, =M); (-G, ¥); and
(=G, ~M), and weighted, respectively, by the probabilities p(G, M[B, L), p(G, -M!B, L),
p(—=G, ¥iB, L), and p(=G, -M|B,L). Again, we could use the network structure and
CPTs to compute these probabilities. (One can see the danger here of an expo-
nential explosion of samples when the number of missing values in any one
sampte is large.)

Now, we can use the weighted samples (in which missing values have been
filled in—in all possible ways) together with the rest of the samples (which didn't
have missing values) for frequency counts from which to compute estimates of
the CPTs, This process is the same as [ described in the case in which there were
no missing values, except that now some of the counts will not be whole numbers
(because of the weights). But as previously mentioned, in order to compute the
weights by probabilistic inference, we need the CPTs, which we don't yet have. A
method called expectation maximization (EM) [Dempster, Laird, & Rubin 1977] can be
used to zero in on a set of CPTs, First, we select random values for the parameters
n the CPTs for the entire network. We use these random values to compute the
needed weights (the conditional probabilities of the values of the missing data
given the values of the observed data). We use the weights in turn to estimate new
CP'Is. We mterate this process until the CPTs converge, which they are guaranteed
to do. In most preblems, convergence is rapid.

Applying the EM method is best left to computer programs for performing
probabilistic inference and for doing the frequency counts. Even my small
example with missing values would require quite tedious calculations.

Learning Network Structure

If the network structure is not known, we must then attempt to find that structure,
as well as its associated CPTs, that best fits the training data. In order to do so,
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we need a metric by which to score candidate networks, and we need to specify
a prucedure for searching among possible structures. I deal with both of these
matters in this subsection.

The Scoring Metric

Several measures might be used to score competing networks. One is based on
description length. The idea is this: suppose we wanted to transmit the training set,
&, to someone. To do so, we would encode the values of the variables into a string
of bits, say, and send the bits. How many bits would we need? That is, what ts the
length of the message? Efficient codes take advantage of the statistical properties
of the data to be sent, and it is these statistical properties that we are attempting
to model in the Bayes network. If we found an appropriate Bayes network, we
could use a Huffman code based on it to encode the data to be transmitted. From
information theory [Cover é& Thomas 1991], the best encoding of a set of data,
£, distributed according to the joint probabilities given by a Bayes network B
requires L(Z, B) bits:

L(Z,B) = - logpl=]

where p[E] is the probability (according to the joint distribution stipulated by B)
of the particular data being sent. Given some particular data Z, we might try to
find that network, say, B,, that minimizes L( E, B). Before settling on this approach,
let us calculate log p[Z] Suppose the data, S, conststs of m samples; vy, ..., vy,
where each v, is an n-dimensional vector of values of the n variables. p[=] is
then the joint probability plvy, . . ., V). Assuming that each datum is provided
independently according to the probability distribution specified by B, we have

p(E=[]pov

=1

and
—logp(E) = - z log p(v,)
=1

where each p(v;) {itself the joint probability that the variables have the values
specified by v;} is computed from the Bayes net, B. These computations, though
tedious, could certainly be used to score various trial Bayes networks. Each
network, of course, consists not only of the network graph structure but must
also include the CPTs, It can be shown that, given a network structure and a
training set, E, the CPTs that minimize [{Z, B} are just those that are obtained
from the sample statistics computed from Z [Friedman & Goldszmidt 1996al
But L(Z, B) alone is not a very good metric because its use favors large
networks with many arcs. Such a network would be overly specialized to 5;
that is, it would everfit the data. The appropriate adjustment to the scoring metric
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can be made by realizing that in order to transmit E to someone using an efficient
code based on B, we must also transmit a description of B so that the receiver
will be able to decode the message. Thus, we must add a term to L(E, B), and
that term is the length of the message needed to transmit B. Roughly speaking,
the number of bits required to transmit B is ’E@ﬂ, where [B| is the number
of parameters in B, and If’-%ﬂ is generally considered to be the number of bits
that are appropriate to represent each numeric parameter. The adjusted scoring
metric, L'(2, B), ts therefore
fit
L'(EBy=-) logp(v)+

(Bl log m
2

Now, we search for a network giving a minimum description length for encoding
both the data and the network. Using both factors allows us to make a proper
tradeoff for sending both the datd and the network.

As an example, we calculate 1'(E, B) for the network shown in Figure 19.2 for
sending the data shown in Figure 20.1. First, we calculate L(E, B), the number of
bits required to send the data ot Figure 20. I—assuming that the data is drawn from
a probability distribution given by the Baves net of Figure 19.2. The probability
of the first entry in the table of Figure 20.1 is

p(first entry) = p(GIB)p(M|B, L)p(B)p(L)
= (.95 x0.9 x 0.95 x 0.7 = 0569
Taking the negative logarithm {to the base 2) vields

— log p(first entry) = 0.814

There are 34 of (hese “first entries” in the data, so the contribution to L(E, B) of
the 54 first entries is 54 x 0.814 = 43.9. The data in the other entries in the table
contribute totals of 4.16, 279, 5292, 1633, 1232, 24.83, and 1232, respectively.
Summing these contributions yields

L(=, By = 196.68 bits
Next, we calculate @Llof‘ﬂo , the number of bits required to send the network
of Figure 19.2. There are eight parameters in this network, 50

Bl log 100
2

Thus the scoring metric for this network is

=4 x 6.64 = 26.38 hits

['(Z, B) = 196.68 + 26.38 = 223.26 bits

Other networks could be evaluated in a similar fashion. Presumably, the one in
Figure 19.2 is near optimal.
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Searching Network Space

The set of all possible Bayes nets is, of course, so large that we could not even
contemplate any kind of exhaustive search to find one that minimizes L'(Z, B).
What is possible is a kind of hill-descending or “greedy” search in which we start
with a given network {(such as one with no arcs, which assumes independence
among all of the variables), evaluate L'(Z, B) for that network, and then make
small changes to it to see if these changes produce networks that decrease L'(Z, B).
The small changes can be adding or deleting an arc, or reversing an arc direction.
Every time a change is made we use the sample statistics derived from Z to
compute CPTs for the changed network. These CPTs are then used to compute
the — 30, log p(v;) component of L'(E, B). The number of parameters in the
new network is used to compute the ﬁg&m component, These computations are
simplified by the fact that the computation of description length is decomposable
inte computations over each CPT in the network. When the scoring metric is
decomposable, the total metric is the sum of the local metrics {Friedman &
Goldszmidt 1996al. So, when an arc is added, deleted, or reversed, we need
compute only changes in the sample statistics and p(V;{P(V;)) for the nodes, V;,
involved in the change. The other p(V;|P(V;}) remain the same. Decomposable
measures other than description length have also been used to score how well a
network fits the data (see (Heckerman, Geiger, & Chickering 1995)).

Bayes network learning methods have been used to learn network structure
and the CPTs for some nontrivial problems. As an example, consider the networks
in Figure 20.2. Three networks are shown. The first is a network encoding
relationships among 37 variables for a problem involving an alarm system used
in ventilator management in a hospital intensive-care unit. This known network
was used to generate a size-10,000 training set of random values for the 37
nodes. Using this random sample, and starting with the second network {the
one without any dependencies), the third network was learned using methods
similar to those just described. (For details, see (Spirtes & Meek 1995]) Note the
very close similarity in structure—only one arc is missing,

Sometimes network structure can be simplified substantially by adding nodes
to the network that represent variables whose values are not given in the training
set, E. Such nodes are called hidden nodes. As a simple example, consider the two
Bayes nets shown in Figure 203. The network on the left has more parameters
than the one with the hidden node, H, on the right; its description-length score
will be worse if the one on the right also does as well or better at fitting the data
{as it will if it is a better representation of the underlying causal relationships
among the variables). Since we cannot measure the hidden variable, its existence
has to be invented by the search process. To do so, greedy search must add to
its list of possible changes the addition of a new node (see (Heckerman 1996)).
The value of the corresponding variable is, of course, “missing data” and the
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Figure 20.3

Two Networks—One with a Hidden Variable

probabilities associated with this variable must be adduced by the EM method
as described earlier!

Probabilistic Inference and Action
The General Setting

There are many applications of probabilistic inference. A prominent one is in
expert systems for making best guesses based on general knowledge applied to
specific data. Diagnosis of disease states given symptoms is an example. Here, |
describe how probabilistic inference using Bayes networks can be employed by
an agent that must decide on a best next action given sensory information and a
scoring metric on environmental states. (My treatment is based on that of [Russel]
& Norvig 1995, Ch. 17) following a method described by [Dean & Wellman 1991,
Ch. 71)

The problem [ examine is a generalization of the one we attacked in Chap-
ter 10. Recall that there I described an agent that used a sense/plan/act cycle.
The planning phase computed a best next action to be taken in the current en-
vironmental situation by looking ahead toward the goal—sometimes only up to
a limited horizon. The act phase executed the first action recommended by the
planner, and the sense phase attempted to discern the resulting environmental
situation for the next cycle. In Chapter 10, 1 also generalized the notion of a “goal’
to a schedule of “rewards” that were given {or taken) in certain environmental
states. The rewards, in turn, induced a “value” for each state in terms of the total
discounted future reward that would be realized by an agent that acted sa as to
maximize its reward. I keep this generalized notion of goal here, attributing a
utility to each environmental state.

. Inventing hidden nodes in learning Bayes networks is andlogous 1o inventing new atoms
in learning propositional rules or to inventing new relation constants {predicates) in learning
logic programs
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Previously, my architecture for sense/plan/act agents adopted a somewhat
inconsistent set of assumptions about the environment and about the reliability
of sensing and acting. I assumed that an agent could accurately determine its
current state through sensing and that it could accurately predict the effects of
all of its actions. Yet, in case these assumptions were unjustificd (and they typically
are unjustified), our agent took a single action and immediately used its sensors to
find out which environmental state actually resufted. [ rationalized this approach
by saying that even f the action taken didn't always have its predicted effect, and
even 1f the sensors were sometimes in error, the sensors (on average) would keep
the agent informed about its progress through state space, and repeated planning
would reorient the agent toward the goal {or rewards) as needed.

Now, having tools that allow us to deal more appropriately with uncertainty,
I can expliaitly adopt more reatistic assumptions. Rather than knowing which
state it is in, our new agent knows only the probabilities that it is in various
states. And instead of sensors thal give exact knowledge of environmental state,
our agent's sensors can at best sharpen these probabilities, The effects of actions
are known only loosely: an action taken in a given state might lead to any one
of a set of new states—with a probability associated with each. Through planning
and sensing, we want our agent to select that action that maximizes its expected
utility. The computations required by an agent able to deal with this problem in
its full generality are cxcessive, and again approximations and further limiting
assumptions are forced upen us. Ediscuss these next in the context of a specific
example.

An Extended Example

Since working with the kinds of assumptions already discussed greatly increases
computational difficulty, my example uses a trivial agent and environment so as
not to obscure the main ideas. Consider a robot that exists in the one-dimensional
grid of five cells shown in Figure 204. Environmental state involves only the
robot's location; we represent it by a state variable E that has five possible values
{=2,-1,0,1,2}. Each location has a utility, U, for the rebot. The middle cell has a
utility of 0; it and the other utility values are as shown in the figure. Let's suppose,
to start the process, that the robot knows (precisely) that it is in the celf marked
0 at time § =& That is, Eg = 0.

The action taken by the robot at the i-th time step is denoted by the symbol
4, It can attempt to move one cell to the left (4, = L) or one cell to the right
(4, =R). In either case, a move has its intended effect with a probability of 0.5;
with a probability of 0.25, each action has no effect; and with a probability of0.25,
an action causes the robot to move to the adjacent celf in the opposite direction
from that intended. Thus, after a few moves, the robot has only probabilistic
knowledge of its actual position.
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E =2 -1 0 1 2
v 2 1 0 1 2
Figure 20.4

A Robot Confined to Five Cells

The robot senses its location at the i-th time step via a sensory signal, 3;. But
we assume that the sensor is somewhat unreliable. Given that Ey has a certain
value, the probability that 8, has that same value is 0.9. The probability that it
instead has each of the other values is 0.025.

The problem for this robot, in the face of its various handicaps, is to make
moves that maximize the expected value of its utility some number of moves
ahead. The decision techniques used to select the robot’s next action are most
simply explained if we maximize expected utility just one move ahead. Let's
suppose that the robot has attempted to move right at time t =0; that is, Ao =R.
The resulting environmental state is given by E;. To continue its sense/plan/act
cycle, it senses its location by chserving, say, 81 = 1. What move should it make
next? Indeed, after making that move, how should it continue to sefect moves
based on sensory data, inferences it makes about its present location, and the
effects of its actions?

Probabilistic inference using a special type of belief network, called a dynamic
decision network, can be used to select utility-maximizing actions. I show the
network appropriate for this problem in Figure 20.5. This network allows the
robot to make inferences iteratively as actions are taken and as newly sensed
information becomes available. After being given the values Eg =0, Ay =R, and
8y =1, we can use ordinary probabilistic inference to calculate the expected
utility value, U, that would result first from A; =R and then from 4; = L. The
robot then selects that action that gives the larger value. (Action selection in this
case is based on looking ahead just one move. Further lookahead would involve
calculating more distant utilities for alternative action sequences.) [ use differently
shaped nodes in dynamic decision networks to indicate different assumptions
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about those nodes. Box-shaped nodes @ mdicate variables whose values are
still under the complete control of the agent. These are calleq dedsion rgdes. In
a dynamic decision network, they become ordinary belief-network nodes (with
known values) after an agent has taken its decision. Diamond-shaped nodes (¢)
indicate variables that are values of utilities. Expected values of utility variables
are functions of the probabilities of the various values of their parents.

Notice by the structure of the network that the environment is Markovian,
That is, what can he known (without sensing) about environmental state at time
1+ 1 is completely determined (probabilistically) by the environmental state and
action at time t. Most agent environments can be assumed to be Markovian in
this sense (or additional variables can be introduced to make them so). Note also
that the structure of the network embodies the assurnption that what is sensed
at time ¢ is conditionally independent of everything that goes before, given the
environment at time t.

After moving the time frontier a step forward by taking the plamned action at
time { = 1 (planned through the process of maximizing expected ufility, U;), and
after sensing what can be sensed, 8,, about the next state, Ep, the whole process
repeats with another sense/plan/act cycle. It will be instructive to carry out some
of the calculations.

First, we need to calculate the two expected utilities, given what is known at
fime t =0 and assuming the two different possibilities for 4;:

ExilU; |Eg=040=R S =1, 4 =R]
and

ExIU; |Eg=0,A0=R 8 =14 =1]



202 Probabilistic Inference and Action 355
P

To compute these expected values, we need to calculate p(Ep [Eg =0, Ag =R,
81 =1, Ay) for the various values of E; for each of the two values of 4. The form
of these calculations will be repeated in subsequent steps, but for concreteness, I
do it for the step in question. The form is also the same for each of the values of
4y, so 1 do it for just A =R We use the polytree algorithm explained in the last
chapter to calculate p(E; |Eg = 0,4 =R, 5; = 1, A =R).

First, we "invalve the parent not already given” to obtain

PE2{Fo =040 =R, 8 =14 =R)

=) PE2|Eo=0,R0 =R Sy =1 Ay=R Ep(Es [Eg=0, A =R.Sy =1, 4 =R)
Eq
This equation can be simplified by taking into account conditional independen-
cies.
PE2 |Eg=0,Ap=R S =14 —R)

=) P(Ez| Ay =R,E1) p(Ey [Eo=0, A =R, 8y = 1)
Ey
In decision networks used for robot action selection, the first term in the preced-
ing sum is called the action model of the Markov process. For a given immediately
prior state and action, it gives the probabilities of the various possible subsequent
situations. Following the polytree algorithm, the second term in the sum is then
rewritten using Bayes' rule:

p(E1 IE(]:O,ﬁo:R,Sl: 1)=kp(31=1 lEQ:U,ﬁQ';PL,E;)p(EI iE():O,hQZH)

where k is a normalizing factor chosen {later) to make probabilities sum to 1.
Again using conditional independencies, we obtain

P(E1 {Eo=0,A0 =K, 81 = 1) =kp(81 = 1 | E{)p(E; | Eo = 0, Ay =R)

The first term in the preceding product is called the sensor model. For any environ-
mental situation, it gives the probability that the sensor will have various values.
(A completely reliable and maximally informative sensor would concentrate all
of the probability on one sensor value for each environmental state) The second
term is again an action model.

Collecting our results yields

P(E2[Eg=04)=R S =14 =R)

=k p(Ey | A =R Ex) p(Sy =1 | EQP(EL | Eg =0, Ao = )
Ey
To evaluate this expression (for the various values of E5), we use the probability
assumptions we have made about the cffects of actions and the reliability of the
sensot. To demonstrate, let's just calculate p(E; =1 Eg=0,40 =R 51 =1, A; =R).
The calculations involve the following probabilities, which would be entries in
the CPTs for the network in Figure 20.5. (We must sum over ail values of E;.)
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20253

pEy=1/A=RE=0)=05

pEr=1{4 =RE =1)=0.25

piE;=1|A; =RE; =2)=025

PlEz=1{A; =R Ey=-1) and p(E; = 1{Ay =R Ey = -2) are both 0
P81 =1]E; = —2) = 0025

p(Sy=1|Ey = ~1) = 0025

P8 =1|E; =0) =002

pS1=1]E=1)=09

P81 =1|E1=2)=0025

PEs=—1]Eg=0 Ao =R) =025

p(E; = 0|Eg=0,Ap=R) = .25

PEy = 1|Eg=0,Ag=R) =05

plEt = -2 |Eg=0,A=R) and p(E; = 2 |Es =0,Ap = R) are both 0

Performing the summation yields
P(E;=1(Ep=0,A0 =R Sy = 1, A =R)
=k x (0.5 x 0.025 x 0.25) + (0.25 x 0.9 x 0.5))
=k x 0.14375

We perform similar calculations to obtain p(E; {Eg =0, 4 =R, 8; =1, Ay =R)
for other values of E;. Since the sum of all of these is 1, we can solve for k. Using
these probabilities for Eo, we calculate the expected value of Uj given that A; =R,
We repeat the process to calculate the expected value of U, given that &y = L and
select that action that yields the larger value. (From the structure of the problem,
we know it will be &, =R, but, of course, T used this example just to illustrate the
method —not to be surprised.)

Generalizing the Example

Analysis of the equation for p(Es | Eg = 0, Ag = R, 83 = 1, Ay = R} allows us to extend
it to subsequent time steps. This equation is being evaluated at time ¢ =1 just as
8y =1 has been sensed and before action A; = & has been taken. The other “given”
values are in the past. Thus we could instead wrile P(Es i< values before t = 1 =,
$1=1,A1 =R). Similarly, the expression p(E; |Ep =0, Ap =R} in the summation
could be wnitten as p(E, |« values before t = 1 ). With these changes, we have

PEs [< values beforet = 1 >, 81 =1, 4¢)

=k ZP(Ez | Ay, Eq} piSy = 1 [EDpP(Ey | < values before t =1 »)
Eq
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This way of writing the equation suggests the following generalization:
PEity < values before t =1 >, 8, = 5, &3)

=k Y p(Biat | As EDp(Ss = 5; | EQ)p(E; |< values before { =i >)
Et

lo make decisions about actions, we use this equation in the following way
as we proceed in time. To calculate the action, 44, to be taken at time t = i:

1. From the last time step, (i - 1) (and after sensing 8;.; = 5,_;), we have
already calculated p(E; | < values before t =i >) for all values of E,.

2. At time t =i, we sense 5, =s5; and use the sensor model to calculate
p(8; = 5; | Ey) for all values of ;.

3. From the action model, we calculate p(Egyq | A3, Ey) for all values of E;
and ;.

4. For each value of &;, and for a particular value of E, 14, we sum the
product piEs 1 | &, E;)p(S; = 5; | E1)p(Es | < values before t =i >) over all
values of E; and multiply by a constant, &, to yield values proportional to
PEit1 | < values before t =i >, 85 = 5,, A;).

w1

- We repeat the preceding step for all the other values of
Ei+1 and calculate the constant k to get the actual values of
P(Ei+1 | < values before t =i >, 8; = s;, A;) for each value of E;.; and a,.

6. Using these probability values, we calculate the expected value of U;,.; for
each value of A, and select that &, that maximizes that expected value.

7. We take the action selected in the previous step, advance i by 1, and
iterate.

And that is the essence of using a dynamic decision network to select actions.
The method extends beyond this trivial example. The way actions affect the
environment and the way the environment affects sensory stimuli are well
modeled in general by a network similar to that of Figure 20.5. Instead of having
a single environmental variable, E,, at each time step, we might have a vector of
values E; = (E,y, . . ., Eyy). Similarly, instead of having a single sensory variable,
84, we might have a vector of values S, = (841, ..., Sip). The dynamic decision
network at each time step would, of course, have to be extended to include
nodes for all of these variables and their dependencies, but the general form
of the calculations is the same as in my simple example. Although the networks
internal to a given time step might be complex, the Markov assumption simplifies
the dependencies between time steps.

Looking ahead more than one step involves propagating probabilities up
to the point where an expected utility is to be caleulated. Obviously, such an
extension rapidly becomes impractical. But it also could become not very useful
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because the probability distribution on E; might become quite diffuse. Thus, the
compromise involving the somewhat inconsistent assumptions I made before
presenting this probabilistic extension remains a reasonable alternative.

Additional Readings and Discussion

Learning Bayes nets is an active lield of research with important new papers
appearing annually. [Neal 1991} describes methods for learning Bayes nets using
neural networks. The technique I described for evaluating proposed Bayes net
structures used the concept of minimum description length [Rissanen 1984],
(Friedman 1997] describes a technique for learning Bayes networks when both
the structure of the network is unknown and when there is missing data. Early
work on learning Bayes networks was done by [Cooper & Herskovitz 1992],

[Forbes, et al. 1995] propose a system for driving an autonomous vehicle using
dynamic decision networks.

The evaluation of utilities in stochastic situations constitutes the subject mat-
Ler of decision theory. For a treatment of the use of decision theory in Al see [Horvitz,
Breese, & Henrion 1988]. The theory of Markov decision problems (MDPs) [Put-
erman 19941 and of partially observable Markov decision problems (POMDPs)
[Cassandra, Kaelbling, & Littman 1994 provide the basic theoretical models of
the effects of actions in stochastic situations.

SR
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20.1 Consider a Bayes network with the following structure:

Suppose that we can control the “causal variables,” p, q, and R. That is, we can
arrange experiments in which these variables take on any combinations of values
(True or False} that we desire and then observe the resulting values for s and U,
What combinations of these variables would be needed in order to leam the
CPTs for $ and U? Can we learn the prior probabilitics for P, g, and R from such
an experiment?

20.2 Count the number of parameters needed for each of the networks shown
in Figure 203,

20.5 A Bayes network has the known structure shown in the figure. (Note that
this structure implies that the ¥, are conditionally independent given C) Given
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a training set of values of Xy, X, Xs, each paired with a value for ¢, show how
sample statistics can be employed to compute an estimate of p(C| Xy, Xz, X3).

O ORRO

204 Using the assumptions and results of the previous exercise, suppose ¢
represents the name of one of two actions that should be taken by a robot when
its binary-valued sensory inputs have the values given by X1, Xo, X3. Suppose
the policy for choosing an action is choose ¢ =1 fpC=11%, %5, X3) = p€=2|
X1, Xg, X3). Show that such a policy can be implemented by a TLU whose inputs are
X1, X2, X3. Interpret your result as a method of training the TLU. (In this problem,
the belief network does not have a causal interpretation; that is, the action that
should be taken is not a “cause” of the sensory inputs.)

205 A robot lives in a 5 x 5 grid as shown. The numbers in the grid represent
relative temperature values. Suppose the robot begins in one of the cells with
temperature = 2. It doesn't know which of the possible temperature = 2 cells
it begins in, but it does have a map of the grid that indicates the temperature
values of each cell,

415/6|7}8
J|4)5|167
213/415]¢6
11213415
0311234

Assume that the robot can accurately sense the temperature value of the cell
it occupies. It is capable of four actions, namely, those denoted by north, east,
south, and west, and must choose among them in order to maximize its expected
temperature, A strong wind is blowing from a southwesterly direction. Ordinarily,
each of the actions would move the robot one cell in the indicated direction, but
with the wind the actions have the following effects whenever the robot is in a
cell with temperature = 2:

south — no effect
west — no effect

north — maves one cell north with probability =05
north — moves two cells north with probability = 0.25



360 Learning and Acting with Bayes Nets Chapter 20
700044 i

north — moves one cell east with probability = 0.25
gast — moves one cell east with probability = 0.5
gast — moves two cells east with probability = 05
1. Draw a dynamic decision network corresponding to one action step. Show
the relevant entries in the CPTis).
2. Calculate the expected temperature, Ex[T1 | 4¢}, for each of the four actions.
3. Now suppose that the robot is not sure of its temperature at time ( = i,
Instead, it senses a signal Sy = 2, which informs it about its temperature,
The sensory model for Sq includes
P8 =2[To=2)=09
p(So =2|Te=3)=03
PSo=2]Te=1i)=0 for all values of i different from 2 or 3

Draw a one-step dynamic decision network for this case,

4. Assuming that the actions have the same effects when taken in a cell with
temperature = 3 that they do when taken in a cell with temperature =2,
what is the expected temperature resulting from each of the four actions
in this case?



21.1

e Situation
Calculus

Reasoning about States and Actions

In Chapter 7 I introduced the notion of state spaces and how they could be
searched to compute plans of actions to achieve goals. There, I talked about
searching either iconic- or feature-based state spaces, Now, with richer languages
to describe features and the constraints among them, we can investigate feature-
based planning methods much more thoroughly.

The fact that we can leave out properties of world states that are irrelevant to
the problem at hand or that are not known is one of the powerful aspects of using
a feature-based approach. This aspect is particularly important in describing the
goal condition that we want the agent to achieve by its actions. Starting from
the configuration in Figure 21.1, we might want the agent to develop a plan
for getting some block on block B (without caring which block is on block B or
where block B is). This goal can be described simply by the formula (3x)0n(x, B).
In general, a goal condition can be described by any wif in the predicate calculus,
and we can determine if a goal is satisfied in a world state described by formulas
by attempting to prove the goal wif from those formulas.

In this and the next chapter, I present techniques for finding a set of actions to
achieve a state described by a goal wif. Here, 1 use the apparatus of the predicate
calculus to reason directly about states and actions. As in all predicate-calculus
reasoning, search is still necessary, but now search is over a space of logical
expressions rather than over a space of models of world states. In the next chapter,
| describe an alternative method in which operators are used to change state
descriptions, and search will be over a space of state descriptions.

The situation calculus [McCarthy & Hayes 1969, Green 1969a) is a predicate-
calculus formalization of states, actions, and the effects of actions on states. We
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On(B,4)
Dn(A,C)
B On(C,F1)
Qlear (B}
C Clear(F1)
Figure 21.1
A Configuration of Blocks

represent our knowledge about states and actions as formulas in the first-order
predicate calculus and then use a deduction system to ask questions such as
“Does there exist a state such that it satisfies certain (goal) properties, and if so,
how can the present state be transformed into that state by actions?” The answer
to such a query constitutes a plan for achieving the desired state. Although the
situation calculus figured prominently in some early Al planning systems, it has
now largely been supplanted by the methods to be discussed in the next chapter.
The formalism remains important, however, for exposing and helping to clarify
conceptual problems involving the effects of actions.

L introduce the situation calculus by way of a blocks-world example. Suppose
we identify the state shown in Figure 21.1 as $0. Using first-order predicate
calcutus, we might describe 50 by the following formula:

{On(B, A} A On(A, C) A On(C, F1} A Clear(B) A - -

In order to describe this state and other states in the situation calculus, we
reify! states; that is, we include them in our conceptualization of the world
as entities that exist We might have any number of such states; they can be
denoted by constant symbols (such as 50, 81, 82, . . ), by variables, or by functional
expressions. We change our atomic wifs to include a term denoting the state
in which the intended relation holds. A corresponding change is made to our
intended interpretation of these atomic wifs- they now denote relations over
states and are called fluents. We make a statement about what is true in state S0
by the formula

On(B, &, S0) A Dn{4, C, 50) A Un(C, F1, 30} A Clear(B, S0)
We might also have propositions true of all states, For example,

(¥x, y, s){0n(x, y, 8) A =(y =F1) D —Clear(y, s)|

1, The verb reify means to regard something abstract as & material or concrete thing,
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and
(¥s)Clear(Fl, s)

(The intended meaning of Clear(x, s} is thal x is available to have something put
on it.) With these general axioms, we can prove various statements about $0; for
example, we ran prove —~Clear (4, 0) and Clear(F1, 50).

To represent actions and their effects, we use the following steps:

. Reify the actions (that is, we imagine that there is such a thing as an
action). Thus, actions can be denoted by constant symbols, by variables,
or by functional expressions. In situation calculus formulations, an action
is regarded as a function of the entities involved in the action. In my
example, actions are functions of blocks. For instance, let's consider the
action of moving a block from one place to another. We use the expression
move(B, 4, F1) to denote the action of moving B from A to the floor? (Think
of an action as an “object” given by the value of the function.)

In general, we can represent a family of move actions by the schema,
rove(x, y, z), where x, y, and z are schema variables. Instantiations of these
variables by constant symbols produce expressions denoting actual
instances of the actions.

2. Next, imagine a function constant, do, that denotes a function that maps
actions and states into states. If o denotes an action and o denotes a state,
then do(a, o) denotes a function that maps the state-action pair into the
state obtained by performing the action denoted by « in the state denoted
by a.

3. Express the effects of actions by wifs. In some formulations, there are two
such wifs for each action-fluent pair. (For now, we ignore pairs in which
the action has no effect on the fluent) For the pair {on, move}, these wifs
are

[On{x, y. £} A Clear(x, s) A Clear(z, 8) A (x £ 2)
D On(x, z, do(move(x, y, z), s)))
and
lonx, y, 8) A Clear(z, s) A Clear(z, s) A (x £ 2)
D -0z(x, y, do(move(x, ¥, z), 8))]

where we assume that ali variables mentioned in a formula are universally
quantified. The first of these formulas is called the positive effect axiom.

SRR
2. Note that, in contrast with the move operator used previousty, our expression here for
moving a block includes the place from which that block was moved.
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It describes how an action makes a fluent true. The second is called a
negative effect axiom. It describes how an action makes a fluent false. In this
example, the antecedent of an effect axiom describes the preconditions that
must be satisfied in order to apply the action. The consequent describes
how the fluent is changed after applying the action.

Even though we have defined Clear in terms of On, we can also write effect
axioms for the {Clear, move} pair; of course, they must be consistent with the
definition and with the effect axioms for {0n, movel. The effect axioms for {Clear,
move} are

[On{x, v, 8} A Clear(x, s) A Clear(z, 8) A (x # z) A {y#2z)
D Clear(y, dof{mova(x, y, 2), 3))|
and .
[On{x, y, s} A Clear(x, s} A Clear(z, s) A (x # 2} A {z #F1)
O —Clear(z, do(move(x, y, z), s))]

In this example, the antecedents consist of two parts. One part expresses the
preconditions under which the action can be executed; the other part expresses
the condition under which the action, if executed, will have the effect expressed
in the consequent of the axiom. In the positive effect axiom, this second part
is (y #2). (Even if y =z, the action can be executed—moving the block from a
position back to the same position, but it won't have the effect claimed in the
consequent) [n the negative effect axiom, this second part is (z # F1). (Since we
assume the floor is always clear, no action can make it not clear)

To illustrate how effect axioms might be used, consider the blocks-world
situation shown at the top of Figure 21.2. This situation satisfies the preconditions
of the effects axioms using the substitution {B/x, A/y, 50/s, F1/z}. Therefore, we
can apply the action denoted by move(B, 4,F1) and infer the consequents, namely,

On(B, F1, do(move(B, 4, F1), S0)),
—{n(B, A, de({move(B, A, F1), 30)}, and
Clear{A, do(meve(B, A F1), S0))

Each of these expressions has de(mova(B, 4, F1), 30)) as its postaction state term.
(For brevity, we might denote this postaction state as $1.) In Figure 21.2, I show the
state resuiting after applying the action and the formulas describing that state.
(Besides the formulas inferred from the effect axioms, there are other formulas
also true of 81; I will describe shortly how these other formulas can be inferred)

Itis important to realize that, even after an action, all of the formulas that we
had before performing the inference permitted by the action are still true! {After
moving B to the floor, it is still the case that B was on A in state $0. Likewise, before
moving B to the floor, it is the case that B is on the floor in the state denoted
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by do(move(B, 4, F1),30).) Formulas in the situation calculus are “stateless” in the
sense that they are always true (of the states they talk about)

Some Difficulties

Frame Axioms

As is evident in Figure 21.2, not all of the statements true about state do(move(B, 4
F1), 50) can be inferred by the effects axioms, For example, after the move, it is
obvious that some of the facts that were true of the state before the move, such
as that € was on the floor and that B was clear. are also true of the state after
the move. Actions typically have only “local” effects and thus leave many fluents
unchanged. In order to make inferences about these constancies, we need a pair
of what are called frame axioms for each action and for each fluent that doesn't

Ou(B,A,S0)
E On(4,C,50)
A Clear(B,50)
Clear(F1,50)
Floor
3¢
move(B,A,F1)
81 = do{move(B,4,F1),50)
8]
Floor

Inferred using effect axioms:
On(B,F1,do(move(RB,4,F1),50))
~0n(B,A,do(move(E,4,F1),50))
Clear{A,do(move(B,A,F1),50))

Inferred using frame axioms:
On(4,C,de{move(B,A,F1),80))
On(C,F1,do{move(B,4,F1),30})
Clear(B,do{move(B,A,F1),50))

True in all states:

(¥8)Clear (F1,s)

Figure 21.2

Mapping a State-Action Pair into a State
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change as a result of the action. For example, the frame axioms for the pair {nove,
Cn) are

[On(x, y, 8) A (x # w}l 3 On(x, y, do(nove(y, v, 2), 8})
and
(—JOn(x, vo)alix#uw viy# z)]) D —0n{x, y, do(move(n, v, z), 8))

(if a block is on a second block before an action, then it is stili on the second
block after the action if that action did not remove it from the second block. If
a block is not on a second block before an action, then it is still not on the second
block after the action if that action did not place it on the second block)

In analogy with effect axioms, the first of the frame axtoms is called a positive
Jrame axiom; the second is called a negative frame axiom

The frame axioms for the pair {nove, Clear) are

Clear{u, s} A (u # z)> Clear(u, do(move(x, y, 2), 5))
—Clear(u, s) A (u #y)D —~Clear{y, do(mova(x, y, 2}, 8))

(If a block is clear before an action, it is still clear after the action if that action
did not place another block on top of it, If a block is not clear before an action,
it is still not clear after the action if that action did not remove another black
from it.)

Frame axioms are used to prove that a property of a state remains true if the
state is changed by an action that doesn't affect that property. One of the {nove,
Clear} frame axioms, for example, can be used to infer Clear(B, do(move(B, A, F1),
80)} in Figure 21.2. Since, typically, we will have a pair of frame axioms for every
combination of fluent and action, it becomes unmanageably difficult in realistic
problems to represent how actions change the world in this formulation of the
situation calculus.

Several authors have explered how the number of frame axioms can be
reduced and how they can be automatically derived from the effect axioms. 1
won't discuss these techniques here, but they involve the assumption that the
only changes that can be made to a fluent are the ones that are explicitly specified
by the effect axioms, (You might refer to [Pednault 1986, Schubert 1990, Reiter 1991,
Elkan 19921) Even if the number of frame axioms can be reduced, using them to
make inferences about what fluents do nat change over a sequence of several
actions is computationally cumbersome. The various difficulties associated with
dealing with fluents that are not affected by actions have come to be called the
framne problem. In the next chaptet, § discuss one approach toward circumventing
some aspects of the frame probiem.
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Qualifications

The antecedent of the transition formula describing an action such as nove gives
the preconditions for a rather idealized case. Suppose we wanted to be more
precise by making sure that the object to be moved is not too heavy. Then we
would have to add another conjunct, —Too_heavy(x, 8) to the precondition. This
cautious concern can be pursued indefinitely, leading to adding other qualifica-
tions such as ~Glued_down(x, 8), —Armbroken(s), . .., with the obvious intended
interpretations. The difficulty of specifying all of the important qualifications has
come to be called the qualification problem. Attempts have been made to confront
the qualification problem using nonmonetonic reasoning, The idea is that the
effects axioms allow default conclusions that can be withdrawn if further qual-
ifications should be added. (See, for example, [Dean & Wellman 1991, pp. 63ff1)
These attempts have not been entirely successful.

Ramifications

There is yet another problem. In complex domains, we often deduce statements
about objects based on general knowledge of the domain. For example, a robot
might reason that a package that it is carrying is in a room if the robot itself is in
that room. Rather than use effects and frame axioms to reason about the location
of the package, we might prefer to reason about the location of the robot and
then use our general knowledge to reason about the location of the package.
For example, suppose in situation S0 we have the fact In(PA, R1), where PA
denotes some package and R1 denotes some room, Using its effects axioms, after
moving into some different room (denoted, say, by R2), the robot can conclude
that it (the robot) is indeed there in the new situation. It can even infer that the
package is there in the new situation. But how do we now prevent the frame
axioms from concluding that the package isi't still in the room denoted by R1 in
the new situation? Keeping track of which derived formulas survive subsequent
state transitions is known as the ramification problem. Various mechanisms (related
to truth maintenance procedures) have been proposed for dealing with the
ramification problem.

Generating Plans

Let us temporarily ignore the frame, qualification, and ramification problems and
show how the situation calculus could, in principle, be used to plan a sequence
of actions using reasoning methods. To generate a plan that achieves some goal,
y{(s), we attempt to prove (Is)y(s) and use the answer predicate to extract the
state as a function of the nested actions that produce it.

For example, suppose we want a plan that gets block 8 on the floor from
the initial state, 50, given in Figure 21.1. To compute this plan, we must prove



Exercises 371

Although most current research on agent planning uses the alternatives
described in the next chapter, the situation calculus and the associated language
GOLOG (alGOlin LOGic) [Levesque, et al. 1997] are the basis for robotics research in
the Cognitive Robotics Group at University of Toronto [Scherl & Levesque 1993].

Exercises A Y RTEHE oands

21.1 Imagine a robot, R, in a room with two boxes, Bl and B2. In the initial state,
the robot is at place R, B1 is at place P1, and B2 is at place P2. In this problem,
it is possible for all three entities (R, B1, and B2) to be at the same place. In fact,
we want Bl and B2 to be at place P3. The robot has two actions, denoted by
goto(x) and push(y,v,z). The action denoted by goto(x) moves the robot from
wherever it is to the place denoted by x; it has no preconditions. Its only cffect
is that the robot will be at x after executing the action. The action denoted by
push{y,w,z) moves the robot and the box denoted by y to the place denoted by
z. It can be executed only if the robot and the box are both at the same place,
say, w. Its effects are that the robot and the object y will both be at place =.

1. Express the initial state and the goal condition as wifs in the situation
calculus. Put the initial-state formula and the negation of the goal formula
in clause form.

2. Express the preconditions and effects of the two actions as wifs in the
situation calculus. Convert these wifs to clause form.

3. Write down all the frame axioms, and convert them to clause form.

4. Outline a general strategy for the steps that would be required to derive a
plan to achieve the goal from the initial state. You do not actually have to
produce a proof; simply explain in words how you would proceed.

21.2 Imagine a rootn with a robot, a table, a book, and three distinguished places
in the room, namely, the center, an alcove, and a doorway. The robot is at the
doorway, the book is on the table, and the table is in the center. The robot can
move between any of the places in the room {even if something is already there).
The robot can push the table from one place to another if and only if the robot
is at the same place as the table.

1. Describe this initial situation in the situation calculus.

2. Write formulas int the situation calculus that describe the effect of the
robot moving.

3. Write formulas in the situation calculus that describe the effect of the
robot pushing the table.

4. Write the frame axioms needed to show that the locations of the book
and table do not change when the robot moves.
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5. Write the frame axioms needed to show the effect on the location of the
book of the robot pushing the table.

6. Express the situation in which the book is on the table and the table is in
the alcove in terms of the initial situation and the action operations.

21.3 Set up a situation calculus formulation of the Tower-of-Hanoi puzzle. {See
Exercise 74.) That is,

1, Specify the formulas describing the initial situation, S0,

2. Propose a “law-of-motion” formula that describes the effects of a move.
Also, write down at least one frame axiom pair associated with the effects
of a move.

3. Write down the formula that specifies the goal.

21.4 Consider the following “blocks-world” problem: there are two blocks
{named A and B) and three locations (named L1, I2, and L3). The intended mean~
ing of the formula At(x, y, s} is that block x is in place y in state s. The intended
meaning of the formula Eapty(z, s) is that place z is empty in state 5. We have a
single action: move(x, y, 2) denotes the act of moving block x from location y to
location z. We assume that move has as a precondition that the place a block is
being moved to must be empty. Do the following:

1. Write the operator description and frame axioms for move.

. Describe an initial state in which A is at location L1 and B is at location L3.
. Describe the goal of getting A to location 12 while leaving B at location L3.

R I =

Use resolution, with the Ans predicate, to generate an action sequence
that when executed in the initial state results in satisfying the goal just
described. Make any assumptions about things not being equal, for
example, (B # &), that you might need in the proof.



¥ Planning

22,1 STRIPS Planning Systems
22.1.1 Describing States and Goals

An appealing way to atfack the frame problem involves biending our state-
space and situation-caleulus approaches. This blend involves imagining that the
predicate-calculus formulas describing a set of world states are themselves a kind
of “state”—much as I did in Chapter 7 when I discussed feature-baseq state spaces.
In the blocks world, for example, the world states in which block B is on top of
block 4 on top of block € on the floor (as in Figure 22.1) are described by

On(B, &)
Onf4, C)
On(C, F1)
Clear(B)
Clear(F1)

These formulas describe a set of world states because they are satisfied by all
of those states in which the relations intended by the formulas are true, If there
were other blocks and if the blocks had other properties, color, for example, the
states being described would include all of those in which there were these other
blocks and in which blocks have all possible colors, and so on.

In the first family of planning methods to be described in this chapter, we
think of the formulas describing a set of world states as a data structure that can
be changed in ways corresponding to agent actions. I will be describing methods
to search the space of these data structures in order to find one that describes
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22.1.2

On(B,A)

On{A,0C)
B 0n(C,F1)
Clear (B}
C Clear(F1)

A State Description

the set of world states satisfying a godl. In a state-space search over thesc data
structures, the data structures are states of the planning process. To distinguish
between planning states and world states, 1 will usually refer to the former as
state descriptions.

To avoid various technical difficulties, which need not concern us here,
| restrict both the before- and after-action state descriptions to conjunctions
tor sets) of ground literals. 1 allow one exception to this restriction, namely,
state descriptions can contain arbitrary formulas true in all states—such as
On(x, y) D (y =F1) v ~Clear(y). [ restrict goals to (possibly existentially quan-
tified} conjunctions of literals. In what follows, I write goal wifs of the form
3Axlx2,. ..yl a2, ..., xn) simply as p{x1,x2,..., xn)—assuming existential
quantification of all of the variables. Although these restrictions can be lifted in
various ways, several interesting planning problems can be posed and solved
even with them in place.

Given a goal wif, ¥, our search methods attempt to find a sequence of actions
that produces a world state described by some state description, 8, suchthat 8 = y.
We say then that the state description satisfies the goal. For our restricted state and
goal wifs, § = y when there cxists a substitution, o, such that yo is a conjunction
of ground literals each of which appears in 8. Whether or not $ =y can be
established by attempting to unify the first literal in y with a literal in §, applying
the unifving substitution to the rest of the literals in y and continuing for all of
the literals in y. (This process is the same as that used by the PROLOG interpreter
when it checks to see if the body of a clause can be unified away with facts)

We can search a space of state descriptions either in a forward direction,
from start to goal, or in a backward direction, from goal back to start. Some
authors refer to planning metheds using forward search as progression planning
and methods using backward search as regression planning. [ begin with forward
scarch.

Forward Search Methods

To do forward search over the space of state descriptions, we will need operators
corresponding to actions—operators that change a before-action state description
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into an after-action state description. The search completes successfully when it
produces 4 state description, 8, such that 8 |= y for the goal wit y. Our operators
are based on those of a system called STRIPS [Fikes & Nilsson 1971, Fikes, Hart,
& Nilsson 1972]. A STRIPS operator consists of three parts:

1. A set, PC, of ground literals called the preconditions of the operator. An
action corresponding to an operator can be executed in a state only if all
of the literals in PC are also in the before-action state description.

2. A set, D, of ground literals called the delete list.
3. A set, A, of ground literals called the add list.

To produce the after-action state description, we first delete from the before-
action state description any literals in D and then add all of the literals in A. All
literals not mentioned in D carry over to the after-action state description. This
carryover is called the STRIPS assumption and is one method of attacking the frame
problem.

STRIPS operators are usually defined by schemas that correspond to action
schemas. An operator schema, called a STRIPS rule, has free variables, and it is the
ground instances of these rules that correspond to actual operators. Here is an
example of a STRIPS rule with free variables x, y, and z:

move(x, y, 2)
PC: On(x, y) A Clear(x) A Clear(z)
D: Clear(z), Onix,y)
A: Dn(x,z),Clear(y}, Clear(F1}

{1 include the formula Clear(F1) explicitly in the add list because if z is F1,
Clear(F1) would be deleted, and we want it always to be true) An example
of an instance of this STRIPS rule for the action of moving block B from A to the
Floor is shown in Figure 22.2.

Note that the precondition of a STRIPS rule itself is in the form of a goal,
namely, a conjunction of literals. This is not a coincidence and will be exploited.
When interpreted as a goal wif, the free variables in PC are assumed to be
existentially quantified. An instance of a STRIPS rule can be applied to a state
description, 8, if a ground instance of the PC {considered as a goal) is satisfied
by the state description. As mentioned earlier, such an instance ¢an be found
by unifying, in turn, each of the literals in the PC with a literal in the state
description—applying the unifying substitution to the remaining literals in the
PC. The applicable operator instance is then obtained by applying the resulting
substitution to all of the elements of the STRIPS rule. Rules must be written in
such a way that applying such a substitution always results in a ground instance
of the rule. That is, there can be no free variables in D or A that do not occur in
PC. Figure 222 is an illustration of the application of a STRIPS operator.
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22,1.3

move(S,A,F1)
'8 —_ .

B [c]

Precondition:

On(B,A)

Clear (B)

Clear(Fl)

Delete list

——— / (0n(8,Fl)
O0o(B,AY |- Addlist——™ Clear{4)
Clear(Fl) Clear(F1)
Cn(a,C) Unchanged On(4,C)
On{C,F1) ™ 0n(C,F1)
Clear{B) (lear(B)

Figure 22.2

e e e - ]

A STRIPS Operator

In the forward search method, we generate new state descriptions by applying
instances of STRIPS rules until a state description is produced that satisfies the goal
wit. I show part of a search graph generated by forward search in Figure 223, Since
most of the literals in a state description are not changed by STRIPS operators,
we (an economize in implementations of forward search by keeping track of just
the changes. (We could use A* search by using some appropﬁateﬁ that estimates
cost to a goal state and some appropriate § that reflects the costs of actions.) Note
that, in contrast with the situation calculus, we do not have to prove that actions
leave some relations unchanged. The STRIPS assumption takes care of that.

Without heuristics about which instances of which rules to apply, forward
search is impractical in realistic applications in which the state descriptions and
the number of rules are large. One method of making forward search more
efficient is to identify islands in the search space toward which to focus search
on its way to a goal state description. In the next subsection, I describe a method
for tdentifying and exploiting islands.

Recursive STRIPS

When a goal condition consists of a conjunction of literals, as [ am assuming
here, we can focus forward search by a divide-and-conguer heuristic. First, achieve
one of the conjuncts, then another, and so on. A state description in which one of
the conjuncts is satisfied represents an island in the search space. We work first
toward that island, applying operators that produce a state description in which
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move(A,C,Fl)

On(C,F1)
Clear (B)
Clear(A)
Ou(B,TA)
On(a,C)
Clear(F1)

move(4,C,B)

move{B,A,F1}

On(C,F1)
Clear(B}
0nA,C)
On(B,A)
Clear(F1}

Forward Search

the corresponding conjunct is satisfied. Then, we work toward another island,
and so on. Of course, it is possible that in achieving subsequent conjuncts we
might disachieve earlier ones.

A system called the General Problem Solver (GPS) [Newel], Shaw, & Simon 1959,
Newell & Simon 1963}, developed eatly in the history of Al exploited search-
space islands in this manner The operators for achieving these islands were
identified by a process called “means-ends analysis” As applied to planning
systems using STRIPS rules, this technique involves selecting an instance of one
of the conjuncts in the goal condition and selecting an instance of a STRIPS rule
that will achieve it. Then, we create as a subgoal the precondition needed for
applving that rule, and we work toward that subgoal recursively in the same
island-identifying way until it is satisfied; then we apply the operator to create
the island state description and go on to identify another island, and so on. This
procedure is the basis for a recursive program we call STRIPS. Here is how STRIPS
solves a conjunctive goal formula, y:

STRIPSty). The procedure uses a global data structure § consisting of a
set of ground literals. This data structure is initially set to the initial state
description and is changed by and during the procedure.
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1. repeat The main loop of STRIPS iy iterative and continues until a
state description is produced that satisfies the goal, . The termination
test in step 9 produces a substitulion, ¢ (possibly empty), such that
some conjuncts (possibly none) of ye appear in 8. There can be several
substitutions tried in performing the test, so the test is a possible
backtracking point.

2. g « an element of yo such that § § g. Another selection and therefore
a backtracking point. In “means-ends-analysis” terms, 4 is regarded as a
“difference” that must be “reduced” to achieve the goal.

3. f « a STRIPS rule whose add list contains a literal, x, (hat unifies with
g with mgu s. Since there may be several such rules, this is another
backtracking point. f is an operator that is “relevant” to reducing the
difference.

4. J" « Js. The instance of f using substitution s. Note that f* is not necessarily
a ground instance, and therefore its precondition may contain variables.

-

2. p « precondition formula of {* (instantiated with the substitution s).

6. STRIPS(p). A recursive call to produce a state description that satisfies the
subgoal. This call will typically change §,

7 f" « a ground instance of f" applicable in 8,

8. 8 « result of applying f” to 8. Note that § always consists of a conjunction
of ground literals.

9. until § =y,

Note thal in step 9, we arc always tesling against the entire goal y. If one of
the conjuncts of y is disachieved in the process of achieving another, either the
first will have to be reachieved before the process can terminate or the process
will backtrack to try a path that does not disachieve Lhe first,

Altheugh not explicitly mentioned in my description of the algorithm, the
sequence of goal-achieving operators that constitutes a plan can be extracted
from a trace of a successful execution of the algorithm, These in turn correspond
to the actions that the agent can exccute, either "ballistically” (in situations where
that is appropriate) or in a sense/plan/act cycle.

The following example illustrates how the algorithm works. Suppose initially
we have the situation depicted in Figure 21.1 and we attempt to achicve the goal
On(A, F1) A On(B, F1) 4 On(C, B). The goal test in step 9 does not find any conjuncts
satisfied by the initial state description. Suppose STRIPS selects On(4,F1) as g. The
rule instance move(4,x,F1) has On(4,F1) on its add list, so we call STRIPS recur-
sively to achieve that rule's precondition, namely, Clear(A) A Clear(F1) A On{A, x).
The test in step 9 in the recursive call produces the substitution ¢/x, which leaves
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all but Clear(4) satisfied by the intial state. This literal is selected, and the rule
instance move(y,4,u) is selected to achieve it,

We call STRIPS recursively again to achieve the rule’s precondition, namely,
Clear(y) A Clear(u) A Dn(y, A). The test in step 9 of this second recursive call pro-
duces the substitution B/y, F1/u, which makes each literal in the precondition
one that appears in the initial state. So, we can pop out of this second recursive
call to apply an operator, namely, move (B, 4,F1), which changes the initial state to

On(B,F1)

On{4,0)

On(C,F1)

Clear(4)

Clear (B}

Clear(F1)

Now, back in the first recursive call, we perform again the step 9 test (namely,
Clear(A) A Clear(F1) A Ou(A, x)). This test is satisfied by our changed state descrip-
tion with the substitution ¢/x, so we can pop out of the first recursive call to apply
the operator move(4,C,F1) to produce a third state description;

0n(B,F1)

On{4,F1)

On(C,F1)

Clear(A)

Clear(B)

Clear(C)

Clear(F1)

Now we perform the step 9 test in the main program again. The only conjunct
in the original goal that does not appear in the new state description is 0n(c,B).
Recurring again from thc main program, we note that the precondition of

move (C,F1,B) s already satisfied, so we can apply it to produce a state description
that satisfies the main goal, and the process terminates.

Plans with Run-Time Conditionals

We can generalize slightly the kinds of formulas allowed in state descriptions if
we are able to refine those state descriptions during plan execution by perceptual
processes. Consider what it means to allow disjunctions of literals in a state
description formula. To be specific, suppose we had the wif 0n(B, &) v On(B, ¢)
in a state description. This wff is intended to mean that either B is on A or it is on
C, but the system does not know which at the time the plan is being generated.
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The applicability of some STRIPS operators to such a state description and/or
the effects of these operators might not depend on which of On(B, 4) or On(B, C)
is satisfied. For those operators, it does not matter that there is a disjunction
in the state description; the disjunction would simply pass on through to the
after-action state description.

But certain operators might have one of On(B, 4) or On(B, €) as a precondition,
for example. In order to execute the actions corresponding to such operators, the
system would have to know which of the disjuncts 15 satisfied at the time the
action is executed (that is, at run time). Perhaps perceptual processes could make
that determination. If so, a run-tine condifional can be inserted into the plan at the
point of application of such an operator. In constructing the plan subsequent
to a run-time conditional, the planning process splits into as many branches
as there are disjuncts that might satisfy operator preconditions. Each branch
maintains a separate line of state descriptions and operators. In my example,
ane branch would assume that On(8, &) is (or will be) true of the world when
the subsequent actions are to be executed, and the other would assume that
On(B, C) is {or will be) true of the world. Fach of these branches is called a confext,
At planning time, the system might not know which state description describes
the actual state of the world at the time the context splits, but one of them
certainly does. Alternative plan completions are constructed for each context,
Then, at run time when the svstem encounters a split into two or more contexts,
perceptual processes determine which of the disjuncts is true, and execution
proceeds along the appropriate path. In complex problems, there may be several
branching contexts.

Sometimes it just happens as a result of previous actions that a perceptual
process is able to determine which disjunct is true in the world at the time
that information is needed. More typically, the system must plan to obtain that
information by using operators corresponding to nformation-gathering actions.
In my example, in order o determine which of Ou(B, A) or On(B, C) is true, the
system wmight have to execute actions that can read the lettering on the blocks,
Such actions can be described by STRIPS operators whose effects include a formal
way of specifying “know which” The run-time conditionals would then have these
know which's as preconditions,

The Sussman Anomaly

Consider applying recursive STRIPS to the blucks-world problem shown in Fig-
ure 22.4. The goal condition is On{4, B) » Qn(B, C). STRIPS has to achieve one of the
conjuncts first Suppose it selects On(A, Bi. It moves C off A, suppose to the Floor.
Then it moves A to B. But in achieving the other conjunct, on(8, €), it will undo
On(4, ) and will have to reachieve it. Suppose instead it selects On(8, ¢) first. It
moves B on C, but in achieving the other conjunct, tn(a, B), it will undo 0u(8, ¢)
and will have to reachieve it. Neither option results in a plan having a minimal
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Figure 224

The Sussman Anomaly

number of operators. This particular blocks-world problem is called the Sussman
anomaly after the person who posed it [Sussman 19751

The difficulty that recursive STRIPS has with this problem is that it narrowly
focuses on one conjunct at a time in a sort of depth-first fashion. If the forward
search used a breadth-first strategy, it would find the shortest plan, But as { have
pointed out, breadth-first forward search is computationally infeasible in realistic
settings.

One alternative is to attempt a breadth-first, backward-directed search; per-
haps it would be computationally more efficient than forward search since there
are typically many fewer conjuncts in the goal wif than there are ground literals
in the initial state description. I discuss backward search next.

Backward Search Methods

We can search backward from a goal state using the STRIPS rules. To do so, we
must regress goal wifs through STRIPS rules to produce subgoal wils. The regression
of a formula y through a $TRIPS rule ¢ is the weakest formula y such that if
y' is satisfied by a state description before applying an instance of « (and y'
satisfies the precondition of that instance of o), then y will be satisfied by the
state description after applying that instance of a. (A formula ¢1 is weaker than a
formula ¢, if ¢; = é1. Thus, P v § is weaker than P, and P is weaker than P A , for
example)

Regression computations are straightforward if we start with a goal that
is a conjunction of ground literals and regress only through STRIPS operators
(ground instances of STRIPS rules). In that case, all of the regressions will also
be conjunctions of ground literals. I show an example in Figure 22,5 in which
we use the process to search backward from a goal description. The problem
here is to achieve A on B on C on the Floor from a state in which B is on A, A
is on , and C is on the Floor. In this problem, we regress the goal condition,
On(C, F1) A On(B, ) A Gn(A, B), through any operator that achieves one of the con-
juncts in the goal. Let's regress through move(4, F1,B) to produce a subgoal wff
The operator achieves one of the conjuncts, namely, dn(A, B), so On(A, B) needn't
be in the subgoal. But any preconditions of the operator not already in the goal
description must be in the subgoal. In this case, these are Clear(B), Clear(a), and
On(h, F1). The other two conjuncts in the goal wif, namely, On(C, F1) and 0n¢B, ©),
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Goal

Dn{C,F1)
On(B,C)
On(4,B)

mave (B,F1,0)

move{A,F1,B)

0n(C,F1)
Ca(B,0)

{lear(B)
Clear(A)
On(a,F1)

/

Continue until a subgual is produced
that is satisfied by current world state

Figure 22.5
e

Regressing a Conjunction through a STRIPS Operator

Subgoal—the regression of
On(C,F1) A On(B,C) A Ou(A,B)
through move {A,F1,B}

are neither added nor destroyed by the operator, so they simply pass through the
operator to appear in the subgoal. As shown in Figure 225, another alternative
in our backward search would be to regress the goal wif through move(B, F1, C).
Backward search proceeds (perhaps using something akin to A*) until a subgoal
is produced that is satisfied by the current state description,

It is interesting to note what happens if a set of literals is regressed through
an operator having one of those literals on its delete list. There is no way an
operator can achieve a literal A if that literal is deleted by the operator! Thus, the
regression of any conjunction containing x through an operator that deletes A
is F. Of course, search need not be pursued backward from a state description
containing F—such a state is impossible to achieve.

It is often advisable to regress a goal through a rule that is not completely
instantiated—that is, through one still containing some schema variables. In
Figure 22.5, we considered using move(4, F1,B) as one way to achieve On(A, B).
Why did we decide to move A from the Floor? Well, we had to move it from
somewhere. But why should we have committed to moving it from the Floor?
Perhaps there would be a better plan that moved it from somewhere else instead.
One way to delay this decision is to leave the “from place” in the move operator
temporarily unspecified. Doing so is an instance of what is called least commitment
planning. We leave the “from place” unspecified by regressing the goal through
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Goal

On(C,F1)
0n(B,C)
On{A,B)

move(E,z,C)

b 4

tave(hk,x,B)

On{C,F1)
0n(B,C)
Clear ()
Clear(4)
On(A,x)
—|(I = B)
—|(x = ﬁ)
—l(x = C)

Because we are moving A
from somewhere else to B

Because A cannot Because On(B,C) and On(A,C)
be on itself cannot both be true
Figure 22.6

“-
Regressing a Conjunction through a STRIPS Rule Containing a Variable

the partially instantiated operator move(4, x, B). In Figure 22.6, I show the result of
this regression. The result is much like that obtained earlier except that now one
of the preconditions, On(A, x), has a variable. Interpreted as a subgoal, this literal
can be satisfied if it unifies with a ground literal in a state description. Backward
search through a space of subgoals containing variables must now allow for
additional operators that instantiate the variables—either with other variables or
with constants. One heuristic is to delay instantiation until the literals containing
them can be unified with literals in the initial state description.

Sometimes various reasoning processes can be used to place constraints on
the variables. In the example illustrated in Figure 22.6, the variable x in On(A, x)
cannot be equal to 4, for it is block A that we are moving. Neither can x be equal
to B because we are moving A from somewhere else to B. Also, x cannot be ¢,
but the reason is a bit more subtle. If x were ¢, we would have On(a, €) as one of
the conjuncts in the subgeal. But, then, Ou(B, €) in the goal could not regress to
On(B, € in the subgoal because both block B and block A cannot simultaneously
be on (. (Note that the subgoals used in recursive calls of STRIPS are different
from the subgoals created by regression))

The full procedure for regressing goals and subgoals through STRIPS rules that
are not fully instantiated is rather complex—it is explained in a bit more detail in
[Nilsson 1980, pp. 288ff]. I show a smail example of backward search in Figure 22.7
In this case, the variables are instantiated to F1 by reasoning that their constraints
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On{C,F1)
bn(B,C)
On{A,B}

(:::> move{R,z,C)

move(A,x,B)

On{C,F1)
On{B,C)

Clear(B)
Clear(A)

0n(C,F1)
Clear (B}

il(;ax;(;)) move(B,v,C) Dn(ﬁ,_x) |
e
—|()' = () =
DI(A.X} —(x = C)
(n(B,y>

ﬁ(x = B)
—(x = &)
—1(JE = C)

Instantiate rules:
Fl/x, Fl/y

Cn(C,F1)
Clear(B)
Clear(A)
On{A,F1)
On{B,F1)

move(4,C,F1}

On(C,F1)
Clear (B)
Clear{4)
On(4,0)
On(B,F1}

move(B,4,FL)

On(C,F1)
Clear(B)
On{A,C)
On{B,4)

This goal is satisfied by
current state description

Figure 22.7

Backward Search
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rule out the only possible alternative instantiations. Search terminates when a
subgoal is produced that is satisfied by the initial state description, The sequence
of rules that links the main goal with the subgoal satisfied by the initial state
can then be read off and instantiated to operators of a goal-achieving plan by
performing the instantiations discovered in the search. A more complex example
is given in [Nilsson 1980, pp. 292-296].

Backward search using regression, although possibly more efficient than
forward search, is complicated by the occurrence of variables. In small blocks-
world problems, variables can be instantiated without too much difficulty, but
it is doubtful whether the method is computationally feasible in much larger
problems without using domain-specific heuristics.

In breadth-first forward or backward search, no commitment is made to
achieving goal conjuncts in any particular order. The Sussman anomaly is an
example of a problem in which it is best to interleave the steps needed in solving
each of the conjuncts. Delaying commitment about the order of the steps in
the final plan is another instance of least-commitment planning and can best
be achieved by searching in a space of plans instead of searching in spaces of
formulas. In “plan spaces,” the steps in a plan can be partially ordered. I discuss
this planning strategy, called partial-order planning (POP), in the next section. (Plans
with partially ordered steps are sometimes called nonlinear plans)

Plan Spaces and Partial-Order Planning

Two different approaches to plan generation are illustrated in Figure 22.8. When
searching (forward, say) in a space of formulas, STRIPS rules are applied to sets of
formulas to produce successor sets of formulas, and so on until a state description
is produced that satisfies the goal formula. But when searching in a space of
plans, the successor operators are not STRIPS rules, but are instead operators that
transform incomplete, uninstantiated or otherwise inadequate plans into more
highly articulated plans, and so on until an executable plan is produced that
transforms the initial state description into one that satisfies the goal condition.
The operators in plan-space search transform plans into other plans by various
means. These include {a} adding steps to the plan, (b) reordering the steps already
in the plan, (c) changing a partially ordered plan into a tully ordered one,
(d) changing a plan schema (with uninstantiated variables} into some instance of
that schema. Examples of some of these plan-transforming operators are shuwn
in Figure 22.9.

Let's illustrate plan-space search methads as applied to the Sussman anomaly
(Figure 22.4). My description is based roughly on the systematic, nonlinear
planning (SNLP) technique of (McAllester & Rosenblitt 1991] and on NONLIN [Tate
1977]. The basic components of a plan are STRIPS rules, These are represented
by graph structures having two types of nodes; oval nodes are labeled with the
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State-space search:

@ STRIPS operator

Set of formulas

Plan
component

Plan-space search:

Plan transformation
operators

Incomplete
plan

Incomplete
plan

Figure 22.8

State-5pace Versus Plan-Space Search

names of STRIPS rules, and box nodes are labeled with precondition and effect
literals of those rules. Such a graph structure is shown in Figure 22.10. Note that
the boxes at the top of the graph are effects, and the boxes at the bottom are
preconditions.

We represent both the goal wif and the literals of the initial state by fictitious
rule graphs called finish and start. The rule finish has as its preconditions the
overall goal; its effect is taken to be Nil. The operator start has as its effects all
of the literals that are in the initial state description; its precondition is taken to
be T. I illustrate these two graphs for the Sussman anomaly in Figure 22.11.

The initial plan structure (before we have applied any plan-transformation
operators) consists of just the {unconnected) start and finish rules as shown in
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move(A,x,B)

O O0—0 O

v Add an operator

O0—0

O move(4,x,B) O
O—0

v (Re)order operators

movalA,x,B)

o O0—0 0O0—-0 O

Instantiate an operator
hove(A,C,B)
o O0—0 0O0—=0 O

Figure 22.9

Some Plan-Transforming Operators

Add conditions | Clear(y) On{x,z}

Precondition | On(x,y) Clear(x) Clear(z)

Operator

Figure 22.10

Graphical Representation of a STRIPS Rule

Figure 22.11. It is, of course, quite incomplete. (I will define what it means for a
plan to be complete later)

Search for a plan now begins by applying one of the plan-transformation
operators to the initial plan structure. Least-commitment planners use a variety of
methods to select plan-transformation operators. One transformation that might
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Goal tepresented

as an operatot

Nil
B]

Floor finish

On{A,B) 0n(B,C)

On{C,A)

Clear(F1) | | On(A,F1) Clear(B)[ On{B,F1} {Clear(C)‘!

Initial state represented start

as an operator

Figure 22.11

] T

Floor

Graphical Representations of finish and start Rules

be selected at this stage would extend the initial plan structure by adding a rule
to achieve one of the conjuncts of the goal, Suppose we decide to achieve On(A, B)
by adding the rule instance move(a, y,B). We add the graph structure for this
instance to the initial plan structure, Since we have decided that the addition of
this rule is supposed to achieve On(a, B), we link that effect box of the rule with
the corresponding precondition box of the finish rule. The result is shown in
Figure 22.12. Note that we have not yet made a commitment about from which
place A is being moved.

Several plan transformations are possible at this stage. We could instantiate
y to F1 and put in a link between On(4, F1} of the instantiated move operator
precondition and the On(4, F1) that is true in the initial state. We could also put
inalink between the two Clear(B)'s. Or we could attem pt to establish the Clear(4)
precondition of move(4, v, B). This condition could be established by inserting the
rule instance move(u, 4 v)—move something {an instance of u) that is on 4 to
somewhere else (an instance of v). Then we could instantiate u to ¢ and v to F1
and establish corresponding links to formulas in the initial state. The result of
this series of plan-alteration steps would produce the plan structure shown in
Figure 22.15.

At this stage, we see that the preconditions of the two move operators are
satisfied at the time the operators are to be applied. There is an implied ordering of
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start
T
Figure 22.12
E ]
The Next Plan Structure

the two move operators in the graph structure representing the as-yet incomplete
plan. Later in my description of the planning process, I will want to refer to these
two occurrences of move operators. For this reason, I have labeled them by a and
b in Figure 22.13. I represent explicitly the fact that b must come before g, by the
notation b < a, where < represents “before” Note the two boxes, On(C,F1) and
Clear(F1), that are “products” of the nove operators but are not “consumed” by
subsequent operators. These cause no harm in the plan so long as they do not
contradict conditions that must be true later in the plan,

Suppose next we consider how to achieve the other main goal conjunct
On(B, €). This condition can be achieved by the rule instance move(B, z, C)—that
is, by moving B from somewhere to €. So we can add this step into the plan
structure. Suppose then that we instantiate z to F1 so that we can connect to
initial conditions. The resulting plan structure is shown in Figure 22.14.
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A Subsequent Plan Structure

Now we have a plan structure involving operators 4, b, and ¢, that are only
partially ordered. So far, we have made no commitment about where ¢ is to
occur in the ordering of plan steps. In partially ordered plans, we need to
consider problems caused by the fact that one operator, if executed at the wrong
time, may undo preconditions needed by another operator. Such possibilities are
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A Later Stage of the Plan Structure

represented by threat arcs in plan-structure graphs. Consider the graph structure
shown in Figure 22.15. The heavy, gray arcs are threat arcs. Threat arcs are
drawn from operator {oval} nodes to those precondition (boxed) nodes that
(a) are on the delete list of the operator, and (b} are not descendants of the
operator node. Thus, in Figure 22.15, the operator move(s, F1, B) deletes Clear(s),
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Putting in the Threat Arcs

a precondition of move(B, F1, C). In this sense, nove(4, F1, B} threatens move(B, F1,C) -
because if the former were to be executed first, we would not be able to
execute the latter. Threat arcs must be discharged by placing constraints on the
ordering of operators. A plan is not complete until we can find a consistent set
of ordering constraints that discharges all threat arcs. In my example, such a
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set of consistent ordering constraints is (¢ < a,b <¢). And, of course, the graph
structure itself implies the constraint (b < a)}-which is consistent with the other
ordering constraints. Thus, our plan structure of Figure 22.15 has resulted in
the total order: (b < ¢ <a). The plan is complete because all threat arcs are
discharged, and all conditions required by the operators (including the finish
operator) are satisfied at the time the operator is applied. The final plan is then
{move(C, 4, F1), move(B, F1, C), move(A, F1, B)}.

Hierarchical Planning
ABSTRIPS

I have already mentioned hierarchical search procedures in Chapter 10. Several
investigators have developed hierarchical planners based on STRIPS rules. One,
the ABSTRIPS system [Sacerdoti 1974], assigns criticality numbers to each conjunct
in each precondition of a STRIPS rule. The easier it is to achieve a conjunct (all
other things being equal), the lower is its criticality number. In ABSTRIPS, planning
proceeds in levels using these criticality numbers:

1. Assume all preconditions of criticality less than some threshold value are
already true, and develop a plan based on that assumption. Here we are
essentially postponing the achievement of all but the hardest conjuncts.

2. Lower the criticality threshold by 1, and using the plan developed in
step 1 as a guide, develop a plan that assumes that preconditions of
criticality lower than the threshold are true.

3. And so on.

[ illustrate the ABSTRIPS idea with an example—this time using a robot that must
travel from one room to another. [ define the initial situation, the goal, and the
rules to be used in Figure 22.16. The rule goto(r1, 4, r2) models the action schema
of taking the robot from room r1, through door d, to room 2, The rule open(d)
opens door d. Criticality numbers are shown cirdled above the corresponding

 literal in the preconditions of these rules. In particular, we assume that it is a

relatively easy detail to open a door compared to going through a door; open(d)
has a criticality value of 1.

First, we construct an abstract plan (using any of the planning methods
I have discussed so fan—assuming that all preconditions of criticality 1 arc
already satisfied. The plan that achieves In(R3) at this level of abstraction is
{goto(R1, D1,R2), goto(R2, D2 R3)}. Next, we construct a more detailed plan to
achieve first the preconditions of the first operator in the abstract plan, then apply
that operator, and then achieve the preconditions of the second operator in the
abstract plan, and so on. The preconditions of these operators can be regarded
as islands in the search space—islands found by the first-level, abstract planning
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A Planning Problem for ABSTRIPS

process. But now, when achieving these preconditions, we lower the criticality
threshold by 1 to require that we achieve all of the preconditions of criticality 1
aiso. The result is to produce the plan {goto(R1, D1, R2), open(D2), goto(RZ, D2, R3)}.
In general, we could have more than two criticality values; then the planning
process would descend through several levels of abstraction,

The plan-development process used by ABSTRIPS is what is called length first.
That s, we develop a complete plan at each level of abstraction before descending
to a more detailed level to develop a complete plan there. There are alternatives
to length-first plan development. We could, for example, develop a complete
plan at the top level to identify a sequence of islands in the search space. These
islands would be the preconditions of the various first-level operators. Then, we
could develop the first part of a plan at the next level that is complete just to the
first island. And so on until we have a complete plan at the lowest level to the
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Figure 22.17

Articulating a Plan

first island for that level. We presume that at the lowest level of detail, the first
operator in the plan corresponds to an action that can be executed in the initial
state. This depth-first planning process would be appropriate in situations in which
we use a sense/plan/act cycle. After executing the first action and perceiving the
resulting state, we repeat the process hy replanning—perhaps using some of the

~more abstract levels of the previous plan as a guide.

Hierarchical planning is an instance of the technique [ described in Chapter 9
in which a simplified or relaxed version of a problem is solved first in order
to obtain values for a heuristic function to be used in the actual problem. Each
level of an abstract planning process can be regarded as a simplified version of
the level below. ([Pearl 1984, pp. 131-132] mentions the relationship between his
simplified-model proposal and ABSTRIPS.)

Combining Hierarchical and Partial-Order Planning

The planning systems, NOAH, SIPE, and O-PLAN [Sacerdoti 1977, Wilkins 1988, Cur-
rie & Tate 1991, combine partial-order, plan-space planning with hierarchical
planning. Besides the plan-space operators that I have already mentioned (in-
stantiating variables, adding STRIPS rules, etc), these systems include operators
that articulate abstract plans into ones at a lower level of detail. These articula-
tions can be likened to the plan-space operators considered earlier. For example,
our nove rule used in the blocks world might be composed of the sequence of
more primitive rules pickup and putdown. These lower-level rules would typically
have more detailed preconditions that would require the insertion of other lower-
level rules to make the plan complete at that level. (See Figure 22.17) This process
would continue until all operators {or at least the first operator) corresponded to
primitive actions that could be executed,
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Just as we used EBG in Chapter 17 to leam new rules for a reasoning system,
we can use it also to learn new STRIPS rules consisting of a sequence of already
existing STRIPS rules. These learned rules can then be used for creating more
complex plans. Of course, we are faced with the same utility problem that I
mentioned earlier. A learned rule might not be worth saving unless it is used
often, saves planning effort, and is not expensive to use. I explain the technique
for learning new rules by an illustrative example.

Consider the problem of changing the configuration of blocks, as shown in
Figure 22.18. Initially, block A is on block B, which is on block €, and we want
both A and B to be on the floor. Any of the planning methods so far discussed
would create the plan {move(4,B,F1), move(B,C,F1)}.Is this plan worth saving
in the form of a new STRIPS rule? It might be if our agent often had to solve this
specific problem, The plan would have even more utility if it could be generalized
so that it moved the top two blocks (whatever their names) from a stack of blocks
to the same target place. Since the construction of the plan did not depend on
the names of the blocks, it would appear that an EBG-like process could produce
a plan schema with variable symbols in place of the object constants 4, B, and C.
But since this two-step plan docs depend on the target place being the floor, the
object constant F1 cannot be generalized. :

“The plan-generalization process uses information about the preconditions
and effects of the operators in the plan. A convenient way to represent this
information is in the form of a triangle table [Fikes, Hart, & Nilsson 1972]. | show the
table for the block-unstacking problem in Figure 22.19. Each column of the table is
headed by one of the aperators in the plan—in the order in which these operators
occur in the plan. Just as in partial-order planning, it is convenient to imagine
fictitious start and £inish operators, The table displays the preconditions for
each operator and what each operator achieves. The cells below each operator
contain certain literals (possibly repeated) that are added by the operator. The
cells to the left of each operator contain literals that are preconditions of the
operator We index cells in the table by their row position, i, starting with row
1 at the top of the table, and by their column position, j, starting with column
I at the left of the table. Specifically, cell (i, j) (for i > j} contains literals that are
added by operator i that are needed as preconditions of operator j + 1 and that
survive the application of operators between i and j + 1. So, the start operator has
cells below it that contain literals that are present in the initial state description
and are either needed by subsequent operators or satisfy conjuncts in the goal
condition. The finish operator has cells to its left that contain literals that satisfy
the goal condition.

The next step in the plan-generalization procedure replaces all object con-
stants in the triangle table by variable symbols. Fach occurrence of an object
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A Triangle Table for Block Unstacking

constant is replaced by its own variable symbol. The process then attempts to
find the most general instance of the resulting plan schema such that the pre-
conditions of all rules are met at the time a rule instance is to be applied. The
preconditions of each rule, starting with the first, are checked, and substitutions
are made if needed to satisfy the preconditions. For this problem, the resulting
triangle-table schema is shown in Figure 22.20.

The generalized plan schema, in triangle-table form, is called a MACROP (for
macro-operator). It can be used as a STRIPS rule for creating longer plans. The
conjunction of the literals in column 1 are the preconditiens of the MACROP,
and the literals in row 3 are literals on the add list. (Analysis of the delete lists
of the individual rules is needed to compute the delete list) The generalization
process itself and the use of triangle tables for monitoring the execution of plans
are discussed in [Fikes, Hart, & Nilsson 19721,

In addition to learning MACROPS, attempts at constructing specific plans
can also produce control-strategy information that might reduce future planning
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Figure 22.20

A Triangle-Table Schema for Block Unstacking

effort. For example, in our last problem, in attempting to achieve the conjunc-
tion On(A, F1) A On(B, F1), it is important to achieve the conjunct On(4,F1) first,
{Achieving 0n(8,F1) first might move /1 to the top of another block in order to
make B clear and then A would have to be moved again to the floor) Minton's
PRODIGY system was able Lo learn control information of this sort using EBG
[Minton 1988, (For an alternative approach based on partial evaluation, see (Et-
zioni 19931

Another type of learning useful in planning is to learn the effects of the
rules themselves, An agent might have available a large number of actions but
might not know the effects of these actions or under whal conditions they can
be executed. Some results on the difficult but important problem of learning
action models have been achieved by [Shen 1994, Gil 1992, Wang 1995, Benson
1997]. [Benson 1997] uses a teleo-reactive (I-R) program representation in which
to represent the plans constructed using the learned operators, As mentioned in
Chapter 2, the T-R representation gives added robustness to plan execution.

Additional Readings and Discussion

Lifschitz 1986] notes that the original descriptions of STRIPS lacked the precision
and restrictions needed to prevent unsound or nonsensical formulations. He dis-
cusses restrictions on the language used by STRIPS that are needed to avoid these
problems, (I adhere to these restrictions in the present formulation.) [Pednault
1986, Pednault 1989] present a version of STRIPS that both avoids the problems
mentioned by Lifschitz and is able to formulate multiagent plans using rules
with conditional effects. Bylander 1994) shows that planning with propositional
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STRIPS operators is intractable in the worst case. (See [Bylander 1993 for average
case analysis) [Erol, Nau, & Subrahmanian 1992) present a thorough analysis of
the complexity of STRIPS-type planning systems.

(Gupta & Nau 1992] prove that in blocks-world problems in which world
states and goals are described by conjunctions of ground atoms, finding an
optimal (shortest} plan is, in general, NP-hard. (Nevertheless, {Chapman 1989]
shows that a simple reactive system can quickly perform block-stacking tasks if
it is equipped with appropriate sensory predicates)

The use of regression of goals through STRIPS rules, a process required for
backward-directed search, was introduced by (Waldinger 19751,

[Blum ¢& Furst 1995} translate planning problems posed in terms of STRIPS
rules into structures called planning graphs for solution by path-finding methods.
[Kautz & Selman 1996, Kautz, McAllester, & Selman 1996 propose methods for
converting planning graphs to propositional logic PSAT problems for solution
by WALKSAT. They also propose new techniques for direct encoding of planning
problems as PSAT problems. See also [Ernst, Millstein, & Weld 1997]. This work is
very important because it may result in scalable planning methods that exploit
efficient stochastic and hill-dimbing search techniques.

Sacerdoti's NOAH system [Sacerdoti 1975, Sacerdoti 1977] and Tate's INTER-
PLAN [Tate 1977] were the first partial-order planners. Chapman's TWEAK system
[Chapman 1987] was the first formalization of a partial-order planner and in-
troduced several important concepts. He showed that the problem of finding a
partial-order plan to achieve a conjunction of atomic goal conditions was NP~
hard--under certain reasonable formulations,

McAllester and Rosenblitt's SNLP formulation of a partial-order planner was
implemented by [Soderland & Weld 1991]. This implementation was followed
by UCPOP {Penberthy & Weld 1992]. {Ephrati, Pollack, & Milshtein 1996l used
an A*-type search to select plan-space operators. A comparison of partial-order
and total-order planners is given in [Minton, Bresina, & Drummond 19941, For a
survey of least-commitment and partial-order planning methods, see [Weld 1994},

[Christensen 1990, Knoblock 19901 developed methods for automatically
leaming operator hierarchies. [Tenenberg 1991] studied abstractions needed by
hierarchical planners. {Erol, Hendler, & Nau 1994l is another hierarchical, partial-
order planner.

[Dean & Wellman 19911 is a book that nicely integrates Al planning and
temporal reasoning methods with modern control theory. Approaching this mid-
dle ground from the other direction is the work on discrete event systems by
[Ramadge & Wonham 1989]. For additional discussion of temporal reasoning
and its role in planning, see [Allen, et al. 1990]. [Zweben & Fox 1994] present the
application of various planning and search methods to the problem of schedul-
ing. IWilkins, et al. 1995] extends planning methods to applications involving
uncertainty.
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Many of the important papers in planning are contained in the collection by
[Allen, et al. 1990} Papers on learning and planning are in iMinton 1993]. A book
entitled Practical Planning describes the SIPE system and its applications (Wilkins

1988l,

Papers on planning regularly appear in the major Al journals and conference
proceedings. There is also an International Conference on Al Planning Systems
(AIPS). For a sampling of recent applications of planning and scheduling tech-
niques, see [Tate 1996,

¥ , : e R S P S R
22.1 (Courtesy of Daphne Koller and Yoav Shoham.) Consider the problem of
devising a plan for a kitchen-cleaning robot.

1. Write a set of STRIPS-style operators that might be used. When you
describe the operators, take into account the following considerations:
(a) Cleaning the stove or the refrigerator will get the floor dirty.

(b} The stove must be clean before covering the drip pans with tin foil.

(1) Cleaning the refrigerator generates garbage and messes up the
counters.

(d) Washing the counters or the floor gets the sink dirty.

2. Write a description of an initial state of a kitchen that has a dirty stove,
refrigerator, counters, and floor. (The sink is clean, and the garbage
has been taken out) Also write a description of the goal state where
everything is clean, there is no trash, and the slove drip pans have been
covered with tin foil.

22.2 Invent a parameterized STRIPS rule, move(z, y), that gives the preconditions
and effects for a move {of the blank spot) from position x to position y in the
Eight-puzzle.

22,3 Explain how recursive STRIPS would solve the Sussman anomaly.

22.4 Explain how backward search using regressions based on STRIPS rules
would solve the Susstan anomaly.

22.5 Set up a STRIPS formulation of the Tower-of-Hanoi puzzle. {See Exercises 5.3,
74, and 9.2) That is,

1. Specify the STRIPS rule that describes the effects of a move, and spedify
the goal condition.

2. Write down the axioms describing the initial state, and show how this
rule is applied to produce one of the successor states. (Don't forget to
include formulas that are true in all states and may be needed to prove
preconditions and the goal condition)

1



Exercises 40
T

22.6 An expendable Martian robot plans a one-way trip to a Martian mountain
20 kilometers from its base camp. (It need not return to base camp.) The robot
can travel exactly 10 kilometers on a pellet of fuel. It can also carry a pellet of
fuel as freight. Base camp is named B, the mountain is named M, and a staging
site (10 kilometers from base camp and from the mountain) is named $. There
are three pellets of fuel, P1, P2, and P3, at B, and the robot is initially unfueled.
The robot has four actions:

1. goto(x, y), where x is the initial place {one of B, M, or 8}, and y is the
destination place (one of B, ¥, or 8). The robot must have a pellet of fuel in
its fuel hopper in order to execute this action, and it can only go between
B and 5 and between S and ¥ on one pellet of fuel.

2. pickupiu, x), where u is a pellet of fuel located at place x. The effect of this
action is that the robot is carrying u as freight,

3. putdown(u, x), where u is a pellet of fuel deposited at place x. The robot
has to be carrying u in order to execute putdown.

4. refuel(u, x), where u is a pellet of fuel at place x that is put in the robot's
fuel hopper.

(Assume that it takes no fuel to execute the pickup, putdown, and
refuel actions.)

We use the following predicate forms (with obvious intended meanings):

Atrobot(x), where x is one of the places, B, M, or 8.

At(x, x), where x is one of the places, B, M, or §, and r is one of the fuel pellets.
(We do not consider a pellet that is on board the robot to be at x even if the
robot is at x.)

Carrying(u) states that the robot is carrying fuel pellet u (as freight).

Fueled states that the robot has a pellet of fuel (ready to bum) in its fuel
hoppet.

Cango(x, y) gives the range of the rabot on one pellet of fuel. It states that
the robot can go from x to y (if it is fueled).

We want to set up this problem so that a STRIPS-type problem solver can produce
a plan to get the robot to the mountain.

1. What is the initial state description and the goal eondition?

2. What are the operators and their descriptions (preconditions, delete [ist,
add list} needed to solve this problem? To make the problem a bit simpler,
you do nol need to include predicates like Place(x) or Pellet(x) in your
formulas,
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3. Give a solution plan to the preceding problem that a STRIPS system
{working forward from initial state to goal) might produce. Write your
solution in the following format:

Literals in the initial state, 50

First Operator

Literals in the subsequent state, 51

Second Operator

etc. until a state satisfying the goal is reached

22.7 Invent an “iconic” data structure form (not predicate-calculus formulas) to
represent the possible states for the Martian robot and the fuel pellets of the
previous exercise. What is the data structure for the initial state?

To show that you understand how to construct and use operators for this
problem, show the data structures for the states produced by applying the
operators refuel (P1, B} and piclkup(P1, B} to the start node,

22.8 Suppose our Martian robot has sensors that enable it to determine the truth
or falsity of the following predicates:

Atfuelpellet(S)

Atfuelpellet(B)

Fueled

Carrying

Atrobot(B)

Atrobot(3)

Atrobot{M)

which have the obvious intended meanings.
The robot has the following actions:

refuel fuels the robot with a fuel pellet (if there is a fuel pellet at the robot’s
location).

pickup loads a pellet as freight onto the robot (if there is a fuel pellet at the
robot's location).

putdown unloads a pellet at the robot's current Jocation.
goto(x) gets the robot to place x (if it is fueled and if x is within 10 kilometers).

Design a production system (of the type described in Chapter 2) that will
execute the appropriate action for all combinations of sensory inputs,

22.9 (Courtesy of Daphne Koller and Yoav Shoham.) Consider using a partial-
order planning system (as described in this chapter) for planning the development
and release of a software product. Assume that in this domain there exist the
following four STRIPS operators;
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Human intelligence [is characterized as] intrinsically social-a capacity that . . .
emerged in order to enable early humans to negotiate the difficulties of living in
groups and coordinate individuals' activities with those of other group members.
—Attributed to Merlyn Donald by Catherine Snow in a book review
in Science, p. 1611, vol. 275, 14 March 1997
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Interacting Agents

Except for our study of games in Chapter 12, our concern so far has been with
a single agent reacting, planning, reasoning, and learning in an environment
more or less compatible with its abilities and goals. I assumed that the pertinent
effects of any other agents or processes could be either mitigated by appropriate
agent reactions or ignored. Now I begin to consider how the actions of other
agents can be anticipated in each agent'’s own planning, and, indeed, how
an agent can even affect the actions of other agents in the service of its own
goals. To predict what another agent will do, we will need methods for one agent
to model another; to affect what another agent will do, we will need methods for
one agent to communicate with another. These are subjects I take up in this and
the next chapter.

I'shall adopt an "agent-centric” view in which we identify with the structure
and goals of a single agent (which I call our agent) acting in an environment
containing other agents and/or processes. In contrast with most of my earlier
assumptions, the effects on our agent of the actions of the other agents and
processes can be quite profound; they can be helpful, neutral, or even inimical
to the goals of our agent. My treatment can be specialized to include the case
in which several agents coordinate their activities to achieve common goals—
so~called distributed artificial intelligence (DAD.

Before launching into the central topics of this and the next chapter, I point
out that the simplest kind of agent interaction requires neither models of the
other agents nor explicit communication. Qur agent may simply react to the
environmental effects of the other agents as they occur and are perceived. A
kind of implicit, but unintended, communication among the agents can occur

407
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Midtiple Agents Chapter 23

through these environmental effects. For example, another agent may change
the environmental configuration of blocks in such a way that our agent can
now perform an action that it could not perform before. Such an action on
the part of the other agent accomplishes both its world-changing goal and
signals to our agent that the world is now ready for our agent to act. Or an-
other agent may emit some kind of audio signal that our agent can perceive.
As far as the other agent is concerned, its “squeak” may simply be a built-
in reaction to a perceived environmental situation. But the squeak, perceived
by our agent, might evoke a reaction that an external observer might inter-
pret as a response to a communication intended and planned by the other
agent. The designer of a group of agents can arrange for coordination among
them by such a system of reactive signaling and responding—just as the de-
signer of a distributed system arranges for coordinating the behavior of its
components.

Just as the reactive machines considered in Chapters 2 through 6 were
capable of surprisingly complex individual behaviots, so is this implicit sort of
communication capable of supporting rather complex interactions. Some of the
group behavior of animals, such as schooling, flocking, and nest building seems
to be of this sort. (See, for example, [Mataric 1996, Theraulaz & Bonabeau 1995]}

Models of Other Agents

Varieties of Models

If our agent is to take into account the activity of other agents and processes as it
makes and executes its own plans, it will need to have models thal can be used
to predict how those other agents and processes will behave. Since agents and
processes are physical phenomena, we could use the languages of engineering
and physics to describe their operation. The behavior of physical agents such
as robots can be described by using models at various levels of detail ranging
from electromechanical diagrams of their components to the computer programs
that control them. The behavior of physical processes can often be described by
differential equations.

A significant body of research in Al has considered the problem of mod-
eling physical processes; this work is usually called naive physics or gualitative
physics [Weld & de Kieer 19901, Qualitative physics seeks to replace exact calcu-
lations required to solve the differential equations underlying various physical
phenomena with more approximate Al-style reasoning methods operating on
qualitative models of process dynamics. [ will not be discussing this style of
modeling here, however, preferring to concentrate instead on higher-level mod-



232 Models of Other Agents 409
e S

els of other agents. {In fact, many physical processes could be modeled as if they
were reactive agents—governed perhaps by T-R programs.!)

Even though agents are themselves physical processes and could be modeled
like any other engineered device, we shall find it convenient to use specialized
techniques to model agents. The spectrum of increasingly complex agents that
we have studied in this book suggests a variety of ways to model other agents.
Our agent might assume, for example, that another agent is a T-R program that
evaluates conditions and selects actions. Whatever the form of the other agent’s
program, our agent's model of it need not be as complex as the real thing, so long
as the model can give reasonably useful predictions of the other agent’s behavior
in various circumstances, Or our agent might assume that the other agent creates
plans using a set of STRIPS rules and executes these plans to achieve its goals. In
any case, it is often useful to presume that the other agent maintains and uses
an internal environmental model of its own in order to select actions. An agent's
model, along with its apparatus for using that model to select actions, is called
a cognitive structure. Often, the cognitive structure also includes an agent's goals
and intentions. ([ take intentions to be the actions that the agent has decided to
execute, when it is appropriate 10 do so given its plan.) Our agent has the task of
modeling the presumed cognitive structures of other agents in sufficient detail
and accuracy so that it can reason with these descriptions to predict what other
agents will do,

The part of an agent's cognitive structure that I will focus on here is its
model of its environment and of the cognitive structures of other agents. We
have studied two kinds of models used by agents, iconic and feature based.
Recall that an iconic model of the environment attempts to simulate relevant
aspects of the environment; a feature-based model attempts to describe the
environment—perhaps by formulas in the predicate calculus. We have this choice
again as we consider how our agent might model another agent. Actually, we
now have four choices. Our agent can use either an iconic or a feature-based
model of the other agent’s cognitive structure. And the other agent itself might
be presumed to be using either an iconic or feature-based model. The four
possibilities are shown in Table 23.1, along with the type of modeling strategy
each provokes. [ will be discussing three of these modeling strategies in the
next few subsections, (It turns out that when our agent uses a feature-based
modeling strategy, it isn't too relevant whether the other agent is presumed to
use a feature-based or an iconic model. For present purposes, when our agent
uses a feature-based strategy, it will presume that the other agent does also)

. Some primitive peoples carried this view to an extreme—seeing purposeful agents causing
such physical phenomena as lightning, hurricanes, eclipses, and earthquakes.
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QOur agent Other agent Modeling strategy
iconic iconic simulation

iconic feature based simulated database
feature based iconic descriptive

feature based feature based intentional

Table 23.1
0oy
Modeling Strategies

Simulation Strategies

In Chapter 12, we have already seen a simple example of an agent using an iconic
model of another agent’s (presumed} iconic model. The process of computing the
likely game positions that an opponent will present cur agent with when it is
the opponent’s turn to play uses an iconic model of what is presumed to be
the opponent’s iconic model of the effects of its actions, Iconic models are often
useful but suffer from an important limitation already mentioned, namely, they
have difficulty representing ignorance or uncertainty. This difficulty also plagues
the simulated database approach, as we shall see in the next subsection.

Simulated Databases

The most obvious way for our agent to model another agent’s formulas (which
describe for the other agent the other agent's world) would seem to be for our
agent to build a hypothetical database of formulas presumed to be the same
formulas that our agent thinks actually populate that other agent's world model.
That is, our agent could simply attempt to duplicate what it thinks the other
agent's model to be. So, for example, if our agent thinks that the other agent
has the formula On(4,B) in its world model, our agent could have an “other-
agent” database containing the formula 0n(4,B8) in it. Having that formula in
the database modeling the other agent in no way precludes our agent from
having the formula On(4,¢) in its own model of the world. Also, of course, our
agent might not know anything about the vocabulary in which the other agent
describes its world. For example, the other agent might actually represent the
same proposition that our agent represents by the string 0n(4,8) by the string
$#4(Qw, V) instead. So long as the agents do not have to communicate by sending
these untranslated formulas to each other, this vocabulary difference need not
CONcermn us.

This particular approach might be feasible for some relatively simple types
of reasoning about the other agent. But it has the same deficiencies as do all
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iconic models. An example of the most obvious one is that it is difficult for our
agent to represent the fact that either the other agent has On(4, B) in its model or
it has On(a, C) in its model. Note that putting On(A, B) v On(A, €} in the simulated
databasc would represent something different. In one case, it is our agent that
is uncertain; in the other, it is the other agent that is uncertain. For our agent to
represent its own uncertainty, it would have to have two model databases—one
for each case. If, furthermore, there were additional uncertainties of this type, the
number of different model databases would have to increase exponentially with
the number of uncertainties to handle all of the combinations.

To give a related difficulty for this method, suppose our agent doesn't know
whether or not the other agent has On(4, B) in its world model. We cannot simply
omit the formula On(4,B) from the model database because doing so would
imply that the other agent doesn't have this formula in its world model (and it
might). Again, the problem is one of distinguishing between our agent's lack of
knowledge and that of the other agent.

The Intentional Stance

To be able to make these distinctions, our agent needs some sort of language
(perhaps a variant of the predicate calculus) that is capable of describing another
agent’s knowledge and beliefs about the world rather than simulating them. When
our agent describes another agent's knowledge and beliefs, it is taking what
Dennett calls an intentional stance toward the other agent {Dennett 1971 We
humans often adopt an intentional stance toward the machines that we use.
For example, we might say “This computer knows that this vear is a leap vear”
(See also, IMcCarthy 1979a})

Three possibilities have been suggested for constructing intentional-stance
models of another agent. First, we could reify the other agent's beliefs (ust as
we reified actions in the situation calculus). [(McCarthy 1979b] proposes such an
approach. That is, we could give names to these beliefs and use a relation constant,
Bel, intended to denote a relation between an agent and {one of} its beliefs. But
we would need to connect these names (of the other agent’s beliefs} with similar
beliefs of our agent {denoted by logical formulas), and an appropriate connection
mechanism has proved problematical.

Second, our agent could assume that the other agent actually represents its
beliets about the world by predicate-calculus formulas in its database of facts
describing the world. Then our agent could use a relation constant, Bel, which
this time denotes a relation between another agent and a string that exists
in that other agent's database. For example, our agent might usc the formula
Bel(8am, 'On(A,B)') to denote the proposition that an agent named Sam has the
string named '0On(4,B)* {denoting the formula 0n(A,B)) in its database of world
knowledge. Such an approach involves relations between agents and formulas
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and has thus been called a metalinguistic approach [Perlis 1985; Perlis 1988;
Konolige 1982; Kowalski & Kim 1991; and Genesercth & Nilsson 1987, Ch. 10,

Third, we could use an elaboration of the predicate calculus involving what
are called modal operators. Such operators can be used to construct formulas
denoting propositions about who knows or believes what from simpler ones that
denote the actual knowledge or beliefs themselves. I explain this elaboration in
the next section.

B A Modal Logic of Knowledge
Modal Operators

We are familiar with the use of the connectives A and v in propositional and first-
order logic. We can think of these connectives as operators that construct more
complex formulas from simpler components. When these operators construct a
new formula, the truth value of that new formula depends on the truth values
of the operands as well as on the special properties of the operator. Here, we
want to construct a formula whose intended meaning is that a certain agent
knows a certain proposition. The components consist of a term denoting the
agent and a formula denoting a proposition that that agent knows. To accomplish
this construction, I introduce the modal operator K. For example, to say that Sam
{the name of an agent) knows that block A is on block B, we would write

K(Sam, On(4, B))

The sentence formed by combining K with the term Sam and the formula dn(4,B)
yields a new formula, the intended meaning of which is “Sam knows that block A
is on block B! (Occasionally, throughout this chapter, I will use the abbreviation
Ko (¢ for K(a,$), where & denotes an agent, and ¢ is a formula)

Note that | have begun using “knows” instead of “believes” Philosophers have
long argued about the distinction between knowledge and belief. One distinction
is that whereas an agent can believe a false proposition, it cannot know anything
that is false. It happens that defining and using a logic of knowledge is somewhat
simpler than defining and using an approptiate logic of belief. Therefore, in this
section, [ limit my discussion to knowledge—taking it to be a useful idealization
that can be adjusted in various ways to make it appropriate for dealing with
beliefs.

The language that uses the operator K is called a modal first-order language.
The syntax for formulas in this language is as follows:

L. All of the wifs of ordinary first-order predicate calculus are also wifs of
the modal language.

2. If ¢ is a closed wif of the modal language {one with no ungquantified, free
variables), and if  is a ground term, then K(a,¢) is a wif of the modal

language.
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3. As usual, if ¢ and y are wifs, then so are any expressions that can be
constructed from ¢ and ¥ by the usual propositional connectives.

As examples, the following are wifs:

+ K{Agent1, K(Agent2, On(4,B)}], which is intended to mean that Agentl
knows that Agent2 knows that A is on B.

* K{Agent1, On{A, B)) v K(Agent1, On(4, C}), which is intended to mean that
either Agent] knows that A is on B or it knows that A is on C.

+ K [Agentl, On(A, B) v On{A, C)], which is intended to mean that Agentl
knows that either A is on B or that 4 is on (.

* K(Agent1, On(A, B)) v K(Agent1, ~Dn(4, B)), which is intended to mean that
Agentl knows whether or not A is on B.

» ~K(Agent1, On{A, B)), which is intended to mean that Agentl does not
know that A is on B.

Note that, according to our syntax, the expression (3x)K(Agent1, On(x, B)) is
not a legal wif. The expression On(x, B) is not closed inside the modal operator;
it contains a free variable that is quantified outside of the modal operator
Some versions of modal logic allow this type of “quantifying in,"” but it presents
difficulties that are beyond the scope of my treatment here,

Knowledge Axioms

The operators A and v have compasitional semantics—meaning that the truth value
of a formula constructed from component formulas using these operators de-
pends on the operator and on the truth values of the component formulas. The
semantics of K, however, are not compositional. The truth value of K(Agent1,
On(A,B)), for example, cannot necessarily be determined from the properties of
K, the denotation of Agent1, and the truth value of tn(A,B). Of course, if 0n(4,B)
has value F, so should all the instances of K, (On(4, B)) for any value of a (because
an agent cannot know anything thal is false). But even if on(4,B) has value True,
no instance of K{(0n(4, B)) need have value True (hecause the agent denoted by
« might not know the proposition denoted by 0n(4,B)). Similarly, even if two
formulas, ¢ and v, are equivalent, it is not necessarily the case that if Ky (@)
has value True, so will K, (y) for any value of a. (The agent denoted by o might
not know that those formulas are equivalent.?) The semantics of modal formulas
must respect these observations,

An elegant semantics lor statements in this modal language involves possible
worlds. (For an alternative approach, see [Konolige 19861) Although | will not
discuss the possible-worlds account here, it amounts (roughly) to saying that

L
2. The K operator is therefore said to be referentially opague.
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an agent knows a proposition just when that proposition is true in all of the
worlds that are possibilities for that agent. Conversely, an agent doesn't know
a proposition if (for all that agent knows) there are some worlds in which the
proposition is true and some in which it is false. Refer to [Fagin, et al. 1995] for
a thorough discussion of logics of knowledge. Even without delving into the
semantics of a logic of knowledge, 1 can nevertheless propose some schemes to
allow our agent to reason about another agent's beliefs. These schemes will use
axioms stating the special properties of knowledge along with a new inference
rule and modus ponens. :
Some commenly accepted axiom schemas are

Ky () A Ka(¢ 2 )] 2 K () (23.1)

which is intended to mean that if an agent knows ¢, and if it knows ¢ > ¢, then
that agent also knows y (because we assume that it can and does perform modus
ponens). This axiom schema is sometimes written in the equivalent form;

Ka(6 2 ¢) D (Kal) D Ko(9)] (23.2)

This axiom is called the distribution axiom because it sanctions distributing the K
operator over implications.

Another axiom schema that seems appropriate, called the knowledge axiom,
states that an agent cannot possibly knew something that is false:

Ka(g) 26 (23.3)
The knowledge axiom implies that an agent does not know contradictions:
-K{o, F).

As a third property of knowledge, it seems reasonable to assume that if an
agent knows something, it knows that it knows it. This property is expressed by
the positive-introspection axiom:

Ka(#) O Ky (Ko (4)) (23.4)

In some axiomatizations of knowledge, we also state that, if an agent does
not know something, it knows that it does not know it—the negative-introspection
axtom:

-Ke () D Ko (K, (9)) (23.5)

The next property we might want is that any agent knows all these axioms
{as well as all valid formulas). We can express this property by adding to our
logic another rule of inference. This rule, called epistemic necessitation, allows us
(that is, our agent) to infer K, (@) if ¢ is a valid formula. We can write this rule of
inference as

from F ¢ infer Ky (¢) {23.6)
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Since mtodus ponens is the only inference rule needed in propositional fogic,
axiom 23.2 and rule 23.6 enable us to conclude that an agent knows afl the
propositicnal consequences of its knowledge; that is, it is logically omnisaent. We
can express this fact as an inference rule as follows:

from ¢+ and from K, (¢) infer Ky {y) : (23.7)

An equivalent formulation of this rule is

from F (¢ D ¢) infer Ky(¢) 2 Ko (¥) (23.8)

Logical omniscience seems unrealistic for finite agents, whao, after all, cannot
derve all the consequences of whatever they might know explicitly. If an agent
cannot derlvé a propasition {even though it follows from other propositions
it knows), can it really be said that it knows that proposition? Does someone
who knows the axioms of number theory know all of the theorems? It depends
on what we take know to mean, We might have, for example, a Platonic view
of knowledge in which, by definition, an agent knows all the consequences of
its knowledge—even though it might not necessarily explicitly believe them. Even
though logical omniscience does seem too strong, it is useful as an approximation
since intelligent agents will do some reasoning.

From logical omniscience (rule 23.7), we can derive

Kiw, (¢ A ) = Kia, ¢) A K(a, v} (239

That is, the K operator distributes over conjunctions. However, it does not distribute
over disjunctions because (as ! have already argued, for example) it is not the
case that Kie, (¢ v ¥)) 2 Kie, ¢) v K(e, ¢).

I have already noted that our agent can represent that another agent knows
whether or not ¢, without our agent knowing whether.or not . It uses the
expression K(w, ¢) v K(x, —¢).

Reasoning about Other Agents’ Knowledge

Our agent can carry out procfs of some statements about the knowledge of other
agents using only the axioms of knowledge, epistemic necessitation, and its own
reasoning abilities (modus ponens, resolution). I illustrate this process with the so-
called Wise-Man puzzle. Suppuse there are three wise men who are told by their
king that at least one of them has a white spot on his forehead; actually, all three
have white spots on their foreheads. 1 assume that each wise man can see the
others’ foreheads hut not his own, and thus each knows whether the others have
white spots. There are various versions of this puzzle, but suppose our agent is
told that the first wise man says, “I do not know whether I have a white spot,”
and that the second wise man then says, ‘I also do not know whether I have a
white spot” I can formulate this puzzle in our logic of knowledge to show that
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our agent can then prove that the third wise man then knows that he has a white
spot.

I show how the reasoning goes by considering the simpler, two-wise-man
version of this puzzle. We give the wise men names A and B. The information
that we will need is contained in the following assumptions derived from the

statement of the puzzle:

1. A and B know that each can see the other’s forehead, Thus, for example,
la, If A does not have a white spot, B will know that 4 does not have a white
spot,
1b. 4 knows (1a).
2. & and B each know that at least one of them has a white spot, and they
each know that the other knows that. In particular,
2a, A knows that B knows that either A or B has a white spot.

3. B says that he does not know whether he has a white spot, and 4 thereby
knows that B does not know.

Statements (1b), (2a), and (3) are written as the first three lines, respectively, of the
following proof of K(4,White{4)):

1. Ky [-¥hite(4) > Kg(-Wnite(4))]
(given)

2. Ky [Kp(-White(4) D White(B))]
{given)

3. Ky(~Kg{White(B})) -
(given)

4. —White(d) D Kg(—White(d))
(1. and axiom 23.3)

5. Kg{~White{4) D White(B)]
(2. and axiom 23.3)

6. Kg(—White(4}) O Kp(¥hite(B))
(5. and axiom 23.2)

7 —White(A) D Kgp(White(B))
{resolution on the clause forms of 4. and 6.)

8. ~Kg(White(B)) O White(A)
{contrapositive of 7)

9. Ky [-Kp(Whita(B}) D White(s)]
(1-5, 8., rule 23.7)

10. Ky(~Kp(White())) > Ky(White(4))

{axiom 23.2)
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11 Ka(¥bite(s))
{modus ponens using 3. and 10.)

To derive line 9 in the proof, we use rule 23.7 to justify stating that 4 believes
a consequence of a proof (line 8) from premises (lines 4 and 5) when it believes
those premises (lines 1 and 2),

In the three-wise-man version, there is another level of nested reasoning, but
the basic strategy is the same. In fact, we can solve the k-wise-man puzzle {for
arbitrary k) assuming that each of the first (k — 1) wise men claims that he does
not know whether or not he has a white spot.

Various combinations of axioms 232 through 23.5, with the axioms of ordi-
nary propositional logic, the ordinary inference rules, and rule 23.6, constitute
what we will call the modal logics of knowledge. Logicians have given special names
to various modal-logic systems—each having somewhat different axiom schemes.
For a fixed agent A, axioms 25.2 through 235 are'the axioms of a system of modal
logic called $5. If we left out axiom 23.5, we would have the system 54, If we left
out axioms 23.4 and 23.5, we would have system T, If we left out axioms 23.3, 23.4,
and 23.5, we would have system K.

Predicting Actions of Other Agents

In order to predict what another agent, Al, might do, our agent must have a
model of Al. If A1 is not too complex, then one possibility is for our agent to
assume that A1's actions are controlled by a T-R program. (Perhaps our agent used
a learning procedure to induce a T-R program that accounts acceptably well for
Al's past actions.) Suppose the conditions in that program are y, fori=1,..  k
Now to predict Al's future actions, our agent needs to be able to reason about
how Al will evaluate these conditions. We will see in the next chapter that it
is often appropriate for our agent to take an intentional stance toward Al and
attempt to establish whether or not Ky () fori=1,... k.

Additional Readings and Discussion

[Shoham 1993] has incorporated the idea of reasoning about the goals and plans
of other agents into his high-level approach to distributed systems that uses what
he calls “agent-oriented programming”

Minsky’s Society of Mind [Minsky 1986] proposes that even agents that we think
of as unitary (such as ourselves) are, in reality, made up of hundreds of simpler
agents acting in a heterarchy. {For reviews of this book and a response by Minsky,
see Artificial Intelligence, vol. 59, 1991.)

A modal logic of knowledge was first proposed by [Hintikka 1962]. Possible-
worlds semantics for modal logics was invented by [Kripke 1963]. [Moore 1985b]
axiomatized the possible-worlds semantics entirely within first-order logic and
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used this formalization to investigate the interactions between knowledge and
action. Logics of knowledge are called epistemic logics, There are also logics of belief
(doxastic logics), of obligation (deontic logics), and of other modalities. Specialized
ways of handling belief (as opposed to knowledge) have been investigated by
[Levesque 1984b, Fagin & Halpern 1985, Konolige 19861 [Cohen & Levesque
1990] use a modal logic to investigate the relationship between intention and
commitrnent.

[Moore 19852, Moore 1993] point out that the metalevel activity of reasoning
about one’s own knowledge, autoepistemnic reasoning, is a form of nonmonotonic
reasoning.

Many important DAI papers are collected in [Bond & Gasser 1988], and
current research is reported in the Proceedings of the International Conferences
on Multi-Agent Systems. Work on reasoning about knowledge is reported in
the Proceedings of the Workshops on Theoretical Aspects of Reasoning about
Knowledge (TARK).

23.1 Prove that one cannot know both P and - using instances of the knowledge
axioms.

23.2 The formula schema -K,—~(K4(#)) D ¢ is known as the Brouwer axiom. Prove
it (using resolution refutation and the knowledge axioms).

23.3 Suppose we are given the following sentences:
1 Ki(Ks(P) v Ks(@)
(John knows that Sam knows P or that Sam knows q.)

2. Ki{Kg(P O R)

{John knows that Sam knows P D &)
3. Kj(Ks(-R)}

(John knows that Sam knows =)

Prove K;(Ks(@)).

23.4 Various axiom schemas for knowledge were given on page 414ff. Examine
each of these, and discuss whether or not they would also be appropriate for belief
and under what conditions. For example, would the following axiom schema be
appropriate?

[Bo (¢} A Bl O )] 2 Ba(y)

Propose any other axioms that you think would be appropriate for belief (as
contrasted with knowledge). Can belief be defined in terms of knowledge (or
vice versa)?
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23.5 I stated on page 413 that an expression like (3x)K(Agent1, On(x, B)) is not a
legal wif. Yet, how else would we say that Agentl knows of a certain object that
it is on B (without our knowing what object that was)? (Note that the intended
meaning of the expression K(Agent1, (3x)0n(x, B)) is that Agent1 knows that some
object is on B but that Agentl might not know what object that was.} Describe
some of the difficulties of admitting an expression like (3x)K(Agent1, On{x, B)) as
a wif
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Communication

Speech Acts

There are two classes of methods by which our agent can intentionally influence
the actions of another agent. Suppose our agent knows how the other agent
will react to perceived changes in its environment. Then, our agent can act to
make whatever environmental changes it predicts will evoke desired behavior.
For example, our agent could put a block in front of another agent that our agent
knows reactively stacks blocks.

Or our agent can attempt to change the other agent's goals, knowledge (or
beliefs), or action-selection mechanisms, It could do that most straightforwardly
by "writing" directly on these clements of the other agent's cognitive structure,
This method might be used, for example, by a human user (our “agent”) to control
an agent possessing this kind of interface channel. More nterestingly, our agent
could communicate with the other agent in such o way as to cause the other
agentto make changes in its belicfs and/or goals (which may evenlually cause the
other agent to take the desired actions), The communication medium will depend
on the other agent's sensory and perceptual apparatus. Possibilities include.
for example, "writing" (based on the other agent's visual abilities), “sounds”
(based on the other agent's aural abilities), or “radio” (based on the other agent’s
electromagnetic reception abilitics), When an agent takes such an action, intended
to affect another agent's cognitive structure, we say that it has engaged in a
commimicative al.

Communicative acts among humans often involve spoken language (using
the medium of acoustic waves). Thus, language theorists have come to call all
types of communicative acts speech acts. They call the human or agent taking the
action the speaker and the human or agent at whom the act is directed the hearer.

421
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These terms are used whether or not speech itself is actually used. According
to the philosopher John Secarle [Searle 1969], who was the first to develop the
underlying theory, there are several categories of speech acts: representatives (those
that state a proposition), directives (that request or command), commissives (that
promise or threaten), expressives {that thank or apologize), and declarations (that
actually change the state of the world, such as ‘I now pronounce you husband
and wife").

Speech acts can have various physical manifestations; they can be a sequence
of physical motions {as in sign language), a string of symbols (as in text), an
acoustic disturbance (squeals, speech), or flashing lights. The manifestation of
a speech act is called an utterance--regardless of its form. As noted by Searle,
the utterance must both express the propositional content and the type of the
speech act that it manifests. For example, if written English text is the medium,
then the utterance put block A on block B expresses both its nature as a request and
Its propositional content, #iamely, 0n(4,8). (Such an utterance would be intended
by the speaker to change the goal structure of the hearer)

Speech acts are presumed to have an effect on the hearer's knowledge. If
our agent, say, A1, commits a representative speech act informing a hearer, A2,
that a proposition denoted by ¢ is true, then A1 can assume that the effect of
this speech act is that A2 knows that A1 intended to inform A2 that ¢. ! have not
described how A2 might represent knowledge of this intention nor how Al might
represent the knowledge that A2 knows about the intention. Representations of
goals and intentions to inform involve a bit more apparatus than I am prepared
to present in this book. Fortunately, I can finesse the problem by talking instead
about what effect At intends such a speech act to have on A2; A1 wants the effect
of its speech act to be that A2 believes ¢. The effect on the hearer intended by
the speaker is called the perlocutionary effect of the speech act-—as contrasted with
its illocutionary effect, which is the effect the speech act actually has. Of course,
the realization of the pedocutionary effect is entirely under the control of the
hearer and can be presumed only if either the hearer is extremely credulous or
the hearer believes the speaker to be trustworthy. Returning to my example, |
can simplify our discussion by assuming that A1 presumes its act (informing A2
that ¢) has its perlocutionary effect. We assume that A1 represents that effect on
A2 by the formula K(A2, ¢).

When humans use language, the perlocutionary (intended) effect of a sentence
that appears to be of one type is somctimes actually of another. For example, in
the sentence You left the refrigerator door open, the speaker is actually intending to
request the hearer to close the refrigerator. Speech acts whose perlocutionary
effects are different from what they appear to be are called indirect speech acts.
A speaker using an indirect speech act presumes that a hearer can infer the
speaker's goal from the context of the situation and will use that goal to decide
on the perlocutionary effect of the speech act. Thus, Do you have the time? is an
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indirect (and thus presumably more polite) way of asking the hearer to tell the
speaker the time and not a request for whether or not the hearer knows the time.

Planning Speech Acts

We can treat speech acts just like other agent actions. Our agent can use a plan-
generating system to make plans comprising speech acts and other actions. To
do so, it needs a mode] of the effects of these actions. Consider, for example,
Tallle, ¢), a representative-type speech act in which our agent informs agent a
that ¢ is true. We could model the effects of that action by the STRIPS rule:

Tall(w, ¢)
PC :Next_to(e) A ¢ A —K(e, ¢)
I:-Kio,9)
A Ko, ¢)

The precondition Next_to(a) ensures that our agent is sufficiently close to agent
@ to enable reliable communication; the precondition ¢ is imposed to ensure
that our agent actualy believes ¢ before it can inform another agent of that fact;
and the precondition -K(a, ¢) ensures that our agent does not communicate
redundant information. We assume that the action has its perlocutionary effect,
namely, that « knows ¢. Suppose our agent has the blocks-world goal on(B,
F1) in a situation in which On(4, B) A Oa(B, C) A On(C, F1). Further suppose that
our agent knows that whenever agent A1 knows that block B is clear and on
block , agent A1 reactively moves block B to the floor. Using the usual blocks-
world STRIPS rules and the preceding rule for Tell, our agent constructs the plan
{Move(A, B, F1}, Tel1(A1, Clear{B) A On(B, {))}.

Implementing Speech Acts

The implementation or physical manifestation of a speech act is the utterance,
and I must now discuss how a communicative act, lik(; Tell(w, ¢), is actually
transmitted as an utterance from a speaker to a hearer. I consider two possi-
bilities: (a) direct transmission of a logical formula from speaker to hearer, and
(b} transmission by the speaker of some string of symbols that the hearer then
translates into its cognitive structure (perhaps into a logical formula).!

If the speaker and hearer share the same kind of feature-based model of the
world, using logical formulas composed of identical symbols, then a speech act
can be imMlemented by transmitting a logical formula {plus information about
what type of speech act is being sent). In that case, for example, the speech act

L
1. Symbol strings are just one example of what might be transmitted; humans also use
diagrams, pictures, and other media to transmit information to other humans.
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Tell(A1, Clear(B) A On(B, C)) could be implemented by having our agent send Al
the formula Clear(B) A 0a(B, C) along with an indication that a representative-
type speech act is being sent. Notice that doing so presumes that the formula
Clear(B) A On{B, ) means the same thing to Al that it does to our agent. (Recall
that the phrase “means the same thing” implies that the logical models for our
agent and for Al of that formula along with all the other formulas in their
databases are substantially the same.) Even in cases where we are building and
programming ail of the agents {ours and the other agents), the assumption of
identical knowledge-representation vocabularies is very strong—implausible in
interesting situations. Even when the knowledge-representation vocabularies
and models of two agents start out identical, if the agents encounter any new
objects, for example, there is little likelihood that they will give them the same
internal names. If the agents are able to invent new predicates, defined in terms of
more primitive ones, even equivalent new predicates may have different symbols.
And just because our agent takes an intentional stance toward another agent, it
may not be the case that the other agent encodes its model of the world using
logical formulas.

Given these limitations, how is communication among agents possible? One
answer involves the second of the two alternatives mentioned earlier; using an
agrecd-upon, common communication language. Through design, usage, and
instruction, communicating agents learn how strings of symbols transmitted in
this common language change the cognitive structures of other agents. Taking
an intentional stance, our agent can predict, for example, that if it transmits
to agent Al the string® block B is on block C and block 8 is clear, the {perlocu-
tionary) effect on Al's cognitive structure can be described by the formula
K(41,0n{B, C) A Clear(B)) in our agent's knowledge base (regardless of how Al ac-
tually represents that knowledge). In this example, our agent executes the speech
act Tell(A1, On(B, C) A Clear(B)) by sending the utterance block B is on block C and
block B is clear. The hearer transiates the utterance into whatever internal form it
uses to represent this knowledge. Of course, since presumably we are designing
these agents, we can make any selection we would like for a common communi-
cation language. We might invent an English-like language, as in the example, if
our agents also needed to communicate with humans in something like English.

The use of languages based on symbol strings presupposes solutions to two
problems: how to generate a symbol string given a speech act, and how to
translate a symbol string into an effect on cognitive structure. Although ! have
motivated the use of symbol strings as a communication medium among artificial
agents, machine generation and understanding of natural languages—languages
that humans speak and write, such as English, French, and Chinese—are of inde-

1
2. My convention is to use sans serif font for communicative symbol strings.
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pendent interest. Also, both the generation and understanding of symbol strings
for communication have been mainly studied in the context of natural languages.
For these reasons, my treatment of communication among agents via strings will
focus on utterances of English-like sentences. Natural language processing, gen-
eration and understanding, is extremely difficult, and only limited prpgress has
so far been achieved. Human-level competence no doubt presupposes solutions
to a number of Al problems, as we shall see in the next section. Nevertheless,

_some applications are already possible. [ give a brief summary of some of the

major techniques used by language understanding systems in the next section.
(I omit a discussion of language generation. Anyone interested might see [Appelt
1985, Sadek, et al. 1994 for treatments of the use of planning and reasoning to

-generate natural language sentences, [McKeown & Swartout 1987] for a review

of techniques, and [McDenald & Bolc 1988] for a textbook on the subject. Several
commercial computer interface systems have some limited abilities to generate

text and speech.}

Understanding Langudge Strings

I next consider how a string of symbols, transmitted by a speaker who intends
the string to convey a certain proposition, can be translated by a hearer into a
formula denoting {we hope) the same proposition. Some (but not all} of the
information needed by this translation process is embedded in the syntactic
properties of the string. For example, an English speaker would intend the string
black B is on block C to be translated as On(B,C) and not as 0n(G,B). These syntactic
propetties are most conveniently described by grammars that not only delimit
which strings are legal sentences of the language but also define the structure
of sentences. My examples illustrating these ideas will use a simple “proto-
English” that simultaneously serves as an example of a not-too-improbable agent
language and as a first step toward an introduction to the technology of natural
language understanding,

Phrase-Structure Grammars

Phrase-structure grammars define how the basic components of symbol strings,
the symbols themselves, can be aggregated into phrases, and how these phrases
can themselves be aggregated finally into seniences. The way in which a sentence
is broken down into its component phrases, terminating in the symbols of the
string, defines the structure of a sentence. This structure is key to translating the
sentence into a logical formula. The components of the language are terminal sym-
bols and nonterminals. The highest-level nonterminal is the sentence, represented
by the symbol 5. Each nonterminal can be defined as a sequence of other sym-
bols, either nonterminal ones or terminal ones or both. In so-called contexi-free
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grammars, the definition of a nonterminal symbol is independent of the sym-
bols surrounding it in a string, I illustrate with a sample context-free grammar
appropriate for limited communication about the blocks world.

A sentence, S, is defined to be a noun phrase (NP) followed by a verb phrase
{VP). This definition is denoted by the rule

5 « NPVP

We might also want to allow a sentence to be composed, recursively, of a sentence
followed by a conjunction (Conj) followed by another sentence;

S« SConj$

These two rules can be written in the shorthand notation (called Backus-Naur form
(BNE):

S« NP VP |5 Conj

where the | is read as “or.”

Now we must define the nonterminal symbols, NP, VP, and Conj, that we
have just introduced. Some of these nonterminals will be defined in terms of
additional nonterminals, and so on until all definitions bottom out in terminal
symbols. A conjunction is defined to be either the terminal symbol and or the
terminal symbol or:

Conj « and | or

A noun phrase is defined to be either a noun (N) or an adjective (4dj} followed
by a noun:

NP « N{AdjN

For our simple three-block world, a noun is one of the terminal symbols A, B, C,
or floor {the commonly agreed-upon names of the entities in the blocks world).
We also allow the terminal nouns block A, block B, and bleck C.* These definitions
can be denoted by the rule

N« A|B|C|block A} block B| block C | floar
We have the following definition for an adjective:

Adj « clear | empty | ocgupied

T —
3. Technicaliy, the combination block with A is called a noun-noun combination. We simplify the
discussion by treating them simply as additional nouns.
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S« NPVP|SConj$

Conj < and | or

NP« NJAdN
N«A|B|C|block A|block B | block C | floor
Adj « clear | empty | occupied

VP « is Adj | is PP

PP « Prep NP

Prep « on | above | below

Table 24.1

A Grammar for Blocks-World Comrmumication

A verb phrase is defined as follows:
VP «is Adj |is PP

Finally, prepositional phrases (PP} and prepositions (Prep) are defined
PP « Prep NP

Prep < on | above | below

For convenience, [ coliect all of these rules together in Table 24.1. In natural
language processing systems, the terminal symbols are all of the individual words
in the language. These are stored in a database called a lexicon.

The structure of sentences that are allowed by grammar rules such as these can
conveniently be displayed as trees. For example, the structure of the sentence block
B is on block € and block B is clear is shown in Figure 24.1. In a completed structure,
each nonleaf node is labeled by a nonterminal symbol and has descendants
given by one of the grammar rules. Each leaf node is labeled by a terminal
symbel. Nodes labeled by nonterminal symbols are box shaped; nodes labeled
by terminal symbols are circular.

Using the grammar, we can determine that the following strings are legal
sentences:*

black C is occupied
AisonC
B is on occupied C

occupied B is on clear C

S
4. For simplicity, | ignore here matters of capitalization and punctuation, although grammars
incorporating these features could be written.
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block 8 is on block C and block B is clear

3
Block B is on block C and block B is ¢lear
5 Conj M

T T T T

block B is on block C block B is ¢lear
NE VP VP

N
] =
block B on block C ' clear
N o pp block B Adj
on block €
Prep NP

i
block C

N

Figure 24.1

The Structure of a Sentence

Deciding whether or not an arbitrary string of symbols is a legal sentence is
called parsing the string, and the parsing process is called syrtactic analysis. Various
parsing algorithms exist. In a top-down algorithm, grammar rules are applied (in
a "backward” direction) to the nonterminal symbol S, rewriting it in terms of its
component phrases, until a set of terminals is produced that match the given
string. You will recognize that this process searches through a space of AND/OR
trees until it finds a solution tree. (The tree shown in Figure 24.1 is such a solution
tree.) In a bottom-up algorithm, substrings of the string being analyzed are replaced
by nonterminal symbols, and these nonterminal symbols are themselves replaced
by other nonterminal symbols (all according to the grammar rules), until the
single nonterminal symbol, S, is produced. For search efficiency, this process
usually proceeds in left-to-right fashion along the string, You will recognize that
this process can be implemented by a depth-first, backtracking search.

Semantic Analysis

Recall that the purpose of transmitting a string of symbols is that it be translated
by a hearer into a logical formula. I have already mentioned that the grammatical
structure of the string reveals much about its intended meaning, I describe here
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a method by which a translation into a logical formula is a side effect of the
parsing process itself. This added benefit is achieved by associating components
of logical formulas with each phrase of a sentence. Each rule in the phrase-
structure grammar specifies how the formula component associated with a given
phrase is composed from the formula components associated with the constituent
subphrases. For example, the rule

PP « Prep NP

must specify the semantic association for PP in terms of the semantic associations
tor Prep and NP. These semantic associations are indicated by expressing each
nonterminal symbol as a functional expression, taking the semantic association
as the argument; for example, PP(sem).

At the conclusion of parsing, the formula associated with the nonterminal
symbol § is then taken to be the meaning of the string, With these associations, the
grammar is called an augmented phrase-siructure grammar, and the parsing process
accomplishes what is called a semantic analysis (as well as the usual syntactic
analysis).

Lillustrate this process by augmenting our sample phrase-structure grammar
and carrying out a semantic analysis for the sample sentence already parsed. I
begin by associating logical constructs with each of the terminal symbols. Let's
start with those terminal symbols that the grammar rules classify as nouns.
Intuitively, nouns should be associated with object constants in the predicate
caleulus. For our sample grammar, this association is accomplished by writing
the rule N < A{B|C| block A | block B | block C | floor as follows:

A — Noun(E(A))

B — Noun(E(B})

C — Noun(E(C))

block A — Noun{Block(4))

block B — Nown(Block(B))

block C — Noun(Block(C))

ftoor — Nour(Floor(F1))
The first of these rules, for example, states that the semantic component to be
associated with the noun “A” is the atom, E(4). (The intended meaning of E(4)
is that the object denoted by & is an “entity’) In parsing, the rule states that
an occurrence of the terminal symbol A in a symbol string can be rewritten
as Noun(E(4)). (Note carefully the use of typographic conventions in these rules:
sans serif font for terminal symbols in the proto-English communication language,

itatic font for the names of nonterminal symbols in our grammar, and typewriter
font for predicate-calculus expressions.} We write the rule in left-to-right fashion
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(with a right~going arrow) because the rules are meant to be applied *bottom
up"—replacing terminal symbols by the formula on the right-hand side of the

arrow.
If we perform the replacements indicated by some of these rules in our sample
sentence, we obtain the following partially analyzed sentence:

Noun{Block(B)) is on Noun(Block(C)) and Noun(Block(B)) is clear

Next, let's write augmented rules for the terminals and and or:
and — Conj(A)
or — Conj(v)

Applying the rule for and yields
Noun(Block(B)) is on Noun(Block(C)) Conj{A) Noun(Block(B)) is clear

The formula components associated with the other terminal symbols are
not quite so straightforward. The adjectives, clear, empty, and accupied, all state
a property of some object, so they should introduce predicate-calculus atoms
using appropriate relation constants and object constants. But at the time we
replace these adjectives, we might not know about which object they are stating
a property. Thus, the adjective, clear, for example, would have a rule something
like

clear - Adj(Clear(x))

The expression Clear(x) is to be interpreted as a predicate-calculus form thatw
needs to be applied to some object constant in order to preduce a predicate-
calculus formula. As is done elsewhere in computer scierice, we use what are
called lambda expressions to define such forms. Thus, a more precise statement of
the adjective ruile for clear is

clear — Adj(Ax Clear{x)}

Here we sce that the “meaning” of a phrase is sometimes expressed as something
that operates on the meaning of another phrase. If we were to apply the form to
the object constant B, for example, we would get

(Ax Clear(x))B = Clear(B)
Applying the rule for clear to our partially interpreted sentence yields
Noun(Block(B)) is on Noun(Block(C)) Conj(A} Noun(Block(B)) is Adj(xx Clear(x))

(We would have similar rules for the other adjectives.)
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Before giving rules involving the other terminal symbols, let's move to a
nonterminal—noun phrases. First, a noun is a noun phrase (with no change in
semantics}:

Noun(g(o)) > NP(¢{0))
where ¢(0) is any unary atom (with schema variable o). Applying this rule yields
NP(Block(B)) is on NP(Block(C)) (onj(A) NP(Block(B)) is Adj{AxClear(x))

A noun phrase is also an adjective followed by a noun phrase. We don't need
that rule to parse our sample sentence, so I give it later in a summary table.

In our sample grammar, we have only one verb, namely, is. It is always
used either with an adjective or with a prepositional phrase. When used with
an adjective, we have the rule

is Adj(x ¢(0) = VP ¢(x))

where, in this rule, ¢ is any unary relation constant denoting the property
associated with the adjective. (The word is in this simple language adds no
additional semantic content.)

Before giving the other rule for a verb phrase, 1 show how a noun phrase is
combined with a verb phrase to produce a sentence:

NP(@(eDVPO (X)) - S((ax ¢ (x) A ¢ (0))o)

where, here, ¢ is any relation constant {in our grammar it can be of any arity)
whose single lambda variabile, x, is bound when the lambda expression is applied.
Here we have our first instance of combining the semantics of two constituent
phrases. The combination is achieved by applying a lambda expression derived
from the verb phrase to the object constant contributed by the noun phrase. This
application can be done before parsing takes place to yield the condensed rule

NP(¢(@DVPOx ¥ (x)) = S(¥ (o) A dlo))
Applying these rules yields, successively,
NP(Block(B)) is on NP(Block(C)) {onj(n} NP(Block(B)} VP(AxClear(x))
NP(Block(B)) is on NP(BLock(C)) Conj(A) S(Clear(B) A Block(B))
Next, we deal with prepositions and prepositional phrases:
on — Prep(Axy On(x, y))

(Note that on introduces a two-place predicate. The lambda notation keeps track
of which variable is which.)

Prep(hay ¥ (x, y))NP($(0)) = PP(Ax (Ay (X, p) A $(0))a)
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which can be reduced to
Prep(Axy ¥r{x, yHNP({(o)) = PP(Ax Y (x,0) A ¢ (o))

where v is any of the two-place relation constants associated with our preposi-
tions.
The other rule for a verb phrase is

is PP(x W(x, o)) = VP( ¥ (x, 0))

(Note that, here, ¢ is a binary relation-constant with one schema variable ¢ and
one lambda variable, x, to be bound later) We can apply these rules, together
with our earlier rule for § to yield, successively,

NP(Block(B)) is Prep(Axy On(x, v)) NP(Block(C})) Comj(~) S(Clear(B) A Block(B))
NP(Block(B)) is PP(3x On(x, C)) A (Block(C)) Conj(A) S(Clear(B) A Block(B))
NP(Block{B)) VP(Ax Dn(x, C)) A (Block(C)) Conj(A) S(Clear(B) A Block(B))
5{Block(B) A Bleck(C) A Dn(B, C)) (onj(A) ${Clear(B) A Block(B))

Finally, we have the rule that conjoins two sentences:

Sy onj(A)5(y2) = Sty A va)
Applying this rule, rearranging, and simplifying yields
5{0n(B, C) A Clear(B) A Block(B) A Block{C))

The semantic parse treg, showing all stages of semantic analysis of this
sentence, is shown in Figure 24.2. For clarity, the predicate-calculus formulas
are shown adjacent to their corresponding nodes {rather than as arguments of
the associated nonterminals). Note how the semantic structure associated with
phrases is composed from the semantic structures of subphrases. We say that
augmented grammars of this kind have compositional semantics. For reference, all
of the rules of this grammar are collected in Table 24.2.

Expanding the Grammar

Although the grammar shown in Table 24.2 is capable of translating many blocks-
world sentences into Jogical formulas, [ constructed it only to illustrate the general
1dea of this style of semantic analysis. I could add several obvious additional
rules without undue complication, For example, I could add other rules for more
adjectives {red, heavy, . . .}, more prepositions (next to, between, .. .}, and more nouns
for additional blocks and for agents. The only verb in this language, is, did not
play an important role. I could add knows, which would involve translation into
a modal form using K. Translating other verbs, as in the sentence Sam moves block
A trom block C to black B, would obligate us to decide how to conceptualize such
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block B is an block C and block B is clear Enﬁ(f 0512 (S)Clear(ﬁ)

. On(B,C) N .
block B is on block C ABLock(C) and. [ block B is clear Clear (B} A Block(B)
5 ABlock(B) |_Con 5
/Q\ A
block B is on block € and is clear A % Clear(y)
NP LA Py o 4
block B oh block C| A x 0n(x,C) clear
o . x On(x,
N is op A Block (C) block B Adi A x Clear(x)
Block (B}

bigek B

A xy Onlx,y)

Figure 24.2

on block C
Prep NP Block{C) @

block C
° N Block(()

A Semantic Parse Tree

actions and how to describe them by logical formulas. Adding tensed verbs (for
example, moved) would require translation into a formula capable of describing
temporal events.

Sentences containing articles, such as the and 2, usually involve translation
into quantified formulas. For example, block A is on a block should be translated
into (3x)0n(4, x). English sentences involving words like every, all, and some are
often ambiguous regarding quantifier scope. For example, the sentence ali blocks
are on a block could be translated either as (Vx)(3y)0z(x, y) or as (3y)(¥x)0n(x, ¥).
Resolving such ambiguities often can be done only by referring to other sources of
knowledge—knowledge not contained in the sentence itself, I discuss some of the
issues surrounding ambiguities and their resolution in more detail later, Semantic
analysis often postpones the resolution of ambiguities by translating first into a
special language of quasi-logical form [Russell & Norvig 1995, pp. 676ff, which is
capable of retaining certain ambiguities rather than translating directly into a
formula of first-order logic, which generally does not accommodate ambiguity.
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A = Noun(E(2))

B — Noun(E(B))

€ — Noun(E(C))

block A — Noun(Bleck(A))

block B — Notiri(Block(B))

block C — Noun(Block(C))

floor — Noun(Floor(Fl))

and — Conj(A)

or — Conj{v)

clear — Adj(Ax Clear(x))

empty — Adj(Ax Clear(x)}

occupied — Adj(lx —Clear(x))

on — Prep(Axy On(x, y))

above — Frep(ixy Dn(x, y))

below — Prep(Lxy On(y, x))

is Adj(ax ¢ (x)) — VP(Ax ¢ (1))

is PP(Ax y(x,0)) = VP{kx fr(x,a))
PrepQxy (x, yINP($(0)) = PP(Ax 9 (x,0) A (o))
Noun(¢ (o)) = NP(¢{c))

Adj¢hx ¢ ())NP(yr{0)) - NP($ (o) A ¥(0))
NP(@{a)VP(x v (1)) = S(¥ (o) Ad(o))
51 Conj(A)S(y2) - S(n A v2)

Table 24.2 : ‘
T P—

An Augmented Phrase-Structure Grammar

Translation of the quasi-logical form into logic is then done in a separate phase
that is able to use additional knowledge to resolve remaining ambiguities.
Sentences in natural languages usually cannot be adequately defined by
context-free languages. For example, consider the sentence hlock A and block B
are on block C. A grammar with the context-free rule $ « NP VP that accepted
this sentence might also accept biock A and biock B is on block C because is on
block C would be accepted as a legal VP. Enforcing singular-plural agreement
between subject and verb would either require additional context-free rules
defining singular (plural) noun phrases and singular (plural) verb phrases, or
it would require some kind of context-sensitive device. Interestingly, the same
augmentation technique that allowed associating semantic forms with phrases
can also be used to enforce a variety of these context-sensitive restrictions,
including those involving number (singular. plural), person (first, second, or
third), tense, verb type (transitive or intransitive), and case (subjective, objective).
To enforce singular-plural agreement, for example, we add an extra argument, n
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(for number), to the appropriate phrase names. Qur rule for a sentence would then
become S(n) «- NP(n) VP(n), where for simplicity I have omitted the arguments
specifying the semantic forms. When this rule is applied, the bindings for the
variable n, namely, either s (singular) or p (plural) would have to agree. The binding
for n in VP(n) would, in turn, be determined by which of the following rules was
used at the bottom of the parse tree: are — Verb(p) or is - Verb(s). The hinding for
n in NP(n) would be similarly determined. Grammars that use this mechanism
are called unification grammars because of the role that unification of terms plays
in enforcing agreements among the variables.

245 Efficient Communication

Substantial efficiency of communication can often be achieved by relying on
the hearer to use its own knowledge to halp determine the meaning of an
utterance. “A word to the wise is sufficient” If a speaker knows that a hearer
can figure out what the speaker means, the speaker can send shorter, less self-
contained messages. One of the main reasons why it is so difficult for computers
to understand natural languages is that understanding requires many sources
of knowledge, including knowledge about the context in which communication
occurs, and general “commonsense” knowledge shared by the speaker and hearer.
In the next subsections, 1 will briefly touch on these subjects.

24.3.1 Use of Context

If the hearer and speaker share the same context (that is, they both know
the situation in which each is speaking and hearing an utterance), then that
context can be used as a source of knowledge in determining the meaning of an
utterance. Use of context allows the language to have pronouns (such as he and
it) and indexieals (such as here, now, 1, and you). The context can include previous
communications, the current environmental situation, or both. For example,
consider the utterafice block A is clear and it is on block B. The hearer processes the
phrase it is on block B in the context of having already heard and understood
the phrase block A is clear. In this context, the hearer can assume that it refers to
the block already mentioned, namely, block A The use of the word it in my
sample sentence (instead of repeating the words block A} amounts only to a small
savings, butlots of similar economies add up to worthwhile increases in efficiency,
Of course, to gain this efficiency, the speaker must know that the hearer will be
able to {and will) figure out the referent.

R

3. Linguists use the term anaphora to describe phrases (including pronouns) that refer to things
that have already been mentioned. In general, determining the meaning of anaphoric items is
extremely complex; my example is a very special and simple case.
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24.3.2

This is block B

=

Figure 24.3
Pointing Establishes the Meaning of an Indexical

When a speaker uses the indexical 1, a hearer in the same context knows to
which person (or machine) the word I refers. For example, if robot R1 says I know
that block A is on block 8, then a hearer who knows the identity of robot R1 as it
is speaking can interpret the utterance as meaning KR1, 0n(A,B)). Sometimes
indexicals like this are used in association with pointing actions. For example, in
Figure 243, we see a robot pointing to a block and saying this is block B. The hearing
robot, seeing the speaking robot pointing to a block, interprets the utterance as
implying On(4,B). The speaker makes the utterance because it wants the hearer
to know On(4,B) and realizes that the hearer cannot see the label on block B but
can see the label on block A and can see that A is on the block pointed to. Again,
perhaps a small savings but a contribution to efficient communication.

Use of Knowledge to Resolve Ambiguities

Even if it were possible to design an agent communication language in which
propositions could be transmitted and understood in isolation without ambi-
guity, such unambiguous communication would require unmanageably large
vocabularies and overly complex phrasings. People who use natural languages
can usually discern the intended meanings of otherwise ambiguous words and
phrases by using various sources of knowledge. This ability allows us humans
to be more efficient in our use of language and would perhaps confer similar
benefits on communicating agents.

Computational linguists have classified several types of ambiguity occurring
in natural language utterances. | describe these types using examples from the
blocks world and from similar situations in which robots communicate among
themselves (and with humans). (The language and semantics used in these
examples would be somewhat more complex than that defined in Table 24.2)

Lexical Ambiguity
The same word can have several different meanings, and the resulting ambiguity
is called lexical. The sentence robot R1 is hgt could mean that R1 is very good at
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accomplishing its tasks, or it could mean that R1 is overheated. Resolving the
ambiguity would require additional knowledge about R1 and the situation in
which the sentence occurs.

Syntactic Ambiguity

Sometimes sentences can be parsed in more than one way; that is, phrases can be
put together differently. The sentence I saw RLin room 37 might imply that either (or
both) the speaker doing the seeing and R1 were in room 37, If the hearer already
knows the referred-to location of either the speaker or R1, the ambiguity can
be resolved. {The classic example of this sort is I saw the Grand Canyon flying to New
York. The ambiguity in that case is resolved by the commonsense knowledge that
people fly but canyons don't) Different parses can be due to lexical ambiguities;
in the sentence clear block A and B and € are on the floor, clear could be either a verb
or an adjective. Another classic example of this sort is time flies like an arrow.

Referential Ambiguity

The use of pronouns and other anaphora can ‘cause ambiguity. Processes for
resolving such referential ambiguity can involve complex reasoning on the part
of both the speaker and the hearer. In the sentence block A is on block B and it is not
clear, the speaker probably intended that it refer to block A instead of to block B.
The speaker might reasonably assume that the hearer would use commonsense
knowledge to deduce —Clear(B) from the phrase biock A is on block B and therefore
would also conclude that it in the phrase it is not clear refers to block A (because
speakers do not usually send redundant information).

Pragmatic Ambiguity

The processes for using knowledge of context and other knowledge for resolving
ambiguities is usually called pragmaiic analysis (to contrast these processes with
syntactic and semantic analyses). But, of course, if a hearer's commonsense
knowledge and knowledge about context is uncertain, even pragmatic analysis
can fail to resolve all ambiguities. In the sentence R is in the room with R2, the
meaning of the phrase the room would be ambiguous if the hearer thought that
R2 was either in room 37 or room 38, but didn't know which.

Natural Language Processing

My example of agent communication in the blocks world displays just a small
fraction of what would be needed in a system that could understand sentences
spoken (or written} by a human. The subject of natural language processing
(NLP) is an immense field with many potential applications, including transla-
tion from one language into another, retrieval of information from databases,
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human/computer interaction, and automatic dictation. Language-competent
computer systems would be able to understand and generate written and spoken
sentences either as text (that is, strings of sentences) or in interactive conversa-
tion. The field is far from being able to achieve these goals, although there are
research systems and some commercial products with limited capabilities.

NLP has been described as “Al-hard” (in analogy with NP-hard). That is, to pro-
duce a system as competent with language as a human is would require solving
“the Al problem! Much of the difficulty lies in resclving pragmatic ambiguities,
which seems to require reasoning over a large commonsense knowledge base,
Of course, there are also major issues involved in building lexicons, grammars,
and parsing systems adequate to handle natural languages.

Almost any sentence taken from text or conversation can be used to illustrate
the problems. Let's see what a language-understanding system needs to do in
order to analyze a sentence taken from conversation. (I touch on just a few of
the problems!) Consider the following piece of conversation between a professor
and a graduate student:

P; Well, I'll need to see your printout.
S: I can't unlock the door to the small computer room to get it.

P: Here's the key.

How would a computer system analyze the student’s sentence? Many NLP
systems are organized as a sequence of steps. First, the sentence is translated into
a logical form, using a grammar with semantic composition rules and a lexicon.
Here are just some of the problems illustrated by the sentence at this level of
processing:

* The lexicon may contain roots of words, such as lock, with their various
meanings. It also needs to have information about how prefixes and
suffixes can be attached to roots and how these attachments affect meaning
{morphological analysis).

¢ The grammar and semantic analysis needs to be able to handle a much
wider varicty of parts of speech than did our simple blocks-world grammar:
Adverbs, such as quickly, change the meaning of the verb they modify.
Consider, for example, an adjective, such as small, whose meaning might
vary depending on what noun the adjective modifies. A smail room might
be bigger than a large computer.

¢ The phrase the small computer room might mean the small room in which
there are computers or the room in which small computers are kept. In
order to postpone resolving this ambiguity until later, the system might
produce either a logical form that retains the ambiguity or two different
logical forms.
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* The system needs to be able to find the referents to I and to it. 1is probably
easily determined to refer to the speaker. At this level of analysis, it could
refer to the door, the room, or something (yet to be determined) mentioned
in previous discourse. Again, resolving the ambiguity should probably be
postponed.

* Interpreting the word can't, a contraction of cannot, requires the ability to
handle negations. In this case, the system also needs to be able to note
that can might mean either physically able to or permitted to.

After the alternative logical forms are produced, the system reasons with
general world knowledge to resolve some of the ambiguities. Here, it can be
decided that it must refer to something in previous discourse because it is unlikely
that the speaker would be trying to “get” a door or a room. Also, can probably
means physically able to because unlocking a door requires a key and keys are
things that people often do not have.

The system also uses world knowledge specific to the present environment
to decipher the phrase small computer room. Suppose the system knows that all of
the robms designated as computer rooms contain small computers, and that just
one of these rooms is a small one, room 246, say. Thus small computer room must
refer to room 246.

Final analysis of this sentence requires knowledge of the discourse and the
ability to reason about the intentions of the eaker. The professor asked for a
printout, so it must refer to that. The chain of reasoning here is rather complex. The
request for a printout sets up a goal for the studenty and it can be presumed that
the student makes a plan to achieve that goal. Construction of the plan falters
when the student realizes he doesn't have a key to the room containing the
printout. The sentence is about the reason the student cannot achieve the goal,
and the system must interpret it as such. Further, the system needs to decide
whether the student’s utterance is an attempt to negotiate a change in goal (“Let's
not even bother about my trying to get the printout because I don't have a key
and maybe you {the professor) don't really need the printout”) or is (indirectly) a
request for the key to a specific room (which key the student knows the professor
has} so that the student can produce an executable plan to achieve the goal. The
indirect request for the key also contains the reason why the key is needed—a
reason the student assumes the professor would need to have in order to be
persuaded to give the student the kcy.

Methods for performing all of this reasoning, and for representing the kinowl-
edge being reasoned about, are still frontier research topics for artificial intelli-
gence. Thus, computer understanding of discourse like that of our example is,
indeed, Al-hard. The problem is further complicated by the fact that these diffi-
cult aspects of language understanding must probably be combined with some
reactive-type processes. For example, the student in the preceding situation might
have simply uttered the ungrammatical Key? instead of the longer sentence. The
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professor would probably have responded by handing over the key to the ap-
propriate computer room—very little parsing as such would have been needed!
But such a response would have required the professor to decide which key to
hand over, and it is unclear whether complex reasoning would be needed to
make that decision or simply context-dependent reactive processes.

Natural language processing, including speech and text generation and un-
derstanding, is a field that overlaps and depends upon Al but also has its own
traditions and techniques. [ have only brushed lightly against part of the subject
here. Those interested in more details might begin with [Russell & Norvig 1995,
Ch. 22 and 23] and [Allen 1995, Grosz, Sparck Jones, & Webber 1986]. (Also see
the special issue devoted to NLP of the journal Artificial Intelligence, vol. 63, nos.
1-2, October 1993

Additional Readings and Discussion

[Cohen & Perrault 1979] describe how speech acts can be planned using Al
planning systems. In order that a speech act achieves its perlocutionary effect
(that is, its speaker-intended effect), a hearer must sometimes be able to guess
at the overall plan of the speaker by observing a sequence of the speaker's
actions, [Kautz 1991] reviews this problem and presents a formal theory of plan
recognition and its implementation.

The foundational work on language syntax and parsing is that of [Chomsky
19651 My treatment of syntactic and semantic processing of word strings is loosely
based on definite clause grammars originally developed by [Pereira & Warren
19801 There are many other grammar formalisms, including the augmented
transition networks (ATNs) of (Woods 19701, A typical large grammar for English
is that used in SRI International’s TEAM system TEAM [Grosz, et al. 1987].

[Magerman 1993] describes statistical methods for learning grammars, and
[Charniak 193] generalizes the notion of a grammar to one that has probabilities
associated with the rules.

[Grosz, Sparck Jones, & Webber 1986 and (Waibel & Lee 1990} are collections
of important papers on natural language processing and on speech recognition,
respectively.

Contrasting with language-understanding approaches, vector-based compar-
isons between the word-frequency statistics of text documents can often be used
to classify documents into meaningful categories based on content [Masand,
Linoff, & Waltz 1992, Stanfill & Waltz 1986].

e

24.1 Can you think of a situation in which it would be helpful for an agent to
utter a tell speech act in which the propositional content of the act is known
by the uttering agent not to be true?
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24.2 Use the grammar given on page 434 (Table 24.2) (the semantic one} to
produce a semantic analysis of the sentence

block B is on floor or block Bison C

24.3 How would you modify the grammar on page 434 (Table 24.2) to include
the word not so that not could be used with adjectives {as in not clear) or with
prepositions (as in not on) ?

24.4 Discuss in two or three shart paragraphs the major similarities in the
problems of natural language understanding and scene analysis.

24.5 Robot A has the vocabulary and semantic grammar shown on page 434
(Table 242). Explain how robot A might set up block situations and make
utterances in such a way that a perceptive robot B could induce the appropriate
grammar. (Hint; Start by having robot A point to block B and simultaneously
uttering B, etc.) What do you have to assume about robot B's abilities?



Agent
hitectures

I have followed an agent-oriented presentation of the subject matter of artificial
intelligence. Although mainly adhering to the agent theme, | have also stressed
that the technologies used to build intelligent agents also find other applications:
in image classification and analysis, in expert consulting and reasoning systems,
in scheduling and planning, and in natural language processing systems, to name
just a few. Often, I have assumed that the agents under discussion were robaots,
but many of the ideas apply to nonphysical agents as well. In this final chapter, I
speculate about how the various Al techniques might be integrated in intelligent
agent architectures,

But first we must ask, can anything at all be said about intelligent agent
architectures in general? Just as there are millions of species of animals, occupying
millions of different niches, I expect that, similarly, there will be many, many
species of artificial agents—performing the countless tasks that we humans will
want them to do. The exact forms of their architectures will depend on their tasks
and on the environments in which they perform these tasks. For example, some
will work in time-stressed situations in which reactions to unpredictable and
changing environmental states must be fast and unequivocal. Others will have
the time and the knowledge to predict the effects of future courses of action so
that more rational choices can be made.

Some of these agents will be more complex and intelligent than others, of
course. So perhaps we can focus our discussion of agent architectures on those
agents that require all of the abilities discussed in this book: built-in reac-
tions,; fconic and feature-based me'mory structures; search techniques; reasoning,
planning, and communicating. Can we hope that there will be an ideal archi-
tecture for agents that possess what might be called "human-level” intelligence?

443
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Probably not. Even humans are born with or trained into a large number of
different styles. Some think in pictures, some in symbols, some in sounds; some
are impetuous, some deliberate; some want details, some the big picture; some
adapt easily to new situations, some are rigid; and on and on. Although we all
run on pretty much the same “wetware,” our cognitive architectures might be
quite different.

Given my belief that there is probably not a single, ideal, infelligent agent
architecture, | will proceed by discussing some “reference” ones with which [ am
most familiar and which ! think are at least illustrative of the range of possibilities.
You should understand, though, that several others have been proposed and
used.

051 Three-Level Architectures

One of the first integrated intelligent agent systems was a collection of computer
programs and hardware known as “Shakey the Robot” [Nilsson 1984bl. Shakey
already used many of the techniques described in this book—although in forms
more primitive than their modern counterparts. The hardware consisted of a
mobile cart, about the size of a small refrigerator, with touch-sensitive “feelers,”
a television camera, and an optical range-finder—all controlled by a computer
over a two-way radio/video link (see Figure 25.1). The cart was capable of rolling
around an environment consisting of large boxes in rooms separated by walls and
connected by doorways; it could push the boxes from one place to another in its
world. Its suite of programs consisted of those needed for visual scene analysis (it
could recognize boxes, doorways, and room comers), for planning (using STRIPS,
it could plan sequences of actions to achieve goals), and for converting its plans
into intermediate-level and low-level actions in its world. Shakey’s architecture
is shown in Figure 25.2.

Shakey's design can be viewed as an early example of what has come to be
called a three-level architecture. The levels correspond to different paths from sensory
signals to motor commands. In Figure 25.2, I have highlighted these paths as
follows: low level by a gray arrow, intermediate level by broken gray arrows,
and high level by broken dark arrows. The low-level actions (LLAs) use a short
and fast path from sensory signals to effectors. Important “reflexes” are handled
by this pathway—such as stop when touch sensors detect a close object. Servo
control of moters for achieving set point targets for shaft angles and so on are
also handled by the low-level mechanisms.

The intermediate level combines the LLAs into more complex behaviors—ones
whose realization depends on the situation (as sensed and modeled) at the time of
execution. As an example, one intermediate-level action (LA) is gothrudoor—a
routine that gets Shakey through a named doorway. It comprises appropriate
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Figure 25

Shakey the Robot

roll-forvards and turns, guided by touch detectors and by information in an
internal model, until it concludes that Shakey is completefy through the doorway,
Shakey’s [LAs are coded in a form very similar to the T-R programs mentioned
in Chapter 2.

The high-level path involves a STRIPS planner A goal, expressed as a
predicate-calculus wif, is given to the executive system that supervises the con-
struction of a plan by STRIPS. The completed plan is expressed as a sequence
of ILAs, which, along with their preconditions and effects, are represented by a
triangle table. The triangle table is executed much like a T-R program. Triangle-
table-form plans are also stored for possible future use in a plan library (after
being generalized, as discussed in Chapter 22).

More recently, the three-level architecture has been used in a variety of robot
systems. Usually some type of servo control of primitive actions is used at the
lowest tevel. Many different Al subsystems are used at the intermediate and high
levels, ranging from blackboard systems, dynamic Bayes belief networks, fuzzy
logic, and plan-space planners. As a typical example, refer to {Connell 1992].
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252 Goal Arbitration

A three-level architecture is one way to deal with the problem of combining the
ability to react quickly with the ability to plan sequences of actions to achieve
complex goals. In most agent architectures, reflex actions take precedence over
planning. The need for acting reflexively is just one instance of the general
case in which an agent needs to attend to several (sometimes competing) goals
simultaneously. Agents will often have several goals that they are attempting to
achieve. Some are given to them by their users (with different priorities), and
some (such as the need for safety, refueling, and self-maintenance) are built
in. Each member of a set of goals has a certain “urgency” that depends on the
priority of the goal at that time and on the relative cost of achieving it from the
present situation.! Some goals are best handled by low-level routines, some can
be achieved by stored ILAs, and some will require planning. Since goal urgency

1. These priorities and costs can be accommodated by a reward schedule similar to that
discussed in Chapter 10.
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Combining Planning and Reacting

will change as the agent acts and finds itself in new, sometimes unexpected,
situations, the agent architecture must be able to arbitrate among competing
iLAs and planning.

[Benson & Nilsson 1995] proposed an agent architecture that integrated
abilities to react, to learn, and to plan. Those aspects of the architecture relevant
to arbitration are shown in Figure 253, Goals and their priorities are given
to the system through the Executor and remain active until rescinded by the
user. The system has a number of ILAs, stored as T-R programs and matched
to specific goals, stored in its Plan library, If any of the active goals can be
accomplished by the T-R programs already stored in the Plan library, those T-R
programs become Active ILAs, Goals for which there are no existing T-R programs
cause the Planner to atiempt to generate new T-R programs—either by extending
appropriate T-R programs alrcady in the Plan iibrary or by starting anew. Any
new T-R programs generated by the Planner to achieve an active goal become
Active ILAs. Permanent, built-in goals have prebuilt T-R programs that are always
Active [LAs.

The actions actually performed by the agent are actions called for by one of
the Active ILAs. The task of the Arbitrator is to select at each moment which
T-R program is currently “in charge” of the agent. This selection is made using
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a simple type of cost-benefit calculation that takes into account the priority of
the goals and the estimated cost of achieving them. (For details, see [Benson &
Nilsson 19951} Maintaining safety and avoiding danger always have high priority
and thus would always be selected in any situation in which immediate action
(reflexes) would be appropriate. The Arbitration module works concurrently with
the Planner so that the agent can act (if appropriate) while planning. Even lower-
priarity goals would be pursued in situations in which they could be achieved
with lower estimated cost than could expensive higher-priority goals.2

The Triple-Tower Architecture

In the three-level architecture, the higher levels use more abstract perceptual
predicates and more complex actions than do the lower ones. Whereas reflex
actions are typically evoked by primitive sensory signals, the coordination of
higher-level actions requires more elaborate perceptual processing, Hierarchies
or “towers” of perceptual and action processing have been praposed by [Albus
1991]. The perceptual processing tower starts with the primitive sensory signals
and proceeds layer by layer to more refined and abstract representations of what
is being sensed. The action tower compaoses more and more complex sequences of
primitive actions. Connections between the perceptual tower and the action tower
can occur at all levels of the hierarchies. The lowest-level connections correspond
to simple reflexes, whereas connections at the higher levels correspond to the
evocation of complex actions by the perceptual predicates specialized for those
actions.

To account explicitly for the internal representations required by agents,
would suggest adding a third or “model” tower, as shown in Figure 25.4. Sensory
precepts that give the agent its representation of the world are stored in a hierar-
chy of models—each level containing information used by whatever planning and
action-evocation processes are appropriate for that level. At intermediate levels,
for example, there might be models (such as potential functions or topological
state spaces) appropriate for route planning, At higher levels, logical reasoning,
planning, and communication would require declarative representations, such
as those based on logic or semantic networks.

Although something like the triple-tower architecture has intuitive appeal, it
serves only as a rough, still almost vacuous, suggestion that begs for elaboration.
I believe that further progress requires more experimental work directed at
integrating component Al technologies (such as those discussed in this book)
in perceiving and acting agents.

L
2, This particular agent architecture also accommodated learning models of actions {which the
Planner could use), For details on the learning component, see [Benson 1997].
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- Bootstrapping

“Human-level” artificial intelligence will no doubt require much more refined
perceptual and action repertoires than those of contemporary robots and agents.
The most notable lack is the commonsense knowledge that must populate the
higher levels of the model tower. Most Al researchers agree that this knowledge
must somehow be encoded in our agents before they can perform even the
routine tasks that humans find easy. The CYC project is a direct effort by a group
of researchers to encode the knowledge they think is required. Since the early
days of Al some researchers have thought that this knowledge could be obtained
the “easy way” by automatic learning programs, by self-organizing systems,
by simulated evolution, or by some such shortcut. Even the handcrafting CYC
researchers hope that after CYC reaches a certain critical stage, the system will
be able to leam more knowledge on its own—by reading text, by conversing
with humans, and by being taught. Humans learn much of the knowledge they
use by a process of “bootstrapping” from previously obtained knowledge—first,
as infants, from built-in tendencies, and later, through the various Piagetian
stages, from previously acquired skills and concepts, and then, as adults, through
practice, reading, and communicating. It now seems to me that the amount of
knowledge that will be required by Al agents to exhibit human-level intelligence
is so large, that a similar, yet-to-be-discovered bootstrapping process will be
required. Probably this process will involve techniques similar to some of the
automatic leamning procedures [ have described in several parts of the book. My
guess is that we must find a way to have an agent itself add additional floors to
its triple towers after its designers appropriately craft the lower stories,
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- Additional Readings and Discussion

[Whitehead, Karlsson, & Tenenberg 1993 developed a system that was able to
learn how to achieve each of several goals and could arbitrate among them when
they were all active.

In noting the multiplicity of different.block diagrams for agent architectures,
Stan Rosenschein used to say “Buxes, boxes, we've all got boxes” In addition to
the architectural schemes mentioned in this chapter, [ cite a few more (realizing
that I'm leaving out many others): [Laird, et al. 1991, Hayes-Roth 1995, Gat 1992,
Wilkins, et al. 1995, Bates, Lovall, & Reilly 1992, Firby & Kahn 1995

In all of these, a critical question is whether to refine a plan or to act on
the plan in hand (which might be a plan that was compiled when time was
not critical, such as at design time). As mentioned earlier in the book, metalevel
architectures {as described, for example, by [Russell & Wefald 1991, Ch. 2]} can be
used to make such a decision. In any case, the nature of the computational time-
space tradeoff seems to be such that most agent actions ought to be reactive,
with planning and learning used to extend the fringes of what an agent already
knows how to do.

In this book, I have tried to cover most of the currently known Al techniques
that [ think will be required to achieve human-level Al It's a large collection, but it
must get larger before we get close to our goal. We will continue, I think, to draw
on ideas from psychology, neurophysiology, control theory, signal processing,
and economics as well as from computer science as we make progress. To those
readers who choose to join this odyssey, my advice is to be eclectic, imaginative,
and humble as we confront the large gap between the modest abilities of existing
Al systems and the exquisite complexity of animal and human intelligence. But
our humility need not and should not weaken our goals nor blunt our daring.
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25.1 Isaac Asimov's three laws of robotics are

1. A robot may not injure a human being, or, through inaction, allow a
human being to come to harm,

2, A robot must obey the orders given it by human beings except where
such orders would conflict with the First Law.

3. A robot must protect its own existence as long as such protection does
not conflict with the First or Second Law.

Describe as many difficulties as you can think of regarding building these
laws into autonomous agents—both physical agents and software agents. What
Al abilities would be required?
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25.2 Do you think the Al techniques, conceptual apparatus, and theory presently
available and surveyed in this book are adequate to support the construction
of machines we could truly call “intelligent”? Why? If you think present Al
knowledge is inadequate, answer at least one of the following questions, giving
evidence for your answer:

1. Are substantial increments of new theory and ideas needed, and if so, in
what areas?

2. Do we merely need larger and faster (and perhaps more parallel)
computers?

3. Has Al research been pursuing inappropriate paths, and are wholly new
approaches needed? If so, where should Al research concentrate attention?

4. Are the long-term goals of Al impossible in principle?

25.3 Now that you have surveyed many of the important ideas in Al return to
Chapter 1 and do Exercise 1.5, commenting on the appropriateness and prospects
of strong Al versus weak AL {There are no “right” answers, but there are some
well-reasoned ones.)
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analogical representations, 75
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AND nodes, 272
Anderson, T, 14, 454
AND/OR tree, 272-274, 283, 298
Andre, David, 65, 49, 454, 472
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approximate theortes, 297
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ares, 124-129, 272, 309
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434
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axiom schemas for modal logic, 414

B* search, 212
Bacchus, F, 177, 454
Backgammon, 208, 210-212
background knowledge in ILP, 291
background theory in ATMSs, 279
backing up f values, 154
backing up (minimax), 198
backjumping, 136
backprop

algorithm, 49
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Bayes, Rev. Thomas, 322, 435
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345-346
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Bele, L, 425, 476
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Bradtke S., 178, 454
Brain, A E. 45, 456
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building reactive procedures, 170172
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calculus philosophicus, 8
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Cassandra, A, 164, 358, 458
categorical features, 23, 38, 317
causal networks, 326
causal reasoning, 328
causal (top-down) inference, 328
causes and symptoms, 218
certainty factors, 339
€45, 55
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for joint probability function, 322
chaining (inference rule}, 232
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cheapest-first heuristic, 315
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Chen, K., 218, 470
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Chickering, D., 345, 349, 467
Chiel, H, 14, 435
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child program, 64
CHINDOK, 212
Chomsky, N., 9, 440, 458
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chronological backtracking, 133
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Churchland, P. §,, 110, 458
circumscription, 310, 315
CLASSIC system, 312
classical Al, 6
classification noise, 51
classifier systems, 60
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converting arbitrary wifs to, 232-253,
257-260
descendants of, 256
as disjunctions of literals, 227, 231
head and body, 270
resolution on 231-232, 256-257
resstvent of two, 231, 253, 256-257
rules, facts, and goals, 270
sels of literals, 231
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Clocksin, W, 270, 458
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closed-world assumption (CWA), 313
Clowes, M, 105, 458
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CNF PSAT problems, 227
cognitive science, 9, 14
cognitive structure, 409
cognology, 8
Cohen, B., 227 218, 486
Cohen, Paul, 17, 454, 458
Cohen, Phil, 418, 440, 458
coin-flipping example, 238, 318
Collinot, A., 467
Colmerauer, Alain, 270, 297, 459
cornmissives (speech acts), 422
commonsense knowledge
difficulties in representing, 303-304
importance of, 304-305
objects and materials, 305
physical processes and events, 305
physical properties, 505
representing, 301-316
research areas, 305-306
space, 305
time, 306
what it is, 301-303
commonsense world, 301-306
communication, 407, 421-441
efficient, 435437
and integration, 405-451
use of context in, 435434
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complement of a variable, 23
completeness (predicate caleulus), 257
completeness {propositional calculus),
226-207
complex information processing, 8
complexity analysis, 15
of STRIPS, 399
compositional semantis, 413, 452
computation vs. memory, 117-118
Computational Learning Theory (COLT), 55
computer vision, 85-113
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conceptualizations, 248-249
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inventing, 249
of knowledge, 248-249
condition part of a production rule, 27
conditional independence, 324-325
via blocking nodes, 331
due to d-separation, 351
conditional probabilities, 320-323
conditional probability tables (CPTs), 327
learning of, 543
conferences, major Al 16
conflict resolution, 78, 275
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conjunct, 229
conjunction (~), 220, 229
conjunction (Conj, 426
conjunction of clauses, 27, 232-233, 239

conjunction of literals {in Boolean functions),

26
conjunctions, regressing, 382-383
comunctive normal form (CNF), 27 227, 252,
259 -
connectives (propositional calculus), 219
Connell, }, 32, 33, 123, 178, 445, 439, 474
consequent of an implication, 220
consistency condition, 150-153
consistency maintenance system (CMS), 278
consistent substitutions, 273
constraint arc, 184
constraint graphs, 184-185, 186-187
constraint propagation, 183
wnslraint satisfaction problem, 104, 181
constraints on feature values, 217-219
constructive formulations, state spaces for,
184
constructive methods, 185-187
consulling systems, 284
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decision procedure, 269
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deduction thecrem (propositional calculus),
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deductive rule learning, 286, 295-297
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delayed-reinforcement learning, 177
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Denker, }., 473

Dennett, D., 15, 411, 460

denotation of an atom, 222
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deontic fogics, 418

dependency-~directed backtracking, 136
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depth information (image), 108-110
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depth-first planning process, 395

depth-first strategtes, 235
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DeSarkar, §., 177, 438

descendant of a clause, 236

descendant of a node {graph), 124

descent methods, 189

describing states and goals, 373-374

describing the environment, 12, 409

Deutsch, ). A, 34, 460

diagnostic (bottom-up) inference, 328

diagnostic reasoning, 328

Dietterich, T, 45, 55, 460, 487

difficult-to-represent information, 217

Dijkstra, E, 133, 460

directed acyclic graph (DAG), 325

directed graph, 124

directed tree, 124
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discontinuities in a scene, 8889

discount factor (y), 175-176

disjunct, 229

disjunction (v), 220, 229
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disjunctive normal form (DNF), 26, 252
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Donath, M, 14, 454
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Dowling, W, 237 461

doxastic logics, 418
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dynamic decision network, 355-354, 358
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dynamic programming, 178
dynamical system, 7, 55

Dieroski, S, 291, 473
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effective branching factor, 157

efficient communication, 455437
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158, 174, 185, 400

Eight-Queens problem, 182-183, 188

clevator problem, 80

ELIZA program, 5

Elkan, C, 339, 368, 461

Elman, |, 73, 461

Elman networks, 73-74

embodiment, 2, 4

emergent behavior, 7

Emerson, E, 249, 306, 461

Encyclopedia of Al 17

Enderton, H, 250, 462

Engineering Applications of AT (EAAD), 16

entailment, 225

environment, representation of, 71-73

Ephrati, E, 399, 462
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epistemic logics, 418
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error function, 39
error-correction procedure, 43
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Etzioni, O, 398, 458, 462, 477
evaluation functions, 139-141, 198
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learning of, 172-175, 210-212
Evans, T. G, 9, 462
even-parity function, 45
evidence
in inference, 328
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532-336
evidence nades (polytrees), 329, 332
evolution, 59
evolutionary computation, 59-60
evolutionary search processes, 60
existential generatization (EG), 247
existential quantifier (3), 245, 247
expanding a node, 122, 151
expectation maximization (EM), 346
expectimaxing, 209, 212
expert systems, 10, 218, 280, 291, 339
hasic structure of, 281
nile-based, 280-286
explaining away, 329
explanation (facts used in a proof}, 296
explanation-based generalization (EBG), 286,
. 295-297
explicit graphs, 172-173
Exploring Al 17
expressibility/tractability tradeoff, 297
expressives (speech acts}, 422
extensionaily specified n-ary relations, 242
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f values, 139, 154

fact (atom), 257

fact clause, 270

Fagin, R, 414, 418, 452

Farmer, Sam, 19

Farrell, R, 457

father program, 64

Faugeras, 0., 111, 462

feature values, constraints on, 217-219
feature vectors, 71-73
feature-based model, 12
feature-based representation, 74
feature-based state spaces, 122-123
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Ferguson, C, 483

Ferrieux, A, 485
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Fargy, C, 275, 277, 463

Forrest, B., 55, 484
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Fox, M., 399, 492
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frame problem, 368

frames, 308, 312-313

Frank, M., 465

Frege, Gottlieb, 8, 463

frequency interpretation of probabilities, 321

Friedman, ], 457

Friedman, N, 343, 347 349, 358, 463, 454

froom, R, 472
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function optimization, 60, 189-192
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fuzzy logic, 339
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Gardner, Martin, 8, 464
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Gasser, L, 418, 456
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Geiger, D, 345, 349, 467
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298, 313, 463, 488
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goal node, 120, 125
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goal set, 125
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goals, 175-177,.237, 351
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Goldberg, D, 60, 465
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graph, 124
graph notation, 124-125
GRAPHSEARCH, 141-155
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graph-searching algorithm, 141-155
greedy methods, 228, 287, 349
Green, Cordel), 8, 262, 297, 363, 463
Gregory, R, 111, 465
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Gruber, T, 314, 466
GSAT, 228
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Heckerman, David, 326, 339, 345, 349, 467
Heinsohn, ], 313, 468
Henderson, D, 473
Hendler, ], 39, 454, 462
Hendrix, ., 312, 468
Henrion, M., 338, 339, 358, 468, 469, 48]
Herskovitz, E, 358, 459
Hertz, ], 55, 468
heuristic functions
discovery of, 155-156
global consistency of, 150
learning, 172-175, 210-212
and search efficiency, 155-160
heuristic processes, 131
heuristic programming, 8
heuristic repair, 187-189
heurstic search, 159-162
bidirectional, 157
notation, 143
Hewett, K., 467
Hexmoor, Henry, 1
hidden nodes, 349
hidden units, 45
hierarchical planning, 167-168, 177, 393-395
hierarchical search, 167-169
hierarchies, taxonomic, 308-309
Hildreth, E., 97,475
HILLCLIMB, 190-192
hill-climhing methods, 39-40, 189
hill-climbing searches, 190-192
Hintikka, 1, 417, 468
Hinton, G., 484, 490
history of Al, 8-11
Ho, Y-C, 41, 457
Hobbs, ], 313, 468
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Hollister, V., 457
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hotizon effect, 208
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Hom clauses, 237-238, 270-275
greatest-lower-bound (GLB) theories, 297
least-upper-bound {LUB) theories, 297
methods for learning, 291
types of, 257
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Horowitz, 5, 99, 468

Horswill, I, 110, 468

Horvitz, E, 166, 558, 468, 469
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Howard, B, 473

Huang, T, 463

Hubbard, W, 473

Hubel, D, 10, 110, 111, 469

Huberman, B. ], 212, 469

Hucka, M., 472

Hueckel, M., 97 469

Hueckel operator, 97

Huffman, D, 105, 469

HUGIN system, 339

human-level intelligence, 1, 15, 443, 450

hyperplane, 30, 38-39

hysteretic agents, 80

iconic representations, 12, 74-77
iconic vs. feature-based models, 12, 74-75,
409
ID&*, 153
D3, 55
illocutionary effect (speech acts), 422
ILP systems, 291, 294
image attributes, 101-102
image depth information, 108-110
image edges, 88
image intensity, taking derivatives of, 95
image intensity array, 91
image junctions, fabeling by type, 106
image processing, 91-102
averaging 91-93
edge enhancement, 93-95
region finding 97-101
image regions, 88, 99-101
image shading, 102
image smoothing, 92-96
image texture, 101-102
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130-131
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