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Preface

There are a variety of excellent monographs and textbooks on Artificial Intelligence.
Let us mention only such classic books as: Artificial Intelligence. A Modern
Approach by S.J. Russell and P. Norvig, Artificial Intelligence by P.H. Winston, The
Handbook of Artificial Intelligence by A. Barr, P.R. Cohen, and E. Feigenbaum,
Artificial Intelligence: Structures and Strategies for Complex Problem Solving by
G. Luger and W. Stubblefield, Artificial Intelligence: A New Synthesis by N. Nilsson,
Artificial Intelligence by E. Rich, K. Knight, and S.B. Nair, and Artificial
Intelligence: An Engineering Approach by R.J. Schalkoff. Writing a (very) concise
introduction to Artificial Intelligence that can be used as a textbook for a
one-semester introductory lecture course for computer science students as well as for
students of other courses (cognitive science, biology, linguistics, etc.) has been the
main goal of the author.

As the book can also be used by students who are not familiar with advanced
models of mathematics, Al methods are presented in an intuitive way in the second
part of the monograph. Mathematical formalisms (definitions, models, theorems)
are included in appendices, so they can be introduced during a lecture for students
of computer science, physics, etc. Appendices A-J relate to Chaps. 4-13,
respectively.

Short biographical notes on researchers that influenced Artificial Intelligence are
included in the form of footnotes. They are presented to show that Al is an inter-
disciplinary field, which has been developed for more than half a century due to the
collaboration of researchers representing such scientific disciplines as philosophy,
logics, mathematics, computer science, physics, electrical engineering, biology,
cybernetics, biocybernetics, automatic control, psychology, linguistics, neuro-
science, and medicine.


http://dx.doi.org/10.1007/978-3-319-40022-8_4
http://dx.doi.org/10.1007/978-3-319-40022-8_13
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Part I
Fundamental Ideas of Artificial Intelligence



Chapter 1
History of Artificial Intelligence

Many fundamental methodological issues of Artificial Intelligence have been of
great importance in philosophy since ancient times. Such philosophers as Aristotle,
St. Thomas Aquinas, William of Ockham, René Descartes, Thomas Hobbes, and
Gottfried W. Leibniz have asked the questions: “What are basic cognitive opera-
tions?”, “What necessary conditions should a (formal) language fulfill in order to
be an adequate tool for describing the world in a precise and unambiguous way?”,
“Can reasoning be automatized?”. However, the first experiments that would help
us to answer the fundamental question: “Is it possible to construct an artificial intel-
ligence system?” could not be performed until the twentieth century, when the first
computers were constructed.

Certainly, the question: “When can we say that a system constructed by a human
designer is intelligent?” is a key problem in the Al field. In 1950 Alan M. Turing!
proposed a solution of this problem with the help of the so-called imitation game
[307]. The imitation game is, in fact, an operational test of artificial intelligence and
it can be described in the following way. Let us assume that a human interrogator
has a conversation with both another human being and a computer at the same time.
This conversation is performed with the help of a device which makes the simple
identification of an interlocutor impossible. (For example, both interlocutors send
their statements to a computer monitor.) The human interrogator, after some time,
should guess which statements are sent by the human being and which ones are
sent by the computer. According to Turing, if the interrogator cannot make such
a distinction, then the (artificial) intelligence of the computer is the same as the
intelligence of the human being. Let us note that intelligence is, somehow, considered
equivalent to linguistic competence in the Turing test. As we will see further on, such
an equivalence between intelligence and linguistic competence occurs in some Al
models.

! Alan Mathison Turing—outstanding mathematician, logician, and computer scientist, a researcher
at the University of Cambridge, University of Manchester, and the National Physical Laboratory in
London. He is considered as one of the “fathers” of computer science. Turing defined the universal
(Turing) machine, which is a mathematical model of computation.

© Springer International Publishing Switzerland 2016 3
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4 1 History of Artificial Intelligence

Although 1956 is usually taken to be the year of the birth of Artificial Intelli-
gence, because it is the year of the famous conference at Dartmouth College, the
author would consider the preceding year to be the beginning of Al In 1955 the
first Al system, called Logic Theorist, was designed by Allen Newell,2 Herbert A.
Simon,? and implemented by J. Clifford Shaw* at Carnegie Mellon University [197].
The system proved nearly 40 theorems included in Alfred N. Whitehead and Bertrand
Russell’s fundamental monograph Principia Mathematica. The designers of the sys-
tem tried to publish their results in the prestigious Journal of Symbolic Logic. The
editors rejected the paper, claiming it contained just new proofs of elementary the-
orems and overlooking the fact that a computer system was a co-author. Pamela
McCorduck writes in her monograph [197] that for Herbert Simon designing Logic
Theorist meant a solution of the Cartesian mind-body problem.’

The further research of Simon, Newell, and Shaw into constructing systems pos-
sessing mental abilities resulted in the implementation of General Problem Solver,
GPSin 1959. The system solved a variety of formal problems, for example: symbolic
integration, finding paths in Euler’s problem of the Konigsberg bridges, playing the
Towers of Hanoi puzzle, etc. Defining the paradigm of cognitive simulation,® which
says that in Al systems general schemes of human ways of problem solving should
be simulated, was a methodological result of their research. This paradigm is a basic
assumption of advanced research projects into cognitive architectures, which are
presented in Chap. 14.

While Newell and Simon constructed their systems on the basis of cognitive
simulation, John McCarthy’ led research at MIT into another crucial area of Artificial
Intelligence. In 1958 he presented the important paper [193] at the Symposium on the
Mechanization of Mental Processes, which was organized at Teddington. McCarthy
proposed the paradigm of solving common sense problems with the use of formal
logic-based models of reasoning. At that time such an idea seemed peculiar. During a
discussion Yehoshua Bar-Hillel® called the paper “half-baked”, claiming that logic-
based (deductive) inference is not an adequate model for human common-sense
reasoning. This criticism did not put McCarthy off the idea to use mathematical

2 Allen Newell—a professor of computer science and cognitive psychology at Carnegie Mellon Uni-
versity. He received the Turing Award in 1975. Newell is a co-designer of the cognitive architecture
Soar and the programming language IPL.

3Herbert Alexander Simon—a professor at the Carnegie Mellon University. His excellent work
concerns economics, sociology, psychology, political science, and computer science. He received
the Turing Award in 1975 and the Nobel Prize in Economics in 1978.

4John Clifford Shaw—a researcher at RAND Corporation, a co-designer of a programming langauge
IPL.

SPhilosophical views which are important for Artificial Intelligence are presented in Sect. 15.1.
SMethodological assumptions of cognitive simulation are discussed in Sect.2.1.

7John McCarthy—a professor of the Massachusetts Institute of Technology, Stanford University,
and Princeton University. He introduced the term Artificial Intelligence, Al. McCarthy received the
Turing Award in 1971.

8Yehoshua Bar-Hillel—an eminent philosopher (a disciple of Rudolf Carnap), mathematician, and
computer scientist (the Bar-Hillel pumping lemma for context-free languages).
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logic in Artificial Intelligence. He continued research into a logic-based programming
language for an implementation of intelligent systems. McCarthy was inspired by
one of the modern logic calculi, namely lambda calculus (A-calculus), which was
introduced by Alonzo Church’ and Stephen C. Kleene'” in the 1930s. His research
was successful and he constructed the Lisp language'' in 1958-1960 [194]. Lisp
and its dialects, such as Scheme, and Common Lisp, is still used for constructing Al
systems. At the beginning of the 1970s a new research approach based on First-Order
Logic, FOL, appeared within the logic-based paradigm. It resulted in the construction
of the second classic Al language, namely Prolog, by Alain Colmerauer and Philippe
Roussel (Université d’ Aix-Marseille II) [57]. This approach originated the popular
model of Constraint Logic Programming, CLP. More detailed discussion of the
logic-based approach in Al is included in Sect. 2.2 and in Chap. 6.

In the middle of the 1960s the third approach in symbolic Al appeared, namely
the knowledge-based approach. It was originated by a project to implement the
Dendral expert system conducted by Edward Feigenbaum'? and Joshua Lederberg '
at Stanford University. The identification of unknown organic molecules on the basis
of an analysis of their mass spectra and knowledge of chemistry was the goal of the
system. The system was very helpful for organic chemists. The experience gained
by Feigenbaum led him to introduce a new Al paradigm that differs from both
cognitive simulation and the logic-based approach. This paradigm can be described
in the following way. Firstly, instead of solving general problems, intelligent systems
should focus on well-defined application areas (as did the Dendral system). Secondly,
an intelligent system should be equipped with all the knowledge that human experts
possess in a particular field. Therefore, such systems are often called expert systems.
Thirdly, this knowledge should be treated as a kind of data and it should be stored
in the knowledge base of the system. A general inference mechanism'* should be
implemented in the system in order to reason over knowledge.'> In this last aspect,
the knowledge-based approach is somehow similar to the logic-based approach,
especially as analogous inference schemes are used in both approaches. The last
assumption concerns a way of verifying correctness of the system functionality.

9 Alonzo Church—a professor of logic, mathematics, and philosophy at Princeton University and
University of California, Los Angeles. He was a doctoral advisor for such famous scientists as Alan
Turing, Stephen C. Kleene, Michael O. Rabin, J. Barkley Rosser, and Dana Scott.

10Stephen C. Kleene—a professor of mathematics at Princeton University. His work concerns
recursion theory, theory of computable functions, and regular expressions.

L isp is one of the two oldest languages, along with Fortran, which are still used nowadays.

12Edward Albert Feigenbaum—a professor of computer science at Stanford University. He is con-
sidered one of the Al pioneers. Herbert Simon was his doctoral advisor. In 1994 he received the
Turing Award.

13Joshua Lederberg—a professor at Stanford University and Rockefeller University, molecular
geneticist, microbiologist, and one of the Al pioneers. In 1958 he received the Nobel Prize in
medicine.

14General means here independent from specific knowledge.

131n expert systems knowledge is often formalized as a set of rules. We call such systems rule-based
systems. Rule-based and expert systems are introduced in Chap. 9.
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The implemented system should be embedded in an environment in which human
experts solve problems. Its testing consists of checking whether it simulates experts
well. If so, then it means that the system works correctly. (This is analogous to
cognitive simulation, in which the system should simulate the intelligent behavior of
a human being.) These assumptions are fulfilled to a high degree in the knowledge
representation model in the form of rule-based systems, which are introduced in
Sect. 2.3 and Chap.9.

Successes in constructing symbolic Al systems encouraged Newell and Simon to
formulate in 1976 a fundamental view of Strong Artificial Intelligence, namely the
physical symbol system hypothesis [209]. A physical symbol system consists of a set of
elements called symbols that are used by the system to construct symbolic structures
called expressions and a set of processes for their modification, reproduction, and
destruction. In other words, the system transforms a certain set of expressions. The
hypothesis is formulated as follows [209]:

A physical symbol system has the necessary and sufficient means for general intelligent
action.

This radical view of Newell and Simon that a system transforming symbolic
structures can be considered intelligent was criticized strongly by John R. Searle'®
in his paper “Minds, Brains, and Programs” [269] published in 1980. Searle divided
views concerning Al into two basic groups. Adherents of Weak Artificial Intelligence
treat a computer as a convenient device for testing hypotheses concerning brain and
mental processes and for simulating brain performance. On the other hand, adherents
of Strong Artificial Intelligence consider a properly programmed computer equivalent
to a human brain and its mental activity. Of course, the physical symbol system
hypothesis belongs to the latter approach. In order to reject this hypothesis Searle
proposed a thought experiment, which challenges the Turing test (the imitation game)
as well. One of the various versions of this experiment, called the Chinese room, can
be described in the following way. Let us assume that a native English speaker, who
does not speak Chinese, is closed in a room. In the first phase of the experiment he
receives pieces of paper with Chinese characters on them and he is asked to respond
to them. However, he does not understand these notes. Fortunately, in the room there
is a book which contains instructions on how to respond to Chinese characters by
writing other Chinese characters on a piece of paper. So, each time he receives a piece
of paper with Chinese characters on it, he “produces” a response to it according to
these instructions. In the second phase of the experiment he receives pieces of paper
with English sentences, e.g., some questions, and he is asked to respond to them. So,
he responds... Let us assume that the quality of responses in both cases is the same.
Now, Searle asks the question, Is there any difference between the two phases of the
experiment? Then, he answers, Yes. In the first phase the man in the room does not
understand what he is doing, however in the second phase he does.

16John Rogers Searle—a professor of philosophy at the University of California, Berkeley. His
work concerns mainly the philosophy of language, philosophy of mind, and social philosophy. In
2000 he was awarded the Jean Nicod Prize.


http://dx.doi.org/10.1007/978-3-319-40022-8_2
http://dx.doi.org/10.1007/978-3-319-40022-8_9

1 History of Artificial Intelligence 7

One can easily notice that, beginning from the Turing test, in Artificial Intelli-
gence an immense significance is attached to natural language and an intelligent
systems ability to use it. Three linguistic theories, namely Noam Chomsky’s theory
of generative grammars [47], Roger Schank’s conceptual dependency theory [263,
264], and George Lakoff’s cognitive linguistics [175] are especially important in
Artificial Intelligence. Therefore, we now present them.

Noam Chomsky'” introduced the first version of generative grammars in 1957.3
According to his theory, the ability to learn a grammar of natural language, called
the universal grammar, is a property of the human brain. The universal grammar
is “parameterized” when a child is exposed to a specific language, which creates a
grammar of this language in his/her brain. Such a grammar has the form of a formal
system, which consists of a finite set of rules that are used to generate an infinite
set of sentences belonging to the language. Thus, the grammar is a generator of the
language. Chomsky distinguishes not only a syntax level but also a semantic level in
the structure of a generative grammar. Moreover, syntax constitutes a basic, primary
level, whereas semantics is somehow derived from syntax. Thus, there are some
analogies here to the physical symbol system model. Although the initial great (let
us say excessive) expectations of natural language processing (understanding) with
the help of this theory have not been completely fulfilled, it has become a model of
fundamental importance in computer science. The birth of this theory can be con-
sidered as the origin of the dynamic development of mathematical linguistics."® It
focuses on defining mathematical formalisms which can be used for representing
structures of both formal and natural languages. The basic assumptions of math-
ematical linguistics are presented in Sect.2.5 and methods based on the theory of
generative grammars are introduced in Chap. 8.

Roger Schank,? in his conceptual dependency theory developed at the end of the
1960s [263], claimed that it is not syntax which should be a starting point for defining
language semantics but concepts, strictly speaking dependencies (relations) among
concepts. In order to formalize various types of dependencies among concepts, he
defined a model of a representation of relations in the form of conceptual depen-
dency graphs. These graphs are defined in such a way that two language structures
having the same meaning are represented by the same graph. In Artificial Intelli-
gence conceptual dependency theory constitutes a paradigm for structural models of

17 Avram Noam Chomsky—a professor of linguistics at the Massachusetts Institute of Technology.
His research was very important for the foundations of computer science (mainly the theory of
formal languages, programming languages, and computer linguistics), linguistics, and theory of
mind. He received a lot of honorary doctorates from prestigious universities, including University
of Bologna, Harvard University, Cambridge University, Uppsala University, McGill University, and
Loyola University Chicago.

180ur considerations concern Chomsky’s standard model.

19 Although the idea of a grammar generating a language, i.e., a grammar as a rewriting system, can
be found in the work of logicians Axel Thue and Emil Post.

20Roger Schank—a professor of psychology and computer science at Yale University and North-
western University. His work concerns Artificial Intelligence (Natural Language Processing, case-
based reasoning) and cognitive psychology.
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knowledge representation. In these models knowledge is represented by graph-like
or hierarchical structures. Semantic networks introduced by Allan M. Collins?!' and
Ross Quillian [56], frames defined by Marvin Minsky22 in [203], and scripts pro-
posed by Schank and Robert P. Abelson?® [264] are the most popular models in this
approach. The research in this area concerned Natural Language Processing, NLP,
initially. It resulted in the construction of well-known NLP systems such as ELIZA?*
simulating a psychotherapist, which was constructed by Joseph Weizenbaum?’ in
1966, SHRDLU, the first system which understood a natural language in the context
of a simplified world-like environment (Terry Winograd,?® 1970), MARGIE (Roger
Schank 1973), and SAM (Richard E. Cullingford, 1978), which were based on con-
ceptual dependency theory, and PAM, constructed by Robert Wilensky?’ in 1978,
which was able to interpret simple stories. The approach based on structural models
of knowledge representation has been applied for constructing Al systems beyond
Natural Language Processing as well. For the implementation of such systems a
variety of programming languages and environments have been developed including
KRL defined by Terry Winograd and Daniel G. Bobrow?® and KL-ONE introduced
by Ronald J. Brachman?’ and James G. Schmolze.** The approach based on struc-
tural models of knowledge representation is discussed in Sect.2.4, whereas models
of semantic networks, frames, and scripts are presented in Chap. 7.

21 Allan M. Collins—a psychologist, a professor of Northwestern University. His work concerns
Artificial Intelligence and cognitive psychology.

22Marvin Minsky—a mathematician, a professor of computer science at the Massachusetts Institute
of Technology. For his contribution to Al he received the Turing Award in 1969.

23Robert P. Abelson—a professor of psychology at Yale University. His work concerns applications
of statistical analysis and logic in psychology and political science.

241n fact, ELIZA was the first well-known chatbot, that is, a program which is able to simulate a
conversation with a human being.

25 Joseph Weizenbaum—a professor of computer science at the Massachusetts Institute of Technol-
ogy. He is considered one of the Al pioneers.

26Terry Winograd—a professor of computer science at Stanford University. His work influenced
Artificial Intelligence, the theory of mind, and Natural Language Processing.

2TRobert Wilensky—a professor of computer science at the University of California, Berkeley.
His work concerns systems of natural language understanding, knowledge representation, and Al
planning systems.

28Daniel Gureasko Bobrow—one of the Al pioneers, a research fellow at the Palo Alto Research
Center (PARC). He was the President of the American Association for Artificial Intelligence and
the editor-in-chief of the prestigious journal Artificial Intelligence.

2Ronald Jay Brachman—a head of AT&T Bell Laboratories Artificial Intelligence Principles
Research Department and the DARPA Information Processing Techniques Office. His work con-
cerns structural models of knowledge representation and description logic.

30James G. Schmolze—a professor of computer science at Tufts University. His work concerns
Artificial Intelligence, especially knowledge representation and reasoning with incomplete knowl-
edge.
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In the area of linguistics, cognitive linguistics represented by George Lakoff>!
seems to oppose the physical symbol system hypothesis to the largest degree. In
his famous book “Women, Fire, and Dangerous Things: What Categories Reveal
About the Mind” published in 1987 [175], he launched the most effective attack on
Strong Al Instead of considering whether a machine which manipulates symbolic
expressions can be called intelligent, G. Lakoff asked the following question: Is it
possible to define a mapping from our real-world environment into a set of such
symbolic expressions? He pointed out that an assumption about the possibility of the
construction of such a mapping was somehow hidden in the physical symbol system
hypothesis. This assumption was, however, based on the classic Aristotelian approach
to creating concepts. According to this approach concepts have crisp boundaries, i.e.,
an object belongs to a category, which relates to a concept or it does not. However,
Lakoff has claimed that such an approach should not have been assumed in the light of
modern psychology and philosophy. Ludwig Wittgenstein [316] and Eleanor Rosch
[245] have shown that there are “better” and “worse” representative members of a
category and both human (bodily) experience and imagination play a basic role in
the process of categorization (conceptualization). Therefore, categories should not
be treated as “boxes” including some objects and not the others, but they should be
defined taking into account their fuzziness. This fuzziness results from the fact that
our cognition is determined by the form of our (human) body, especially by the form
of our brain (embodied mind thesis). Therefore, cognitive linguists often claim that
connectionist models, which include mainly models of artificial neural networks, are
more adequate for constructing Al systems than methods which are based on logic
and symbolic processing.

Connectionist models,* in which mental phenomena are modeled as emergent
processes® occurring in networks that consist of elementary components, have a
long history in Al The first model of an artificial neuron which could be used as an
elementary component of such a network was defined by Warren S. McCulloch** and

31George Lakoff—a professor of linguistics at the University of California, Berkeley. At the end
of the 1960s he contributed to the fundamentals of cognitive linguistics, which was in opposition
to the Chomsky theory. His work influenced the development of cognitive science, theory of mind,
Artificial Intelligence, and political science.

32The characteristics presented in this chapter concern models of distributed connectionist networks.
A more general approach is presented in Sect.3.1.

33For our considerations we assume that a process is emergent if it cannot be described on the basis
of its elementary components. In other words, a (simplified) description of a process at a lower level
is not sufficient for its description at a higher level.

34Warren Sturgis McCulloch—a neurophysiologist and cybernetician working at the Massachusetts
Institute of Technology, Yale University, and University of Illinois at Chicago. His and Walter Pitts’
research into treating a nervous system as a universal computing device (inspired by the views of
Gottfried Leibniz) resulted in the definition of an artificial neuron. He was the President of the
American Society for Cybernetics.
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Walter Pitts® in 1943 [198]. Neural networks, NN, are used for simulating processes
occurring in biological neural networks in a brain. They consist of interconnected
simple components, which process information in parallel. From a functional point
of view a neural network is a kind of “black box” which can be trained in order
to learn adequate responses to various stimuli. Such learning consists of modify-
ing parameters of a neural network structure. As a result this knowledge is somehow
coded in such a parameterized structure. Thus, a connectionist approach differs com-
pletely from a symbolic approach. Therefore, one of the “hottest” discussions in Al
took place between adherents of these two approaches. In 1957 Frank Rosenblatt*®
defined the perceptron, which was at that time®’ a simple one-layer neural network
[247]. Then, Marvin Minsky and Seymour Papert®® published their famous book
“Perceptrons” [204] in 1969, in which they showed the strong limitations of percep-
trons, e.g., the inability to compute some logical functions like XOR. As a result,
many Al researchers concluded that the study of neural networks is not promising.
Although such negative opinions of eminent Al authorities caused limited financ-
ing of research into neural networks, it continued in the 1970s and the 1980s and
resulted in many successful results. In 1972 Teuvo Kohonen?® constructed the asso-
ciative network [164]. Three years later Kunihiko Fukushima, a senior research sci-
entist at the Science and Technical Research Laboratories, Japan Broadcasting Cor-
poration, constructed the Cognitron, which was a multi-layer neural network [107].
In 1982 two important models were developed: the Hopfield" recurrent network
[140] and Self-Organizing Maps, SOM, by Kohonen [165]. David E. Rumelhart*!
and Geoffrey E. Hinton*?> published, with their collaborators, a paper on learning

3SWalter Harry Pitts, Jr—a logician and mathematician working at the Massachusetts Institute
of Technology and the University of Chicago (together with W.S. McCulloch, J. Lettvin and N.
Wiener).

30Frank Rosenblatt—a psychologist and computer scientist, a professor at Cornell University. His
work concerns neural networks, neurodynamics, and cognitive systems. For his contribution to
computational intelligence IEEE established the Frank Rosenblatt Award in 2004.

37Later, more complex multi-layer perceptrons were constructed.

38Seymour Papert—a mathematician and computer scientist. He is known for designing the LOGO
programming language.

3Teuvo Kohonen—a professor at Helsinki University of Technology and a prominent researcher
of neural networks. In 1991 he was elected the first President of the European Neural Network
Society.

40John J. Hopfield—an eminent researcher of neural networks, a professor of physics and molecular
biology at California Institute of Technology, Princeton University, and the University of California,
Berkeley. He was the President of the American Physical Society.

*IDavid Everett Rumelhart—a professor of psychology at Stanford University and the University of
California, San Diego. His work concerns applications of mathematics in psychology and artificial
intelligence, and connectionist models. For his contribution to Artificial Intelligence the Rumelhart
Prize was established in 2000.

“2Geoffrey E. Hinton—a professor of computer science at the University of Toronto, Cambridge
University, and Carnegie Mellon University, and a psychologist. His work concerns applied math-
ematics and neural networks. In 2005 he received the IJCAI Award for Research Excellence and in
2001 the Rumelhart Prize.
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multi-layer networks with the backpropagation method in 1986 [252]. The next year
Stephen Grossberg*® and Gail Carpenter** defined neural networks based on Adap-
tive Resonance Theory, ART [42]. After such a series of successful research results,
the comeback of the connectionist model and neural networks occurred in 1987, in
which the First International Conference on Neural Networks was organized. Dur-
ing the conference its chairman Bart Kosko* announced the victory of the neural
networks paradigm. The connectionist approach is discussed in Sect. 3.1, whereas
models of neural networks are presented in Chap. 11.

Adherents of artificial neural networks have assumed that simulating nature at its
biological layer is a proper methodological principle for constructing Al systems.
They have tried to simulate the brain in both its anatomical/structural and physiolog-
ical/functional aspects. A simulation of nature in its evolutionary aspect is a basic
paradigm for defining biology-inspired models, which include an important group of
Al methods called evolutionary computing. These methods are used in the crucial
area of searching for an optimum solution of a problem. The fundamental principles
of this approach include generating and analyzing many potential solutions in paral-
lel, treating a set of such potential solutions as a population of individuals, and using
operations on these individuals-solutions which are analogous to biological evolution
operations such as crossover, mutation, and natural selection. Alex Fraser* published
the first paper presenting the ideas of evolutionary computing in 1957 [102]. He can
be considered the pioneer of this paradigm. Then, four basic groups of methods were
developed within this approach: genetic algorithms, which became popular, when
John Holland*’ published his excellent monograph in 1975 [139], evolution strate-
gies, which were introduced in the 1960s by Ingo Rechenberg*® [236] and Hans-Paul
Schwefel*® [267], evolutionary programming, originated by Lawrence J. Fogel®” at
the University of California, Los Angeles in the 1960s [99] and genetic programming,

43Stephen Grossberg—a professor of mathematics, psychology, and biomedical engineering at
Boston University. He was the first President of the International Neural Network Society and a
founder of the prestigious journal Neural Networks.

44Gail Carpenter—a professor of mathematics at Boston University. In the 1970s she published
excellent papers on the use of dynamical systems for a generalization of Hodgkin-Huxley models
(see Sect. 11.1).

4SBart Kosko—a professor at the University of Southern California. His research contribution
concerns neural networks and fuzzy logic.

46 Alex S. Fraser—an eminent researcher working in New Zealand, Australia, and the United States.
His work concerns computer modeling in biology.

#TJohn Henry Holland—a professor of psychology and a professor of electrical engineering and
computer science at the University of Michigan. He developed the (Holland’s) schema model, which
is fundamental in the theory of genetic algorithms.

48Ingo Rechenberg—a professor of computer science at the Technical University of Berlin, one of
the pioneers of bionics.

49Hans-Paul Schwefel—a professor of computer science at Dortmund University of Technology.
His work concerns optimization theory (fluid dynamics) and system analysis.

0L awrence J. Fogel—a researcher and an author of patents on control theory, telecommunications,
cybernetics, and biomedical engineering.
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popularized by John Koza®' in the 1990s [172]. The biology-inspired approach is
discussed in Sect. 3.3 and its models are presented in Chap. 5.

Methods constructed on the basis of various mathematical theories have played a
fundamental role in the development of Artificial Intelligence models since the very
beginning. The most important ones include pattern recognition, cluster analysis,
Bayesian inference and Bayes networks, models based on fuzzy set theory, and
models based on rough set theory. Pattern recognition is one of the oldest fields of
Artificial Intelligence. In fact, it was originated as a research area before the term
Artificial Intelligence was coined, because the first method within this approach was
developed by Ronald A. Fisher>? in 1936 [90]. Pattern recognition methods are used
for the classification of unknown objects/phenomena, which are represented by sets
of features. The complementary issue of cluster analysis consists of grouping a set of
objects/phenomena into classes (categories). These models are presented in Chap. 10.

Bayesian theory was used in Artificial Intelligence very early.>® Its role in Al
increased even more when Judea Pearl®* introduced an inference model based on
Bayes networks [222]. The use of this model for reasoning with imperfect knowledge
is presented in Chap. 12.

The imperfection of a system of notions that is used to describe the real world is
a crucial problem, if we apply mathematical models of reasoning. Since the world
is multi-aspect and complex, the concepts used in its representation are usually
unambiguous and imprecise, which is unacceptable. In order to solve this dilemma,
in 1965 Lotfi A. Zadeh’ introduced fuzzy set theory [321] and in the 1980s Zdzistaw
Pawlak>® developed rough set theory [216]. Both theories are introduced in Chap. 13.

Artificial Intelligence is a very interesting interdisciplinary research area. It is also
a place of heated disputes between adherents of different schools. In fact, we can
find scientists in every school who claim that their approach is the only one that is

51John Koza—a professor of computer science at Stanford University. His work concerns cellular
automata, multi-agent systems, applications of computer science in molecular biology, and Al
applications in electrical engineering, automatic control, and telecommunication.

32Ronald Aylmer Fisher—a professor of genetics at University College London and the University
of Cambridge. He was the principal founder of mathematical statistics. For his scientific contribution
he was elected to the Royal Society in 1929.

33For example, statistical pattern recognition, which is presented in Sect. 10.5.

54Judea Pearl—a professor at the University of California, Los Angeles, computer scientist and
philosopher. In 2000 he published an excellent monograph on causality and its role in statistics,
psychology, medicine, and social sciences entitled Causality: Models, Reasoning, and Inference
(Cambridge University Press). For this book he received the prestigious Lakatos Award in 2001.
3SLotfi Asker Zadeh—a professor at the University of California, Berkeley, electrical engineer,
computer scientist, and mathematician. His work concerns Artificial Intelligence, control theory,
logics, and linguistics.

367 dzistaw Pawlak—a professor at Warsaw University of Technology and the Mathematics Institute
of the Polish Academy of Sciences. His work concerns mathematical foundations of computer
science, mathematical linguistics, automated theorem proving, and formal models in genetics.
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right.>” Fortunately, in spite of the disputes, which in principle are of a philosophical
nature, the practice of constructing Al systems has consisted of integrating vari-
ous approaches since the 1980s. For such an integration cognitive architectures are
especially convenient. The best known cognitive architectures include Soar (origi-
nally called SOAR, for Symbols, Operators, And Rules) [210] developed by Allen
Newell in 19831987, ACT* (Adaptive Control of Thought) [5] and ACT-R (Adaptive
Control of Thought—Rational) [6] designed by John Robert Anderson®® in 1983 and
1993, respectively. Multi-agent systems (MASs) are good examples of such architec-
tures. Cognitive architectures are presented in Chap. 14.

Bibliographical Note

Fundamental monographs and papers on Artificial Intelligence include [18, 19, 55,
147,168, 189, 211, 241, 256, 257,261, 262, 273, 299, 315]. The history of Artificial
Intelligence is presented in [62, 197].

5TBecause of the introductory nature of the monograph, we have only mentioned the fundamental
dispute between Strong Al and Weak Al. Other important disputes include computationalists versus
connectionists, neats versus scruffies, etc. For the reader who is interested in the history of Al, the
books included in the Bibliographic note are recommended.

38John Robert Anderson—a professor of psychology and computer science at Carnegie Mellon
University, one of the pioneers of cognitive science, and a designer of intelligent tutoring systems.
He was the President of the Cognitive Science Society.
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Chapter 2
Symbolic Artificial Intelligence

Basic methodological assumptions of methods which belong to symbolic Artificial
Intelligence are presented in this chapter. The three following fundamental beliefs
are common to these methods:

e a model representing an intelligent system can be defined in an explicit way,

e knowledge in such a model is represented in a symbolic way,!

e mental/cognitive operations can be described as formal operations? over symbolic
expressions and structures which belong to a knowledge model.

In symbolic Al two subgroups of methods can be distinguished. Within the first
subgroup researchers try to define general (generic) models of knowledge represen-
tation and intelligent operations. This subgroup includes cognitive simulation and
logic-based reasoning.

By contrast, defining models which concern specific application areas is the goal
of research within the second group. Thus, such models are based on representations
of domain knowledge. This subgroup includes rule-based knowledge representa-
tion, structural knowledge representation, and an approach based on mathematical
linguistics.

These groups of methods are presented briefly in the following sections.

For example, knowledge is defined in the form of graphs, logic formulas, symbolic rules, etc.
Methods of symbolic Al are developed on the basis of logic, theory of formal languages, various
areas of discrete mathematics, etc.

2For example, operations in the form of inference rules in logic, productions in the theory of formal
languages, etc.
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2.1 Cognitive Simulation

Cognitive simulation is one of the earliest approaches to Artificial Intelligence. The
approach was introduced by Newell and Simon, who used it to design their famous
systems Logic Theorist and General Problem Solver, GPS. The main idea of cognitive
simulation consists of defining heuristic algorithms® in order to simulate human
cognitive abilities, e.g., reasoning, problem solving, object recognition, and learning.
During such a simulation a sequence of elementary steps, which are analogous to
those made by a human being, is performed by a computer. Therefore, in order to
design such algorithms we try to discover elementary concepts and rules which are
used by a human being for solving generic problems. Now, we introduce four basic
concepts of cognitive simulation, namely state space, problem solving as searching
state space, Means-Ends Analysis, and problem reduction.

Let us begin with the concept of state space. Its initial state represents the situation
in which we begin problem solving. Let us consider the example of chess. The initial
state represents the initial position of the pieces at the start of a game. Goal states
(or the goal state, if the problem has only one solution) represent a problem at the
moment of finding a solution. Thus, in chess goal states represent all the situations
in which we checkmate the opponent. The remaining (intermediate) states represent
all situations that are possible on the way to solving the problem. Thus, in chess
they represent all situations that are allowed taking into account the rules of the
game. A state space is a graph in which nodes correspond to states (initial, goal, and
intermediate) and edges represent all allowable transitions from one state to another.
Thus, for chess a state space can be defined in the following way. From the node of the
initial state we define transitions (edges) to nodes that correspond to situations after
the first “white” move. Then, for each such intermediate state we define transitions
(edges) to nodes that correspond to situations after the first “black” move in response
to a situation caused by the first “white” move, etc.

Problem solving as searching a state space is the second concept of cognitive
simulation. The idea is straightforward: if we do not know how to formulate algo-
rithmic rules of problem solving, we can try to solve this problem with the method
of “trial and error” (“generate and test”, “guess and check”). Of course, the use of
this method in its “pure form” is not a good idea for, e.g., playing chess. However,
sometimes this is the only method we can use in our everyday life. For example, we
have forgotten the combination lock code of our suitcase or we have promised our
fiancée to make a delicious omelet in the evening and we have lost the recipe. (How-
ever, we have a lot of eggs in the refrigerator, so we can make some experiments.)
Let us notice that such generation of potential solutions can be “blind” (we do not

3 A heuristic algorithm is an algorithm which can generate an accepted solution of a problem although
we cannot formally prove the adequacy of the algorithm w.r.t. the problem. The term heuristics was
introduced by the outstanding mathematician George Pélya. Newell attended lectures delivered by
Pélya at Stanford University.
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use codes which represent important dates) or can be limited to a certain subarea
of the state space (we use important dates as codes). What is more, we can have a
certain measure, called here a heuristic function, which tells us how close we are to a
satisfactory solution (e.g., the “tasting measure”, which tells us how close we are to
a delicious omelet). Then, if our experimental omelet is almost delicious, we should
modify the recent result only a little bit. A correct procedure to generate possible
solutions should have three properties. Firstly, it should be complete, i.e., it should be
able to generate every potential solution. Secondly, it should not generate a potential
solution more than once. Thirdly, it should make use of information that restricts the
state space to its subarea as well as measures/functions of the quality of the potential
solutions generated.

If we have a function which assesses the quality of potential solutions, then we
can use a technique called Means-Ends Analysis, MEA, for controlling the process of
generating potential solutions. If we are at a certain state, then we use such a function
for determining the difference/distance between this state and a goal state and we use
a means (i.e., the means is usually in the form of an operator or a procedure) which
reduces this difference. For example, if our experimental omelet is nearly as tasty as
the ideal one and the only difference is that it is not sweet enough, then we should
use a “sweetening operator” to reduce this difference. We use the MEA technique
iteratively, starting from the initial state until we reach a goal state.

Problem reduction is the last concept. The idea consists of replacing a complex
problem, which is difficult to solve at once, by a sequence of simpler subproblems.
For example, if obtaining a driving license is our problem, then we should divide it
into two subproblems: passing a theory test and passing a road (practical) test. Let us
notice that for many problems their reduction to a sequence of simpler subproblems is
necessary, because different state spaces must be defined for these subproblems and in
consequence different quality functions and different operators must be determined.

2.2 Logic-Based Approach

As we have mentioned in a previous chapter, John McCarthy, who introduced a
logic-based approach to Al, claimed that intelligent systems should be designed on
the basis of formalized models of logical reasoning rather than as simulators of
heuristic rules of human mental processes. This idea was revolutionary in computer
science at the end of the 1950s, because of the following facts. At that time the stan-
dard methodology of designing and implementing information systems was based
on the imperative paradigm.* It consists of defining a program as a sequence of
commands” that should be performed by a computer. Thus, a computer programmer

“The Object-Oriented paradigm is, nowadays, the second standard approach.
SIn Latin imperativus means commanded.
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has to determine how computations should be performed in order to solve a problem.
Meanwhile, according to McCarthy, a programmer who implements an intelligent
program should determine only the required properties of a solution. In other words,
he/she should specify what the solution of the problem is and not ~ow the solution is
to be obtained. The solution should be found by a universal problem solver (a generic
program for solving problems). We say that such a methodology of designing and
implementing information systems is based on the declarative paradigm.

For example, if we want to write a declarative-paradigm-based program which
solves the problem of determining whether two people are siblings, we can do it as
follows:

siblings(X, Y) :— parent(Z, X) and parent(Z, Y),

which is interpreted in the following way:

Xand Y are siblings if there exists Z such that Z is a parent of X and Z is a parent of Y.

As we can see, in our program we declare only the required properties of a solution,
i.e., what it means that two people are siblings, and we leave reasoning to a computer.
Of course, we should define a database containing characteristics of people who can
be objects of such reasoning.

There are two main approaches when we use the declarative paradigm in Artifi-
cial Intelligence,” namely logic programming and functional programming. In logic
programming a specification of the required properties of a solution is expressed as
a set of theorems in a logic language, usually in the language of First-Order Logic,
FOL. A universal problem solver uses these theorems to perform reasoning accord-
ing to FOL rules of inference. So, if we want to solve a specific problem with the
help of such a solver, e.g., we want to check whether John Smith and Mary Smith are
siblings, then we formulate a hypothesis of the form siblings(John Smith, Mary
Smith) and the system tries to verify this hypothesis making use of facts stored in
its knowledge base as well as theorems (like the one introduced above and saying
what being siblings means).

Functional programming is based on lambda calculus, which was introduced
by Alonzo Church and Stephen C. Kleene. Lambda calculus is a formal system of
mathematical logic which is used for specifying computation functions defined with
the help of highly formalized expressions. In functional programming a specification
of the required properties of a solution is defined by just such a complex function.
In this case, a universal problem solver should be able to interpret these expressions
in order to perform an evaluation (i.e., symbolic computation) of the corresponding
functions according to the principles of lambda calculus.®

SWe declare required properties of a solution of a problem.

TThis paradigm is also used nowadays beyond Al. For example, such programming languages as
SQL and HTML are also based on the declarative paradigm.

8 A more detailed description of the functional approach is included in Sect.6.5.
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2.3 Rule-Based Knowledge Representation

Newell and Simon continued research into models of cognitive processes after intro-
ducing their theory of cognitive simulation. In 1972 they proposed a production
system model [208]. It consists of two basic components: a production memory and
a working memory.

A production memory corresponds to long-term memory in psychology, and work-
ing memory to short-term memory. In long-term memory knowledge is represented
with the help of productions/rules. A rule is of the following form: If a certain condi-
tion holds, then perform a certain action, where an action can be either a conclusion
drawn from the condition or a certain action performed on the system environment
(of course, only if the condition is fulfilled). Since rules are stored in long-term
memory, we assume that they are available constantly.

A working memory contains information which changes in time. This is mainly
information concerning the environment of the system. In one mode of the system
reasoning information is checked continuously with respect to conditional parts of
rules. If the condition of some rule is fulfilled,” then this rule is applied. If a rule
application consists of drawing a certain conclusion, then this conclusion is stored
in the working memory. If a rule application consists of performing a certain action
on the system environment, then the system initializes this action, e.g., it switches
off some device by sending a command to a processor which controls this device,
sending a command to a robot actuator, which causes a movement of the robot arm,
etc.

In spite of the fact that the production system model was introduced by Newell
and Simon as a general theory to simulate generic cognitive processes, in Artificial
Intelligence it is known mainly in a more specific version, namely as a model of an
expert rule-based system. This model is presented in Chap.9.

2.4 Structural Knowledge Representation

According to the theory of Gilbert Ryle!® our taxonomy of knowledge includes
declarative knowledge, which s a static knowledge concerning facts (“knowing that”)
and procedural knowledge, which is knowledge about performing tasks (“knowing
how”). For example, a genealogical tree is a representation of declarative knowl-
edge, and a heuristic algorithm, which simulates problem solving by a human being,
corresponds to procedural knowledge.

Structural models of knowledge representation are used for defining declara-
tive knowledge. They are usually in the form of graph-like hierarchical structures.

°In such a situation we say that the system has marched a certain fact (facts) stored in the working
memory to the rule.

19Gilbert Ryle—a professor of philosophy at Oxford University, one of the most eminent represen-
tatives of analytic philosophy, the editor of the prestigious journal Mind.
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Although originally they were used for Natural Language Processing, NLP, it turned
out that they could be used in other Al application areas as well. Conceptual depen-
dency theory, developed by Schank [263] at the end of the 1960s was one of the first
such models. Schank claimed, contrary to the Chomsky generative grammar theory,'!
that a language syntax was rather a set of pointers to semantic information that could
be used as a starting point for a direct semantic analysis. Conceptual dependency
theory was formulated just for delivering convenient (structural) formalisms for per-
forming a semantic analysis automatically. Since sentences of a (natural) language
could not be used for performing an (automatic) semantic analysis in a direct way,
Schank introduced a canonical, normalized representation'? of semantic dependen-
cies between language constructs (phrases, sentences).

Such a canonical representation is defined with the help of conceptual dependency
graphs. Labeled nodes of such graphs correspond to conceptual primitives, which can
be used for defining semantic representations. For example, a primitive act PTRANS
means a transfer of the physical location of an object and SPEAK means an action
generating a sound by a living object. Labeled edges of such graphs represent vari-
ous relations (dependencies) between conceptual primitives. Conceptual dependency
graphs are defined in an unambiguous way according to precise principles. These
graphs can be analyzed in an automatic way, which allows the system to perform a
semantic analysis of corresponding constructs of a natural language. Summing up,
Schank has verified a hypothesis saying that we can try to perform semantic analysis
automatically if we define concept-based language representations in an explicit and
precise way.

Semantic networks, introduced by Collins and Quillian [56] is one of the first
graph models defined on the basis of the assumptions presented above. Their nodes
represent objects or concepts (classes of abstraction, categories) and their edges
represent relations between them. Two specific relations are distinguished: is subclass
of (e.g., Triangle is subclass of Polygon) and is—for denoting that some object
belongs to a certain class (e.g., John Smith is Human Being).

Frames (frame-based systems), introduced by Minsky [203], can be treated as a
substantial extension of semantic networks. A node of such a network is called a
frame, and has a complex internal structure. It allows one to characterize objects and
classes in a detailed way. Frame theory has the following psychological observation
as a basic assumption. If somebody encounters a new unknown situation, then he/she
tries to get a structure called a frame out of his/her memory. This structure, which
represents a stereotyped situation similar to the current situation, can be then used
for generating an adequate behavior. In Al systems a graph-like structure of frames
is defined according to precise principles which allow the system to process and
analyze it in an automatic way.

"'The Chomsky theory is presented in the next section.

12 A normalization of a semantic representation is necessary if it is to be performed automatically,
because all sentences which have the same meaning, e.g., John has lent a book to Mary., Mary has
borrowed a book from John. should have the same representation.
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Scripts have been proposed by Schank and Abelson [264] as a method for
Natural Language Processing (NLP). Scripts can be defined with the help of con-
ceptual dependency graphs introduced above. The model is also based on a certain
observation in psychology. If one wants to understand a message concerning a certain
event, then one can refer to a generalized pattern related to the type of this event.
The pattern is constructed on the basis of similar events that one has met previously.
Then it is stored in the human memory. One can easily notice that the concept of
scripts is similar conceptually to the frame model.

In the past, structural models of knowledge representation were sometimes crit-
icized for being not formal enough. This situation changed in the 1980s, when a
dedicated family of formal systems based on mathematical logic called description
logics were defined for this purpose. The foundations of description logics are pre-
sented in Appendix D, whereas a detailed presentation of semantic networks, frames,
and scripts is included in Chap. 7.

2.5 Mathematical Linguistics Approach

As we have seen in previous sections, constructing a description of the physical
world that can be used for intelligent system reasoning is one of the fundamental
issues of Artificial Intelligence. We can try to solve this problem in a similar way as
in cognitive simulation, that is to simulate a human being, which generates such a
description with the help of natural language. However, the following crucial problem
arises in such a case. Any natural language is an infinite set of sentences, which
are constructed according to the principles of the corresponding grammar. Thus,
automatically checking whether the syntax of a sentence is correct is a non-trivial
problem.

A solution to this problem has been proposed by Noam Chomsky, who has defined
generative grammars for the purpose of syntactic analysis of natural languages. Gen-
erative grammars are just generators of infinite languages. On the other hand, in
Artificial Intelligence sometimes we are interested more in constructing systems that
can be used for analysis of sentences than in their generation. Fortunately, formal
automata can be used for this purpose. They are defined on the basis of genera-
tive grammars in mathematical linguistics. The task of a formal automaton can be
described (in the minimalist case) as determining whether an expression is a sentence
of a given language. In other words: Is the expression defined according to the prin-
ciples of the grammar corresponding to the given language? In fact, a pair generative
grammar—formal automaton can be treated as a (simple) physical symbol system.

Such a minimalist formulation of the task of an automaton (as a syntax ana-
lyzer only) can be generalized in two respects. Firstly, we can use a formal automa-
ton for (semantic) interpretation of language sentences. Although the initial great
expectations of natural language interpretation have not been fulfilled, in the case
of formalized languages the Chomsky model has turned out to be very useful for
an interpretation task. For the purpose of interpretation of formalized languages
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the descriptive power of generative grammars has been increased considerably in
Artificial Intelligence. Their standard modifications (extensions) have consisted of
adding attributes to language components (attributed grammars) and defining “multi-
dimensional” generative grammars. Standard Chomsky grammars generate sequen-
tial (string) structures, since they were defined originally in the area of linguistics. As
we have discussed in the previous section, graph-like structures are widely used in AL
for representing knowledge. Therefore, in the 1960s and 1970s grammars generating
graph structures, called graph grammars, were defined as an extension of Chomsky
grammars.

The second direction of research into generalizations of the formal language
model concerns the task of formal language translation. A translation means here a
generalizing translation, i.e., performing a kind of abstraction from expressions of
a lower-level language to expressions of a higher-level language. Formal automata
used for this purpose should be able to read expressions which belong to the basic
level of a description and produce as their output expressions which are general-
ized interpretations of the basic-level expressions. Such automata are often called
transducers.

The problem of automatic synthesis of formal automata is very important in
Artificial Intelligence. To solve this problem automata synthesis algorithms, which
generate the rules of an automaton on the basis of a generative grammar, have been
defined. The successes in this research area have been achieved due to the develop-
ment of the theory of programming language translation. At the same time, an even
more fundamental problem, namely the problem of automatic induction (inference)
of a grammar on the basis of a sample of language sentences has appeared. This
problem is still an open problem in the area of Artificial Intelligence. All the issues
mentioned in this section are discussed in detail in Chap. 8.
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Chapter 3
Computational Intelligence

Computational Intelligence, CI, is the second group of methods in Artificial Intel-
ligence. It is a complementary approach with respect to symbolic Al. Although a
precise definition of this paradigm is difficult to formulate [76], we can try to list the
common features of CI methods as follows:

e numeric information is basic in a knowledge representation,
e knowledge processing is based mainly on numeric computation,
e usually knowledge is not represented in an explicit way.

Of course, there are models of Computational Intelligence which do not fulfill
such characteristics entirely, especially where the third item is concerned. The Bayes
networks model, which is introduced in Chap. 12, is a good example of such an excep-
tion. Therefore, in order to avoid a misunderstanding about which methods can be
included in Computational Intelligence in this monograph, we list them in an explicit
way. So, we assume that the following methods can be treated as being defined on
the basis of the CI paradigm: (artificial) neural networks, pattern recognition, cluster
analysis, Bayesian inference, models based on fuzzy sets, models based on rough
sets, evolutionary computing (genetic algorithms, evolution strategies, evolutionary
programming, and genetic programming), swarm intelligence, and artificial immune
systems.

Now we present these methods in a general way, dividing them into three
groups, namely: connectionist models, mathematics-based models, and biology-
based models.

3.1 Connectionist Models

In the nineteenth century the associationist approach appeared in psychology. Its
representatives claimed that the association of mental states is a basic mechanism
of mental processes. In this approach the nature of complex mental phenomena is
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explained by the interaction of simpler ones. This general idea of associationism
was developed by Edward L. Thorndike' as the connectionist approach [301].
According to this approach, learning is a result of associations between stimuli and
responses to stimuli. Associations become strengthened if an organism is trained
with stimulus-response exercises, and they become weakened if such training is
discontinued. Responses which are rewarded become strengthened and after some
time become habitual responses.

These ideas of connectionism have been assimilated in Artificial Intelligence for
the purpose of describing mental processes, which has led to connectionist models
in AL. In these models associations are represented with the help of connectionist
networks. There are two main types of these networks [21].

In localist connectionist networks each component of knowledge (concept, object,
attribute, etc.) is stored in a single element of a network. Therefore, we can include,
e.g., semantic networks [21] in this model, although we have ascribed them to sym-
bolic Al in a previous chapter. Although they are not treated in Al as typical connec-
tionist networks, in fact they fulfill the conditions of their definition. For example, in
the ACT-R model [6], mentioned in Chap. 1, each node of a semantic network has an
activity parameter (a weight), which is used to stimulate strengthening/weakening
mechanisms described above.? Bayes networks are another example of localist con-
nectionist networks.>

Distributed connectionist networks are the second type of such networks. In this
case knowledge is stored in a distributed way, i.e., it is distributed among many
elements of a network. Artificial neural networks are the best example of such net-
works. According to custom only neural networks are associated with the connec-
tionist approach in Artificial Intelligence. Later, our considerations of connectionist
models will be limited to distributed connectionist networks only.

In a distributed connectionist approach, mental states are modeled as emergent
processes, which take place in networks consisting of elementary processing units.
As we have mentioned in Chap. 1, a process is emergent if it cannot be described on
the basis of its elementary sub-processes. This results from the fact that the nature
and the functionality of an emergent process is something more than just the simple
sum of functionalities of its sub-processes.*

'Edward Lee Thorndike—a professor of psychology at Columbia University. His work concerns
zoopsychology and educational psychology. He was the President of the American Psychological
Association.

2In fact, ACT-R is a hybrid Al system, which is based on both the symbolic approach and the
sub-symbolic (CI) approach.

3Bayes networks are presented in Chap. 12.

4 Any human mental process is a good example here. Although a single biological neuron does not
think, a brain treated as a network consisting of neurons thinks.
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The fundamentals of distributed connectionism were established by David E.
Rumelhart and James L. McClelland® in [253,254]. Apart from the characteristics
of this approach mentioned above, we assume that mental states in a network are
modeled in such a way that network units process them in a parallel way. The units
perform numeric operations. As a consequence of such operations any processing
unit can be activated. Then, the result of such an activation is propagated to all units
which are connected to this unit. The network acquires and stores knowledge in
an implicit way by modifying the parameters (weights) of connections among the
processing units. The process of modifying these parameters is treated as network
learning.

A model of artificial neural networks as a representative of the (distributed) con-
nectionist approach is presented in detail in Chap. 11.

3.2 Mathematics-Based Models

As we have mentioned in Chap. 1, models defined on the basis of various mathemat-
ical theories play a fundamental role in Artificial Intelligence.

The first methods used for solving one of the key problems of Al, namely the auto-
matic recognition of objects, appeared at the beginning of computer science. This is
the field of pattern recognition. Objects (phenomena, processes, etc.) are represented
by sets of features (attributes). Recognition of an unknown object/phenomenon is
performed by a classifier, which ascribes the object to one of a number of predefined
categories.® In order to construct a classifier a set of example objects with their cor-
rect classifications should be available.” Such a set, called a learning (training) set,
is a kind of knowledge base of a classifier. The main idea of a classification process
can be defined as the task of finding the object X in the learning set which is “similar”
most to the unknown object. If the classifier finds such an object X, it ascribes the
unknown object to the class that the object X belongs to. In fact, this (simplified here)
general idea of the classification is implemented with the help of advanced math-
ematical models such as the Bayesian probability model, discriminating functions,
minimum-distance models, etc. These models are presented in detail in Chap. 10.
The complementary issue of cluster analysis, which consists of grouping a set of
objects/phenomena into classes (categories), is discussed in Chap. 10 as well.

The second important group of mathematics-based methods relates to the crucial
issue of the possibility of formally specifying:

5James Lloyd “Jay” McClelland—a professor of psychology at Carnegie Mellon University and
Stanford University. His work concerns psycholinguistics and applications of connectionist models
in pattern recognition, speech understanding, machine learning, etc.

%The categories, also called classes, should be defined earlier, i.e., when we formulate the problem.
For example, if a classifier is constructed to support medical diagnosis, then disease entities are the
categories.

7Such a set corresponds to human experience in solving a given classification problem. For example,
in medical diagnosis it corresponds to the diagnostic experience of a physician.
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e vague notions that are used for a description of the world, and
e an inference process, when only imperfect knowledge is available.

Imperfect knowledge can result from various causes. For example, input informa-
tion can be uncertain (uncertainty of knowledge), measurements of signals received
by an Al system can be imprecise (imprecision of knowledge) or the system may not
know all required facts (incompleteness of knowledge).

The model of Bayes networks is used for inference that is based on propositions
to which the probability of an event occurring is added. The probability measure
expresses our uncertainty related to the knowledge rather than the degree of truth-
fulness of a specific proposition. There are usually a lot of possible factors which
influence the result of such probabilistic reasoning. An assessment of probabilities
of these factors as well as their combinations is often impossible in real-world appli-
cations. Therefore, in this model we construct a graph which represents connections
between only those factors which are essential for reasoning.

If our knowledge is incomplete, we can use Dempster-Shafer theory for reasoning.
In this theory we use specific measures to express the degree of our ignorance. If
we acquire new knowledge, these measures are modified to express the fact that our
ignorance is reduced.

Knowledge is continuously acquired by intelligent systems. In a classical logic we
assume that after adding new propositions to a model the set of its consequences does
not decrease. However, this assumption is not true in the case of Al systems which
reason over the real-world environment. To put it simply, new facts can cause old
assumptions not to be true any more. To solve this problem we use non-monotonic
logics such as default logic, autoepistemic logic, or circumscription, or specific
models like the Closed-World Assumption model.

Bayes networks, Dempster-Shafer Theory, and non-monotonic logics are pre-
sented in Chap. 12.

The problem of defining formal specifications of concepts which are used for
a description of the world seems to be even more difficult. On one hand, we have
vague notions, which are used in everyday life. On the other hand, mathematics-based
models require notions which should be precise and unambiguous.

The vagueness of notions can be considered in two ways. First of all, a notion can
be ambiguous, which usually results from its subjective nature. Notions relating to
the height of a human being (e.g., tall, short) are good examples of such notions. In
this case we should take into account the subjective nature of a notion by introducing
ameasure, which grades “being tall (short)”. This is the main idea of fuzzy set theory.

The vagueness of a notion can relate to the degree of precision (detail, accuracy)
which is required during a reasoning process. This degree should be adequate with
respect to the problem to be solved, i.e., it should be determined in such a way that
our Al system should distinguish between objects which are considered to belong to
different categories and it should not distinguish between objects which are treated
as belonging to the same category. This is the main idea of rough set theory.

Both theories which are used to solve the problem of vagueness of notions are
introduced in Chap. 13.
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3.3 Biology-Based Models

As we have mentioned in Sect.2.1 cognitive simulation consists of discovering an
optimum solution to a problem by searching a state space which contains poten-
tial solutions. In biology-based models such a search is performed by simulating
evolutionary aspects of nature.

Evolutionary computing is a basic group of biology-based models. Generating
many potential solutions, called a population, is the main idea of these methods.
These potential solutions in a state space are treated as individuals, by analogy to
biological evolution. The operations which are analogous to genetic operations such
as crossover and mutation are applied to individuals-solutions. The best-fitted indi-
viduals are selected for “breeding offsprings”. The fitness of individuals is evaluated
with the help of a fitness function, which plays an analogous role to a heuristic func-
tion in cognitive simulation. The probabilistic nature of evolutionary computing is
its essential feature. The succeeding populations, called generations, are generated
as long as some individuals represent an accepted solution.® As we have mentioned
in Chap. 1, there are four basic groups of methods within this approach: genetic algo-
rithms, evolution strategies, evolutionary programming, and genetic programming.
Generally, these methods differ in the way individuals are represented (e.g., binary
coding in genetic algorithms, real number vectors in evolution strategies, and tree
structures in genetic programming), the importance of various genetic operations
(e.g., the fundamental role of crossover in genetic algorithms and genetic program-
ming, the fundamental role of mutation in evolution strategies, and the occurrence
of only mutation in evolutionary programming) and the way of generating a new
population. Evolutionary computing is presented in detail in Chap. 5.

Within the biology-inspired approach we also distinguish methods which are
constructed on the basis of models other than evolutionary theory. They include
mainly swarm intelligence and Artificial Immune Systems, AISs. These methods are
presented in Sect.5.5.

8There can be other conditions for algorithm termination, e.g., a fixed number of generations,
computation time, etc.
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Chapter 4
Search Methods

We begin our presentation of Al models with search methods not only for chronolog-
ical reasons, but also because of their methodological versatility. As we have men-
tioned in the first chapter and in Sect. 2.1, these methods are based on an approach
called cognitive simulation, which was introduced by Newell and Simon. The main
idea of this approach consists of constructing heuristic algorithms simulating ele-
mentary rules of human mental/cognitive processes. In the following sections we
discuss basic ideas of search in a state space, blind search, heuristic search, adver-
sarial search, search in a constraint satisfaction problem, and special methods of a
heuristic search.

4.1 State Space and Search Tree

In Sect. 2.1 the basic ideas of state space search have been introduced. In this section
we discuss two of them: state space and solving problems by heuristic search. Let us
present them using the following example.

Let us imagine that we are in the labyrinth shown in Fig.4.1a and we want to
find an exit. (Of course, we do not have a plan of the labyrinth.) If we want to solve
this problem with the help of search methods, we should, firstly, define an abstract
model of the problem. The word abstract means here taking into account only such
aspects of the problem that are essential for finding a solution.! Let us notice that in
the case of a labyrinth the following two elements, shown in Fig.4.1b, are essential:
characteristic points (crossroads, ends of paths) and paths. After constructing such
a model, we can abstract from the real world and define our method on the basis of

"Deciding which aspects are essential and which should be neglected is very difficult in general.
This phase of the construction of a solution method is crucial and influences both its effectiveness
and efficiency. On the other hand, an abstract model is given for some problems, e.g., in the case of
games.
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the model alone (cf. Fig.4.1c).> We assume that the starting situation is denoted by
a small black triangle and the final situation with a double border (cf. Fig.4.1c¢).

After constructing an abstract model of a problem, we can define a state space.
As we have discussed in Sect. 2.1, it takes the form of a graph. Nodes of the graph
represent possible phases (steps) of problem solving and are called states. Graph
edges represent transitions from one phase of problem solving to another. Some
nodes have a special meaning, namely: the starting node represents a situation in
which we begin problem solving, i.e., it represents the initial state of a problem, and
final nodes represent situations corresponding to problem solutions i.e., they are goal
states.> Thus, solving a problem consists of finding a path in a graph that begins
at the starting node and finishes at some final node. This path represents the way
we should go from one situation to another in the state space in order to solve the
problem.

A state space usually contains a large number of states. Therefore, instead of
constructing it in an explicit way, we generate and analyze* step by step only those
states which should be taken into account in the problem-solving process. In this
way, we generate a search tree that represents only the interesting part of the state
space. For our labyrinth a fragment of such a tree is shown in Fig.4.2a.

Let us notice that nodes of a search tree represent the possible phases of problem
solving (problem states) defined by an abstract model of a problem. Thus, each node
of a search tree, being also a node of a state space, corresponds to a situation during
movement through a labyrinth. This is denoted” in Fig. 4.2a with a bold characteristic
point corresponding to the place we are at present and a bold path corresponding to
our route from our initial position to our present position. Thus, the first (uppermost)
node® of the search tree corresponds to the initial situation, when we are at a point A
of the labyrinth. We can go along two paths from this point: either right’ to a point
B (to the left node of the tree) or left to a point C (to the right node of the tree), etc.

Till now we have considered the abstract model of the problem based on the
labyrinth plan (from the “perspective of Providence”). Let us notice that firstly, we
do not have such a plan in a real situation. Secondly, we like to simplify visualizing a
state space, and in consequence visualizing a search tree. In fact, wandering around
in the labyrinth we know only the path we have gone down. (We assume that we
make signs A, B, C, etc. at characteristic points and we mark the path with chalk.)
Then, a fragment of a search tree corresponding to the one shown in Fig.4.2a can be

20f course, in explaining the idea of an abstract model of problem, we will assume a “perspective
of Providence” to draw a plan of the labyrinth. In fact, we do not know this plan - we know only
the types of elements that can be used for constructing this plan.

3The remaining nodes correspond to intermediate states of problem solving.
4According to Means-Ends Analysis, MEA, discussed in Sect.2.1.

5 Again, from the “perspective of Providence”, not from our perspective.
SLet us recall that such a node is called the roor of the tree.

7Let us remember that a “black triangle” is behind us, cf. Fig.4.1a.
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(a) (b)

o
(9]

Fig. 4.1 An abstract model of a problem—a representation of a labyrinth

depicted as in Fig. 4.2b. Now, the path we have gone through till the present moment,
i.e., the sequence of characteristic points we have visited, is written into each tree
node, and the place we are in at present is underlined.
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()

path A-B

{ A-B-D J { A-B-C J path A-B-}"

Fig. 4.2 Construction of a search tree for the labyrinth problem

In fact, we can simplify the labels of the nodes of the search tree even more.
Let us notice that a label A-B-D means that we have reached the node D visiting
(successively) nodes A and B. On the other hand, such information can be obtained
by going from the root of the tree to our current position. Thus, we can use the
tree shown in Fig.4.2c instead of the one depicted in Fig.4.2b. We will use such a
representation in our further considerations.
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In the remaining part of this chapter, we discuss basic methods of generating a
search tree. The specificity of these methods consists in the order in which nodes
of such a tree (representing states of a corresponding state space) are generated
and looked through. This order determines the so-called search strategy, and it is a
criterion of the taxonomy of techniques of state space searching.

In general, we can divide these techniques into two basic groups: blind search
methods and heuristic search methods. In the first group we mainly use information
concerning the structure of the state space, i.e., information about possible transitions
between states. Knowledge concerning the specifics of the problem to be solved is
used in a minimum degree. In the second group such knowledge is used to define a
heuristic function assessing the quality of a state. The heuristic function says how far
a given state is from a goal state. These two groups of search methods are discussed
in the following two sections.

4.2 Blind Search

In the first section we have shown how a search tree is generated for a state space (cf.
Fig.4.2c). Of course, in real-world problems such a tree is very big. Therefore, we
generate a part of it only, i.e., we generate it till we reach a goal state representing a
solution. In the case of our labyrinth problem, however, we can define a search tree
representing all the possible tours from the initial state to the goal state as is shown
in Fig. 4.3a.8 In Fig. 4.3a we marked additionally the root node (we start constructing
our tree at this node), (some) leaf nodes (nodes which do not have successors) and
tree levels determined recursively from the predecessor of each node. The number
of child nodes of a given node v is called the rank of v. For example, the rank of the
root node A equals 2, because this node has two child nodes (labeled B and C). The
rank of any leaf node equals 0.

One can easily notice in Fig.4.3a that there are four possible routes to the exit
(the state | marked with a double border),” namely A-B-C-E-D-F-I, A-B-D-F-I, A-
C-B-D-F-I, and A-C-E-D-F-I. (The reader can compare it with the labyrinth shown
in Fig.4.1b.) The remaining leaf nodes do not represent a solution and can be divided
into two groups. The first group represents cul-de-sacs: G and H (cf. Fig. 4.1b) at the
end of paths A-B-C-E-G, A-B-C-E-D-F-H, A-B-D-E-G, A-B-D-F-H, A-C-B-D-F-
H, A-C-B-D-E-G, and A-C-E-G. The second group represents path intersections
that have already been visited by us. (We have found a mark made by us with chalk.)
In such cases we should go back to a previous point.'® This is the case for paths
A-B-D-E-C (from point C we can go to A or B only: both points have already been
visited, so we should go back to E) and A-C-E-D-B (from point B we can go to A
or C only: both points have already been visited, so we should go back to D).

8 Again, from the “perspective of Providence”.
90f course, assuming we do not pass through paths we have already visited.
10 According to the old rule of walking in a labyrinth. Otherwise, we can go round in circles.



36 4 Search Methods
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Fig. 4.3 Search trees: a a complete search tree for the labyrinth problem, b a search tree for
Breadth-First Search

If we had a map in the form of such a tree, we would escape the labyrinth easily.
Moreover, we could choose the shortest path to find the exit as soon as possible.
However, we do not have such a map. Therefore, we have to generate the tree one
node after another, i.e., wander around in the labyrinth in hope of finding the exit.
Of course, we should do this in a systematic way. Blind search methods allow us
to generate tree nodes in a systematic way. Now, we introduce the most important
methods.

Breadth-First Search, BFS, consists of expanding tree paths by generating nodes
one level after another, as shown in Fig.4.3b. The order in which the nodes are
generated is depicted with a dashed line. Let us notice that a complete search tree
is not generated all at once, but generation halts at the moment of reaching the goal
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Fig. 4.4 Search tree for
Depth-First Search

state, which represents the solution. In our example the path A-B-D-F-| represents
the solution.

Breadth-First Search gives good results if the ranks of the nodes are not too big,
i.e., a tree is not “broad” and “shallow”. Otherwise, if we generate nodes across the
tree in such a case, we waste a lot of time. If the nature of the problem is such that
there are a lot of direct transitions from any state to other states,!! then a search tree
is just “broad” and “shallow”. In such a case we should use another method, namely
Depth-First Search, DFS, which generates only one node of the nth level for a node
of the (n — 1)th level. Then, we generate only one node of the (n + 1)th level for
a node of the nth level, etc. For our search tree, an application of the DFS method
is shown in Fig.4.4. Let us notice that we really explore deeply into the tree. If we
reach a leaf node that is not a solution (such as the cul-de-sac node G in Fig.4.4),
then we have to move back to the nearest ancestor and continue our exploration from
there.

In our example, we have found a solution making only ten steps (including steps
performed back from cul-de-sac nodes) with the DFS method, whereas we had to
make many more steps with the BFS method (cf. Figs. 4.3b and 4.4). Does this mean
DFS has an advantage over BFS in general? Of course not. If the nature of the problem
is such that a search tree is unbalanced, i.e., some leaf nodes have a very small level
and some of them have a very big level,'? then DFS can be not efficient at all. (In

n the case of a labyrinth this would mean that there are a lot of alternative paths at each intersection.

12In case of a labyrinth it would mean that some paths are very long during a search process and
some of them are very short.
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the case of a labyrinth this can be dangerous. If we try to go along a very long path,
then we can die because of a lack of water, food, etc.) To improve the method the
following two modifications have been defined.

In Depth-Limited Search we generate nodes according to the DFS scheme, how-
ever only till a fixed level c is attained.!3 If we reach a node of level ¢, then we treat
it as a leaf node and we move back. Such a limitation of the search depth allows us
to eliminate very long paths, which are treated as not promising ones.

In order to use Depth-Limited Search effectively we should be able to determine
the constant ¢, which limits a search level. Otherwise, the method can finish a search
without finding a solution. In order to protect the method against such a situation
we can modify it further. In Iterative Deepening Search [167] we fix a level [, up to
which we generate nodes according to the DFS scheme, but if a solution is not found
among nodes of levels 0, 1, 2, ..., / then we increase the limitation of the search by
1, i.e., till the level [ + 1, and we start a search. If a solution is not found with such a
parameter, then we increase the limitation of the search by 1 again, i.e., till the level
[ + 2, and we start a search, etc.

At the end of this section, we introduce the Uniform Cost Search method that is
based on the well-known shortest-path algorithm introduced by Edsger W. Dijkstra.'*
The method can be treated as a modification of BFS. However, we assume that the
cost of moving from any tree node to any other is known.'> Then, we move to the
node of least cost.

Summing up this section, let us notice that if we use blind search strategies, then
we search for a solution by the systematic generation of new states and checking
whether the solution is found (by chance).'® Of course, such a strategy is not efficient.
Therefore, if we can use knowledge concerning the nature of the problem, then we
use heuristic strategies. These are discussed in the next section.

4.3 Heuristic Search

Heuristic search methods can be used if we are able to define a heuristic function that
estimates “how far” a search tree node is from a solution. This allows us to expand
those paths that seem to be the most promising. Let us assume that in our labyrinth,

13The constant ¢ is a parameter of the method.

14Edsger W. Dijkstra—a professor of computer science at the Eindhoven University of Technology.
His contribution to computer science includes Reverse Polish Notation, the ALGOL compiler,
structured programming, and a semaphore model used in operating systems.

15Tn the case of the labyrinth the cost could be defined as the difficulty of going along a segment of
the path. The difficulty could be defined as the width of the path (let us assume we are rather fat)
and the slope of the path (let us assume we are not fit).

161n the case of Uniform Cost Search the order in which new states are generated is not accidental in
sensu stricto. The method is not “blind” completely, because the order in which states are generated
is determined by the cost function. However, this function does not say what the distance to a
solution state is. Therefore, this method is not considered a heuristic method.
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Fig. 4.5 The labyrinth
problem: a values of the
heuristic function, b the
heuristic search

(b)

the nearer the exit we are, the more the flame of our candle flickers. Then, we can
define the heuristic function 4 in the following way:
h(n) = 5—the flame is stable, h(n) = 4—the flame is flickering a little bit,
h(n) = 3—the flame is flickering, #(n) = 2—a high frequency flicker in the flame
is observed, h(n) = 1—a very high frequency flicker in the flame is observed,
h(n) = O—the candle has been blown out (we are at the exit).

The labyrinth plan, which contains values of the function %, from the “perspective
of Providence”, is shown in Fig.4.5a. As we have mentioned, we do not have such a
plan, so we have to look for the exit. However, in this case, contrary to a blind search,
we can choose the path with the help of the heuristic function, i.e., observing a flame
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of the candle. Similarly to the case of blind methods, there are a lot of strategies
using a heuristic search.

Hill climbing is a simple modification of DFS which consists of expanding nodes
that are the best in the sense of the heuristic function.!” If values of the heuristic
function for our labyrinth are defined as shown in Fig. 4.5a, then the tree is expanded
in the way depicted in Fig.4.5b. Let us notice that we find a solution node in four
steps, whereas using DFS we need ten steps (cf. Fig.4.4), and for BFS we need even
more steps (cf. Fig.4.3b).

Hill climbing is a local search method, i.e., we can go only to neighboring states
from the present state. Sometimes, the value of the heuristic function for a node after
expanding the path is worse than a value for some node generated in the past. This
means that we have expanded a path that seemed to be promising at first, however we
see now that the values of the heuristic function are worsening. In such a situation, we
should look for such a node expanded before now, which has the best value among
such nodes and we should begin expanding other paths starting from this node. This
strategy, defined by Judea Pearl [221], is called Best-First Search.

The methods described in this section use a heuristic function that estimates how
far nodes are from a solution. The choice of succeeding node is made on the basis
of this criterion only, neglecting the cost of moving from the present node to the
successor. On the other hand, it seems that taking this cost into consideration is a
reasonable strategy. (We have used such a cost in Uniform Cost Search, introduced
in the previous section.) In 1968 Peter E. Hart, Nils J. Nilsson and Bertram Raphael
proposed the A* algorithm [126]. It uses both criteria for choosing the optimum
node. These criteria are elements of the evaluation function f, given by the formula

fn) =gm) + hn), 4.1

where g(n) is the cost of the path from the root node to a node n, and k(n) estimates
how far a node n is from a solution.

Heuristic methods introduced above apply a strategy of expanding a path deep
into the search space. Beam Search, introduced by Bruce T. Lowerre and Raj Reddy
[187], is based on expanding a path breadth-wise. Similarly to BFS, we generate
nodes one level after another. However, we expand only the b (b is a parameter of
the method) best nodes at each level.

At the end of this section, we introduce some properties which are required for
a heuristic function. We say the heuristic function / is admissible if the distance
to a solution is never overestimated by /. For example, if finding the smallest road
distance between cities is our problem, then a heuristic function, which gives a
straight-line distance between cities is admissible, because it never overestimates
the actual distance. This property is very important because a heuristic function,

17A good example of hill climbing is a situation when we want to reach the top of a mountain.
However, we have neither a map nor a compass, we are here at night, and a dense fog hangs over
the mountains. We have only an altimeter. So, according to the idea of hill climbing, we should go
in the direction for which the altimeter shows the biggest increase in height.
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which overestimates the actual distance can make finding the best path to a goal
node impossible.

On the other hand the heuristic function /4 can underestimate the distance a little
bit, i.e., its evaluation should be moderately “optimistic”. At the same time, we
require the function “optimism” should be more and more realistic as we approach
a solution. This means that /4 should estimate more and more precisely. At least we
require that the cost of making each succeeding step is compensated by increasing
the precision of the evaluation of the remaining distance. If the heuristic function has
this property, then we call it consistent (monotone).

Let i; and h; be heuristic functions. If for any state v we have h,(v) > hy(v),
then the function &, dominates the function h;. Let us notice that if both functions
hy and h, are admissible, then they are bounded by the actual distance to a goal.
This means that for any state v, £;(v) < C(v) and hy(v) < C(v), where C (v) is the
actual distance to a goal state. Thus, a dominating function estimates the distance
better. (It is closer to C(v).) Therefore, in the case of admissible heuristic functions
it is better to use a dominating function.

At the end of this section, let us mention that the properties of heuristic functions
introduced above are defined formally in Appendix A.

4.4 Adversarial Search

Search methods can be used for constructing artificial intelligence systems which
play games. Such systems are one of the most spectacular computer applications. '8
Search techniques used for game playing belong to a group of Al methods called
adversarial search. In Sect.2.1 we have introduced search methods with the example
of a chess game. Let us recall that states in a state space correspond to succeeding
board positions resulting from the players’ moves.

In the case of games we construct an evaluation function,lgwhich ascribes a value
saying how “good” for us is a given situation, i.e., a given state. Given the evaluation
function, we can define a game tree, which differs from a search tree introduced in
previous sections.’’ The minimax method is the basic strategy used for adversarial
search. Let us assume that maximizing the evaluation function is our goal, whereas
our opponent (adversary) wants to minimize it.”! Thus, contrary to the search trees

18In May 1997 Deep Blue, constructed by IBM scientists under the supervision of Feng-hsiung
Hsu, won a chess match against the world champion Garry Kasparov.

19The evaluation function estimates the expected utility of a game, defined by the wrility func-
tion. This function is a basic notion of game theory formulated by John von Neumann and Oskar
Morgenstern in 1944.

201p the case of game trees we use a specific terminology. A level is called a ply. Plies are indexed
started with 1 (not 0, as in common search trees).

2I'Hence, a mini-max method.
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Fig. 4.6 Succeeding steps of a search tree evaluation in the minimax strategy

introduced in the previous sections, which are defined to minimize the (heuristic)
function corresponding to the distance to a solution, in the case of a game tree we
alternately maximize the function (for our moves) and minimize it (for moves of our
opponent).

Letus look at Fig. 4.6a. The tree root corresponds to a state where we should make
a move. Values are ascribed to leaf nodes. (It is also our turn to move at leaf nodes;
it is the opponent’s turn to move at nodes in the middle ply, denoted by MIN.) Now,
we should propagate values of the evaluation function upwards.?? Having values of
leaves of the left subtree: 4, 6, 5, we propagate upwards 4, because our opponent
will make a move to the smallest value for us. (He/she minimizes the evaluation
function.)

22 An arrow up means that we ascribe to a node the biggest value of its successors, an arrow down
means we ascribe to a node the smallest value of its successors.
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Fig. 4.7 Succeeding steps of a search tree evaluation in the o/ pruning method

The opponent will behave analogously in the middle subtree (cf. Fig. 4.6b). Having
the choice of the leaves 2, 9, and 8, he will choose the “worst" path, i.e., the move to
the node with the value 2. Therefore, this value is propagated upwards to the parent
of these leaf nodes. After determining the values at the middle MIN ply, we should
evaluate the root (which is placed at a MAX ply). Having values at the MIN ply of
4,2, 2, we should choose the “best"path, i.e., the move to the node with the value 4.
Thus, this value is ascribed to the root (cf. Fig.4.6c).

Let us notice that such a definition of the game tree takes the opponent’s behavior
into account. Starting from the root, we should not go to the middle subtree or the
right subtree (roots of these subtrees have the value 2), in spite of the presence of
nodes having big values (9, 8, 7) in these subtrees. If we went to these subtrees, the
opponent would not choose these nodes, but nodes having the value 2. Therefore,
we should move to the left subtree. Then, the opponent will have the choice of nodes
with the values 4, 6, and 5. He/she will choose the node with the value 4, which is
better for us than a node with the value 2.

In case a game is complex, the minimax method is inefficient, because it generates
huge game trees. The alpha-beta pruning method is a modification of minimax that
decreases the number of nodes considerably. The method has been used by Arthur
L. Samuel in his Samuel Checkers-playing Program.>

We explain the method with the help of an example shown in Fig.4.7. Let us
assume that we evaluate successors of the root. After evaluating the left subtree, its
root has obtained the value o = 4. o denotes the minimum score that the maximizing
player is assured of. Now, we begin an evaluation of the middle subtree. Its first leaf
has obtained the value 2, so temporarily its predecessor also receives this value. Let
us notice that if any leaf, denoted by X, has a value greater than 2, then the value
of its predecessor is still equal to 2 (we minimize). On the other hand, if the value
of any leaf X is less than 2, then it does not make any difference for our evaluation,
because 2 is less than o —the value of the neighbor of the predecessor. (This means
that this neighbor, having the value o = 4, will be taken into account at the level

23Research into a program that plays checkers (English draughts) was continued by a team led by
Jonathan Schaeffer . It has resulted in the construction of the program Chinook. In 2007 Schaeffer’s
team published an article in Science including a proof that the best result which can be obtained
playing against Chinook is a draw.
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of the root of the whole tree, since at the ply of the root we maximize.) Thus, there
is no need to analyze leaves X (and anything that is below them).?* A parameter 3
plays the symmetrical role, since it denotes the maximum score that the minimizing
player is assured of.

The alpha-beta pruning method allows one to give up on a tree analysis, in case it
does not influence a possible move. Moreover, such pruning does not influence the
result of a tree search. It allows us to focus on a search of the promising parts of a
tree. As a result, it improves the efficiency of the method considerably.?

4.5 Search for Constraint Satisfaction Problems

Search methods can be used for solving Constraint Satisfaction Problems, CSPs. 20
CSPs are characterized by a set of requirements, treated as constraints, which should
be fulfilled. However, it is very difficult to fulfill them at the same time, because
they are in conflict. Drawing up a timetable in a school is a good example of a CSP.
We should fulfill at the same time such constraints as the availability of classrooms
(of various sizes and equipment), the availability of classes (a class of pupils cannot
have two lessons at the same time), the availability of teachers, etc. There are a lot
of important application areas of search methods for CSPs, e.g., shop floor control,
project management, logistics, VLSI design, and molecular biology.

Constraint satisfaction problems can be described by the following elements:

e a finite set of variables: x, x2, . . ., Xy,
e for each variable x; the set of its possible values D,,, called a domain,
e a finite set of constraints that are combinations of values of variables.

For example, let us consider the following problem. Let there be seven kingdoms
K1, K2, ..., K7 (they are the variables in our CSP) on a hypothetical island shown in
Fig.4.8a. One should color in the map with three colors: blond (B), silver (S), and
charcoal (C), so that no two adjacent kingdoms have the same color. Formally, the
set {B, S, C} is the domain for each variable, and a set of constraints is defined in
the following way: K1 # K2, K1 # K3, K1 #£ K5, K2 # K5, K2 £ K7, K3 # K5,
K3 #£ K7, K4 #£ K7, K5 # K7, K6 # K7.

Backtracking search is the simplest method. It consists of assigning consecutive
variables (e.g., in the order B, S, C) to subsequent variables by generating a DFS
tree. If an assignment conflicts with the set of constraints, then we backtrack from our

241n case we analyze a tree having more plies.

21t is of great importance in complex games, e.g., chess. The Deep Blue computer, playing against
G. Kasparov, expanded some paths to 40 plies.

26Constraint satisfaction problems are of great importance in computer science. Therefore, there is
a variety of mathematical models, mainly based on graph theory, operational research, and linear
algebra, that are used for their solution. In the monograph we introduce only basic ideas of Al
heuristic search methods which are used for solving these problems. We refer the reader interested
in CSPs to the well-known monograph of Edward Tsang [305]. For constraint programming, the
monograph by Krzysztof R. Apt [8] is recommended.
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Fig. 4.8 Succeeding steps of search tree generation for a constraint satisfaction problem

current path. Let us look at Fig. 4.8b. Firstly, we generate the tree root corresponding
to the variable K1 and we assign the value B to it. (We color in the kingdom K1
with blond.)?” In the next step (cf. Fig.4.8c), we assign B to K2 at first. However,
such an assignment conflicts with the constraint K1 # K2. (A conflict caused by

27Each subsequent level in the tree corresponds to a subsequent variable.
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assigning a value to K2 that is incompatible with a previous assignment to K1 is
denoted by !K1.) So, we backtrack and we try to assign S to K2 (cf. Fig.4.8d). Now,
all the constraints are fulfilled. In Fig.4.8¢ one can see that after assigning B to K3
we should backtrack, since the constraint K1 # K3 is not fulfilled. (A conflict with
an assignment to K1 is denoted K1 again.) In Fig. 4.8f one can see the situation after
assigning S to K8 and B to K4.

A solution of the problem, which consists of assigning one of the values B, S,
C to all the variables K1, K2, ..., K7 and fulfilling all the constraints is shown in
Fig.4.9a. An interpretation of this solution with the help of the colored map is shown
in Fig.4.9b. Let us notice that a value assigned to a variable in the solution of the

(a)

K1 =

K2 =

K3 =

K4 =

1K4 1K2 1K5 1K4 1K2 IK5 K4 1 K2 IK5 1K6 ! K4 ! K5

(b)

K2 | ki

K3

K4 \ K7 K6

Fig. 4.9 An example of a constraint satisfaction problem: a a search tree generated at the moment
of finding a solution—all the variables have values ascribed and all the constraints are satisfied,
b the map colored according to a solution found
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problem is represented by the last assignment to this variable in the search tree. For
example, in the left subtree starting from the assignment of B to K4, we have tried to
ascribe all the possible values to K7 for all combinations of colors for K6. However,
we have had to backtrack from the whole subtree. This has resulted from an incorrect
assignment of B to K4. (After this assignment there is no solution to the problem.)
Only when we have changed this assignment to K4 = S (the right subtree) do we
find a solution, completed when the variable K7 has received the value B. Thus, a
solution in a backtracking search method is represented by the outermost right path
in the tree. Everything that is to the left of this path represents backtracking. Let us
notice that for quite a simple problem we have to generate quite a big search tree to
find the solution. This means that the method is not efficient. In fact, backtracking
search is a basis for defining more efficient methods. Let us introduce two of them.

We begin with the following observation. Let us look at Fig.4.9a once more.
After assigning B to K4 and C to K5 there is no “good” assignment for K7. This
is illustrated by the repeated trial of assigning all the possible values to K7 after
an assignment of all the possible values to K6. (The subtree below the node K5 =
C is “complete”.) If we had knew about this at the moment of assigning C to K5,
we would not have had to generate a subtree below the node K5 = C. Checking
whether assignments performed till now eliminate all the possible values for one of
the remaining variables is the basic idea of forward checking search.

Let us analyze this method for our example with the help of Fig.4.10a. We will
track the variable K7. As we can see, after assigning S to K2, the set of values that can
be ascribed to K7 is reduced to {B, C}. This results from the constraint K2 # K7 (K2
is adjacent to K7). Then, after assigning B to K4, the set of values that are possible
for K7 is reduced to {C} (the constraint K4 # K7). Finally, after assigning C to K5,
the set of values that are possible for K7 is the empty set, because of the constraint
K5 # K7. This means there is no point in expanding this path. Similarly, in the right
subtree there is no sense in expanding the path after assigning B to K6. One can
easily notice the better efficiency of a forward checking search than a backtracking
search, comparing the search trees shown in Figs.4.9a and 4.10a.

In order to improve the efficiency of the methods presented till now a lot of
modifications have been proposed, including search with variable ordering, search
with value ordering, etc. However, one of the most efficient approaches to CSP search
is based on the constraint propagation technique. We analyze this technique for our
example with the help of Fig.4.10b. After assigning B to K1, the set of possible
assignments to K5 is equal to {S, C} (because of the constraint K1 # K5). The next
assignment K2 = S causes the following sequence of subsequent restrictions for
variables K5, K3, and K7:

(a) the set of possible assignments for K5 is reduced to {C}, because of the constraint
K2 £ K5,

(b) the set of possible assignments for K3 is reduced to {S}, because of (a) and the
constraints K1 # K3 and K3 # K5,

(c) the set of possible assignments for K7 is reduced to {B}, because of (a), (b), and
the constraints K3 # K7 and K5 # K7.
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(a)

K1 =

K7 = {B,S,C}
K2 = K7 = {B,C}

K3 = K7 = {B,C}

K4 =

K5 =

K6

K7 =

(b)

K1 = K5 = {sac}

K2 = K5 = {C} — K3 = {S} — K7 ={B}

K3 =

K4 =

K5 =

K6

K7 =

Fig. 4.10 Search tree for the constraint satisfaction problem: a for the forward checking search
method, b for the constraint propagation method

As we can see in Fig. 4.10b, in the constraint propagation method, just after assigning
S to K2 (i.e., as early as on the second level of the tree) we are able to determine
admissible assignments for three variables that reduce the search tree considerably.
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Summing up, after fixing the set of admissible values for a variable, we propagate
consequences of the restrictions imposed on this set to the remaining variables (hence,
the name of the method). A lot of efficient algorithms, such as AC-3, AC-4, PC-2,
and PC-4, have been developed based on the constraint propagation approach.

Local search is the third approach which is used for solving CSP problems. It is
similar to hill climbing, introduced in Sect.4.3. We assign values to all the variables
and we successively improve this assignment until it violates the constraints. Min-
conflicts search is one of the most popular methods. First of all, we randomly generate
initial assignments. Then, after choosing a variable with a value which conflicts with
some constraints, we change the value in order to minimize the number of conflicts
with other variables. This method gives good results, although it is strongly depen-
dant on the initial assignment. Due to its iterative nature, the method is especially
recommended in case constraints change over time.

4.6 Special Methods of Heuristic Search

Finishing our considerations concerning search methods, let us come back to the first
heuristic method discussed in this chapter, i.e., hill climbing. The main idea of this
method consists of expanding a tree in the direction of those states whose heuristic
function value is most promising. Let us assume that a problem is described with
the help of a solution space (X, X») (instead of an abstract model of a problem),
which is typical for optimization problems. Thus, a solution space is the domain of
a problem. Then, let us assume that for points (X, X,) of this space, values of the
heuristic function 7 (X, X,) are known and they are defined as shown in Fig.4.11.
Our goal is to climb to the high hill situated in the middle of the area with the hill-
climbing method.2® If we start our search at the base of the hill, we will conquer the
summit, i.e., we will find a solution. However, if we start at the base of the lower
hill situated in the bottom-leftmost subarea, then we will climb this hill and never
leave it.2? This means, however, that we will not find the optimum solution. We find
ourselves in a similar situation if we land in a plain area (plateau). Then, we gain no
benefit from the heuristic information and we never reach a solution.

In order to avoid a situation in which we find a local extremum (minimum/
maximum) instead of the global one,?? a lot of heuristic search methods have been
constructed. Let us introduce the most important ones.

The simulated annealing method was introduced by Scott Kirkpatrick,?! C. Daniel
Gelatt and Mario P. Vecchi [159] in 1983. In order to avoid getting stuck in a local

281n a mathematical formulation, we seek a global maximum in the solution space.
29 As we more away from the summit of this hill, values of the heuristic function decrease.
301 practice finding a local extremum means finding some solution which is not satisfactory.

31Scott Kirkpatrick—a professor of physics and computer science (MIT, Berkeley, Hebrew Uni-
versity, IBM Research, etc.). He is the author of many patents in the areas of applying statistical
physics in computer science, distributed computing, and computer methods in physics.
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Fig. 4.11 Potential plateau
problems that can appear
during “hill climbing”

local maximum

extremum, the interesting physical phenomenon of metal (or glass) annealing is used.
In order to improve the properties of a material (e.g., its ductility or its hardness),
it is heated to above a critical temperature and then it is cooled in a controlled way
(usually slowly). Heating results in “unsticking” atoms from their initial positions.
(When they are in their initial positions, the whole system is in a local internal energy
minimum.) After “unsticking”, atoms drift in a random way through states of high
energy. If we cooled the material quickly, then a microstructure would “get stuck’ in
arandom state. (This would mean reaching a local minimum of the internal energy of
the system.) However, if we cool the material in a controlled, slow way, the internal
energy of the system reaches the global minimum.*?

The Kirkpatrick method simulates the process described above. The internal
energy of a system E corresponds to the heuristic function f, and the tempera-
ture 7 is a parameter used for controlling the algorithm. From a current (temporary)
solution i, a “rival” solution j is generated randomly out of its neighborhood. If
the value of the “rival”’solution E(j) is not worse than that of the current solution
(i.e., E(j) < E(i), since we look for the global minimum), then it is accepted. If
not, then it can be accepted as well, however with some probability.>* Thus, moving
from a better state to a worse state is possible in this method. It allows us to leave
a local extremum. As we have mentioned, a parameter 7 (temperature) is used for
controlling the algorithm. At the beginning, T is big and the probability of accepting
a “rival” worse solution is relatively big, which allows us to leave local minima.
In succeeding steps of the algorithm “the system is cooled”, i.e., the value of T
decreases. Thus, the more stable a situation is, the less the probability of choosing a
“rival” worse solution.

32This improves the properties of a material.

33This probability is determined according to the Boltzmann distribution. This defines the distri-
bution of energy among particles in a thermal equilibrium as P = ¢~2Eii/¥T) where AE; i =
E(j) — E(i), and k is the Boltzmann constant.
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The tabu search method was introduced by Fred Glover®* in 1986 [109]. In this
method the current solution is always replaced by the best solution in its neighbor-
hood (even if it is worse). Additionally, a solution which has been already “visited”
is forbidden for some time. (It receives the tabu status.) A visited solution is added to
a short tabu list. A newly added solution replaces the oldest on the list.>> The search
process finishes after a fixed number of steps.

There are a lot of modifications of tabu search. The method is often combined with
other heuristic methods. A combination of the method with evolutionary computing
gives especially good results. Evolutionary computing, which can be treated as a
considerable extension of heuristic methods, is discussed in the next chapter.

Bibliographical Note

Search methods are among the earliest methods of Artificial Intelligence. Therefore,
they are described in fundamental monographs concerning the whole area of AI[189,
211, 241, 256, 261, 262, 273, 315].
The foundations of constructing heuristic search strategies are discussed in [221].
In the area of CSP a monograph [305] is the classic one. For constraint program-
ming a book [8] is recommended.

34Fred W. Glover—a professor of computer science, mathematics, and management science at the
University of Colorado. An adviser at Exxon, General Electric, General Motors, Texas Instruments,
etc.

35The tabu list is a LIFO queue (Last-In-First-Out).



Chapter 5
Evolutionary Computing

Evolutionary computing is the most important group of methods within the biology-
inspired approach, because of their well-developed theoretical foundations as well as
the variety of their practical applications. As has been mentioned in Sect. 3.2, the main
idea of these methods consists of simulating natural evolutionary processes. Firstly,
four types of such methods are presented, namely genetic algorithms, evolution
strategies, evolutionary programming, and genetic programming. In the last section
other biology-inspired models, such as swarm intelligence and Artificial Immune
Systems, are introduced.

5.1 Genetic Algorithms

The first papers of Alex Fraser concerning genetic algorithms were published in
1957 [102]. However, this approach only became popular after the publication of an
excellent monograph by Holland [139] in 1975. As we have mentioned at the end
of the previous chapter, genetic algorithms can be treated as a significant extension
of the heuristic search approach that is used for finding the optimum solution to a
problem. In order to avoid finding local extrema instead of the global one and to
avoid getting stuck in a plateau area (cf. Fig.4.11), a genetic algorithm goes through
a space of (potential) solutions with many search points, not with one search point
as in (standard) heuristic search methods. Such search points are called individuals."
Thus, each individual in a solution space can be treated as a candidate for a (better
or worse) solution to the problem. A set of individuals “living” in a solution space
at any phase of a computation process is called a population. So, a population is a

I'The analogy is with individuals living in biological environments.

© Springer International Publishing Switzerland 2016 53
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set of representations of potential solutions to the problem. Succeeding populations
constructed in iterated phases of a computation are called generations. This means
that a state space in this approach is defined with succeeding generations constructed
by a genetic algorithm.?

For example, let us look at an exemplary solution space shown in Fig.5.1. The
position of each individual in this space is determined by its coordinates (X, X»).
These coordinates determine, in turn, the genotype of the individual. Usually, it is
assumed that a genotype consists of one chromosome. Each coordinate is binary-
coded, i.e., it is of the form of a string of genes: 0000, 0001, 0010, ..., 1000, etc.
Thus, a genotype built of one chromosome consists of eight genes. The first four genes
determine the coordinate X and the second four genes determine the coordinate X.
For example, the individual marked with a circle in the solution space in Fig.5.1
has the genotype 01010111. As we have mentioned in the previous chapter, each
search point of a space of (potential) solutions represents a set of values ascribed to
parameters of the problem considered.? In the terminology of genetic algorithms such
a set of values is called the phenotype of this point/individual. In order to evaluate
the “quality” of an individual (i.e., a potential solution), we evaluate its phenotype
with the help of a fitness function.*

Let us assume for further considerations that we look for the (global) maximum of
our fitness function, which equals /7 and is marked with a dark grey color in Fig.5.1.
In the solution space there are two local maxima with a fitness function value equal
to 8, which are marked with a light grey color. Let us notice that if we searched this
space with the hill-climbing method and we started with the top-leftmost point, i.e.,
the point (X, X») = (0000, 1000) with a fitness function value equal to 3, then
we would climb a local “peak” having coordinates (X, X») = (0001, 0111) with
a fitness function value equal to 8. Then, we would stay at the “peak”, because the
fitness function gives worse values in the neighborhood of this “peak”. However, this
would make it impossible to find the best solution, i.e., the global maximum. Using
genetic algorithms we avoid such situations.

Now, let us introduce the scheme of a genetic algorithm, which is shown in Fig. 5.2.
Firstly, the initial population is defined by random generation of a fixed number (a
parameter of the method) of individuals. These individuals are our initial search
points in the solution space. For each individual the value of the fitness function is
computed. (This corresponds to the evaluation of a heuristic function for the search
methods discussed in a previous chapter.) In the next phase the best-fitted individuals
are selected for “breeding offsprings”. Such individuals create a parent population.

2Thus, succeeding populations are equivalent to states of this space.

3Each search point corresponds to a certain solution. (Such a “solution” does not satisfy us in most
cases.) If we deal with an abstract model of a problem (as in the previous chapter), not with a solution
space, then such a point corresponds to a certain phase of problem solving (for our example of a
labyrinth it is the path we have gone down) instead of representing values ascribed to parameters
of the problem.

“The fitness function plays an analogous role to the heuristic function defined for the search methods
presented in the previous chapter.
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Fig. 5.1 Formulation of a search problem for a genetic algorithm

The simplest method for such a selection is called roulette wheel selection. In this
method we assume that the roulette wheel area assigned to an individual is directly
proportional to its fitness function value. For example, let the current population
consist of fourindividuals P = {ind,, ind,, inds, ind,} for which the fitness function
h gives the following values: h(ind,) = 50, h(ind,) = 30, h(inds) = 20, h(indy) =
0. Then, taking into account that the sum of the values equals 100, we assign the
following roulette wheel areas to individuals: ind; = 50/100 % = 50 %, ind, =
30 %, ind; = 20 %, indy; = 0 %. Then, we randomly choose individuals with the
help of the roulette wheel. Since no wheel area is assigned to the individual ind,
(0 %), at least one of the remaining individuals must be chosen twice. (The individual
ind, has the best chance, because its area comprises half of the wheel, i.e., the same
area as ind, and ind; combined.)

In order to avoid a situation in which some individuals with a very small fitness
function value (or even the zero value, as in the case of the individual ind,) have no
chance of being selected for “breeding offsprings”, one can use ranking selection. In
this method a ranking list which contains all the individuals, starting from the best-
fitted one and ending with the worst-fitted one, is defined. Then, for each individual
a rank is assigned. The rank is used for a random selection. For example, the rank
can be defined in the following way. Let us fix a parameter for computing a rank,
p = 0.67. Then, we choose the individual ind; from our previous example with
probability p; = p = 0.67. The individual ind, is selected with probability p, =
(1= p1) - p=0.33-0.67 = 0.22. The succeeding individual ind; is chosen with
probability p3s = (1—(p;+p2))-p = 0.11:0.67 = 0.07. Generally, the nth individual



56 5 Evolutionary Computing

Fig. 5.‘2 The. scheme of a evaluation of initial
genetic algorithm population of individuals

selection of individuals
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from the ranking list is selected with probability p, = (1—(p1+p2+- -+ pu—1)) - P-
Let us notice that according to such a scheme we assign a non-zero value to the last
individual indy, ie., ps = 1 — (p1 + p2 + p3) = 1 —0.96 = 0.04.

After the selection phase, an offspring population is generated with the help of
genetic operators (cf. Fig.5.2). Reproduction is performed with the crossover (re-
combination) operator in the following way. Firstly, we randomly choose’ pairs
of individuals from the parent population as candidates for mating. These pairs of
parents “breed” pairs of offspring individuals by a recombination of sequences of
their chromosomes. For each pair of parents we randomly choose the crossover
point, which determines the place at which the chromosome is “cut”. For example, a
crossover operation for two parent individuals having chromosomes 01001000 and
01110011, with a fitness function value of 7 (for both of them) is depicted in Fig.5.3.
The randomly chosen crossover point is 4, which means that both chromosomes are
cut after the fourth gene. Then, we recombine the first part of the first chromosome,
i.e., 0100, with the second part of the second chromosome, i.e., 0011, which gives a
new individual (offspring) with the chromosome 01000011. In the same way we ob-
tain a second new individual having the chromosome 01111000 (by a recombination
of the first part of the second chromosome and the second part of the first chromo-
some). Let us notice that one “child” (the one having the chromosome 01111000) is
“worse fitted” (to the environment) than the “parents”, because its fitness function
value equals 4. This individual corresponds to a worse solution of the problem. On
the other hand, the fitness function value of the second “child” (01000011) equals /0
and this individual reaches a satisfying solution (the global maximum) in one step.
Sometimes we use more than one crossover point; this technique is called multiple-
point crossover.

5This random choice is made with high probability, usually of a value from the interval [0.6, 1] in
order to allow many parents to take part in a reproduction process. This probability is a parameter
of the algorithm.
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Fig. 5.3 Applying the crossover operator in a genetic algorithm

The mutation operator changes the value of a single gene from O to 1 or from 1 to 0.
Contrary to a crossover, a mutation is performed very rarely.® For example, in Fig. 5.4
we can see an individual represented by the chromosome 01110111. Although its
fitness function value (8) is quite big, this individual is a local maximum. If we used
this individual in the hill-climbing method, then we would get stuck in this place (cf.
Fig.4.11). However, if we mutated the third gene of its chromosome from 1 to 0,
then we would obtain a new individual, which has the chromosome 01010111 (cf.
Fig.5.4). This search point has a better chance to reach the global maximum.’

In the third phase, called evaluation of a population, values of the fitness function
are computed for individuals of the new offspring population (cf. Fig.5.2). After the
evaluation, the termination condition of the algorithm is checked. If the condition
is fulfilled, then we select the individual with the best fitness as our solution of
the problem. The termination condition can be defined based on a fixed number of
generations determined, the computation time, reaching a satisfying value of the
fitness function for some individual, etc. If the condition is not fulfilled, then the
work of the algorithm continues (cf. Fig.5.2).

In this section we have introduced fundamental notions and ideas for genetic al-
gorithms. As we can see, this approach is based on biological intuitions. Of course,
for the purpose of constructing an Al system, we should formalize it with mathe-
matical notions and models. The Markov chain model is one of the most elegant
formalizations used in this case. This model is introduced in Appendix B.2.

6Since mutations occur very rarely in nature, we assume a small probability in this case, e.g., a
value from the interval [0, 0.01]. This probability is a parameter of the algorithm.

In genetic algorithms mutation plays a secondary role. However, as we will see in subsequent
sections, mutation is a very important operator in other methods of evolutionary computing.
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Fig. 5.4 Applying the mutation operator in a genetic algorithm

5.2 Evolution Strategies

In the genetic algorithm discussed in the previous section, an individual (a potential
solution) has been coded in binary. Such a representation is convenient if we are
searching a discrete solution space,® for example in the case of a discrete optimization
problem. Evolution strategies were developed in the 1960s by Rechenberg [236]
and Schwefel [267] at the Technical University of Berlin in order to support their
research into numerical optimization problems.’ In this approach, an individual is

represented by a pair of vectors (X, o), where X = (X, X5, ..., X,,) determines
the location of the individual in the n-dimensional (continuous) solution space,'?
o = (01,0, ...,0,) is a string of parameters of the method.!!

Let us discuss the general scheme of an evolution strategy shown in Fig.5.5a.
Similarly to the case of genetic algorithms, we begin with the initialization and
evaluation of a p-element parent population R. Then, we start the basic cycle of the
method, which consists of three phases.

During the first phase A-element offspring population O is generated. Each de-
scendant is created in the following way. Firstly, p individuals, which will be used

8 An example of a discrete solution space has been defined in the previous section in Fig.5.1.

9The research into fluid dynamics was carried out at the Hermann Féttinger Institute for Hydrody-
namics at TUB.

10A vector X represents here the chromosome of the individual, and its components X1, X2, ..., X,,,
being real numbers, correspond to its genes.

1A parameter o; is used for mutating a gene X;.
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for the production of a given descendant, are chosen.'” These “parents” are drawn
with replacement according to the uniform distribution.'® Then, these p parents pro-
duce a “preliminary version” of the descendant with the crossover operator. After
recombination the element o of the child chromosome, which contains parameters
of the method, is mutated. Finally, a mutation of the individual, i.e., a mutation of the
element X of its chromosome, is performed with the help of the mutated parameters
ofo.

In the second phase an evaluation of the offspring population O is made. This is
performed in an analogous way to genetic algorithms, that is with the help of the
fitness function.

The third phase consists of the selection of p individuals to form a new parent
population P according to the values of the fitness function. There are two main
approaches to selection. In the selection of the (i + A) type a choice is made from
among individuals which belong to both the (old) parent population and the offspring
population. This means that the best parents and the best children create the next
generation.'* In selection of the (11, A) type we choose individuals to form the next
generation from the offspring population.

Similarly to genetic algorithms, a termination condition is checked at the end of
the cycle. If it is fulfilled, the best individual is chosen as our solution to the problem.
Otherwise, a new cycle is started (cf. Fig.5.5a).

After describing the general scheme let us introduce a way of denoting evolution
strategies [23]. We assume an interpretation of parameters u, A, p as in the description
above. If we use selection of the (u + 1) type, then the evolution strategy is denoted
by (/p + A). If we use selection of the (i, 1) type, then the evolution strategy is
denoted by (i/p, A).

Now, we present a way of defining genetic operators for evolution strategies.

Let us assume that both parents Father and Mother are placed in a solution space
according to vectors X¥ = (XF, X¥) and XM = (XM, X21), respectively, as shown
in Fig.5.5b.1 Since an individual is represented by a vector of real numbers, calcu-
lating the average of the values of corresponding genes which belong to the parents
is the most natural way of defining the crossover operator. Therefore, the position
of Child is determined by the vector X¢ = (X¢, X§), where X{ = (X[ + X})/2
and X§ = (X4 + X)) /2 (cf. Fig.5.5b).

In case of crossover by averaging, we also compute o¢ by taking the average
values of o¥ and o™, which represent the parameters of the method. An exchange
of single genes of parents can be an alternative way of creating an offspring.

12This means that a “child” can have more than two “parents”.

13Firstly, this means that each individual has the same chance to breed an offspring (the uniform
distribution). Secondly, any individual can be used for breeding several times (drawing with re-
placement). This is the main difference in comparison to genetic algorithms, in which the best-fitted
individuals have better chances to breed an offspring (roulette wheel selection, ranking selection).
14 As one can see, we try to improve on the law of Nature. A “second life” is given to outstanding
parents.

15The reader is advised to compare Fig. 5.5b with Fig.4.11 in the previous chapter. For clarity there
is no axis 4(Xy, X;) corresponding to the fitness function in Fig. 5.5b.
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(a) initialization and evaluation
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Fig. 5.5 a The scheme of an evolution strategy, b an example of crossover by averaging in an
evolution strategy

As we have mentioned above, firstly, mutation is performed for an element o,
secondly for an element X. A mutation of the element ¢ consists of multiplying
its every gene by a certain coefficient determined by a random number,'® which is
generated according to the normal distribution.!” After modifying the vector o, we
use it for areplacement of the individual in the solution space, as shown in Fig. 5.6. As
we can see in the figure, the position of the individual represented by X is determined
by its genes (coordinates) X and X,. Now, we can e.g., mutate its gene X; by adding

16Sometimes, the coefficient is determined by several random numbers.

17Formal definitions of notions of probability theory which are used in this chapter are contained
in Appendix B.1.



5.2 Evolution Strategies 61

Fig. 5.6 Mutation of an X, mutated
individual in an evolution m | individual I
strategy X" X X"
02Nx(0,1) i -
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Xy [ Qo mmmmmmm >
(vt} orNf0.1
Xi X" Xy

a number o} - N1 (0, 1), where o is its corresponding gene—and the parameter of
the method—and N, (0, 1) is a random number generated according to the normal
distribution with an expected value (average) equal to 0 and a standard deviation
equal to 1.

Let us notice that the element ¢ = (oy, 02, ..., 0,) contains parameters which
determine how big a mutation is.'® As we have seen, these parameters are modified, '’
which means that evolution strategies are self-adapting.

5.3 Evolutionary Programming

In 1966 Lawrence J. Fogel introduced an approach to evolutionary computing which
is called evolutionary programming [99]. The main idea of this approach differs
from the methods discussed above. One difference concerns the level of abstraction
at which evolution processes are simulated. In genetic algorithms and evolution
strategies search points in a solution space correspond to individuals in a population.
However, in the case of evolutionary programming instead of individuals we deal
with a species-level abstraction.? This influences, of course, how the method is
constructed. First of all, there is no crossover operation, since there is no crossover
among species. Secondly, a mutation is defined in such a way that radical changes
occur with low probability and small changes are preferred.

The second important difference with respect to the methods introduced in previ-
ous sections is the fact that in evolutionary programming we do not assume any
specific form of representation of an individual.>! A representation of an indi-

18Bigger values of these parameters cause a bigger change to an individual in a solution space.
Strictly speaking, the bigger the value of a parameter oy, the more the gene X is mutated, which
corresponds to moving the individual along the X axis.

19The probabilities of both a crossover and a mutation are constant parameters in genetic algorithms.

201 et us remember that a population is a set of individuals of the same species which live in the
same area. Thus, in the case of evolutionary programming we should rather use the term biocoenosis
instead of population, which is more correct from the point of view of biology.

2I'We have assumed a binary representation of individuals in genetic algorithms and real number
vectors in evolution strategies.
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vidual should, simply, be adequate for a given problem. A variety of representa-
tions (variable-length vectors, matrices, etc.) are used in evolutionary programming
projects for defining abstract models of problems.

Now, we present a scheme of evolutionary programming, which is shown in
Fig.5.7. The initialization and evaluation of a (parent) population P is a preliminary
phase. Then, we begin the basic cycle of the method. The generation of the offspring
population O by a mutation of each individual from the population P is performed
in the first phase. Mutation is made randomly according to the normal distribution.
The second phase consists of the evaluation of the population O. The generation
of a new population P by a selection of individuals from the current population
P and the population O is performed in the third phase. In a standard version of
evolutionary programming a ranking selection is applied for this purpose. Then, as
in previous methods, a termination condition is tested. If it is fulfilled, we choose the
best individual as the solution to the problem. If not, a new cycle is begun.

At the end of the twentieth century David Fogel?? introduced two improvements
in evolutionary programming. Firstly, instead of ranking selection, a certain variant
of tournament selection is applied. Tournament selection consists of dividing a pop-
ulation into groups which usually contain several individuals and selecting the best

22David Fogel—a researcher in the area of evolutionary computing. In his famous research project
Blondie24, an evolutionary-computing-based Al system became an expert in English draughts
(checkers). Fogel has been the President of the IEEE Computational Intelligence Society and the
Editor-in-Chief of IEEE Transactions on Evolutionary Computation. He is the son of Lawrence J.
Fogel.
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individuals from each group separately. This method is especially useful for multi-
criteria optimization problems, when we optimize more than one function. Secondly,
D. Fogel has introduced self-adapting mechanisms similar to those used in evolution
strategies.

Since no specific form of representation of an individual is assumed in evolu-
tionary programming, the approach may be applied to a variety of problems, e.g.,
control systems, pharmaceutical design, power engineering, cancer diagnosis, and
signal processing. In Artificial Intelligence the approach is used not only for solving
problems, mainly optimization and combinatorial problems, but also for constructing
self-learning systems.

In fact, the history of this approach began in 1966in the area of self-learning
systems. L.J. Fogel in his pioneering paper [99] discussed the problem of formal
grammar induction,? strictly speaking the problem of synthesizing a formal au-
tomaton®* on the basis of a sample of sentences belonging to some language. A
formal automaton is a system used to analyse a formal language. The synthesis of an
automaton A by an Al system consists of an automatic construction of A on the basis
of a sample of sentences, which belong to a formal language. L.J. Fogel showed that
such a synthesis can be made via evolutionary programming. In his model a formal
automaton evolves by the simulation of processes of crossover and mutation in order
to be able to analyze a formal language. Let us notice a difference between problem
solving by genetic algorithms/evolution strategies discussed previously and solving
the problem of synthesis of an automaton by the Al system constructed by L.J. Fogel.
In the first case, generation of a problem solution is the goal of the method, whereas
in the second case we want to generate a system (automaton) that solves a certain
class of problems (a formal language analysis). Such an idea would appear twenty
years later in the work of M.L. Cramer, which concern genetic programming. This
approach is introduced in the next section.

5.4 Genetic Programming

Although genetic programming was popularized in the 1990s by John Koza due to
his well-known monograph [172], the main idea of this approach was introduced
in 1985 by Cramer [61]. In genetic programming instead of searching a solution
space with the help of a program, which is implemented on the basis of principles of
evolution theory, a population of programs is created. Then, a space of programs is
searched in order to find the one which can solve a class of problems in a satisfactory
way. Of course, we have to define a function, to assess the quality (adequacy) of such
programs. Thus, automatic synthesis of a computer program to solve a given problem
is the objective of genetic programming. This objective has been extended to other

23This problem is discussed in Sect. 8.4.
24Formal automata are introduced in Sect. 8.2.
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systems in the technical sciences, such as digital circuits (electronics), controllers
(automatic control), etc.?’

In order to achieve such an ambitious objective, a human designer has to deliver
certain knowledge to an Al system [173]. Firstly, the system has to know which
components are to be used for generating a solution. In the case of a software system
synthesis, arithmetic operations, mathematical functions, and various instructions
of a programming language are such components. In the case of a digital circuit
synthesis AND, OR, NOT, NAND, NOR logic gates, various flip-flops, etc. are such
components. Secondly, a human designer has to define the fitness function. It seems
that this is the most difficult problem. In order to define the fitness function, one has to
formalize the task of a synthesized system precisely. Solving problems which belong
to a certain class is, of course, the main objective of a synthesized system. Thus,
systems-individuals should evolve in order to solve problems in a satisfactory way.
In other words, the fitness function should define how well the system solves these
problems. Thirdly, a human designer should deliver control parameters such as the
size of the population, the probability of applying genetic operators, the termination
condition, etc.

In genetic programming, programs are usually represented by tree or graph struc-
tures. In Fig. 5.8a the expression —b/2a is represented with the help of a tree structure.
All expressions of a programming language can be represented with such a tree rep-
resentation. The specific form of the “chromosomes” of individuals results in the
specific form of the genetic operators. A mutation is shown in Figs. 5.8a and 5.8c. A
part of the first tree, which is mutated—the subtree —b (it is encircled by a dashed line
in Fig. 5.8a) is removed. A subtree representing the expression —b — /A (encircled
by a dashed line in Fig. 5.8c) is joined to the tree in place of the removed part. A tree

. . —b—-vA . . .
which represents the expression ————— is obtained as a result of this mutation. A
a
crossover operator consists of exchanging subtrees of trees (individuals). Let us cross
a tree which has been obtained as a result of the mutation (Fig.5.8c) and a tree which
a+b
) b+ VA ) )
“chromosomes" which are exchanged are encircled by a dashed line. As a result of

the crossover we obtain the tree shown in Fig. 5.8d, which represents the expression

at+b . : : - .
——— (it is not interesting), and the tree shown in Fig.5.8e, which represents

—b— /A
+ VA

. —b . . .
the expression ————. This second expression has a well-known mathematical

represents the expression , which is shown in Fig.5.8b. The parts of the

interpretation, as doeas the initial expression —b/2a shown in Fig.5.8a.

Let us notice that we have to formulate the well-defined fitness function in order to
generate (with genetic operators) a system which solves a certain class of problems.
The fitness function directs the actions of the genetic operators. In genetic program-

231f we analyze the applications of genetic programming, it seems that the synthesis of systems of
electronics or automatic control is easier than the synthesis of software systems.
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Fig. 5.8 a An exemplary expression of a programming language which is coded as a tree structure
and its mutation, b, ¢ the crossover of two structures, d, e descendant structures which are results
of the crossover

ming crossing reasonable solutions is a basic operator. The mutation operator plays
an auxiliary role.

On the basis of genetic programming a very interesting approach, called meta-
genetic programming, was defined in 1987 by Jiirgen Schmidhuber of the Technical
University of Munich [265]. In this approach both chromosomes and genetic oper-
ators evolve themselves, instead of being determined by a human designer. Thus, a
meta-genetic programming system evolves itself with the help of genetic program-
ming. A similar approach was used for constructing the Eurisko system by Douglas
Lenat? in 1976. The system, which is based on heuristic rules, also contains meta-
rules allowing it to change these heuristic rules.

26Douglas Lenat—a professor of computer science at Stanford University and Carnegie-Mellon
University. A president of Cycorp, Inc., which researches the construction of a common-sense
knowledge base (ontology) Cyc.
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5.5 Other Biology-Inspired Models

Biology-based models have been used for developing other interesting methods in
Artificial Intelligence. The best known methods include swarm intelligence, intro-
duced by Gerardo Beni and Jing Wang in 1989 [22], and Artificial Immune Systems,
developed by Farmer et al. [86] in 1986.

Modeling an Al system as a self-organized population of autonomous individuals
which interact with one another and with their environment is the main idea of
swarm intelligence. An individual can take the form of an agent,”’ which transforms
observations into actions in order to achieve a pre-specified target. It can also take the
form of a boid introduced by Craig Reynolds in 1987 [238]. Boids cooperate in a flock
according to three rules: a separation rule (keep a required distance from other boids
to avoid crowding), a cohesion rule (move towards the center of mass of the flock
to avoid fragmenting the flock) and an alignment rule (move in the direction of the
average target of the flock). There are a lot of algorithms defined using this approach.
Ant Colony Optimization, ACO, algorithms were proposed by Marco Dorigo in 1992
[72]. Agents are modeled as “artificial ants”, which seek solutions in a solution space
and lay down “pheromone trails”. Pheromone values increase for promising places,
whereas for places which are not visited frequently pheromones “evaporate”. This
results in more and more ants visiting promising areas of the solution space [298].

FParticle Swarm Optimization, PSO, is a method of searching for the best solution
in an n-dimensional solution space. It was introduced by Russell Eberhart and James
Kennedy in 1995 [82]. A solution is searched for by a swarm of particles moving in
the solution space. The swarm moves in a direction of leaders, i.e., particles having
the best fitness function values. Each time a better solution is found the swarm
changes its direction of motion and accelerates in this new direction. Experiments
have shown that the method is resilient to problems related to local extrema.

Artificial Immune Systems, AISs [43], are mainly used for solving problems related
to detecting anomalies. The idea of differentiating between normal/““own” cases and
pathological/“alien” cases is based on the immune system of a biological organism.
All the cases that are not “similar” to known cases are classified as anomalies. When
an unknown case appears and its characteristics are similar to those recognized by
one of the detectors of anomalies, it is assumed to be an “alien” and this detector is
activated. The activated detector is “processed” with operators such as mutation and
duplication. In such a way the system learns how to recognize pathological cases.

Bibliographical Note

A general introduction to the field can be found in [83, 65, 169, 201, 260]. Genetic
algorithms are discussed in [111, 139], evolution strategies in [268], evolutionary
programming in [100], and genetic programming in [172].

27 Agent systems are discussed in Chap. 14. Therefore, we do not define them in this section.
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Chapter 6
Logic-Based Reasoning

Two models of problem solving which are based on logic, reasoning as theorem
proving and reasoning as symbolic computation, are discussed in this chapter. Both
models are implemented in Al systems with the help of the declarative programming
paradigm, which has been introduced in Sect.2.2.

In a programming language which belongs to the declarative paradigm, control
of an execution of a computer program follows a certain general (standard) scheme.
A general scheme means here the same scheme for all possible programs' coded
in this language. In practice this means that such a language should be based on a
very precise formal model, which allows a reasoning system to interpret a program
in an unambiguous way.> In a method based on theorem proving, such a precise
formal model is based on the syntax of First-Order Logic (FOL) and FOL rules of
inference,’ especially the resolution rule of inference. In a method based on symbolic
computation, lambda calculus is one such precise formal model.

Reasoning as theorem proving is discussed in the following sections as follows.

e The description of the world with the help of First-Order Logic. A way of rep-
resenting some aspect of the real world with the help of the FOL language is
discussed in the first section. We introduce fundamental rules of inference that are
based on such a representation.

e The resolution method of inference. In the second section a basic method of rea-
soning which is used in Al systems, i.e., the resolution method, is introduced.

1Of course, we mean programs which are correct syntactically.

2As we have mentioned in Sect. 2.2, we do not specify how a program should be executed in the
declarative paradigm.

3A rule of inference in FOL should not be mistaken for the notion of a rule in rule-based systems,
which are a subclass of expert systems. In the first case rules of inference are formulas of reasoning
schemes (e.g., the modus ponendo ponens rule), which are used in order to process axioms, which
are stored in a knowledge base. These axioms are either facts, which concern the domain of an
application of the Al system, or principles (rules), which are valid in this domain. In the second
case (rule-based systems) rules are equivalents of such axioms-principles, which are valid in the
domain.

© Springer International Publishing Switzerland 2016 67
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e Techniques to transform FOL formulas to standard (normal) forms. A resolution
method can be applied, if FOL formulas are expressed in special forms, called
normal forms. In the third section techniques to transform formulas to such forms
are presented.

e Special forms of FOL formulas in reasoning systems. If a problem is described
using formulas in normal forms, we can begin the implementation phase of con-
structing an Al system. In the fourth section special forms of FOL formulas, which
are convenient for implementing Al systems are introduced.

Reasoning as symbolic computation, which is based on Abstract Rewriting Sys-
tems, ARSs, and lambda calculus (\-calculus) are discussed in the fifth section.

All formal notions concerning First-Order Logic, the resolution method, and
lambda calculus are contained in Appendices C.1, C.2 and C.3, respectively.

6.1 World Description with First-Order Logic

In order to reason using theorem proving, we should describe an aspect of the world
which is interesting to us with the help of First-Order Logic. For such a description
the following elements, called terms, are used.

e Individual constant symbols, which correspond to objects such as human beings,
animals, buildings, etc. Examples of individual constants include: John III Sobieski
(King of Poland), Wawel Castle in Cracow, Norcia (an individual constant cor-
responding to an individual object, which is a dog of the Yorkshire Terrier breed
and belongs to my daughter).

e Individual variable symbols, which range over individual objects, usually denoted
by x,y, z, etc.

e Function symbols, which ascribe objects to other objects, e.g., square-root(),
length(), father().

Additionally, predicate symbols are added to the FOL language. We can treat them
as functions defined over terms which give one of two values: True or False. Examples
of predicates include is_less_than(), is_high(), is_brother_of (). For example, the
value of the predicate is_less_than(4, 9), i.e., in standard arithmetic notation 4 < 9,
is True and the value of the predicate is_less_than(3, 1), i.e., in standard arithmetic
notation 3 < 1,is False. A predicate with fixed arguments is called an atomic formula.

Finally, we add logical symbols — (itisnot true that...), A(...and...), V(... or...),
= (if ..., then...), < (...is equivalent to ...), and quantifiers V (for each ...), 3 (there
exists ...such that). With the help of these symbols we can define formulas. For
example, a formula which states that for every individual object x the following holds:
“If x barks, then x is a dog.” can be defined as follows: Vx [barks(x) = is_dog(x)].
A formula which states that there exist black cats, strictly speaking that there exists
such an individual object y that y is black and y is a cat, can be defined as follows:
3y [black(y) A is_cat(y)].



6.1 World Description with First-Order Logic 69

Quantifiers bind variables in formulas. In the formulas defined above, a variable
x is bound by a quantifier V and a variable y is bound by a quantifier 3. Variables
which are not bound by quantifiers in a formula are called free variables. Formulas
which do not contain free variables are called sentences of FOL.

After introducing the syntax of FOL, we will define its semantics. The semantics
allows us to refer formulas to the world, which contains individual objects repre-
sented by individual constant symbols. A set of individual objects is called a universe.
Relations which hold among elements of the universe are described with predicate
symbols. Functions defined in the universe are represented using function symbols.
An assignment of individual objects, functions, and relations to individual constant
symbols, function symbols, and predicate symbols, respectively, is called an inter-
pretation. In other words, an interpretation is an assignment of meaning to elements
of the FOL language. Let us explain these notions with the following example.

Suppose we have a set of individual constant symbols X5 = {a, d}, a set of
variables X = {x, y}, and a set of two-argument predicate symbols Ef = {pL, pr}.
Let us assume that they are all elements used for defining atomic formulas. Let us
determine a universe U/ as shown in Fig.6.1a. As we can see, the universe consists
of a certain car and a certain tree. Then, let us define an interpretation 7 as follows:
Z(c) = car, Z(t) = tree, Z(py) = left_of, Z(pg) = right_of (cf. Fig. 6.1b) and the
following holds: tree is right_of car and car is left_of tree (cf. Fig.6.1c). We can
describe it by (tree, car) € right_of and (car, tree) € left_of. A pair (U, Z) is called
a structure and we denote it by 2.

Fig. 6.1 An example of

FOL semantics: a the (a)
universe, b the interpretation, Universe = @
¢ the structure w car ’

tree

(b)
I e N

car
tree

p,) = left of 1(Pe) = right of

(c) right of
>
Structwre = (U, I): [ 6 dl left of %
<

car
tree
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Before we discuss the semantics of formulas, we have to define an interpretation
(value) of a term. For variables* we introduce, firstly, an assignment (valuation),
which is denoted by p. It assigns an element of the universe to a variable. Let us
assume e.g., that p(x) = car, o(y) = tree. After determining the assignment p, we
are able to define an interpretation for a term ¢, which in our case is a variable, in

2A
a structure 2. This is defined as follows: [ 7], = o(#). Thus, for our variables the

following holds: [Ix]]zl = o(x) = car, and []y]]zl = o(y) = tree.

Now, we can discuss the issue of relating FOL formulas to an aspect of the
world they describe. First of all, we would like to know whether a certain formula ¢
describes a “part” of the world in an adequate way. If yes, we say that the formula is
satisfied in the structure 2 under the assignment o, which is denoted (A, p) = .

Let us consider the satisfaction of a formula, continuing our example of the uni-
verse which consists of the car and the tree. We will consider a simple atomic
formula of the form: py (x, y). Thus, we ask whether:

& 0) EpLx, y). (6.1)

According to the definition of satisfaction of a formula,’ for a predicate symbol p

2A 2A
it is assumed that: (A, o) = p(#1, ..., t,) if and only if(l]tll]g s ﬂtn]]g) e p2.
Thus, we can write (6.1) as:

A A
(Ix1,. [1,) € left_of. (6.2)

After applying the definition of an interpretation of a variable with the help of an
assignment, expression (6.2) can be written in the form:

(o(x), 0(y)) € left_of. (6.3)

Finally, after applying the assignment defined previously we obtain:
(car, tree) € left_of. (6.4)

This is consistent with the definition of the structure 2[. Thus, the formula p; (x, y)
is satisfied in the structure 2 under the assignment p.

A hierarchy of characteristics of formulas from the semantic point of view is
presented in Appendix C.1. A valid formula (tautology) is at the top of the hierarchy.
Such a formula is satisfied in every structure under every assignment.

In Al systems we do not verify formulas in the way presented above for practical
reasons. Systems used for the verification of unknown formulas infer on the basis of

4We do not discuss here all definitions related to the FOL semantics. They are included in Appendix
C.1.

3See Definition C.12 in Appendix C.1.
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formulas which are considered to be true.® These systems consist of at least the two
following components.

e Axioms are formulas which are considered to be true. They constitute the basic
knowledge base in a reasoning system.
e Rules of inference are patterns which are used to derive new formulas from

known formulas. A rule of inference is written in the form %, where
17 2’ AR ] k
D1, P2, - .., @y are input formulas and 11, 1, ..., ¥ are the resulting formulas.

The modus ponendo ponens rule is one of the fundamental rules of inference. It

is formulated as follows:
=P,

G

The rule says that if there are two formulas and the first formula is of the form of an
implication and the second formula is an antecedent of this implication, then we can
generate the formula which is the consequent of this implication.

The universal instantiation rule is also a very useful rule:

(6.5)

(Vx € X) p(x)

pl@,aecX’ ©.6)

where a is an individual constant symbol. Intuitively, the rule says that if something
is true for each element of a class of individuals, then it is true for a particular element
of this class.

In our further considerations we will also use the material implication rule:

=1

. 6.7
oV (6.7)

The rule allows us to replace an implication with a disjunction.
Now, we present a simple example of processing in a reasoning system. Let us
assume that a knowledge base contains the axiom:

Vx[barks(x) = is_dog(x)]. (6.8)
Let us assume that we can add our new axiom to the knowledge base after making
some observation:

barks(Norcia). (6.9)

(We have observed that an individual Norcia is barking.)

SFormal notions, which concern reasoning in logic are contained in Appendix F.2.
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Now, we can ask the question “Is Norcia a dog?” to the reasoning system:
is_dog(Norcia) (?77). (6.10)

In other words, we would like to ask the system to “prove” theorem (6.10) on the
basis of its axioms and with the help of rules of inference.
First of all, the system applies the universal instantiation rule (6.6) to the axiom
(6.8):
Vx[barks(x) = is_dog(x)]

: . — (6.11)
barks(Norcia) = is_dog(Norcia)
which results in generating the formula:
barks(Norcia) = is_dog(Norcia). (6.12)

Then, the system applies the modus ponendo ponens rule (6.5) to formulas (6.12)
and (6.9):

barks(Norcia) = is_dog(Norcia), barks(Norcia)

- - (6.13)
is_dog(Norcia)

which results in generating the formula:
is_dog(Norcia). (6.14)

Thus, the system answers “Yes” to our question (6.10).

6.2 Reasoning with the Resolution Method

In the previous section the general idea of processing in an Al system based on logical
reasoning has been presented. In practice, such a way of reasoning is not convenient
for designing Al systems. Such systems should be able to reason on the basis of a few
rules of reasoning and facts. The resolution method developed by J. Alan Robinson’
allows us to construct efficient logic-based reasoning systems.

The resolution method is based on theorem proving by contradiction (in Latin
reductio ad absurdum).® In order to prove a proposition, we firstly deny it and then
show that this results in a contradiction with respect to true assumptions. The method
can be defined in the following way.

7John Alan Robinson—a philosopher, mathematician, and computer scientist, a professor of Syra-
cuse University. His research mainly concerns automated theorem proving and logic programming.
He is a founder of the prestigious Journal of Logic Programming.

81t means: reducing to absurdity.
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e If we want to prove that a formula v, which is our hypothesis, results from a set

of formulas ¢y, ¢», ..., @,, which are our axioms, then
e we create the negation of the formula —, we add this negation to the set of
formulas ¢y, @2, ..., @y, and we try to derive the empty clause, denoted by [,

which represents the logical value False.

If we succeed in deriving the empty clause, then this means that the formula )
follows from the set of formulas ¢y, ¢, ..., @,. Thus, the reasoning system proves
the formula ¢ from the axioms.

Now, let us introduce a rule of inference for the resolution method. The resolution
rule can be defined in its simplest form in the following way®:

—aVv B, avy
BV

where the resulting formula 3V +y is called the resolvent of the input formulas —«a Vv 3
and « V +; the input formulas are called clashing formulas.

Each formula appearing in the rule (6.15) is of the form of a disjunction, which
consists of an atomic formula or a negated atomic formula. The first type of atomic
formula is called a positive literal, the second type is called a negative literal. A
formula which is a disjunction of finite literals (positive or negative) is called a
clause. A single literal is a specific case of a clause.

Users of Al reasoning systems often write formulas in a knowledge base in the
form of an implication, because of its intuitive character. We also have defined a
formula (6.8) as an implication: “If x barks, then x is a dog.” On the other hand,
in order to use the resolution rule, one has to formulate a formula as a disjunction
(clause). We can transform an implication into a disjunction with the help of the
material implication rule (6.7). Then we obtain a clause that contains at most one
positive literal,'” i.e., a Horn clause.'!

Returning to the form of the resolution rule, let us notice that its special cases
include a rule of the form:

(6.15)

- \%
M, (6.16)
v
and the rule of deriving the empty clause:
—a, «
- 6.17
0 (6.17)

°In the general case the resolution rule is defined for disjunctions consisting of any (finite) number
SV VeV G, a VALV Vo,

BV VBNV
101f an implication formula is of the form: “If Condition-1 and Condition-2 and ... and Condition-n,
then Result”, formally speaking C; A C2 A -+ - A C, = R, then we generate a clause =C; vV —C V
.-V =Cy, Vv R. This clause contains at most one positive literal.

of elements in the following way:

1 Alfred Horn—a professor of mathematics at the University of California, Berkeley. He introduced
this form in 1951. His research results in the areas of universal algebra and lattice theory are very
important in logic programming.
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Now, we consider how the resolution method can be used for our previous example
of Norcia, which barks. Let us begin from the step in which the universal quantifier
is removed from the axiom (6.8). Then, we have obtained a formula (6.12) in the
form of an implication. Now, we have to transform it into the form of a clause. We
do this with the help of the material implication rule (6.7):

barks(Norcia) = is_dog(Norcia)

, 6.18
—barks(Norcia) V is_dog(Norcia) ( )
and we generate an equivalent formula of the form:

—barks(Norcia) V is_dog(Norcia). (6.19)

Now, we can use the resolution method. In order to prove clause (6.10), we create
its negation:
—is_dog(Norcia) (6.20)

and we try to derive the empty clause from a set containing axioms and the negated
clause. In our case we use formula (6.16), since hypothesis (6.20) is of the (special)
form of an atomic formula (not a disjunction).

There are two clauses, (6.9) and (6.19), in our set of axioms. Let us choose clause
(6.19) for applying in the resolution rule. After an application of the resolution rule
to clauses (6.19) and (6.20), i.e.,

—is_dog(Norcia), —barks(Norcia) V is_dog(Norcia)

6.21
—barks(Norcia) ( )

we obtain a new clause:
—barks(Norcia). (6.22)

Let us apply the resolution rule once more, this time to the newly generated clause
(6.22) and the second clause from the set of axioms (6.9). As we can see below, we
obtain the empty clause according to rule (6.17):

—barks(Norcia), barks(Norcia)

= (6.23)

Summing up, negating a clause-hypothesis (6.10) and using this negation with
the set of axioms, we are able to derive the empty clause with the resolution method.
This means that the clause (6.10) follows from the set of axioms, so the reasoning
system has completed the proof.

A single proof step with the resolution method can be represented by the tree
shown in Fig. 6.2a (cf. formula (6.15)). Leaves of the tree correspond to clashing
clauses. The root of the tree represents a resolvent. A complete proof is represented
with the help of a resolution tree, which shows succeeding proof steps, as illustrated
for our example in Fig. 6.2b.
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(a) Javp avy
Bvy
(b)
(6.20) 1 is_dog(Norcia) (6.19) is_dog(Norcia) v 1 barks(Norcia)
(6.22) 1 barks(Norcia) (6.9) barks(Norcia)

7

After introducing the main idea of the resolution method, we discuss a certain
problem related to its practical application. It concerns matching input formulas
during an application of rules of inference. Let us assume that we would like to use
rule (6.5). Input formulas are expressed in the form: ¢ = 1), . Of course, this does
not mean that the antecedent of an implication of the first formula and the second
formula should be the same literally. It is enough that they can be transformed into
the same form with suitable substitutions. We can replace variables with terms.'?
The operation of transforming formulas to the same form by a substitution is called
unification of these formulas. For example, let two formulas be given: a formula «
of the form:

Fig. 6.2 A resolution tree

—P(x, f(w) ARz, d) = Q(g(b), y), (6.24)
and a formula  of the form:
—=P(a, w) AR(c,d) = Q(v,y). (6.25)
In order to unify them we should use the substitution:

o ={a/x,c/z.fw)/w, g(b)/v}. (6.26)

120f course, not all substitutions are allowable. For example, the replacement of a variable with a
term which contains this variable is not allowed.
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(The notation a/x has the following interpretation. If x occurs in a formula, then
replace x with a.)

Then an application of the substitution ¢ to the formula « gives the formula
denoted o], which is of the form:

—P(a,f(w) AR(c,d) = Q(g(b), y), (6.27)

and an application of the substitution o to the formula (3 gives the formula denoted
Blo], which is of the form:

—P(a,f(uw) AR(c,d) = Q(g(D), y). (6.28)

As one can see, formulas a[o] (6.27) and ([o] (6.28) are identical. A substitution o
which causes formulas a[o] and [o] to be identical is called a unifier of o and (3.

6.3 Methods of Transforming Formulas into Normal Forms

In introducing the resolution method we have neglected a very important issue which
concerns its practical application. In Al systems we apply the resolution method to
formulas, which are expressed in special forms called normal forms. In this section
we will transform FOL formulas in order to obtain formulas in conjunctive normal
form.13 Before a formula gets into such a final form, it has to be transformed into
a series of temporary forms, which are the result of normalizing operations. These
operations are based on rules of FOL. Now, we present these operations and the
forms related to them in an intuitive way.'*

Firstly, a formula is transformed into negation normal form. The transformation
consists of eliminating logical operators of implication (=) and equivalence (<) and
then moving negation operators so that they occur immediately in front of atomic
formulas. For example, the formula:

Vx[—student(x) = [—on_leave(x) A —3y(attends(x,y) A course(y))]], (6.29)
after eliminating the implication operator is transformed into the following form:

Vx[——student(x) V [—on_leave(x) A —3y(attends(x, y) A course(y))]], (6.30)

13In the previous section, we have made use of the fact that the starting formula (6.19) was already
in conjunctive normal form.

14The rules of formula normalization are discussed in detail in monographs on the mathematical
foundations of computer science, which are listed at the end of this chapter in a bibliographical
note.
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and after moving negation operators it is transformed into the following negation
normal form:

Vx[student(x) V [—on_leave(x) A Vy(—attends(x, y) V —course(y))]]. (6.31)

Then, formula (6.31) is transformed into prenex normal form, by moving all the
quantifiers to the front of it, which results the following formula:

VxVy[student(x) Vv [—on_leave(x) A (—attends(x, y) V —course(y))]].  (6.32)

As we can see, in the case of our formula all variables are inside scopes of universal
quantifiers. Thus, the quantifiers are, somehow, redundant and we can eliminate
them, > arriving at the following formula:

student (x) Vv [—on_leave(x) A (—attends(x, y) V —course(y))]. (6.33)

A certain problem related to quantified variables can appear when we move quan-
tifiers to the front of formulas. We discuss it with the help of the following example.
Let a formula be defined as follows:

Vx[Vy[P(x,y) vV Q(x, I A Fy[R(Y) V S, 0] (6.34)

One can easily see that the first variable y (after the quantifier V) “is different” from
the second y (after the quantifier 3). Therefore, before we move quantifiers to the
front of the formula we have to rename variables so that they are distinct.'® Thus,
we transform formula (6.34) to the following formula:

Vx[Vy[P(x,y) vV Q(x, ] A Fz[R(z) V S(z, 0)]]. (6.35)

In our considerations above we have said that universal quantifiers can be elim-
inated after moving quantifiers to the front of the formula. And what should be
done with existential quantifiers, if they occur in a formula? If existential quantifiers
occur in a formula, we make use of the method developed by Skolem'” [276], called
Skolemization. We define this method in an intuitive way with the following example.

Let a formula be of the following form:

Vx[ —likes_baroque_music(x)V

Ay( likes_music_of (x, y) A baroque_composer(y))]. (6.36)

15We can just keep in mind that they are at the front of the formula.

16 After moving quantifiers to the front we do not see which quantifier concerns which part of a
conjunction.

"Thoralf Albert Skolem—a professor of mathematics at the University of Oslo. His work, which
concerns mathematical logic, algebra, and set theory (Lowenheim-Skolem theorem) is of great
importance in the mathematical foundations of computer science.
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The second part of the disjunction says that there is such a person y that a person x
likes music composed by y and y is a baroque composer. If so, then—according to
Skolemization—we can define a function F, which ascribes this (favorite) baroque
composer to x, i.e., F'(x) = y. Now, if we replace y with F'(x), then we can eliminate
the existential quantifier Jy in formula (6.36).'® Thus, we can transform formula
(6.36) into the following formula:

Vx[ —likes_baroque_music(x)V
(likes_music_of (x, F(x)) A baroque_composer(F (x)))]. (6.37)

In the general case, we can formulate Skolemization in the following way:

e analyze successive quantifiers left-to-right,

e if an existential quantifier of the form Jy is preceded by universal quantifiers:
Vx1, V¥xa, ..., Vx,, then introduce a unique function F(xy, x2, ..., x,), replace all
occurrences of the variable y with the function F'(x, x5, . .., x,), and remove 3y,

e if an existential quantifier of the form Jy is not preceded by any universal quantifier,
then introduce a constant a, replace all occurrences of the variable z with the
constant a, and remove 3z.

The function F(xy, x2, . . ., X,) is called the Skolem function. The constant a is called
the Skolem constant.

At the end of this section let us come back to our previous example concerning a
student. We have transformed the formula into a form without quantifiers (6.33). We
can transform formula (6.33) into Conjunctive Normal Form, CNF." Our formula
in the CNF form is expressed as a conjunction of disjunctions in the following way:

(student (x) v —on_leave(x)) A
(student(x) Vv —attends(x, y) V —course(y)). (6.38)

The Conjunctive Normal Form is the final result of our normalization operations.

6.4 Special Forms of FOL Formulas in Reasoning Systems

Formulas expressed in Conjunctive Normal Form are frequently simplified further
in reasoning systems for better efficiency of formula-matching algorithms. Since we
know that a CNF formula is a conjunction of clauses, we can eliminate conjunction
symbols and divide the formula into simpler axioms. Such simpler axioms are stored

18 After such a replacement the variable y “disappears”, so the quantifier 3y does not quantify any
variable. As a result, we can eliminate it.

19We make use of a FOL rule of distribution of disjunction over conjunction:
[a VA& [(aV B AVl
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in a knowledge base. In our case formula (6.38) can be transformed into a set which
consists of two simpler clauses in the following way:

student (x) V —on_leave(x),
student (x) V —attends(x, y) V —course(y). (6.39)

The form used in the Prolog language is especially convenient for logic program-
ming. This language was developed by Alain Colmerauer and Phillippe Roussel in
1973 [57] on the basis of the theoretic research of Robert Kowalski, which concerned
a procedural interpretation of Horn clauses. Prolog is considered a standard language
used for constructing reasoning systems based on theorem proving with the help of
the resolution method. In order to transform the set of clauses (6.39) into the Prolog-
like form we have to transform them into CNF Horn clauses.?’ A Horn clause of the
form:

-V prV---Vp,Vh (6.40)

corresponds to the following formula in the form of an implication:
PLADPIA - Ap, = h. (6.41)
We can express it as follows:
h<=pi ApaA--- Apa, (6.42)
and in the Prolog language in the following way:
h:-p1,p2,...,Pn. (6.43)
Thus, our clauses from the set (6.39) can be written as:

student (x) <= on_leave(x),
student (x) < attends(x,y) V course(y), (6.44)

and in the Prolog program they can be written as the axioms-principles:

student(X) :- on_leave(X).  /* Axioms-principles in knowledge base */
student(X) :- attends(X,Y),course(Y).

Now, if we add to the Prolog program the following axioms-“facts”:

course(Logic). /* Axioms-facts in knowledge base */
attends(John Smith, Logic).

20 As we have mentioned above, a Horn clause contains at most one positive literal. The clauses in
(6.39) are Horn clauses, because each one contains only one positive literal student(x).
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then, after asking the following question to the system:
?- student(John Smith). /* Characters “?-” are written by the system */
the system answers us:
Yes

In knowledge bases of reasoning systems formulas are often stored in a special
form, which is called a clause form. It is especially convenient when using the
resolution method. In such a representation a clause is replaced by the set of its
literals. For example, the clause form for our set of clauses (6.39) is defined in the
following way:

{{student(x), —on_leave(x)},

{student (x), —attends(x, y) , ~course(y)}}. (6.45)

If we use such a representation, then a knowledge base can be constructed as one big
set consisting of clauses in the form of sets of literals.?!

6.5 Reasoning as Symbolic Computation

In this section we discuss an approach to reasoning treated as symbolic computation.
Abstract Rewriting Systems, ARSs, are formal models of symbolic computation. They
can be divided into Term Rewriting Systems, TRSs, String Rewriting Systems, and
Graph Rewriting Systems. Since symbolic computation is “implemented” with the
help of Term Rewriting Systems, this type of ARS is discussed in this section.??
Here a term means an element of the world description in the form of a constant,??
a variable, or a function.

Reasoning as symbolic computation relates to the physical symbol system hypoth-
esis introduced by Newell and Simon. This hypothesis, as has been discussed in
Chap. 1, reduces reasoning to automatically transforming (let us say rewriting)
expressions, which are built out of symbols. This automatic transformation takes

211f we combine clauses belonging to various formulas, we should, once more, rename variables
so that symbols of variables which belong to different formulas are also different.

22String Rewriting Systems and Graph Rewriting Systems are formal models for Al systems based
on generative grammars. They are introduced in Chap. 8.

231n the formal definition of a term, a constant does not occur explicitly, because a zero-argument
function is treated as a constant.
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place without a semantic interpretation of symbols and expressions.’* Instead, it is
based on applying term rewriting rules.”

Now, we define exemplary rewriting rules for an addition operation based on the
Peano axiomatic system,?® in which addition is defined as an operation fulfilling the
following conditions:

m+ 0 = m, m+ S(n) = S(m + n), (6.46)

where S is the successor operation (generating the next natural number). We can
interpret these rules in the following way. If we add 0 to any number, then nothing
changes. The addition of m and a successor of n is equal to the result of adding m
and n and taking successor of the result of this addition. If we define addition in such
a way, we can define successive natural numbers as follows:

0=0,

1= 5(0),

2=S8(1) =S5(5(0)),

3=S8(2) =5(8(1) = S(5(5(0))), (6.47)
—_——

3 times

Now, we can define the addition operation with the help of two rules corresponding
to definition (6.46):

ri . A(m,0) — m, r: A(m,S(n)) — S(A@m,n)), (6.48)

where A(m, n) means m + n. The expression on the left of an “arrow” is called the
left-hand side of a rule and an expression on the right of an “arrow” is called the
right-hand side of a rule. An application of a rule to a term during its rewriting
consists of matching the left-hand side of a rule to the term and transforming the
term according to the right-hand side of the rule.

The rule r, can be interpreted in the following way. If a term (or its part) is of the
form of an operation A for two arguments (i.e., A(. .., ...)) and the first one is of any
form (i.e. m) and the second argument is of the form of the successor of an expression
n (i.e., S(n)), then replace this term (or the part matched) with a term of the form: the

24This does not mean that these symbols and expressions have no meaning. Adherents of the
physical symbol system hypothesis only claim that during automated reasoning referring to meaning
(semantics) is not necessary.

25 Applying the rules of inference in logic introduced in the previous sections is a good analogy to
applying term rewriting rules.

26Gijuseppe Peano defined arithmetic operations for natural numbers with the help of one constant—
zero—and one operation—successor.
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successor (i.e., S(...)) of the result of the operation A (i.e., S(A(..., ...))), which
has been applied to expressions m and n (i.e., S(A(m, n))).

Letus add 2 to 3, which means transforming the expression 2+ 3, strictly speaking
the expression: A(S(S(0)), S(S(S(0)))), with the help of our term rewriting rules.

A(S(S(0)), S(S(S(0)))) = S(A(S(S(0)), S(S(0))))
2 S(S(A(S(S(0)). S(0)))) (6.49)
2 S(S(S(A(S(S(0), 0)))))
- S(S(S(S(S0)))).

We have transformed the initial expression to a correct final expression, which denotes
the fifth successor of zero and means the number 5 according to the definition (6.47).
Indices above arrows are the indices of the rules applied. Let us notice that the goal of
such a rewriting process can be defined as the reduction of the second element of the
sum to zero by the multiple use of the second rule followed finally by an application of
the first rule, which eliminates the operation A. The reduction of the second element
of the sum (following rule r,) consists of taking away a single character S from this
element and embedding the character S before the symbol of the addition operation A.

We have used the words: taking away and embedding deliberately in order to
describe the process of applying rules r; and r; to transform the expression 2 + 3.
These words convey the essence of symbolic computation, which consists of rewriting
terms without analyzing what they mean. Let us imagine somebody who does not
know what addition is. If we teach this person how to apply rules r; and r, and how to
represent natural numbers (6.47), then this person will not know that he/she is adding
two numbers when transforming the expression 2 + 3 according to these rules.?’

Since we do not use the meaning of an expression in symbolic computation, we
should ensure the formal correctness of such reasoning. Let us return to our term
rewriter, who does not know that he/she is adding. If he/she does not know this, then
maybe he/she does not know when rewriting should be finished. (For example, if
the term rewriter finishes after two steps, then he/she does not know whether the
expression generated is the final expression, i.e., the result.) Therefore, we introduce
the following principle in rewriting systems: a rewriting process should be continued
as long as the latest expression can be transformed. In other words, a rewriting
process is finished only if there is no rule of the rewriting system which can be
applied, i.e., the system cannot match the left-hand side of any rule to any part of the
latest transformed expression. An expression that cannot be transformed with any
rewriting rule is called a normal form. Let us notice that the final expression in our
example is a normal form.

The second important issue can be formulated in the following way. Does the
order of rule applications influence the final result of rewriting? In our example such
a problem does not appear, since the order of rule applications is determined by

27Such a situation is analogous to the “Chinese room” thought experiment discussed in Chap. 1.


http://dx.doi.org/10.1007/978-3-319-40022-8_1

6.5 Reasoning as Symbolic Computation 83

their form.”® However, in the general case there is more than one possible sequence
of rule applications. If we constructed a rewriting system, which allowed us to add
more than two addends (in one expression), then there would be more alternative
sequences for obtaining the final result. Still, we should obtain the same final result
of such an addition regardless of the order of term rewriting. If the final result of
rewriting terms in a system does not depend on the rewriting order, then we say that
the rewriting system has the Church-Rosser property.?® Of course, this property of
the system is required.

At the end of our considerations concerning term rewriting systems, we show a
way of implementing our rewriting rules (6.48) for adding numbers according to the
Peano axioms (6.46) in the Lisp programming language. Let us define a function add
(m n), which corresponds to the operation A (m, n). This function checks whether the
second addend equals zero. If yes, then the function gives m as the result according
to the rule ;. If no, then it gives the successor of the sum of the first addend and the
predecessor of the second addend, according to rule 7;.

(defun add (m n)
(if (zerop n)
m
(successor (add m (predecessor n)))
)
)

Now, we introduce one of the most popular term rewriting systems, i.e., lambda
calculus (\-calculus)?', which was developed by Alonzo Church and Stephen C.
Kleene in the 1930s.3? This calculus was used for answering the so-called Entschei-
dungsproblem (decision problem) proposed by David Hilbert during the International
Congress of Mathematicians in Bologna in 1928. The Entscheidungsproblem is the
problem of the solvability of First Order Logic. It can be formulated with the follow-
ing question: Is there an effective general computation procedure that can be used for
deciding whether any FOL formula is a valid formula (tautology)? The problem is of
great importance, because it relates to an old philosophical issue: Can any (deductive)

281 we perform an addition m + n, then always we have to apply n times the rule r; and at the end
we have to apply once the rule r|. This is the only possible sequence of operations.

2 John Barkley Rosser, Sr.—a professor of mathematics, logic, and computer science at the Univer-
sity of Wisconsin-Madison, a Ph.D. student of Alonzo Church. An author of excellent publications
in logic, number theory, and ballistics.

30For example, a “system of cooking” does not have the Church-Rosser property, which is known
to the author of this monograph from personal experience. Any time I replace a model sequence of
culinary operations (by mistake, of course) by another one, I obtain an unacceptable result.

31We consider here the untyped lambda calculus.

32The second such popular system, namely combinatory logic, was introduced by Moses Schon-
finkel in 1920. The ideas of Schonfinkel were further developed by Haskell Brooks Curry in 1927.
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reasoning be automatized? In 1936 Church showed with the help of lambda calculus
that the answer to this question is negative [48].%

Lambda calculus is a formal system in which theorem proving has the form of
symbolic computation. As we have discussed above, during such a computation, we
transform (rewrite) expressions without analyzing what they mean.

Now, let us try to answer the question: What do we have in mind saying “rewriting
expressions without analyzing what they mean”? Let us notice that if we have to
transform an expression 2 3 or an expression 32 (in the sense of obtaining a result),
then we should know how to multiple numbers and how to exponentiate numbers.**
However, expressions of the form x xy or x” do not give any information on how they
should be computed. By contrast, in lambda calculus expressions contain information
on how they should be computed. This concerns a numeric calculus (arithmetic
operations, etc.) as well as a symbolic calculus (such as logical reasoning). Moreover,
these expressions are defined in such a way that they, somehow, compute themselves
automatically. (We show such a computation process below.)

Now, let us introduce the fundamentals of lambda calculus. For a novice reader
its notions and notational conventions can seem to be a little bit peculiar, but as we
see further on they are convenient for the purpose of symbolic computation. Let us
begin by introducing an infinite (countable) set of variables™:

V=A{ab,c ... z,a1,bi,c1,...,21,0a2,b2,...}. (6.50)

Such variables are treated as functions in lambda calculus. Thus, for example, instead
of using the following notation:

f@, (6.51)

we denote it as follows:
1z, (6.52)

which can be interpreted in two ways: either as the process of computing fz or as a
result of such a computation.*® An operation f7 is called the application of f to (an
argument) z.

3Independently, A.M. Turing showed the same with the help of his abstract machine (now called
a Turing machine) in 1937 [306].

34In our example a term rewriter did not know how to add numbers, but he/she had two rules which
allowed him/her to perform addition (in an automatic way).

35We define notions in a simplified way, since we introduce lambda calculus in this section in an
informal way. Therefore, we omit the subtle difference between lambda expression and lambda
term (which is the equivalence class of lambda expressions), etc. Formal definitions which concern
lambda calculus are contained in Appendix C.3.

30Let us notice that we have already met such a situation, when we considered term rewriting
systems. For example, an expression S(S(S(0))) can be interpreted either as the process of computing
the third successor of the constant O or as a result of this computation, i.e., 3—-see formula (6.47).
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A lambda abstraction (A-abstraction) is the second basic notational convention
of lambda calculus. Let M = M[x] be an expression which contains x (i.e., it depends
on x), for example x + 5. Now, if we want to define it as a function, then we use a
convention of the form x — M|[x] and we write it as follows:

X x+5. (6.53)

In lambda calculus, we use a special convention for defining a function, which is of
the form A\x.M|x]. Therefore, we write our function as follows:

Ax.x +5. (6.54)

The expression x + 5 is called the body of the lambda abstraction (function).
The constructs introduced above, i.e., variables, expressions defining applications,
and expressions denoting a lambda abstraction are called lambda expressions.
After defining our example function as alambda abstraction, we can use it for some
argument, i.e., we can perform an application of the function to some argument, let
us say to the number 7. According to convention (6.52), we can write this as follows:

Ox.x +5)7, (6.55)

where f from formula (6.52) corresponds to our function (Ax.x + 5) and z, which
occurs in formula (6.52), corresponds to the argument 7. Of course, such an appli-
cation consists of replacing the parameter x which is contained in the body by the
argument 7. Thus, we obtain:

745. (6.56)

Let us denote the operation of replacing all occurrences of x in an expression M by
N in the following way:
M[x := NJ. (6.57)

Then, our operation of transforming expression (6.55) into expression (6.56) can be
defined with the help of the following rewriting rule:

(AX.M)N — 5 M[x := NI. (6.58)

This rule, called a 3-reduction, is the basic rewriting rule in lambda calculus and the
fundamental mechanism of symbolic computing in this calculus.

Now, we extend the definition of a lambda abstraction to multi-argument func-
tions. A multi-argument function is defined with the help of successive applications
(iteratively) performed for subsequent arguments.’” For example, a function of two
arguments,

3T This technique is called currying (as a reference to H.B. Curry) or Schénfinkelisation (referring
to M. Schonfinkel).
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X, y) = x+2xy, (6.59)

is represented by the following lambda abstraction (the body of the lambda abstrac-
tion is put in square brackets for clarity of notation):

Ax.(Ay.[x 4+ 2 % y]). (6.60)

Let us compute it for a pair (x,y) = (3,7). The computation is performed by the
application
Ax.(Ay.[x +2xy])37 (6.61)

in the following steps. Firstly, an application is performed for the argument x (the
place in which the application is performed is underlined):

Ax.(Ay.[x +2xy]) 37 (6.62)

and we obtain:
Ay [3+2%y]7. (6.63)

(Let us notice that \x has disappeared, since after replacing the variable by the
argument 7 there is no x in the body.) Secondly, we perform an application for y:

Ay [3+2%yl7, (6.64)
and we obtain the following final result:
34+2x%7. (6.65)

Instead of writing Ax.(A\y.M)), we use a simplified notation: Ax.\y.M or an even
briefer convention: Axy.M. (Of course the convention can be used for n arguments:
AX1X00X3 ... X, M)

Let us introduce the following notions. An operator \ binds variables in a similar
way as quantifiers do. A variable x which is in the scope of the binding of the operator
A in an expression M is called a bound variable of this expression. Otherwise, the
variable is called a free variable. For example, in expression (6.60) both variables x
and y are bound. In the expression \xy.x + y + z variables x and y are bound and
variable z is a free variable.

Our examples of term rewriting have finished with expressions of the forms (6.56)
and (6.65). However, we have promised to show the reader how lambda expressions
compute themselves automatically. At the beginning of this section we have intro-
duced examples in a simplified form, because we have not wanted to complicate
the lambda calculus notations, which are not intuitive for a beginning reader. Now,
since the reader knows these notations, we can introduce more complex forms which
allow us to illustrate self-computing of lambda expressions. For this purpose we use
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an example of arithmetic of natural numbers, which has been discussed for abstract
rewriting systems.

Firstly, we introduce a representation of natural numbers in the form of Church
numerals:

0 = Asx.x,
1 = Asx.sx,
2 = Asx.s(sx), (6.66)

3 = Asx. s(s(sx)),
—_—

3 times

One can easily notice that such a representation is analogous to the definition of
natural numbers in the Peano axiomatic system (6.47).
The operation successor is defined in lambda calculus in the following way:

S = Ansx.s((ns)x). (6.67)

For example, let us apply this operation to the number 2, i.e., let us perform the
symbolic computation S 2. Firstly, however, let us notice that we have used the same
variables s and x for defining expressions given by formulas (6.66) and (6.67). These
expressions are different from one another. Thus, if we used variables s and x of
both formulas in the same expression, then such an accidental combination would
be improper.>® On the other hand, replacing variables s and x by variables ¢ and y,
respectively, in the definition of the number 2 in (6.66) does not change its definition.
Therefore, we perform such a replacement in the following way:

2 = \y.t(ty). (6.68)

Such a treatment of bound variables of expressions as equivalent ones (e.g., Asx.s(sx)
and Aty.t(ty)) is called an alpha-conversion.

Now, we can compute S 2. Firstly, let us replace S by a lambda expression accord-
ing to (6.67), and let us replace 2 by a lambda expression according to (6.68):

S 2 = Ansx.s((ns)x) Aty.t(ty) . (6.69)
Now, we perform an application of the first expression to the second one (8-

reduction), i.e., the variable # in the first expression is replaced by the second expres-
sion Aty.t(ty)>:

38We have met an analogous problem when we discussed methods based on FOL in a previous
section—cf. formulas (6.34) and (6.35).

39Both the variable which is replaced and the expression which replaces it are underlined.
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S2 = Ansx.s((ns)x) Aty .t(ty) — 5 Asx.s((Aty.t(ty)s)x). (6.70)

Let us notice that the variable n placed immediately after A disappears, since after
the replacement there are no variables n in the body of the expression. Then, the
variable ¢ in the expression Azy.f(ty) is replaced by the variable s, i.e., we perform
the second application (3-reduction):

Asx.S((Ay.1(2y) $)x) — 5 Asx.s(Ay.s(sy)x). (6.71)

This time, the variable ¢ placed immediately after the internal A disappears, since
after the replacement there are no variables ¢ in the body of the expression. Finally,
the variable y in the expression \y-s(sy) is replaced by the variable x, i.e., we perform
the last application (/3-reduction):

Asx.S(AY.s(sy)x) —> 5 Asx.s(s(sx)) = 3. (6.72)

As we can see, the starting expression has computed itself with the help of a sequence
of 3-reductions. We have obtained the number 3, according to the Church numerals
(6.66), as the successor of 2.

An implementation of the successor operation (6.67) in a dialect of the Lisp
language (the Scheme language) consists, in fact, of rewriting this expression:

(define succ
(lambda(n)
(lambda(s)
(lambda(x)

(s((ns)x))))))

We have presented the basic ideas of the lambda calculus with the help of simple
examples, because of the very formal notational conventions of this system. In fact,
we can define all programming constructs by lambda expressions. Kleene formulated
the Church-Turing thesis, which can be interpreted in the following way: every
effectively computable function is computable by the lambda calculus.*’ The lambda
calculus is so attractive in Artificial Intelligence, since all functions, operations, etc.
can be defined in a constructive way, i.e., its expressions contain information on
how to obtain the final result. As we have shown above, such expressions compute
themselves really.

40The (universal) Turing machine and recursively definable functions are models which are equiv-
alent to the lambda calculus, according to this thesis.
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An analogy between proving theorems in (intuitionistic) logic and the lambda
calculus was discovered by H.B. Curry*! and W.A. Howard,*? independently. The
analogy is known as the Curry-Howard isomorphism.*

In the first chapter we have mentioned J. McCarthy, who in 1958—1960 developed
the programming language Lisp, which is based on the lambda calculus. Lisp is one
of two* classic languages in Artificial Intelligence. It (and its various dialects) is
still a very popular tool for developing Al systems.

Bibliographical Note

Monographs [7, 184, 212] are good introductions to constructing logic-based Al
systems.

Prolog programming is presented in [37, 53, 162, 288].

Monographs [20, 46, 81, 177, 181, 244, 317] are recommended for logic funda-
mentals used in computer science.

Basic monographs in the area of rewriting systems include [ 14, 24], and for lambda
calculus [16, 17, 135, 200]. Lisp programming is presented in [286, 304].

4!Haskell Brooks Curry—a mathematician and logician, a professor at the Pennsylvania State
University. David Hilbert and Paul Bernays were his doctoral advisors. The functional programming
languages Haskell and Curry are named after him.

42william Alvin Howard—a mathematician and logician, a professor at the University of Illinois
at Chicago. Author of well-known papers in proof theory.

43The analogy concerns typed lambda calculus.
44Prolog, introduced in Sect. 6.4, is the second classic language in AL



Chapter 7
Structural Models of Knowledge
Representation

Constructing so-called ontologies' is one of the main goals of applying structural
models of knowledge representation, which have been introduced in Sect.2.4. In
Artificial Intelligence and in computer science, an ontology? is defined as a formal
specification (conceptualization) of a certain (application) domain which is defined
in such a way that it can be used for solving various problems (in the scope of this
domain) with the help of general reasoning methods.? Such a specification is of the
structural form. It can be treated as a kind of encyclopedia for the domain which
contains descriptions of notions, objects, relations between them, etc.

Automated reasoning with a general technique is possible if we separate the
domain knowledge from this generic (for a given technique) reasoning scheme.
Semantic networks, frames, and scripts are typical structural models for representing
domain knowledge. We introduce them in the next three sections.

When we introduce notions concerning structural models of knowledge represen-
tation, we refer to the corresponding definitions and notations of description logics.
These logics were introduced in the 1980s and the 1990s as formal models of ontol-
ogy representations in Artificial Intelligence. They are used, as well, for constructing
efficient generic reasoning schemes, which are mentioned above.*

! Although there is an analogy between the notion of ontology in computer science and the notion
of ontology in philosophy, we should differentiate between the two notions. In philosophy ontology
is the study of being, its essential properties and its ultimate reasons.

2The system Cyc, which is developed by D. Lenat, is one of the biggest Al systems based on an
ontology-based approach.

3Such standard reasoning methods are analogous to a universal reasoning scheme, which is discussed
in a previous chapter.

4Description logics are introduced formally in Appendix D.
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7.1 Semantic Networks

Semantic networks were introduced by Allan M. Collins and Ross Quillian in 1969
[56] as a result of their research into (natural) language understanding. They assumed
that formulating knowledge in the form of a set of notions which relate to one another
allows us to understand this knowledge better. Therefore, knowledge systems are
constructed in just such a way. For example, in mathematics we introduce succes-
sive notions referring to the notions defined already. This is shown for geometry
in Fig.7.1a. Let us notice that notions which are successively introduced (from top
to bottom in the figure) are particular cases of notions which have been introduced
already. In other words, a new notion has all the properties of its predecessor notions
and it has also new specific properties. Thus, a notion which is introduced later
constitutes a subclass of a notion which has been introduced earlier. For example,
Trapezoid is a subclass of Quadrilateral, which in turn is a subclass of Polygon, etc.
This relation is represented by directed edges, which are labeled by is subclass in
semantic networks. In description logics we talk about general concept inclusion and
we denote it as follows:

Trapezoid T Quadrilateral,
Quadrilateral T Polygon, etc.

We construct taxonomies in the natural sciences to systematize our knowledge in
such a way. For example, a part of such a taxonomy defined for the notion of Animals
is shown in Fig.7.1b. Let us notice that concept inclusion is also defined in this case,
i.e., classes which are placed at lower levels are subclasses of certain classes placed
above.

Sometimes we define an ontology (or its parts) in such a way that new concepts are
constructed with the help of a few simple elementary notions. Such simple elementary
notions are called atomic concepts. For example, for a “color ontology” we can
assume the following atomic concepts, which correspond to primary colors’: red
(R), green (G), blue (B). Then, we can define successive (complex) concepts: yellow
(Y) = red mixed with green®; violet (V) = red mixed with blue; white (W) = red
mixed with green mixed with blue. In a description logic such a definition of complex
concepts (here, colors) is expressed in the following way:

Y=RUG,
V =RUB,
W=RuUGUB.

5In the RGB (Red-Green-Blue) color model.

OWe assume that secondary colors are obtained with the help of additive color mixing, i.e., by
mixing visible light from various colored light sources.
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(a) ‘ Geometric figure ‘
is subV wbclass
‘ 3D figure ‘ Plane figure ‘
/ is Subw;ubclass is subclass
o ‘ Ellipse ‘ ‘ Polygon . Parabola
is subclas/ \is subclass
‘ Triangle ‘ ‘ Quadrilateral LER]
/ is subclass / is subclas‘s\is subclass
LEL] ‘ Trapezoid ‘ ‘ Rhomboid ‘ ‘ Rectangle n

Animals

is subclass

Eumatazoa

Tetrapods
is subclass is subclass

(b) is subclass

Parazoa

Amphibians ‘ Amniotes
is subclass
is subclass is subclass
Reptiles ‘ ‘ Birds |s=s| Mammals ‘

Fig. 7.1 Examples of simple semantic networks (ontologies): a in geometry, b in biology

Objects are the second generic element of semantic networks. Objects represent
individuals of a certain domain. We say that objects are instances (examples) of a
certain class (concept). For example, an object John Smith (a specific person having
this name and this surname, who is identified in a unique way by a Social Security
number) can be an instance of a class American. The existence of such an instance
(in this case, a person) is represented by American(John Smith) in descriptive logics.
Let us notice that a class (concept) can be treated as a set of objects. We introduce a
relation is (is a) in semantic networks for denoting the fact that an object belongs to
a class.

For example, a part of a semantic network which contains two objects John Smith
and Ava Smith, and their characteristics is shown in Fig.7.2a. As we can infer from
this representation, the object John Smith is a male and a colonel. The class colonel
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Physician

(a) Officer

is subclass is subclass is subclass is subclass

Junior officer ‘ ‘ Senior officer ‘ ‘Neurologist ‘ Urologist

-
is
is
Ava Smith

(b)

Female

is is
spouse
John Smith Ava Smith
o Ava smith)

parent parent sibling Mary Brown

Paul Smith

Jack Smith

(C) Female

Is

sibling

Jack Smith

Fig. 7.2 Examples of semantic networks: a containing objects, b defining roles, and ¢ a represen-
tation of a query in a system which is based on a semantic network

is a subclass of the class senior officer and the class senior officer is a subclass of
the class officer. The object Ava Smith is a female and a physician, strictly speaking
a neurologist.

Roles are the third generic element of semantic networks. Roles are used for
describing relations between objects (sometimes also between classes). For example,
we can introduce roles spouse, parent, and sibling in order to represent a genealogical
knowledge. A semantic network which represents a part of a genealogy ontology is
shown in Fig.7.2b. We see that, for example, John Smith and Ava Smith are the
parents of Jack Smith. In descriptive logics some roles represented by the semantic
network shown in Fig.7.2b can be defined in the following way:
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parent(Jack Smith, John Smith),
parent(Jack Smith, Ava Smith),
spouse(John Smith, Ava Smith), etc.

Similarly to the case of concepts, we can define complex roles on the basis of
simpler atomic roles (and concepts). For example, the role grandfather can be defined
as a parent of a parent and a male. The role aunt can be defined as a sibling of a
parent and a female.

A variety of reasoning methods have been developed in order to extract knowledge
from semantic networks. One of the simplest is the method of structural matching.
For example, if we would like to verify the validity of the following proposition:

Mary Brown is an aunt of Jack Smith,

then we should define a general structural pattern which represents such a proposition
and then we should check whether the pattern can be matched to some part of our
semantic network. A structural pattern for our proposition is shown in Fig.7.2c. Let
us notice that some elements are fixed and some elements are not fixed. The object
that is a parent for Jack Smith is not fixed. If we denote it by X, then we have:

parent(Jack Smith, X),

since when we look for an aunt of Jack Smith, it is unimportant whether she is a
sibling of his father or his mother. Of course, one can easily see that such a pattern
defined for the verification of our proposition can be matched to a part of the semantic
network shown in Fig.7.2b.

The efficiency of pattern matching methods is a crucial problem of reasoning
in semantic networks. A semantic network is a graph from a formal point of view.
As we know from computational complexity theory, this problem, i.e., graph pattern
matching, is of the non-polynomial complexity. Therefore, at the end of the twentieth
century intensive research was carried out for the purpose of constructing methods
of efficient graph processing. We discuss such methods in Chap. 8, in which graph
grammars are introduced.

7.2 Frames

Frames were introduced by Marvin Minsky in 1975 [203]. As we have mentioned in
Sect.2.4, a frame system can be treated as an extension of a semantic network. The
extension consists of replacing the nodes of a network by complex structures called
frames, which allow us to characterize objects and classes in a detailed way. In the
case of objects we talk about object frames and in the case of classes we talk about
class frames.
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A frame consists of slots, which are used for describing features and properties of
an object/concept precisely. Each slot consists of facets. For example, if we construct
a frame of an object which describes some device, then it can be characterized by cer-
tain properties such as voltage, temperature, pressure (of gas within the device), etc.
Each property is represented by a slot. However, for each property various “aspects”
can be defined. For example, for voltage we can define a current value, a unit (mV,
V, kV, MV, etc.), an accuracy of measurement, a measuring range, etc. In a slot of a
frame facets are used for storing such aspects.

Some default types of facets are used in frame systems. The most important ones
include the following types.

e VALUE—the current value of the slot is stored in this facet.

e RANGE—this contains a measuring range or a list of values of the slot which are
allowed.

e DEFAULT—this contains the default value of the slot. We can assume that this
value is valid, if e.g., the facet of a type VALUE is not known at the moment.

e belongs to a class (for an object frame)—this contains a pointer to a class to which
this object belongs.

e is a subclass of (for a class frame)—this contains a pointer to a class for which
this class is a subclass.

Inheritance is a basic reasoning mechanism in frame systems. It is based on a
fundamental property of ontologies, which is that subclasses inherit all features of
superclasses (in the sense of general concept inclusion). Due to this property, if
knowledge which concerns a certain class is updated/modified then it can be prop-
agated to subclasses of this class (and to objects which belong to this class). This
mechanism is enhanced, additionally, by the fact that an object can belong to more
than one class. For example, the object John Smith belongs to two classes, Male
and Colonel, in Fig.7.2a. An analogous property concerns a class which can be a
subclass of many classes. In such case, we talk about multiple inheritance.

Demon procedures, also called demons, are the second reasoning mechanism in
frame systems. A facet of a slot can be not only of a static form (data, pointer to other
frame, etc.), but also of the dynamic form of a demon. This peculiar name for these
procedures comes from their idea, which is described by some authors as lying in
wait to be invoked. If a demon is invoked by “jostling” its frame, e.g., by demanding
some information, then it is awoken and it begins to operate. Similarly to the case
of static facets, there are many types of demons. The most popular types include the
following cases.

e if-needed—activated if a value of a facet is not known and we want to acquire it.
Then, a demon tries to acquire/compute it from other frames.
if-added—triggered if a new value has been added to a facet.
if-updated—activated if a value in a facet has been updated.
if-removed—triggered if a value has been removed from a facet.
if-read—activated if a value has been read from a facet.

if-new—triggered if a new frame is generated.
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Fig. 7.3 Part of a model defined for a frame-based system for controlling complex industrial-like
equipment

Let us analyze a part of a model defined for a frame-based system for controlling
complex industrial-like equipment,” which is shown in Fig. 7.3. A class frame Control
system of D-type device contains design characteristics of the device such as High
voltage, Low voltage (a device has two types of electric power supply), Gas flow,
etc. Each parameter relates to a slot. Facets of a slot specify these parameters in a

"This example has been defined on the basis of the documentation of the project Generic Require-
ments Model for LHC Control Systems, which was coordinated by the author and Dr. Axel Daneels
at Conseil Européen pour la Recherche Nucléaire (CERN) in Geneva in 1997-1998.
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precise way. For example, for high voltage we specify Precision (of a measurement),
Measuring range, etc.

An object frame corresponding to a specific control system called FMS DCS
belongs to a class defined previously. This means that the system has been con-
structed according to the design assumptions of this class. Thus, certain design char-
acteristics, e.g., Precision, Measuring range, are inherited by the FMS DCS object
frame from this class. As we can see, in the slot High voltage the facet Current value
is filled during monitoring of the device. It is obtained not by inheritance from its
class, but by a demon if-needed, which gains such information from another object
frame called Sensor FMS HV. The object frame Sensor FMS DCS corresponds to
a measuring device which monitors the high voltage of the device FMS. (In such
a monitoring system, this demon is invoked continuously.) The second demon if-
updated is included in the slot High voltage of the frame FMS DCS as well. It is
triggered each time a new value is written into the slot Current value. If the value
is contained within Measuring range, then the demon fills the facet Status with OK.
Otherwise, it writes a suitable message specifying the type of the error to the facet
Status, and it performs certain control actions which concern the device monitored.

Artificial Intelligence systems which are based on frames have influenced the
Object-Oriented paradigm in software engineering very strongly. Designing soft-
ware systems based on objects, classes, and inheritance is nowadays a fundamental
technique for implementing information systems.

The efficiency (in the sense of time efficiency) of frame-based Al systems is a basic
problem. Since the structure of a frame system does not contain mechanisms that con-
trol the reasoning process explicitly, we should possess a programming environment
which ensures computational efficiency at an acceptable level. Such programming
environments, which allow us to obtain high efficiency for systems containing a lot
of frames, have been constructed since the very beginning of frame-based systems.?

7.3 Scripts

Scripts were proposed by Roger Schank and Robert P. Abelson in 1977 [264] for
Natural Language Processing, NLP. The model is based on the following observation
in psychology. If we want to understand a message which concerns a certain event
(gossip told by a friend, coverage of a broadcast parliamentary debate, etc.), then
we refer to a generalized pattern that relates to the type of this event. This pattern is
constructed on the basis of earlier similar events. Then, it is stored in our memory.
For example, if a child goes with her/his mom to a local clinic yet again, then

8For example, an Al control system containing about 100 class frames and more than 3000 object
frames, which has been implemented for the high-energy physics experiment under the supervision
of the author and Dr. Ulf Behrens, has processed data in real time (Flasifiski M.: Further Development
of the ZEUS Expert System: Computer Science Foundations of Design. DESY Report 94-048,
Hamburg, March 1994, ISSN 0418-9833).
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she/he knows from experience that this event consists of the following sequence of
elementary steps: entering the clinic, going to the reception desk, waiting in a queue,
entering the doctor’s surgery, being asked “Where does it hurt?” by a doctor, having
a checkup, being written a prescription by a doctor and (at last!) exiting the clinic.
(When I was a child, then there was always also an obligatory visit to a toy shop.)

Such a representation defines the typical course of a certain event. Knowledge
of such a form can be used in an Al system for predicting the course of events or
for reasoning: What should be done in order to achieve a specific goal? In the case
of Natural Language Processing problems, if some information is lacking, we can
“guess” it with the help of a script. However, if a message is not structured in a
proper way (e.g., the message is chaotic, the chronology of an event is disturbed),
then matching an ambiguous description of a specific event to a pattern event (script)
can be difficult.

Summing up, a script can be defined as a structural representation which describes
an event of a certain type in a generalized/stereotyped way,’ taking into account
a particular context. The definition of a script is formalized with the help of the
following elements.

e Agents are objects which can impact on other objects and which can be influenced
by other objects. In the example of visiting a local clinic, a child, a mother, a
doctor, etc. are agents.

e Props are things which occur in a script. In our example a clinical thermometer
and a prescription are props.

e Actions are elementary events which are used for constructing the whole event. In
our example writing a prescription and exiting the clinic are actions.

e Preconditions are propositions which have to be true at the moment of starting an
inference with the help of a script, e.g., a child is ill, a local clinic is open, etc.

e Results are propositions which have to be true at the moment of ending an inference
with the help of a script, e.g., a prescription is written out by a doctor.

In a standard Schank-Abelson model actions are defined in a hierarchical, two-
level way. Scenes are defined at a higher level (e.g., doctor is giving a child a checkup)
and are represented with the help of conceptual dependency graphs, which have
been introduced in Sect.2.4. Elementary acts, which correspond to nodes of CD
graphs, are defined at a lower level. Elementary acts are constructed with conceptual
primitives (introduced in Sect.2.4) such as PTRANS, which denotes “change the
physical location of an object”, SPEAK, which denotes “produce a sound”, etc.

At the end of the chapter, let us consider a (simplified) example of constructing a
script. Let us assume that Paul has told the following gossip to me.

Mark was angry with Tom. Therefore, Mark backbit Tom during a party. When Tom found
out about it, he became offended at Mark. Paul decided to reconcile Mark with Tom. So, he
invited them to a pub. Mark, after drinking a few beers, apologized to Tom for backbiting.
As a result Tom mended fences with Mark.

9Such a stereotyped sequence of elementary steps which define an event is sometimes called a
stereotyped scenario.


http://dx.doi.org/10.1007/978-3-319-40022-8_2
http://dx.doi.org/10.1007/978-3-319-40022-8_2

100 7 Structural Models of Knowledge Representation

This story can be represented with the help of the object shown in the lower
left-side part of Fig.7.4.

The next day I read the following article on a dispute between Ruritania and
Alvania in my favorite newspaper.

Reconciliation of feuding parties

’ Agent A <agent pattern> ‘

’ Agent B <agent pattern> ‘

’ Agent C <agent pattern> ‘

’ Action 1 <action pattern> ‘

’ Action 2 <action pattern> ‘

’Action 3 <action pattern> ‘

’Action 4 <action pattern>

’ Action 5 <action pattern>

belongs to a class belongs to a class

ﬁeconciliation of Mark and Tom @onciliation of Ruritania and Alvﬁ

’ Agent A: Mark

’ Agent A: Ruritania ‘

|
’ Agent B: Tom ‘ ’ Agent B: Alvania ‘
|

’Agent C: Paul ’Agent C: Peace Organization ‘
| Action 1: Backbiting | | Action 1: Shellfire |
’ Action 2: Resentment ‘ ’ Action 2: Delivering ultimatum ‘
’Action 3: Meeting in pub ‘ ’ Action 3: Peace Conference ‘
’Action 4: Explanation of incident‘ ’Action 4: Explanation of incident‘
’ Action 5: Reconciliation ‘ ’ Action 5: Cancellation of uItimatum‘

_/

Fig. 7.4 An example of defining a script
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Two weeks ago the Ruritanian troops attacked the territory of Alvania. The next day the
ambassador of Alvania delivered an ultimatum to the foreign minister of Ruritania. Then,
the Peace Organization decided to organize a peace conference. Representatives of Ruritania
apologized to representatives of Alvania and explained it was a misunderstanding. As aresult,
Alvania canceled its ultimatum.

This article can be represented with the help of the object shown in the lower
right-side part of Fig.7.4. For both objects, we can define a generalized description
of areconciliation of feuding parties, which is, in fact, their class of abstraction. Such
a class is, according to a definition introduced above, a script. This script contains a
stereotyped sequence of elementary acts of the scenario, as shown in Fig.7.4.

Bibliographical Note

Structural models of knowledge representation are introduced in classic monographs
concerning Artificial Intelligence [189, 211, 315]. This area is discussed in detail in
[36, 280, 281]. Monographs [130, 266] are good introductions to descriptive logics.



Chapter 8
Syntactic Pattern Analysis

In syntactic pattern analysis, also called syntactic pattern recognition [97, 104], rea-
soning is performed on the basis of structural representations which describe things
and phenomena belonging to the world. A set of such structural representations,
called (structural) patterns, constitutes the database of an Al system. This set is not
represented in the database explicitly, but with the help of a formal system, which
generates all its patterns. A generative grammar, introduced in Chap. 1 and Sect. 2.5
during a discussion of the main ideas of Chomsky’s theory, is the most popular for-
mal system used for this purpose. The grammar generates structural patterns by the
application of string rewriting rules, which are called productions. Thus, a (string)
generative grammar constitutes a specific type of Abstract Rewriting System, ARS,
introduced in Sect. 6.5, which is called a String Rewriting System, SRS. Therefore,
reasoning by syntactic pattern analysis can be treated as reasoning by symbolic com-
putation, which has been discussed in Sect. 6.5.

Generating structural patterns with the help of a generative grammar is introduced
in the first section of this chapter. In Sects. 8.2 and 8.3 the analysis and the interpre-
tation of structural patterns are discussed, respectively. The problem of automatic
construction of a grammar on the basis of sample patterns is considered in the fourth
section. In the last section graph grammars are introduced. Formal definitions of
notions introduced in this chapter are contained in Appendix E.

1Such structural patterns can be of the form of strings or graphs. Therefore, two types of generative
grammars are considered: string grammars and graph grammars. In syntactic pattern recognition
tree grammars, which generate tree structures, are also defined. Since a tree is a particular case of a
graph, we do not introduce tree grammars in the monograph. The reader is referred, e.g., to [104].
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8.1 Generation of Structural Patterns

We begin our definition of a generative grammar in the Chomsky model [47] by
introducing a set of terminal symbols. Terminal symbols are expressions which are
used for constructing sentences belonging to a language generated by a grammar.”
Let us assume that we construct a grammar for a subset of the English language
consisting of sentences which contain four subjects (male names): Hector, Victor,
Hyacinthus, Pacificus, two predicates: accepts, rejects, and four objects: glob-
alism, conservatism, anarchism, pacifism. For example, the sentences Hector
accepts globalism and Hyacinthus rejects conservatism belong to the language.®
Let us denote this language by L;. Then, a set of terminal symbols 7} is defined as
follows:

T, = {Hector, Victor, Hyacinthus, Pacificus, accepts, rejects, globalism,
conservatism, anarchism, pacifism}.

As we have mentioned above, sentences are generated with rewriting rules called
productions.* Let us consider an application of a production with the following
example. Let there be given a phrase:

Hector accepts B , 8.1

where B is an auxiliary symbol, called a nonterminal symbol,> which denotes an
object in a sentence. Let there be given a production of the form:

B — globalism . (8.2)

An expression placed on the left-hand side of an arrow is called the left-hand side of
a production and an expression placed on the right-hand side of an arrow is called
the right-hand side of a production. An application of the production to the phrase,
denoted by =, consists of replacing an expression of the phrase which is equivalent
to the left-hand side of the production (in our case it is the symbol B) by the right-
hand side of the production. Thus, an application of the production is denoted in the

2Let us remember that the notions of word and sentence are treated symbolically in formal language
theory. For example, if we define a grammar which generates single words of the English language,
then letters are terminal symbols. Then, English words which consist of these letters are called words
(sentences) of a formal language. However, if we define a grammar which generates sentences of
the English language, then English words can be treated as terminal symbols. Then sentences of
the English language are called words (sentences) of a formal language. As we see later on, words
(sentences) of a formal language generated by a grammar can represent any string structures, e.g.,
stock charts, charts in medicine (ECG, EEG), etc. Since in this section we use examples from a
natural language, strings consisting of symbols are called sentences.

3We omit the terminal symbol of a full stop in all examples in order to simplify our considerations.
Of course, if we use generative grammars for Natural Language Processing (NLP), we should use
a full stop symbol.

4We call them productions, because they are used for generating—“producing”—sentences of a
language.

>Nonterminal symbols are usually denoted by capital letters.
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following way:
Hector accepts B — Hector accepts globalism . (8.3)

Now, we define a set of all productions which generate our language. Let us denote

this set by P;:
(1) S — Hector A
(2) § — Victor A
(3) S — Hyacinthus A
(4) S — Pacificus A
(5) A — accepts B
(6) A — rejects B
(7) B — globalism
(8) B — conservatism
(9) B — anarchism
(10) B — pacifism .

For example, the sentence Pacificus rejects globalism is generated as follows:

S == Pacificus A = Pacificus rejects B —L, Pacificus rejects globalism .
(8.4)

Indices of the productions applied are placed above double arrows. A sequence of
production applications used for generating a sentence is called a derivation of this
sentence. If we are not interested in presenting the sequence of derivational steps,
then we can simply write:

§ == Pacificus rejects globalism , (8.5)

which means that we can generate (derive) a sentence Pacificus rejects globalism
with the help of grammar productions starting with a symbol S.

As we can see our set of nonterminal symbols, which we denote by N, consists
of three auxiliary symbols S, A, B, which are responsible for generating a subject,
a predicate, and an object, i.e.,

Ny ={S, A, B}.

In a generative grammar a nonterminal symbol which is used for starting any
derivation is called the start symbol (axiom) and it is denoted by S. Thus, our grammar
G| can be defined as a quadruple G| = (T, Ny, Py, S). A language generated by a
grammar G is denoted L(G). The language L(G) is the set of all the sentences
which can be derived with the help of productions of the grammar G;. It can be
proved that for our language L;, which has been introduced in an informal way at
the beginning of this section, the following holds: L(G,) = L.

A generative grammar has an interesting property: it is a finite “object” (it consists
of finite sets of terminal and nonterminal symbols and a finite set of productions),
however it can generate an infinite language, i.e., a language which consists of an
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infinite number of sentences. Before we consider this property, let us introduce the
following denotations. Let a be a symbol. By a” we denote an expression which
consists of an n-element sequence of symbols a, i.e.,

a =aaa...aaa (8.6)

n times

where n > 0.If n = 0, then it is a O-element sequence of symbols a, called the empty
word and denoted by \. Thus: a® = \, a' = a, a® = aa, a® = aaa, etc.

For example, let us define a language L, in the following way:
Ly={d", n=>1}. (8.7)

The language L is infinite and consists of n-element sequences of symbols a, where
additionally a has to occur at least once. (The empty word does not belong to L;.) It
can be generated by the following simple grammar G:

Gy, = (T, N2, P»,S),

where T, = {a}, N, = {S}, and the set of productions P, contains the following
productions:

(S —aS

2)S —>a.

A derivation of a sentence of a given length r > 2 (i.e., n = r) in G is performed
according to the following scheme:

S == aS = aaS = ... = a’'S = 4", (8.8)

i.e., firstly the first production is applied (r — 1) times, then the second production
is applied once at the end. If we want to generate a sentence of a length n = 1, i.e.,
the sentence a, the we apply the second production once.

Let us notice that defining a language L, as an infinite set is possible due to the
first production. This production is of an interesting form: S — a.S, which means
that it refers to itself (a symbol S occurs on the left- and right-hand sides of the
production). Such a form is called recursive, from Latin recurrere—"“running back”.
This “running back™ of the symbol S during a derivation each time after applying
the first production, makes the language L, infinite.

Now, we discuss a very important issue concerning generative grammars. There
are a lot of classes (types) of generative grammars. These classes can be arranged
in a hierarchy according to the criterion of their generative power. We introduce
this criterion with the help of the following example. Let us define the next formal
language as follows:

Ly ={a"b" , n>1, m>2}. (8.9)
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The language L3 consists of the subsequence of symbols a and the subsequence of
symbols b. Additionally, the symbol a has to occur at least once, and the symbol b has
to occur at least twice. For example, the sentences abb, aabb, aabbb, aabbbb, ... ,
aaabb, etc. belong to this language. It can be generated by the following grammar:

G; = (T3, N3, P3, S) ,

where 75 = {a , b}, N3 = {S, A, B}, and the set of productions P; contains the
following productions:

(1) § - aA

2) A — aA

(3) A — bB

(4 B — bB

S)B—b.

The first production is used for generating the first symbol a. The second production
generates successive symbols a in arecursive way. We generate the first symbol b with
the help of the third production. The fourth production generates successive symbols
b in a recursive way (analogously to the second production). The fifth production is
used for generating the last symbol b of the sentence. For example, a derivation of
the sentence a>b* is performed as follows:

S :l>aA =2> aaA =2> aaaA :3> aaabB :4>

= daabbB == aaabbbB == aaabbbb . (8.10)

Now, let us define a language L4 which is a modification of the language L3, in
the following way:
Ly={a"b", m>1}. (8.11)

The language L, differs from the language L3 in demanding an equal number of
symbols a and b. The language L, cannot be generated with the help of grammars
having productions of the form of grammar G3, since such productions do not ensure
the condition of an equal number of symbols. It results from the fact that in such
a grammar we firstly generate a certain number of symbols a and then we start to
generate symbols b, but the grammar “does not remember"how many symbols a
have been generated. We say that a grammar having productions in the a form of the
productions of G3 has too weak generative power to generate the language L4. Now,
we introduce a grammar G4 which is able to generate the language Ly:

G4 = (T4, Ny, Py, S) ,

where Ty = {a , b}, Ny = {S}, and the set of productions P4 contains the following
productions:
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(1) S — aSh
2)S — ab.

For example, a derivation of the sentence a*b* is performed in the following way:

S == aSh == aaShb == aaaSbbb == aaaabbbb . (8.12)

As we can see a solution to the problem of an equal number of symbols a and b is
obtained by generating the same number of both symbols in each derivational step.

Thus, the grammar G4 has sufficient generative power to generate the language
Ly4. The generative power of classes of formal grammars results from the form of
their productions. Let us notice that the productions of grammars G, G,, G3 are of
the following two forms:

<nonterminal symbol> — <terminal symbol><nonterminal symbol>
or <nonterminal symbol> — <terminal symbol> .

Using productions of such forms, we can only “stick” a symbol onto the end of
the phrase which has been derived till now. Grammars having only productions of
such a form are called regular grammars.® In the Chomsky hierarchy such grammars
have the weakest generative power.

For grammars such as the grammar G4, we do not demand any specific form of the
right-hand side of productions. We require only a single nonterminal symbol at the
left-hand side of a production. Such grammars are called context-free grammars.”
They have greater generative power than regular grammars. However, we have to
pay a certain price for increasing the generative power of grammars. We discuss this
issue in the next section.

8.2 Analysis of Structural Patterns

Grammars are used for generating languages. However, in Artificial Intelligence we
are interested more in the languages’ analysis. For this analysis formal automata
are applied. Various types of automata differ from one another in their construction
(structure), depending on the corresponding classes of grammars. Let us begin by
defining an automaton of the simplest type, i.e., a finite-state automaton. This class

SIn fact, such grammars are right regular grammars. In left regular grammars a nonterminal symbol
occurs (if it occurs) before a terminal symbol.

"There are also grammars which have a stronger generative power in the Chomsky hierarchy, namely
context-sensitive grammars and unrestricted (type-0) grammars. Their definitions are contained in
Appendix E.
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@) Hector globalism
Victor accepts conservatism

anarchism
pacifism

Hyacinthus
Pacificus

rejects

other

other other

(b) (c) b

Fig. 8.1 a The finite-state automaton Ay, b-c basic constructs for defining a finite-state automaton

was introduced by Claude Elwood Shannon® in [272]° in 1948, and formalized by
Stephen C. Kleene in [160] in 1956 and Michael Oser Rabin'® and Dana Stewart
Scott!'! in [234] (nondeterministic automata) in 1959. A finite-state automaton is used
for analysis of languages generated by regular grammars, called regular languages."?

Let us start by defining the automaton A; shown in Fig. 8.1a, which is constructed
for the language L (the grammar G ) introduced in the previous section. Each node
of the graph is labeled with a symbol (S, A, B, Fr, Fy) and represents a possible
state of the automaton. The state in which the automaton starts working is called the
initial state S and is marked with a small black triangle in Fig. 8.1a. States in which
the automaton finishes working (Fr and Fy in Fig.8.1a) are called final states and
they are marked with a double border. Directed edges of the graph define transitions
between states. A transition from one state to another takes place if the automaton

8Claude Elwood Shannon—a professor of the Massachusetts Institute of Technology, a mathemati-
cian and electronic engineer, the “father” of information theory and computer science.

9The idea of a finite-state automaton is based on the model of Markov chain which is introduced in
Appendix B for genetic algorithms.

19Michael Oser Rabin—a professor of Harvard University and the Hebrew University of Jerusalem,
a Ph.D. student of Alonzo Church. His outstanding achievements concern automata theory, compu-
tational complexity theory, cryptography (Miller-Rabin test), and pattern recognition (Rabin-Karp
algorithm). In 1976 he was awarded the Turing Award (together with Dana Scott).

""Dana Stewart Scott—a professor of computer science, philosophy, and mathematics at Carnegie
Mellon University and Oxford University, a Ph.D. student of Alonzo Church. His excellent work
concerns automata theory, semantics of programming languages, modal logic, and model theory
(a proof of the independence of the continuum hypothesis). In 1976 he was awarded the Turing
Award.

12The languages L1, Ly, and Lj introduced in the previous section are regular languages.
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reads from its input'® an element determining this transition. For example, let us
assume that the automaton is in the state S. If the automaton reads from the input
one of the elements Hector, Victor, Hyacinthus, or Pacificus, then it goes to the
state A. Otherwise, it goes according to the transition other'* to the final state Fy,
which means that the input expression is rejected as not belonging to the language
L. If the automaton is in the state A, then it goes to the state B in case there is
one of the predicates accepts or rejects at the input. This is consistent with the
definition of the language L, in which the predicate should occur after one of the
four subjects. If the automaton is in the state B, in turn, it expects one of four objects:
globalism, conservatism, anarchism, or pacifism. After reading such an object
the automaton goes to the final state F7, which means that the input expression is
accepted as belonging to the language L.

Formally, a finite-state automaton A constructed for a language L generated by a
regular grammar G = (T, N, P, S) is defined as a quintuple: G = (Q, T, 6, qo, F).
T is the set of terminal symbols which are used by the grammar G for generating
the language L. Q is the set of states. (In our example shown in Fig. 8.1a it is the set
{S, A, B, Fr, Fy}.) qo is the initial state, F is the set of final states. (In our example
qgo = S, F consists of states Fy and Fy.) ¢ is the state-transition function,15 which
determines transitions in the automaton (in Fig. 8.1a transitions are represented by
directed edges of the graph). A pair (the state of the automaton, the terminal symbol
at the input) is an argument of the function. The function computes the state the
automaton should go into. For example, 6 (S, Hyacinthus) = A, (A, accepts) = B
(cf. Fig.8.1a).

A method for a generation (synthesis) of a finite-state automaton on the basis of a
corresponding regular grammar has been developed. States of the automaton relate
to nonterminal symbols of the grammar (the initial state relates to the start symbol,
additionally we can define final states). Each production of the form A — bB is
represented by a transition 6(A, b) = B (cf. Fig.8.1b). Each recursive production
of the form A — bA is represented by a recursive transition 6(A, b) = A (cf.
Fig.8.1c). Each production finishing a derivation (there is a single terminal symbol
on the right-hand side of the production) corresponds to a transition to the final
acceptance state. The reader can easily see that the automaton A; shown in Fig.8.1a
has been constructed on the basis of the grammar G according to these rules. In the
previous section we have said that generative grammars are arranged in a hierarchy
according to their generative power. The same applies to automata. What is more, each
class of grammar relates to some type of automaton. Automata which correspond to
weaker grammars (in the sense of generative power) are not able to analyze languages
generated by stronger classes of grammars. For example, a finite-state automaton is

13The input of the automaton is the place where the expression to be analyzed is placed. If there
is some expression at the input, then the automaton reads the expression one element (a terminal
symbol) at a time and it performs the proper transitions.

14The other transition means that the automaton has read an element which is different from those
denoting transitions coming out from the current state.

13The state-transition function is not necessarily a function in the mathematical sense of this notion.
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too weak to analyze the context-free language Ly = {a™b™ , m > 1} introduced in
the previous section.

A (deterministic) pushdown automaton'® is strong enough to analyze languages
such as Lg4. This automaton uses an additional working memory, called a stack.'”
The transition function ¢ of such an automaton is defined in a different way from the
finite-state automaton. A pair (the top of the stack, the sequence of symbols at the
input'®) is its argument. As a result, the function can “generate” various actions of
the automaton. In the case of our automaton the following actions are allowed:

e accept (the automaton has analyzed the complete expression at the input and it
has decided that the expression belongs to the language),

e reject (the automaton has decided, during its working, that the expression does
not belong to the language),

e remove_symbol (the automaton removes a terminal symbol from the input and
a symbol occurring at the top of the stack),

e apply_production_on_stack(i) (the automaton takes the left-hand side of a pro-
duction i from the top of the stack and it adds the right-hand side of the production
i to the top of the stack).

Before we consider the working of an automaton A4 constructed for the language
Ly ={a™b™ , m > 1}, let us define its transition function in the following way:

0(S,aa) = apply_production_on_stack(1), (8.13)
0(S,ab) = apply_production_on_stack(2), (8.14)
d(a,a) = remove_symbol, (8.15)
d(b,b) = remove_symbol, (8.16)
0(\, A\) = accept, )\ — theempty word, (8.17)
d0(v, w) = reject, otherwise. (8.18)

The automaton Ay tries to reconstruct a derivation of the expression which is at
its input. It does this by analyzing a sequence consisting of two symbols'® of the
expression, because this is sufficient to decide which production of the grammar G4
(the first or the second) is to be used at the moment of generating this sequence.

161 order to simplify our considerations we introduce here a specific case of a pushdown automaton,
i.e. an LL(k) automaton, which analyzes languages generated by LL(k) context-free grammars. These
grammars are defined formally in Appendix E.

17In computer science a stack is a specific structure of a data memory with certain operations, which
works in the following way. Data elements can be added only to the top of the stack and they can
be taken off only from the top. A stack of books put one on another is a good example of a stack.
If we want to add a new book to the stack, we have to put it on the top of a stack. If we want to get
some book, then we have to take off all books which are above the book we are interested in.
8This sequence of symbols has a fixed length. The length of the sequence is a parameter of the
automaton. In the case of LL(k) automata, k is the length of the sequence, which is analyzed in a
single working step of the automaton.

19The automaton Ay is an LL(2) automaton.
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‘(a) | (b) (c) (d)
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o(a,a) 3 times o(b,b)

Fig. 8.2 Analysis of the sentence aaabbb by the automaton A4

To be convinced that this is a proper analysis method, let us return to the derivation
(8.12) in a previous section. If we want to decide how many times the first production
has been applied for the generation of the sentence aaaabbbb, then it is enough to
check two symbols forward. If we scan a sentence from left to right, then as long as
we have a two-element sequence aa we know that production (1) has been applied,
which corresponds to transition (8.13). If we meet a sequence ab (in the middle of
the sentence), then it means that production (2) has been applied, which corresponds
to transition (8.14). Now, let us analyze the sentence aaabbb. The automaton starts
working having the start symbol S on the stack and the sentence aaabbb at the
input as shown in Fig. 8.2a. The underlined part of the sentence means the sequence
which is analyzed in a given step. Arrows mean transitions and are labeled with the
transition function used in a given step. So, there is S at the top of the stack and aa are
the first two symbols of the input. Thus, the first step is performed by the automaton
according to transition (8.13). This means that the left-hand side of production (1),
i.e., S, is taken off the stack and the right-hand side of this production, i.e., aSb, is
put on the top of the stack®® as shown in Fig. 8.2b. Now, a is at the top of the stack
and a is at the input. Thus, the next step is performed according to transition (8.15),
i.e., the symbol a is removed from the top of the stack and from the input. This is
denoted by crossing out both symbols. We obtain the situation shown in Fig. 8.2c.
This situation is analogous to the one before the first step. (S is at the top of the stack,
aa is at the input.) Thus, we perform a transition according to (8.13) once more, i.e.,
S is taken off the stack and the right-hand side of this production, aSb, is put on
the top of the stack. This results in the situation shown in Fig.8.2d. Again a is at

20The right-hand side of the production, aSb, is put on the stack “from back to front”, i.e., firstly
(at the bottom of the stack) symbol b is put, then symbol S, then finally (at the top of the stack)
symbol a.
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the top of the stack and a is at the input. So, we perform the transition according to
(8.15) and we get the configuration shown in Fig. 8.2e. Since S is on the top of the
stack and ab are the first two symbols at the input, we should apply (8.14), which
corresponds to production (2) of the grammar G4. The automaton replaces S on
the stack by the right-hand side of the second production, i.e., ab (cf. Fig. 8.2f). As
we can see, the next steps consist of removing symbols from the stack according
to formula (8.15) and three times formula (8.16). At the end both the stack and the
input are empty, as shown in Fig. 8.2h. This corresponds to a transition according
to (8.17), which means acceptance of the sentence as belonging to the language L.
Any other final configuration of the stack and the input would result in rejecting the
sentence according to formula (8.18).

One can easily notice that the working of a pushdown automaton is more complex
than that of a finite-state automaton. In fact, the bigger the generative power of a
generative grammar is, the bigger the computational complexity of the corresponding
automaton. The analysis of regular languages is more efficient than the analysis of
context-free languages. Therefore, subclasses of context-free grammars with efficient
corresponding automata have been defined. The most popular efficient subclasses
include: LL(k) grammars introduced by Philip M. Lewis?! and Richard E. Stearns®?
in [180] in 1968, LR(k) grammars defined by Donald E. Knuth?? in [163] in 1965,
and operator precedence grammars defined by Robert W. Floyd?* in [98] in 1963.
For these types of grammars corresponding efficient automata have been defined.

The problem of syntax analysis (analyzing by automaton) becomes much more
difficult if context-free grammars have too weak generative power for a certain appli-
cation. As we have mentioned above, in the Chomsky hierarchy there are two remain-
ing classes of grammars, namely context-sensitive grammars and unrestricted (type-
0) grammars. A linear bounded automaton and the Turing machine are two types of

21Philip M. Lewis—a professor of electronic engineering and computer science at the Massachusetts
Institute of Technology and the State University of New York, a scientist at General Electric Research
and Development Center. His work concerns automata theory, concurrency theory, distributed sys-
tems, and compiler design.

22Richard Edwin Stearns—a professor of mathematics and computer science at the State University
of New York, a scientist at General Electric. He was awarded the Turing Award in 1993. He has
contributed to the foundations of computational complexity theory (with Juris Hartmanis). His
achievements concern the theory of algorithms, automata theory, and game theory.

23Donald Ervin Knuth—a professor of computer science at Stanford University. The “father” of
the analysis of algorithms. He is known as the author of the best-seller “The Art of Computer
Programming” and the designer of the Tex computer typesetting system. Professor D. Knuth is also
known for his good sense of humor (e.g., his famous statement: “Beware of bugs in the above code;
I have only proved it correct, not tried it.””). He was awarded the Turing Award in 1974.

24Robert W. Floyd—a computer scientist, physicist, and BA in liberal arts. He was 33 when he
became a full professor at Stanford University (without a Ph.D. degree). His work concerns automata
theory, semantics of programming languages, formal program verification, and graph theory (Floyd-
Warshall algorithm).
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automata which correspond to these classes of grammars, respectively. Both types of
automata are inefficient computationally, so they cannot be used effectively in prac-
tical applications. Therefore, enhanced context-free grammars have been defined in
order to solve this problem. Such grammars include programmed grammars defined
by Daniel J. Rosenkrantz? in [248] in 1969, indexed grammars introduced by Alfred
Vaino Aho?® in [1] in 1968, and dynamically programmed grammars published in
[95] in 1999.

8.3 Interpretation of Structural Patterns

In the previous section we have shown how to use an automaton for checking whether
an expression (sentence) belongs to a language generated by a grammar. In other
words, an automaton has been used to test whether an expression is built properly from
the point of view of a language’s syntax, which is important, e.g., in Natural Language
Processing. Generally, in Artificial Intelligence we are interested not only in the
syntactical correctness of expressions, but also we are interested in their semantic
aspect, i.e., we want to perform a proper interpretation of expressions.?’ Let us
consider once more our example of Hector, Victor, et al. introduced in Sect.8.1.
Let us assume that Hector and Victor accept globalism and conservatism, and they
reject anarchism and pacifism. On the other hand, Hyacinthus and Pacificus accept
anarchism and pacifism, and they reject globalism and conservatism. Let us assume
that only such propositions belong to a new language Ls. Now, we can define a
grammar Gs which not only generates sentences which are correct syntactically, but
also these propositions are consistent with the assumptions presented above. (That is,
these propositions are true.) The set of productions Ps of the grammar G5 is defined
as follows:

25Daniel J. Rosenkrantz—a professor of the State University of New York, a scientist at General
Electric, the Editor-in-Chief of the prestigious Journal of the ACM. His achievements concern
compiler design and the theory of algorithms.

26 Alfred Vaino Aho—a physicist, an electronic engineer, and an eminent computer scientist, a
professor of Columbia University and a scientist at Bell Labs. His work concerns compiler design,
and the theory of algorithms. He is known as the author of the excellent books (written with J.D.
Ullman and J.E. Hopcroft) Data Structures and Algorithms and The Theory of Parsing, Translation,
and Compiling.

7Similarly to the logic-based methods discussed in Sect. 6.1.
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— Hector A;
2) — Victor A;
3) — Hyacinthus A,
4) S — Pacificus A,
(5) A; — accepts B;
(6) A, — rejects B,
(7) A, — rejects B;
(8) A, — accepts B,
—
—
—

ey

UL n ”n

9 B globalism
(10) B; conservatism
(11) B, anarchism
(12) B, — pacifism .

One can easily check that with the help of the set of productions Ps we can
generate all the valid propositions of our model of the world. On the other hand, it is
impossible to generate a false proposition, e.g., Hector rejects globalism, although
this sentence is correct syntactically.

Now, for the grammar G5 we can define a finite-state automaton As. This automa-
ton is shown in Fig. 8.3a. (For a simplicity we have not defined the final rejection
state Fy and transitions to this state.) Let us notice that the automaton As not only
checks the syntactical correctness of a sentence, but it also interprets these sentences
and accepts only those sentences which are valid in our model of the world.

The automata, which have been introduced till now are called acceptors (recog-
nizers). They accept (a state Fr) or do not accept (a state F)) a sentence depending
on a specific criterion such as syntax correctness or validity (truthfulness) in some
model. Transducers are the second group of automata. During an analysis they gen-
erate expressions on their outputs.’® For example, they can be used for translating
expressions of a certain language into expressions of another language. The transition
function of such an automaton determines a goal state and writes some expression
into the output. For example, let us define a transducer A, which translates language
L5 into Polish. We define the transition function as follows: §(A;, accepts) = (B,
akceptuje), 6(A;, rejects) = (B,, odrzuca), etc. The transducer Ag is shown in
Fig.8.3b.

Although Natural Language Processing, NLP, is one the most important appli-
cation areas of transducers, there are also other areas in which they are used, i.e.,
interpretation of the world by automata is not limited to the case of describing the
world with the help of natural languages. Certain phenomena are described with the
help of other representations (e.g., charts) which express their essence in a better
way. Then, in syntactic pattern recognition we can ascribe a certain interpretation
to terminal symbols, as shown, for example, in Fig.8.3c. Graphical elements rep-
resented by terminal symbols (in our example: “straight arrows” and “arc arrows”)
are called primitives. Primitives play the role of elementary components used for
defining charts.

28Therefore, transducers are called also automata with output.
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Fig. 8.3 a An automaton As which accepts propositions that are valid in the model defined by
the language Ls, b a transducer Ag which translates the language L5 into Polish, ¢ an example of
structural primitives, d-e structural representations of ECG patterns

For example, in medical diagnosis we use ECG charts in order to identify heart
diseases. An example of a structural representation of a normal ECG is shown in
Fig. 8.3d, whereas the case of a myocardial infarction is shown in Fig. 8.3e. These
representations can be treated as sentences defined in the language of ECG patterns.
Thus, on the basis of a set of such representations (sentences) we can define a grammar
which generates this language. Given a grammar we can construct an automaton
(transducer), which writes an interpretation of an ECG to its output.
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Even if we look at an ECG casually, we notice that the primitives occurring in
charts are diversified with respect to, e.g., their length or the angle of a depression.
Therefore, in order to achieve a more precise structural representation, attributes
can be ascribed to primitives. For example, two attributes, the length (/) and the
deflection angle (+«), are ascribed to the primitive a shown in Fig. 8.4a. In such a
case attributed grammars are used for pattern generation. Automata applied to the
interpretation of attributed patterns (expressions) additionally compute the distance
between an analyzed pattern and a model pattern. This distance allows us to assess
the degree of confidence of the interpretation made by the automaton.

Instead of ascribing attributes to a primitive, we can define discrete patterns of
deviations of a model primitive as shown in Fig. 8.4b. Then, we can ascribe prob-
abilities to deviations, e.g., on the basis of the frequency of their occurrence. One
such model is stochastic grammars introduced in the 1970s and the 1980s and then
developed by King-Sun Fu?® and Taylor L. Booth®® [34,103,104]. In such gram-
mars the probability of the application of each production is defined. A stochastic
automaton gives the probability that a chart represents a recognized phenomenon
expressed by a corresponding structural pattern after analyzing a part of the chart.
Stochastic grammars and automata are also used in Natural Language Processing,
which is discussed in Chap. 16. It is interesting that Markov chains,?" which have
been introduced for genetic algorithms in Chap.5 are also a mathematical model for
a stochastic automaton.

In approaches to the distortion of structural patterns discussed till now we have
assumed that the structure of such representations is correct. In other words, a primi-
tive could be distorted but it has to occur in a structure in the proper place. This means
that if structural representations are hand-written sentences of a natural language then
vaguely hand-written letters are the only kind of errors. However, in practice we can
omit some letter (e.g., if we write “gramar”), we can incorrectly add some letter (e.g.,
if we write “grammuar”), or we can replace a correct letter by an incorrect one (e.g.,
if we write “glammar”). Fortunately, in syntactic pattern recognition certain metrics
are defined which can be used to compute the distance between a model pattern
and its structural distortion. The Levenshtein metrics®? [179] are some of the most
popular metrics used for this purpose. They are introduced in Appendix G.

2King-Sun Fu—a professor of electrical engineering and computer science at Purdue Univer-
sity, Stanford University and University of California, Berkeley. The “father” of syntactic pattern
recognition, the first president of the International Association for Pattern Recognition (IAPR),
and the author of excellent monographs, including Syntactic Pattern Recognition and Applications,
Prentice-Hall 1982. After his untimely death in 1985 IAPR established the biennial King-Sun Fu
Prize for a contribution to pattern recognition.

30Taylor L. Booth—a professor of mathematics and computer science at the University of Connecti-
cut. His research concerns Markov chains, formal language theory, and undecidability. A founder
and the first President of the Computing Sciences Accreditation Board (CSAB).

3Markov chains are defined formally in Appendix B.2.

32Vladimir Iosifovich Levenshtein—a professor of computer science and mathematics at the
Keldysh Institute of Applied Mathematics in Moscow and the Steklov Mathematical Institute.
In 2006 he was awarded the IEEE Richard W. Hamming Medal.
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Fig. 8.4 a Ascribing attributes to a primitive, b a model primitive and patterns of its deviations,
c-d structural representations of stock chart patterns

Syntactic-pattern-recognition-based Al systems have been used in various appli-
cation areas. In medicine these include, apart from ECG, also EEG (monitoring the
brain’s electrical activity), PWA (pulse wave analysis), ABR (recording an audi-
tory brainstem response for determining hearing levels), etc. Analysis of economic
phenomena is another area of syntactic pattern recognition applications. For exam-
ple, structural representations of stock chart patterns used for technical analysis are
shown in Figs. 8.4c, d. A structural representation of the Head and Shoulders forma-
tion, which occurs when a trend is in the process of reversal, is shown in Fig. 8.4c,
whereas a representation of the Flag formation, which is a trend continuation pattern,
is shown in Fig. 8.4d.

In practical applications, if there are a lot of exemplary patterns (i.e., exemplary
sentences of alanguage) then defining a grammar by hand is very difficult, sometimes
impossible, because a (human) designer is not able to comprehend the whole set of
sample patterns. Therefore, methods for automatic construction of a grammar on the
basis of sample patterns have been developed. We discuss them in the next section.

8.4 Induction of Generative Grammars

We present the main idea of grammar induction (grammatical inference) with the
help of a simple method of formal derivatives for regular grammars [104]. Firstly, we
introduce the notion of a formal derivative. Let A be a set of expressions built of
terminal symbols. The formal derivative of a set A”) with respect to a terminal symbol
a, denoted DA, is a set of expressions which are constructed from expressions
of A by removing a symbol a occurring at the beginning of these expressions. In
other words, Da A is the set of expressions x such that ax belongs to A©.

For example, let there be given a set
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A© = (Jack cooks well, Jack runs quickly}.
Then
DyackA” = {cooks well, runs quickly} = A,
We can continue by computing a formal derivative for the set A(:
Dgooks AV = {well} = A®.

Now, if we compute a formal derivative once more, this time for the set A® | then
we obtain a set containing the empty word A only:

DyenA® = (A} = A9,

In fact, if a symbol well is attached to the empty word, then we obtain an expression
well, which belongs to the set A®.

Let us notice that computing a formal derivative can give the empty set as a result.
For example, if we compute a formal derivative of the set A® with respect to any
symbol, e.g., with respect to the symbol quickly, then we obtain:

unickIyA(3) =0,

because there is no such expression, which gives the empty word after attaching the
symbol quickly (or any other symbol).
In this method we have to compute all the formal derivatives. Thus, let us do so:

DrunsA"Y = {quickly} = A®,
Dquicky A = (A} = A®).

Computing any derivative of the set A® gives the empty set.

After computing all formal derivatives we can define the productions of a regular
grammar which generates expressions belonging to the set A®. A symbol A© is
the start symbol of the grammar. Productions are defined according to the following
two rules.

1. If the formal derivative of a set A" with respect to a symbol a is equal to a set
AW e, DaA™ = A® and the set A% does not consist of the empty word,
then add a production A™ — aA® to the set of productions of the grammar.

2. If the formal derivative of a set A™ with respect to a symbol a is equal to a set
AW ie., DaA™ = A® and the set A% consists of the empty word, then add a
production A”™ — a to the set of productions of the grammar.

As one can easily check, after applying these rules we obtain the following set of
productions.
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(1) A© — Jack AD
2) AD — cooks A?
(3) A? = well

4) AD = runs A®
(5) A® — quickly .

The method introduced above is used for the induction of a grammar, which
generates only a given sample of a language. Methods which try to generalize a
sample to the whole language are defined in syntactic pattern recognition, as well.
Let us notice that such an induction of a grammar corresponds to inductive reasoning
(see Appendix F.2). In fact, we go from individual cases (a sample of sentences) to
their generalization of the form of a grammar.

In case of the Chomsky generative grammars a lot of induction methods have
been defined for regular languages. Research results in the case of context-free lan-
guages are still unsatisfactory. However, the induction of graph grammars, which are
introduced in the next section, is a real challenge.

8.5 Graph Grammars

As we have mentioned in Chap. 6, reasoning as symbolic computation is based on
Abstract Rewriting Systems, ARSs, which can be divided into Term Rewriting Sys-
tems, TRSs (e.g., lambda calculus introduced in Sect. 6.5), String Rewriting Systems,
SRSs, which have been discussed in previous sections with the help of the example
of the Chomsky generative grammars, and Graph Rewriting Systems, GRSs. The last
ones are used for rewriting (transforming) structures in the form of graphs. Graph
grammars, which are introduced in this section, are the most popular kind of Graph
Rewriting Systems.

Graphs are widely used in Artificial Intelligence (and in general, in computer sci-
ence), because they are the most general structures used for representing aspects of
the world. Al representations such as semantic networks, frames, scripts, structures
used for semantic interpretation in First Order Logic, Bayesian networks, structures
used in model-based reasoning—all of them are graphs. Therefore, graph grammars
are an important formalism for generating (in general, transforming) such represen-
tations. First of all, we show how they can be applied for modeling (describing)
processes (phenomena) of the world. We consider the example of an intelligent
system for integrating areas of Computer-Aided Design and Computer-Aided Man-
ufacturing.®® The definition of such a representation of a mechanical part which can
be translated automatically into the language of technological operations performed
by manufacturing equipment is a crucial problem in this area.

33The example is based on a model introduced in: Flasifiski M.: Use of graph grammars for the
description of mechanical parts. Computer-Aided Design 27 (1995), pp. 403—433, Elsevier.
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Fig. 8.5 An example of a graph grammar derivation, which represents modeling a part in a CAD
system and its manufacturing controlled by a CAM system

The derivation of a graph with a graph grammar which corresponds to both a
design process and a technological process is shown in Fig.8.5. Raw material in
the form of a rectangular cuboid is represented by a graph node labeled by R. The
faces of the cuboid are indexed as shown in the figure. An application of the first
production results in replacing the node R by a graph that consists of nodes R and
V, which are connected with an edge labeled with 3. This production corresponds to
embedding a feature called a V-slot in the face indexed with 3 of the solid R.3* In the
second step of the derivation, a V-slot is embedded in the face indexed with 4 of the
solid R. Then, a Slot is embedded in the face indexed with / of the solid R. Let us
notice that this Slot is adjacent to both V-slots, which is represented by edges labeled
with A. Finally, a U-slot is embedded in the face indexed with 5 of the solid R.

Defining a way of replacing a graph of the left-hand side of a production by a
graph of the right-hand side of the production is a fundamental problem of graph
grammars. (In the example above we see only the result of such a replacement.) This
operation is performed with the help of the embedding transformation. On one hand,
the embedding transformation complicates a derivation. On the other hand, it is the
source of the very great descriptive power of graph grammars. It is so important that
a taxonomy of graph grammars is defined on its basis. We present the embedding
transformation, which was introduced by the research team of Grzegorz Rozenberg®’
for edNLC graph grammars in the 1980s [149].

34During a technological process this corresponds to milling a V-slot in the raw material.

33Grzegorz Rozenberg—a professor of Leiden University, the University of Colorado at Boulder,
and the Polish Academy of Sciences in Warsaw, an eminent computer scientist and mathematician.
His research concerns formal language theory, concurrent systems, and natural computing. Prof.
G. Rozenberg was the president of the European Association for Theoretical Computer Science for
11 years.
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Fig. 8.6 a An example of a graph grammar production which is used for transforming a semantic
network, b-c an application of a graph grammar production for transforming a semantic network

Let us transform a semantic network which represents family relations*® with
an edNLC graph grammar. Graphs of the left-hand side and the right-hand side of
a production which represents the birth of a male child are shown in Fig.8.6a. An
object of the class Female is replaced by itself with an object of the class Male
attached with the help of relations child-parent. A part of a semantic network before
applying this production (i.e., before the birth) is shown in Fig. 8.6b and a part of the
network after applying the production (i.e. after the birth) is shown in Fig. 8.6c. Let
us notice that firstly, the production has to reconstruct (horizontal) edges connecting
a (happy) mother with her husband and with her sister, because we have destroyed
these edges in removing the node Female (mother) corresponding to the left-hand
side of the production. Secondly, the production has to establish new edges between
the child and his father as well as between the child and his aunt. All the reconstructed
edges in Fig. 8.6¢ are bold. This reconstruction is performed by the production with
the help of the embedding transformation, which is defined in the following way.

36 A similar semantic network has been introduced in Sect.7.1.
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C(spouse, out) = {(Female, Male, spouse, out), (8.19)
(Male, Male, parent, out), (8.20)

(Male, Male, child, in)} (8.21)

C(sister, our) = {(Female, Female, sister, our), (8.22)
(Male, Female, aunt, our), (8.23)

(Male, Female, nephew, in)} (8.24)

C(spouse, in) = {(Female, Male, spouse, in)} (8.25)
C(sister,in) = {(Female, Female, sister, in)}. (8.26)

For example, formula (8.24) is interpreted in the following way.
e Each edge before the production application, which:

— has been labeled by sister—C (sister, ...) and
— has gone out (out) from the left-hand side of the production—C(....., out)

should be replaced by
e the new edge, which:

— connects a node of the right-hand side graph labeled by
Male—(Male, ....., ....., ...),
— with a node of the context of the production, which has been pointed out by the

old edge®’ and which has been labeled by Female—(....., Female, ....., ...),
— is labeled with nephew—(....., ..... ,nephew, ...)
— and comes into (in) this node of the right-hand side graph—¢....., ..... R ,in).

One can easily notice that formulas (8.19), (8.22), (8.25), and (8.26) reconstruct
only the old edges, i.e., the edges, which previously existed in the semantic network.
On the other hand, the remaining formulas establish new relations between the child
and his father as well as between the child and his aunt.

In the case of the use of graph languages in Al we are interested in their analysis
more than in their generation. Unfortunately, the construction of an efficient graph
automaton is very difficult.® At the end of the twentieth century the ETPL(k) subclass
of edNLC grammars with efficient automata was defined [93, 94]. ETPL(k) graph
grammars have been applied for various Al areas such as transforming semantic
networks in real-time expert systems, scene analysis in robotic systems, reasoning
in multi-agent systems, intelligent integrators for CAD/CAM/CAPP, sign language
recognition, model-based reasoning in diagnostic expert systems, etc. The problem
of grammar induction, introduced in the previous section, has been solved for these
grammars as well [96].

37The old edge has pointed out an aunt—C (sister, out).

38This was shown in the 1980s during research into the membership problem for graph languages,
which was led (independently) by G. Turan and F.J. Brandenburg.
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Chapter 9
Rule-Based Systems

The main idea of reasoning in rule-based systems is, in fact, the same as in the
case of logic-based reasoning introduced in Chap.6.! Both models are based on
deductive reasoning.? As a matter of fact, the form of expressions which are used for
knowledge representation is the main difference between these models. In the case
of logic-based reasoning expressions are formalized considerably (formulas of First
Order Logic, lambda expressions), whereas in rule-based systems the expressions in
the form of the so-called rules are represented in the following intuitive way: “If a
certain condition is fulfilled, then perform a certain action”. Additionally, the way
of formulating both a condition and an action is much easier to comprehend than in
the case of FOL terms or expressions used in symbolic computing. This is of great
importance for designing knowledge bases, which are usually developed not only by
IT specialists, but also by experts in the field. Therefore, clarity of expressions in a
knowledge base is recommended.

The main components of rule-based systems and a reasoning cycle are introduced
in the first section. In Sect.9.2 two reasoning strategies which are based on pro-
gressive deduction and regressive deduction are defined. Fundamental issues of a
conflict resolution and rule matching are discussed in Sect.9.3. The relationship of
rule-based systems and expert systems is discussed in the last section. We present
typical classes of expert systems such as Case-Based Reasoning systems and Model-
Based Reasoning systems in this section as well.

9.1 Model of Rule-Based Systems

The generic scheme of a rule-based system is shown in Fig. 9.1a. The working mem-
ory primarily contains representations of facts on a certain aspect of the world, which
are used in a reasoning process over this aspect. Other information required in the

I'The reader is recommended to recall the discussion in Sect.6.1.
2Basic notions concerning deductive reasoning are contained in Appendix F.2.
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reasoning process is stored in the working memory, e.g., working hypotheses, struc-
tures representing variable bindings, etc.
As we have mentioned already, rules are of the following form:

R: |IF COND THEN ACT,

where COND is a condition (antecedent) of the rule and ACT is an action (conse-
quent) of the rule.

The antecedent is usually defined as a logical proposition. It is of the form of
a conjunction of elementary conditions (simple predicates). Thus, COND can be
defined in the following way:

elementary_condition_1 A elementary_condition_2 N --- A elementary_condition_k.

The fulfillment of the condition of the rule means that there are facts in a working
memory such that variables of this condition can be substituted by these facts and
after the substitution the condition is valid.

In the case of declarative rules, an action ACT is usually a logical consequent
(conclusion) resulting from the rule condition. Drawing a conclusion results in mod-
ifying the content of the working memory by, e.g., adding a new fact, changing the
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value of some variable, etc. In the case of reactive rules an action can be of the form
of calling a certain procedure influencing the external environment of the system,
e.g., switching off a device. Rules are stored in the rule base.

Reasoning on the basis of the rule base and the working memory is controlled by
an inference engine. The working cycle of an inference engine is shown in Fig. 9.1b.
It consists of the following three phases.

e During the rule-matching phase the inference engine looks for rules which match?
facts stored in the working memory. The set of rules which are selected prelimi-
narily is called the conflict set.*

e In the conflict resolution phase the inference engine chooses one rule (sometimes
a sequence of rules) to be executed. This is done according to a method of conflict
resolution. We discuss such methods in Sect.9.3.

e In the last phase a chosen rule is applied. (We also say that a rule is fired.) After
a rule application the system comes back to the first phase. The whole reasoning
process finishes if no rule matches the facts stored in the working memory.

The formal model of rule-based systems is introduced in Appendix F.1.

9.2 Reasoning Strategies in Rule-Based Systems

Reasoning in rule-based systems is deductive, i.e., it is based on the modus ponendo
ponens rule of inference (introduced in Chap. 6). Reasoning based on this rule can
be performed according to two basic strategies’:

e Forward Chaining, FC, which is based on progressive deduction® or
e Backward Chaining, BC, which is based on regressive deduction.

Now, we discuss both strategies.

A scheme of Forward Chaining reasoning is shown in Fig.9.2. The inference
engine tries to match the condition of some rule to any fact stored in the working
memory. If no fact matches the condition of any rule, then the system does not
proceed (cf. Fig.9.2a). However, if a new fact appears in the working memory (the
system can monitor its environment with interfaces, e.g., cameras, sensors), then the
system tries to match again.” If this new fact matches the condition of some rule,

3The issue of rule matching is discussed in detail in the next section.

“It is called a set of conflicting rules because the system has to choose one reasoning path, i.e., it
has to choose one of several matched rules, which compete. (They are in conflict.).

3In fact, we can combine both strategies into the so-called mixed strategy of reasoning in rule-based
systems. We do not discuss this in the monograph.

The reader should recall notions of progressive/regressive deduction. They are defined in Appendix
F2.

7In our example we do not consider the issue of a conflict situation. This issue is discussed in the
next section.
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then this rule is executed, i.e., the result of performing an action of this rule is stored
in the working memory (cf. Fig.9.2b). Thus, changing the content of the working
memory can result in matching the new fact (facts) to the condition of some rule, as
shown in Fig. 9.2c. This causes the next cycle of the reasoning process.

Let us consider Forward Chaining reasoning with the help of the following exam-
ple. Let there be defined the following four rules of the system, which controls a
piece of industrial equipment.
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R': IF temp(D) = high A work(D) = unstable
THEN status(D) := failure ,

R?: IF temp_sensor(D) > 150
THEN femp(D) := high ,

R® : IF status(D) = failure A danger(D) = yes
THEN power_supply(D) := OFF ,

R*: IF temp(D) = high A cooling(D) = not_working
THEN danger(D) := yes .

As we can see, the system can perform the following reasoning for a device of a class
(type) D:

e the system sets the status to failure if the device is working in an unstable way and
it is overheated (the first rule),

e the system considers the device to be overheated if its temperature is greater than
150°C (the second rule),

e the system switches off the device if it is in failure mode and its environment is
endangered (the third rule),

e the system considers the device to be dangerous for its environment if it is over-
heated and its cooling system is not working (the fourth rule).

Let us assume that at first the rule-based system “knows” two facts about the
device Device_64 of type D: the cooling system is not working and the device is
working in an unstable way (see Fig.9.3a). The inference engine cannot perform
reasoning on the basis of these facts, because no rule can match them. Although
rules R' and R* contain expressions work(D) and cooling(D), the inference engine
has to match all the elementary conditions of the antecedent of a rule. Let us assume
that at some moment a temperature sensor has measured the temperature of the
device, which equals 170°C. A message concerning this new fact has been sent to
the working memory (cf. Fig.9.3b). Now, the inference engine can match the rule
R? and as a result of reasoning the temperature status of the device is set to high
(temp(Device_64) = high), as shown in Fig. 9.3c. Now, the inference engine matches
two rules, i.e., the conflict set contains rules R' and R*. Let us assume that according
to the conflict resolution method the system chooses rule R'. After its application a
new fact appears in the working memory, namely, status(Device_64) = failure (see
Fig.9.3d). In the next cycle the rule R* is matched and fired. As a result, a new fact
appears in the working memory, namely danger(Device_64) = yes (cf. Fig.9.3e).
Finally rule R? is fired, which switches off the power supply of the device (see
Fig.9.3f).

If the inference engine tried to match subsequent rules continuously, then it would
not work effectively (especially in the case of a big set of rules). Therefore, it “remem-
bers” facts which have already matched a rule and as long as they do not change the
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Working memory

(a) Device 64: D (b) (o
cooling not working not working not working
temp_sensor ? 170 170
work unstable unstable unstable
status ? ? ?
temp ? ? high
danger ? ? ?
power_supply ? ? ?
R’ R’
Working memory
(d) Device_64: D (e) )
cooling not working ~ not working not working
temp_sensor 170 170 170
work unstable unstable unstable
status failure failure failure
temp high high high
danger ? yes yes
power_supply ? ? OFF
R’ R

Fig. 9.3 An example of forward chaining

rule is not matched again. For example, now rule R? is not matched as long as the value
sent from the temperature sensor is equal to 170°C. Of course, for rules which have
a complex condition, if one of the elementary conditions changes, then a matching

process starts.

Now, we consider Backward Chaining, BC. Since it is more complex than Forward
Chaining, we begin by analyzing an example. Let us assume that the following three
rules are stored in the rule base of a system, which reasons about genealogy relations®:

8Let us remember that an agnatic grandfather is the father of somebody’s father.



9.2 Reasoning Strategies in Rule-Based Systems 131

R': IFA = child(B) A gender(B) = male
THEN B = father(A) ,
R?: IF D = father(C) A E = father(D)
THEN E = agnatic_grandfather(C) ,
R : IFF= agnatic_grandfather(K) AN H = father(K) A F = father(G) A
gender(G) =male A G #H
THEN G = paternal_uncle(K) .

The first rule says that B is the father of A, if A is a child of B and B is male. The
second rule says that E is the agnatic grandfather of C, if there exists D who is the
father of C and E is the father of D. The third rule says that G is a paternal uncle of
K, if there exists F who is the agnatic grandfather of K and F is the father of G and
G (a paternal uncle) is the male and G is another person than H (the father of K).

The following five facts are stored in the working memory.

F': Raul = child(Ian)
F? : gender(Ian) = male
F3: Karl = father(Ian)
F* : Karl = father(Earl)
F? : gender(Earl) = male

Now, we can begin reasoning. A Backward Chaining strategy is used for verifying
hypotheses. Thus, if we want to start reasoning we have to ask the system a question.
The system treats the question as a hypothesis, which should be verified on the basis
of available facts and knowledge which is formalized in the form of rules.”

For example, let us ask the system whether Earl is a paternal uncle of Raul, that
is:

Earl = paternal_uncle(Raul) (?77).

Firstly, the inference engine puts this hypothesis on the top of a stack of hypothe-
ses.'! This stack is used for storing working hypotheses (see Fig.9.4a). The engine
tries to prove all the hypotheses stored in the stack by rule matching. If none of rules
can be matched and the stack is not empty, then it means that the original hypothesis

°If the reader is confused, then she/he is advised to draw a part of a genealogy tree for the third rule.
19T an analogous way we have started the reasoning process in a FOL-based system in order to
verify a hypothesis in Chap. 6. The way of reasoning is the difference between the two methods. In
Chap. 6 we have used the resolution method, which is based on theorem proving by contradiction
(in Latin: reductio ad absurdum). In the case of a rule-based system we use Backward Chaining,
which is based on regressive deduction.

"'The reader who does not know the notion of a stack (in the computer science sense) should read
Footnote 17 about pushdown automata in Sect. 8.2.
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Fig. 9.4 An example of STACK OF HYPOTHESES BINDINGS
backward chaining (a)
L. 6=
Earl = paternal_uncle(Raul) @ Pz » G=Earl
P7: K=Raul
b
(b) - R
F = father(Earl) @
H = father(Raul) (2)
F = agnatic_grandfather(Raul) @
Earl £ H
Earl = paternal_uncle(Raul) @ P FeKarl
(c) SUBSTITUTION
Kak=fatherBashy (D F(T) vor F*
H = father(Raul) @
Karl = agnatic_grandfather(Raul) @
Barl # H P*: A=K=Raul
: A=K=Rau
Earl = paternal_uncle(Raul
arl = paternal_uncle(Raul) @ P B
@ R!
Raul = childH) (2)
gender(H) = male
H = father(Raul) @
Karl = agnatic_grandfather(Raul) @ P°: B=H=Ian
Barl # H @ SUBSTITUTION
Earl = paternal_uncle(Raul) @ X FOR F!

is not valid, i.e., the question asked to the system has the answer No. If the stack is
empty, then the original hypothesis is valid.

The inference engine checks whether the hypothesis on the top of the stack belongs
to the set of facts stored in the working memory. As we see, it does not belong to
the set. Thus, the engine searches the rule base in order to check whether some rule
matches the hypothesis. In the case of Backward Chaining this means matching the
action of the rule'? to the hypothesis. As we can see, the action of the rule R*: G =
paternal_uncle(K) matches Earl = paternal_uncle(Raul). Of course, it matches if
the engine substitutes the variable G by the constant Earl, denoted: G < Earl, and it
substitutes the variable K by the constant Raul (K < Raul)."3

After matching the rule R? the engine goes to the rule application phase, which
in Backward Chaining consists of adding all elementary conditions belonging to the
antecedent of the rule to the stack of hypotheses. Of course the system has to apply

12This is the main difference between BC and FC strategies. In the case of the FC strategy the
system matches a condition of a rule to facts.

13In Figs.9.4 and 9.5 in the column BINDINGS we define bindings after performing successive
substitutions.
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the substitution defined, i.e., G < Earl, K < Raul. Thus, in the case of the rule R>
the engine puts the following elementary conditions'# on the stack: Earl # H; F =
agnatic_grandfather(Raul); H = father(Raul); F = father(Earl); gender(Earl) = male.
The situation of the stack of hypotheses after adding elementary conditions of the rule
R? is shown in Fig.9.4b. All these elementary conditions are working hypotheses.
Therefore, they should be verified. Then, the engine checks, firstly, whether they can
be verified on the basis of the facts. The hypothesis on the top is equivalent to the fact
F3. Thus, it can be removed from the stack. A hypothesis which has been positively
verified and removed from the stack is marked by crossing out in the figures. The
change of its status from unverified (?) to valid (true) (7) is additionally denoted with
the symbol of the fact or rule used for the validation. (In this case the fact F5 has
been used—-cf. Fig.9.4b.)

Now, let us notice that if the substitution: F' <— Karl is made then the hypothesis
at the top: F = father(Earl) can be verified with the help of the fact F*. The engine
performs this operation as shown in Fig.9.4c.

After removing the hypothesis Karl = father(Earl), the hypothesis H = father(Raul)
is on the top. No fact matches this hypothesis. Thus, the engine searches the rule
base'> and it finds out that the action of the rule R' matches the hypothesis after the
following substitutions: P*: A <— Raul, and P3: B < H.'® The application of this rule
causes its elementary conditions: gender(H) = male; Raul = child(H) to be added to
the stack (after substitutions P* and P?). This is shown in Fig.9.4d.

Now, matching the hypothesis on the top to the fact F' after performing the
substitution: H < Ian'” causes the following sequence of operations on the stack
(cf. Fig.9.5a).

1. The hypothesis Raul = child(lan) is removed according to the fact F'.

2. The hypothesis gender(lan) = male is removed according to the fact F2.

3. The hypothesis Ian = father(Raul) is recognized as a fact on the basis of the rule
R' and facts F', F?. As aresult it is stored as the fact F° in the working memory:

FS: Tan = father(Raul)

and it is removed from the stack of hypotheses.

4. The hypothesis Earl # Ian is (obviously) recognized as a fact and it is removed
from the stack.'®

Summing up, we obtain the situation shown in Fig. 9.5b.

14The engine adds elementary conditions in any order, since a conjunction is commutative.

150ne can easily notice that the inference engine, firstly, tries to match the facts to the hypothesis
on the top of the stack. Only if no fact matches the hypothesis, the engine tries to match rules. Let
us notice that the fact F¥ can be treated as a rule of the form: IF TRUE THEN F*.

16 et us notice that after the substitution P*: A <— Raul, the following binding of variables and the
constant holds: A = K = Raul, cf. Fig.9.4c.

17Let us remember that B = H according to the substitution P>. Thus, now the following binding
of variables and the constant holds: B = H = Ian, cf. Fig.9.4d.

181n principle, this hypothesis should be removed later. However, we verify this obvious fact now.
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Fig. 9.5 An example of (a) STACK OF HYPOTHESES BINDINGS
backward
chaining—continued Raul=—childdan) ®—’® )
genderthan)y-=-male ()—'() P’: B=H=Ian
—— N QL)
J SUBSTITUTION
Karl = agnatic_grandfather(Raul) @ ¥or F'
Lark-fan
Earl = paternal_uncle(Raul) @
(b) I
Karl = agnatic_grandfather(Raul) @ P’ E=F=Karl
Earl = paternal_uncle(Raul) @ P C=A=K=Raul
2
(© > R

Karl = father(D) (2)
D = father(Raul) @
Karl = agnatic_grandfather(Raul) @

Earl = paternal_uncle(Raul) @ P DeBoH-1
: D=B=H=Ian

(d) SUBSTITUTION
Karl =fatherdan)

The hypothesis on the top: Karl = agnatic_grandfather(Raul) can be matched to
the rule R? after performing the following substitutions: E < Karl and C < Raul
(cf. Fig.9.5b). Its application results in the situation shown in Fig.9.5¢c.

Now, matching of the hypothesis on the top to the fact F* after performing the
substitution: D < Ian causes the following sequence of operations on the stack (cf.
Fig.9.5d).

1. The hypothesis Karl = father(Ian) is removed according to the fact F>.

2. The hypothesis Ian = father(Raul) is removed according to the fact F©.

3. The hypothesis Karl = agnatic_grandfather(Raul) is recognized as a fact on the
basis of the rule R? and facts F3, F®. As a result it is stored as the fact F” in the
working memory:

F’: Karl = agnatic_grandfather(Raul)

and it is removed from the stack of hypotheses.
Finally the hypothesis Earl = paternal_uncle(Raul) is recognized as a fact on the
basis of the rule R? and facts (we list them according to their occurrence in the rule)
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(a) (b) (c)
Facts : A,CKM A,CKM A,CKM
T
Is the rule condition
afact? NO

Rules : :
IF[D] THEN H
Does H match the action Thﬂs, Dis Does D match the action
of some rule? YES a hypothesis of some rule? YES
! : !
Hypotheses | H H @ H,D
(d) (e) ()
ACKM [D] A,CKM,D A,C,KM,D
A A
f : T :
Is the rule condition ;h:?ég Is the rule condition i-gh:?é::
?
afact? YES too afact? YES t0o
IF D THEN[H]
Does H match the action
of some rule? YES
H, B H H
D is not a hypothesis H is not a hypothesis
any more any more

Fig. 9.6 A scheme of backward chaining
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F7,F® F* F>, and Earl * Ian.'® As a result it is stored as the fact F® in the working

memory:

F%: Earl = paternal_uncle(Raul)

The removal of this (initial) hypothesis from the stack finishes the Backward Chaining

process. The inference engine has shown that the hypothesis is true.

190f course, taking into account the following bindings determined during the inference process:

F = Karl, K = Raul, H = Ian, G = Earl.
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Summarizing, we use the Backward Chaining strategy in order to verify a hypothe-
sis. Firstly, the system tries to match the hypothesis to some fact stored in the working
memory. If this is impossible, it tries to match the hypothesis to an action (conse-
quent) of some rule, as shown in Fig.9.6a. If matching is possible, then we can
recognize the hypothesis as valid in case the condition (antecedent) of this rule is
valid. However, if the system does not know whether the condition is valid, it gives
a working hypothesis status to the condition (cf. Fig. 9.6b). Then, the system tries to
verify this working hypothesis (cf. Fig.9.6¢), etc. The inference process finishes in
the following two cases.

e All hypotheses on the stack have been recognized as valid. This means that the
initial hypothesis is also valid (cf. Fig. 9.6d—f).

e There are no facts and rules which can be matched to some hypothesis defined
during the inference process and put on the stack. This means that the initial
hypothesis is not valid.?’

9.3 Conflict Resolution and Rule Matching

As we have mentioned in the previous section, as a result of the rule-matching phase
we can obtain a set of rules which contains more than one (matched) rule, i.e., a
conflict set. In such a case the system has to resolve the conflict, i.e., to decide which
rule should be applied (fired). The most popular methods of conflict resolution®' are
as follows.

o The method of the most specific rule. If the condition of the rule R! contains the
condition of the rule R2, then select the rule R', because its condition specifies the
situation for a rule application in a more detailed way.

e The method of recent facts. Choose the rule, which corresponds to the most recently
updated facts.

e The method of the highest priority rule. During modeling the rule base give prior-
ities to rules by assigning them weights or ordering them from the most important
to the least important. Choose the rule with the biggest weight (in the first case)
or the rule which is found first (in the second case).

e The method of contexts. Divide rules into subsets related to application contexts.
For example, contexts might be defined as normal work of the equipment moni-
tored, unstable work of the equipment monitored, failure of the equipment moni-
tored, etc. The inference engine checks the current context before launching the
rule-matching phase and it takes into account only rules which belong to the subset
relating to this context.

201p fact, it means that we are not able to recognize the initial hypothesis as valid on the basis of
the facts and rules stored in the system.

2'Apart from the methods listed, we also use the principle of blocking a rule recently applied in
case its corresponding facts do not change. We have used this rule in the previous section for the
FC strategy.
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Rule matching is the second crucial issue which influences the efficiency of a
reasoning process. Even in a simple rule-based system consisting of a few rules and
facts, finding substitutions and creating multiple bindings are time-consuming. In
fact, if we have k rules consisting of m conditions on average and n (simple) facts,
then there are k x m x n matching operations in every cycle of the system. Since in
practical applications we define hundreds of rules and there are thousands of facts,
the efficiency of rule matching can limit the possibility of the use of a rule-based
system.23

In 1974 Charles Forgy** defined the Rete algorithm® [101], which speeds up
the rule-matching process considerably. The algorithm builds a net which stores
relations among antecedents of rules. Variable and constant bindings which result
from substitutions are also stored. On this basis all changes which concern facts are
propagated in such a net.

9.4 Expert Systems Versus Rule-Based Systems

At the end of our consideration of rule-based systems, we discuss their relation to
expert systems. Al systems which solve problems in some domain on the basis of
knowledge of human experts that is stored in a knowledge base are called expert
systems or knowledge-based systems. Such knowledge can be in the form of a
structural representation (e.g., semantic networks, frames, scripts), a logic-based
representation (e.g., FOL-like), a generative grammar, rules, etc. Thus, expert rule-
based systems are a subclass of expert systems. On the other hand, the rule-based
paradigm is also used for constructing Al systems which are based on the cognitive
simulation approach. Soar, ACT*, and ACT-R are good examples of such systems.
In these systems rules are not used for codifying specific domain knowledge, but
they are applied for modeling the generic behavior of the system. Such systems are
called production systems>°.

Returning to expert systems, we introduce two important classes of such systems,
namely Case-Based Reasoning systems and Model-Based Reasoning systems.

Case-Based Reasoning, CBR, systems are often constructed when defining rules is
troublesome. They are also based on domain knowledge. We model them if for similar

22For example, an Al system designed under the supervision of the author and Dr. Ulf Behrens
for a particle physics experiment at the Deutsches Elektronen Synchrotron in Hamburg contained
more than 1,300 rules and approximately 12,000 facts (see Behrens U., Flasifiski M., et al.: Recent
developments of the ZEUS expert system. IEEE Trans. Nuclear Science 43 (1996), pp. 65-68).
23The rule-matching phase consumes about 90 % of time of a single cycle.

24Charles L. Forgy—a researcher in the area of rule-based systems, a Ph.D. student of Allen Newell.
He designed OPS5, which was the first language used for constructing rule-based systems applied
in practice.

25In Latin rete means net.

26 Rules play a role, which is analogous to the productions of generative grammars.
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problems in the application domain similar solutions can be applied. Descriptions
of problems which have already been solved by the system and the corresponding
solutions are kept in a knowledge base. If a new problem appears, the system looks for
similar problems in the knowledge base and for their solutions. A suggested solution
is then verified. Verification consists of trying the solution in practice or an evaluation
of a computer simulation. If the result of the verification is not satisfactory, then the
system proposes a modification of the solution and verifies it once more, etc. If the
result of the verification is satisfactory, the system writes the case into its knowledge
base in the form of a pair (case, solution) for the purpose of future use.

Case-Based Reasoning systems are sometimes equated with systems reasoning by
analogy [123]. However, there is an essential difference between these two classes
of Al systems. On one hand, in both cases we use the idea of analogy (in the sense of
similarity) between problems solved in the past and the problem to be solved. On the
other hand, in the case of Case-Based Reasoning the system solves problems which
belong to the same domain and in the case of reasoning by analogy problems need
not belong to the same domain. In fact, in typical systems which reason by analogy,
discovering analogies between problems belonging to various domains is the key
issue. Defining a script is a good example of reasoning by analogy. Let us notice that
in defining the script Reconciliation of feuding parties in Sect. 7.3, we have analyzed
two different domains: the domain of relations between friends and the domain of
foreign affairs.

In Model-Based Reasoning, MBR, systems we use a different approach from
reasoning by analogy. Instead of direct application of an experience resulting from
solving particular cases in the past, a model of a process (a device, a phenomenon,
etc.), which will be the object of future reasoning is constructed. A model means here
an abstract representation of some aspects of the world which are defined in order to
perform forecasting, diagnosing, explaining, etc. Models are often of the structural
form. For example, a model of a complex device can be a representation which
describes its components, functional relations among these components, cause-effect
relations, etc. The model allows the system to perform computer simulations which
can be used, e.g., for forecasting what can happen if some component breaks down.

Apart from system modules introduced in Sect. 9.1 (cf. Fig.9.1a) expert systems
include additional components which make cooperation with them easier. The fol-
lowing supporting modules are the most typical.

e An explanation module is used for justifying the results of reasoning. For exam-
ple, returning to our “genealogical example” in Sect.9.2, the explanation module
could explain why it considers Earl to be a paternal uncle of Raul. The FC-based
system considered in this section could explain why it has switched off the device
Device_64.

e A knowledge acquisition module usually consists of two independent parts. The
first one is used for acquiring facts about the environment of the system. Interfaces
to sensors allowing the system to read signals, data, etc. are good examples of such
modules. For example, our FC-based system in Sect. 9.2 acquires data concerning
the device temperature. Such modules are typical for real-time control expert
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systems. The second part allows a knowledge engineer to write rules to a rule
base in a convenient, sometimes semi-automatic or automatic, way. Knowledge
can be represented in forms different from the rule-like one. For example, it can be
represented in the form of decision trees (we introduce them in the next chapter).
Then, transforming such knowledge into a rule representation is the task of this
submodule.

e A graphical user interface is used for communicating to the user effects of reason-
ing in a way, which is easy to understand. An example of real-time control expert
systems is multi-level cockpits, which aid in navigation.

In practical applications we often have to operate on imperfect knowledge (i.e.,
knowledge which can be uncertain, imprecise, or incomplete) or we have to define
facts with the help of vague notions. Then, the methods introduced in this chapter
as well as logic-based methods are inadequate and we have to extend our reason-
ing strategies. Reasoning models used for imperfect knowledge (Bayes networks,
Dempster-Shafer theory, and non-monotonic reasoning) are introduced in Chap. 12.
Reasoning models used in the case of vague notions (fuzzy sets and rough sets) are
considered in Chap. 13.

Bibliographical Note

Rule-based systems are discussed in classic monographs [131, 147, 182, 231, 315].
Case-Based Reasoning is presented in [166, 242] and Model-Based Reasoning in
[125].
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Chapter 10
Pattern Recognition and Cluster Analysis

Let us begin with a terminological remark, which concerns the notion of a pattern.
In pattern recognition and cluster analysis various objects, phenomena, processes,
structures, etc. can be considered as patterns. The notion is not limited to images,
which can be perceived by our sight. There are three basic approaches in the area
of pattern recognition. In the approach based on a feature space a pattern is repre-
sented by a feature vector. If patterns are of a structural nature, then syntactic pattern
recognition (introduced in Chap. 8) or the structural approach' is used. In the third
approach (artificial) neural networks are applied. (This approach is introduced in the
next chapter.)

In general, pattern recognition consists of classifying an unknown pattern into one
of several predefined categories, called classes.> Cluster analysis can be considered
a complementary problem to pattern recognition. Grouping a set of patterns into
classes (categories) is its main task.>

The task of pattern recognition and its basic notions are formulated in the first
section. The next five sections concern various methods of pattern recognition. Clus-
ter analysis is introduced in the last section.

UIn structural pattern recognition patterns are represented by structural representations, similarly to
syntactic pattern recognition. However, their recognition is done with the help of pattern matching
methods, not, as in the syntactic approach, by applying formal grammars and automata.

ZFor example, patients can be considered as patterns and then pattern recognition can consist of
classifying them into one of several disease entities.

3For example in the area of Business Intelligence we can try to group customers on the basis of
their features such as the date of their last purchase, the total value of their purchases for the last
two months, etc. into categories which determine a sales strategy (e.g., cross-selling, additional free
services/products).
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10.1 Problem of Pattern Recognition

The problem of pattern recognition can be described formally in the following way.
Let us assume that there are C categories (classes):

o', @?, ..., 0, (10.1)

into which patterns can be classified. Let us assume also that each pattern is
represented by an n-dimensional feature vector X = (X, X», ..., X,), where
X;,i=1,...,niscalled the ith component4 of the vector X.

In order to perform a pattern recognition task we should have a learning (training)
set, which is defined in the following way:

U=(X"u", X2 ud),..., XM, uMy), (10.2)

where X/ = (Xj, Xé, e, X,{), Jj=1,..., M,is the jth vector of the learning set
and u/ = o, k € {1, ..., C}, is the correct classification of the pattern represented
by the vector X/. (This means that the pattern represented by the vector X/ belongs
to the class w*.)

In this chapter we focus on the phase of classification, assuming that the repre-
sentation of patterns in the form of a learning set has been defined in a correct way.
However, before we introduce classification methods in the following sections, we
consider a few issues which concern defining a correct representation of patterns. In
a pattern recognition system, the following three phases precede classification:

e preprocessing,
e feature extraction,
e feature selection.

During preprocessing the following operations are performed: noise removal,
smoothing, and normalization. Noise removal is usually done with the help of signal
filtering methods.’> Normalization consists of scaling pattern features so that they
belong to comparable ranges.

For the classification phase we require the number of pattern features to be as small
as possible, i.e., the dimensionality of feature vectors should be as small as possible.
If the dimensionality is big, then it results in a high cost of feature measuring, a
(time) inefficiency of classification algorithms, and, interestingly, often more errors
in the classification phase.® Reduction of this dimensionality is the main task of

4 A component represents some feature of the pattern.

STf patterns are images, then noise filtering, smoothing/sharpening, enhancement, and restoration
are typical preprocessing operations. Then, features such as edges, characteristic points, etc. are
identified. Finally, image segmentation and object identification are performed.

OThis interesting phenomenon is discussed, e.g., in [235].
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Fig. 10.1 a An example of a feature space containing elements of a learning set, and examples of
methods: b minimum distance classification, ¢ nearest neighbor (NN), d k-NN

the feature extraction phase. The reduction is done by combining and transforming
original features into new ones.’

Feature selection is the next phase. It consists of selecting those features which
have the biggest discriminative power. In other words, we identify those features that
lead to the smallest error during the classification phase.’

A space containing vectors representing patterns such that their components have
been extracted and selected during the phases described above is called a feature
space. An example feature space is shown in Fig.10.1a. It is a two-dimensional
space, i.e., patterns belonging to it are represented by two features: X and X,. There
are patterns belonging to a class ', marked with circles, in the space. As we can
see, these patterns are concentrated, i.e., they are close each to other. We say they
create a cluster. Similarly, patterns belonging to a class w?, marked with rectangles,

7The most popular feature extraction methods include Principal Component Analysis (PCA), Inde-
pendent Component Analysis, and Linear Discriminant Analysis. The issues related to feature
extraction methods are out of the scope of Artificial Intelligence. Therefore, they are not discussed
in the book. The reader can find a good introduction to this area in monographs cited at the end of
this chapter.

8This can be done, for example, with the help of the search methods introduced in Chap. 4.
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create a second cluster in the feature space. Let us assume that we want to construct
a pattern recognition system which distinguishes between sprats and eels. Thus,
there are two classes: o' = sprats, w? = eels. Then, let us assume that the system
classifies fishes on the basis of two features: X = length of fish, X, = weight of
fish. Of course, a learning set should be available, i.e., we should have a set of fishes
of both species. We should measure the length of the fishes and we should weigh
them. Then, we can place patterns of fishes in the feature space. In Fig. 10.1a sprats
(marked with circles) are shorter (the feature X;) and lighter (the feature X,) than
eels. In successive sections we discuss various classification methods, assuming a
learning set is placed in a feature space.

10.2 Minimum Distance Classifier

The construction of a minimum distance classifier is based on a human mechanism
of recognizing objects, phenomena, etc. If we are to assign an unknown object to one
of a few categories, we usually assign it to a category containing an object, which is
similar to the unknown one. Let us assume that for a set of classes o', @?, ..., ¢

there exists a set of reference (template) patterns/vectors’:
R',R% ... RC. (10.3)

In case clusters corresponding to these classes are regular, we can assume that a
vector computed as the mean (median, mode) vector of the cluster is the reference
pattern (cf. Fig. 10.1b)."°

Now, we can begin classification. If an unknown pattern X appears, then we should
measure its features and place the corresponding feature vector in the feature space
(cf. Fig. 10.1b—an unknown pattern is marked by a triangle with a question mark).
Then, a minimum distance classifier computes the distances between the unknown
pattern and the reference patterns, i.e.,

p(X,RY, p(X,R%), ..., p(X,RY), (10.4)
where p (X, RY), j € {1,2,...,C},is the distance between the pattern X and the
reference pattern R/. Finally, the classifier assigns the pattern X to the class w”
containing the reference pattern R* which is the nearest to the pattern X, i.e.,

o(X, R = min{p(X,R"), pX,R?), ..., p(X,R9)}, (10.5)

where the function min selects the smallest element from a set.

9Later we equate a pattern with its representation in the form of a feature vector.

101 our “fish example” a reference pattern corresponds to a fish of the mean length and the mean
weight in a given class.
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According to rule (10.5), a classifier assigns the unknown pattern to class @' in
Fig. 10.1b, because the distance between this pattern and the reference pattern R! is
smaller than the distance between this pattern and the reference pattern R?, which
represents the second class.!! (Distances are marked with a dashed line.)

If we use a minimum distance classifier, or other methods which compute dis-
tances, then the choice of an adequate metric is a crucial issue. For various problems
the way of computing a distance influences the accuracy of the method. This issue
is discussed in Appendix G.2.

10.3 Nearest Neighbor Method

Sometimes determining reference patterns which represent clusters in an adequate
way is troublesome. It is very difficult if clusters are not regular, for example if they
are dispersed and scattered in some directions. In such a case we can apply the Nearest
Neighbor, NN, method. The main idea of the method was introduced by Evelyn Fix'?
and Joseph L. Hodges, Jr'? in 1951 [91], then it was characterized by Thomas M.
Cover'* and Peter E. Hart"® in 1967 [60]. In this method we compute the distances
between an unknown pattern X and all the vectors of a learning set U . Then, we select
the class containing the pattern, which is the nearest to the pattern X. In the example
shown in Fig. 10.1c we assign the unknown pattern X to the class @', because this
class contains the nearest neighbor of X. (In Fig. 10.1c the distance between X and
the nearest pattern belonging to the class w? is also marked.) The NN method has
an intuitive interpretation. If we meet an unknown object (event, phenomenon) and
we want to classify it, then we can look for a resemblance to a similar object (event,
phenomenon) and assign the unknown object to a class including this similar object.

The NN rule can be defined formally in the following way. Let U* denotes the
subset of the learning set including only those patterns that belong to the class w*,
ie.,

UF={X/ : (X/,u/) € Uandu/ = }. (10.6)

" our fish example this means that an unknown fish corresponding to an unknown pattern in
Fig. 10.1b is classified as a sprat (w!), because it resembles the “reference sprat” R! more than the
“reference eel” R2. (That is, it is nearer to the “reference sprat” in the feature space.).

12Evelyn Fix—a professor of statistics of the University of California, Berkeley, a Ph.D. student and
then a principal collaborator of the eminent Polish-American mathematician and statistician Jerzy
Sptawa-Neyman, who introduced the notion of a confidence interval (also, the Neyman-Pearson
lemma).

13Joseph Lawson Hodges, Jr—an eminent statistician (Hodges-Lahmann estimator, Hodges’ esti-
mator) at the University of California, Berkeley, a Ph.D. student of Jerzy Sptawa-Neyman.
14Thomas M. Cover—a professor at Stanford University, an author of excellent papers concerning
models based on statistics and information theory.

I5peter E. Hart—a professor of the Stanford University, a computer scientists (a co-author of a
heuristic search method A* and the model based on the Hough transform).
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Then, X is assigned to the class o, if

p(X,X") = 'I?inM{,o(X, X/)} and X" € UL. (10.7)
J=1..

In practice a learning set can contain patterns characterized by values of features
which have been measured in an erroneous way. Then, the NN method could give
an invalid classification if a pattern with erroneous values of features is the nearest
neighbor. In order to eliminate such an effect, we apply the k-Nearest Neighbor, k-
NN, method. In this method we identify not one nearest neighbor, but the k nearest
neighbors. (k is a small odd number.) Then, we check which class possesses the
biggest number of representatives in the group of the nearest neighbors. An unknown
pattern is assigned to this class. Let us consider the example shown in Fig. 10.1d.
Two patterns belonging to the class w” are placed near the class w'. (Their features
have likely been measured in an erroneous way.) If we apply the NN method, then
we assign the unknown pattern to the class w? incorrectly. However, if we use the
5-NN method, i.e., k =5, then in the group of the five nearest neighbors three of them
belong to the class w!, and the unknown pattern is assigned to this class correctly.

10.4 Decision-Boundary-Based Classifiers

Instead of using reference patterns or elements of a learning set, we can try to construct
boundaries which divide the feature space into subspaces corresponding to classes.
Such an idea was originally introduced by Ronald A. Fisher in 1936 [90]. It is used
for defining decision-boundary-based classifiers.

Let us begin by considering the case of two classes in a feature space which can be
separated in a linear way, i.e. they can be separated by a boundary which is defined
with the help of a linear function called a linear discriminant function. Let clusters
containing elements of a learning set and representing classes o' and w? be placed in
a feature space as shown in Fig. 10.2a. These clusters can be separated by a boundary.
The points X = (X, X») belonging to the boundary fulfill the following equation:

dX)=2X,—X,—4=0. (10.8)

Let us notice that all patterns of the learning set X which belong to the class ' fulfill
the following condition:
dX) > 0, (10.9)

and all patterns of the learning set X which belong to the class w? fulfill the following
condition:
dX) < 0. (10.10)
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Fig. 10.2 a Anexample of a decision boundary which separates two classes, b a separation of three
classes by three decision boundaries, ¢ possible boundaries between two classes, d an example of
the Support Vector Machine method

The function d is used for classifying unknown patterns. For example, the unknown
pattern marked with a triangle in Fig. 10.2a, which has coordinates X; = 8, X, = 6
is assigned to the class !, because the value of the function d for this pattern is
greater than zero, according to formula (10.8).

In the general case of an n-dimensional feature space, a linear discriminant func-
tion is of the following form:

d(X) =D WX + W, (10.11)

i=1

where W = (Wy, ..., W,) is called the weight vector and W), is the threshold weight.
This function corresponds to a boundary which is a hyperplane.

If there are more than two classes, then we can partition the feature space with
the help of many boundaries in such a way that classes are separated pairwise. An
example of such a dichotomous approach is shown in Fig. 10.2b. The class ' is
separated from the class w® with the help of the discriminant function d'2, the class

o' is separated from the class w® with the help of the discriminant function d'*, and
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the class w? is separated from the class w® with the help of the discriminant function
d>.

In the case of the linear discriminant function method we can define a lot of
boundaries which separate clusters. Let us look at Fig. 10.2¢c, in which three bound-
aries separating clusters which represent classes @' and w? are defined. Although
all boundaries are correct, the two boundaries marked by dashed lines seem to be
worse than the third boundary. Our observation is accurate, because in the cases of
the boundaries marked by dashed lines a small shift of some cluster points makes it
necessary to modify these boundaries. However, the boundary marked with a solid
line runs sufficiently far from both clusters. This means that it is less sensitive to
some shifts of patterns in the feature space. This observation inspired Vladimir Vap-
nik'® to define Support Vector Machine, SVM, in 1979 [308]. The main idea of this
method is shown in Fig. 10.2d.

The Support Vector Machine looks for a boundary between two clusters which
is placed in such a way that its distance from both clusters is equal and as big as
possible. (In Fig. 10.2d it is marked with a solid line.) In order to determine such a
boundary, we construct two support hyper-planes, which are parallel one to another
and have the same distance from the boundary. (They are marked by dashed lines in
Fig. 10.2d.) Each hyperplane is supported on the elements of its cluster which are
protruding the most towards another cluster. These elements are marked by circles.
Since these elements are the feature vectors that the hyper-planes are supported on,
they are called support vectors.'”

Till now, we have assumed that clusters in a feature space can be separated by linear
discriminant functions. If they cannot be separated by linear functions, we have to use
non-linear discriminant functions and define non-linear classifiers. However, con-
structing efficient non-linear classifiers is very difficult. In the 1990s some efficient
non-linear classifiers were defined [35, 92, 259]. An alternative approach consists of
using splines, i.e., piecewise-defined functions of smaller order.

10.5 Statistical Pattern Recognition

In statistical pattern recognition (Bayesian approach), presented by Richard O.
Duda'® and Peter E. Hart in [78], the probability!® of assigning a pattern to a class
is taken into consideration. These methods are based on the Bayesian model.>°

16V]adimir Naumovich Vapnik—a professor at the Institute of Control Sciences, Moscow from
1961 to 1990, then at AT&T Bell Labs and NEC Laboratories, Princeton. His work concerns
mainly statistics and Artificial Intelligence (Vapnik—Chervonenkis theory).

" This is why the method is called Support Vector Machines.

18Richard O. Duda—a professor of electrical engineering at San Jose State University. His achieve-
ments concern pattern recognition. He defined the Hough transform. He is a co-author of the
excellent monograph “Pattern Classification and Scene Analysis”.

19The basic notions of probability theory are introduced in Appendices L.1, B.1 and 1.2.

20Thomas Bayes—an eminent English mathematician and a Presbyterian minister. The “father” of
statistics.
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Fig. 10.3 a Examples of probability density functions for two classes, b a reconstruction of a
probability density function on a basis of a histogram, ¢ an example of a decision rule for the
Bayesian classifier

In order to simplify our considerations, let us assume that all patterns belong to one
of two classes in a one-dimensional feature space. Let us assume that for classes o'
and w? we know the a priori probabilities P(w') and P (w?). The a priori probability
P (") gives the probability that a pattern belongs to the class ' in general.?!

Then, let us assume that for this (single) feature X characterizing our patterns
we know probability density functions p(X;|w') and p(X;|w?) for both classes. The
probability density function p(X;|w') is a function which for a given value of the
variable X assigns the probability of its occurrence, assuming that we say about a
pattern which belongs to the class w'. Let us return to our “fish example”. Now, '
means the class of sprats, ®? means the class of anchovy, and the feature X; means
the length of a fish. Then, p(9|sprat) = 0.42 means that the probability that a fish
is 9 cm long, assuming that it is a sprat, is equal to 0.42. For example, probability
density functions for two classes are shown in Fig. 10.3a. As we can see, values of

2l'we may know, for example, that there are four times more patterns belonging to the class ! than
patterns belonging to the class ®? in nature. Then, P(w') = 4/5 and P(w?) = 1/5.
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the feature X, of patterns belonging to the class o' belong to the interval [5, 13].
Values around 9 are the most probable (the probability more than 0.4). Values of
the feature X of patterns belonging to the class w? belong to the interval [10, 24].
Values around 17 are the most probable.

If we use the Bayesian approach, the question is how to determine the proba-
bility density function for a given class? The simplest technique consists of using
a histogram, which shows the empirical distribution of a feature. This is shown in
Fig.10.3b.2

If we have defined a priori probabilities for classes @' and w?, and probability
density functions for these classes, we can define a posteriori probabilities P (w'|X )
and P(w?|X,), according to Bayes’ rule:

p(X1|) P (o))
2 p(X ) P(ok)

P/ |X)) = =1,2. (10.12)

P(w'|X) is the probability that an unknown pattern belongs to the class ', depend-
ing on the value of its feature X ;. Thus, for our example P(spratl7) = 0.35 is inter-
preted in the following way. The probability that a fish of length 7 cm is a sprat equals
0.35. Let us notice that we can omit the denominator of formula (10.12), because it
is the same for both classes.

Example graphs of a posteriori probability functions for both classes depending
on the feature X are shown in Fig. 10.3c. These graphs cross for the value x . This
means that for values of the feature X greater than xp the probability that a pattern
belongs to the class w? is greater than the probability that the pattern belongs to
the class o' (and vice versa). As we can see, there are values of X for which the
probabilities of belonging to both classes are non-zero. There are also values of X
for which the probability of belonging to a given class is equal to zero.

We can generalize our considerations to the case of more than two classes. For
classes w', @?, ..., »° formula (10.12) is of the following form:

p(Xilo/) P(w’)

P(o'|X)) = :
I S Xeh) P k)

ji=12....C (10.13)

Now, we can formulate a rule for recognizing an unknown pattern characterized
by one feature X = (X) with the help of the Bayes classifier. The classifier assigns
the pattern to that class for which the a posteriori probability is the biggest. Thus, X
is assigned to the class w’, if

P(w"|X,) > P(w’|X,) foreach j e€{1,2,...,C}, j #L. (10.14)

22The height of the bar for an interval [a, b] should be 1 = p/w, where p is the number of elements
of the learning set which belong to the given class and are in the interval [a, b], and w is the number
of all elements of the learning set which belong to the given class.
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In case we would like to recognize patterns in an n-dimensional feature space, i.e.,
X = (X1, X, ..., X), we can use the so-called naive Bayes classifier. We make
the assumption that all the features are independent. Then, the probability density
function for an n-dimensional feature vector is defined in the following way:

pXlo') = Hp(Xilwi)- (10.15)
i=1

We can generalize the Bayes classifier even more. We can assume that erroneous
decisions concerning the recognition of an unknown pattern can have various costs,
i.e., they have various consequences. Then, we introduce a function of the cost (of
errors). This function and the a posteriori probability are the basis for defining the
risk function for the classifier. In this approach we try to minimize the risk function.

10.6 Decision Tree Classifier

The pattern recognition methods introduced in the previous sections belong to a one-
stage approach, in which we make the classification decision taking into account all
classes and all features in one step. However, the classification process can be decom-
posed into a sequence of steps. In subsequent steps we can analyze successive features
with respect to various subsets of classes. Such an approach is called a multistage
(sequential) approach. The decision tree classifier introduced by J. Ross Quinlan?®
in 1979 [233] is one of the most popular methods belonging to this approach. Let us
introduce it with the help of the following example.

Let us assume that we construct a classifier recognizing the creditworthiness of a
customer in a bank. We take into account two features of a customer: X = Income
(yearly) and X, = Debt (of the customer to the bank). We assume two classes: o' =
creditworthy customers and w* = non-creditworthy customers. Grouping of elements
of the learning set into two clusters is shown in Fig. 10.4. After analyzing these
clusters, i.e., analyzing the behavior of customers belonging to the corresponding
classes, we decide to divide the feature space with the help of a boundary which
separates customers with a yearly income more than 50,000 € from those who have
a lower income. Defining this boundary corresponds to constructing the part of the
decision tree shown in Fig. 10.4a. The condition “Income > 50,000 which defines
the threshold is written into a node of the tree. If the condition is fulfilled, then
an unknown pattern belongs to the class o' (marked with a circle in the decision
tree and in the feature space). Further analysis allows us to divide the feature space
according to the feature Debt and to set a threshold of 100,000 €. Customers whose
debt is greater than this threshold belong to the class w? (marked with a rectangle

23John Ross Quinlan—an Australian computer scientist, a researcher at the University of Sydney
and the RAND Corporation. His research concerns machine learning, decision theory, and data
exploration.
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Fig. 10.4 Successive steps constructing a decision tree and partitioning a feature space

in the decision trees and in the feature space). Such a division of the feature space
corresponds to developing the decision tree as shown in Fig. 10.4b. Finally, in order
to separate customers of the two classes in the lower left subspace we should set a
threshold equal to 25,000 € for the feature Income. As we can see in Fig. 10.4c this
threshold separates creditworthy customers from the non-creditworthy ones in this
subspace. We obtain the decision tree shown in Fig. 10.4c as a result.

Summing up, a classifier based on a decision tree divides a feature space with the
help of boundaries which are parallel to the axes of the coordinate system that define
the feature space. These boundaries are constructed by the sequential identification
of thresholds for specific features.



10.7 Cluster Analysis 153

10.7 Cluster Analysis

When we have formulated a pattern recognition task in previous sections, we have
assumed that we have a learning set, which consists of patterns with their assignments
to proper classes. We have introduced various classifiers, which assign an unknown
pattern to a proper class. Cluster analysis is a problem which can be considered
complementary to pattern recognition. We assume here that we have a set of sample
patterns, however we do not know their classification. A cluster analysis task consists
of grouping these patterns into clusters, which represent classes. Grouping should
be done in such a way that patterns belonging to the same cluster are similar to
one another. At the same time, patterns which belong to distinct clusters should be
different from one another.

Thus, the notion of similarity is crucial in cluster analysis. Since patterns are
placed in a feature space, as in pattern recognition, we use the notion of metric2* also
in this case. We compute distances between patterns of a sample set with the help of
a given metric. If the distance between two patterns is small, then we treat them as
similar (and vice versa).

In general, cluster analysis methods are divided into the following two groups:

e methods based on partitioning, where we assume that we know how many clusters
should be defined, and
e hierarchical methods, where the number of clusters is not predefined.

K-means clustering is one of the most popular methods based on partitioning.
The idea of the method was introduced by Hugo Steinhaus> in 1956 [287] and
the algorithm was defined by James B. MacQueen®® in 1967 [190]. Firstly, let us
introduce the notion of the centroid of a cluster. The centroid is the mean of the
positions of all patterns which belong to a given cluster. Let us assume that we want
to group patterns into k clusters. The method can be defined in the following way.

1. Select k initial centroids of clusters. (The selection can be made by random choice
of k patterns as initial centroids or by random choice of k points in the feature
space.)

2. Assign each pattern of the sample set to a cluster on the basis of the smallest

distance between the pattern and the cluster centroid.

For clusters created in Step 2. compute new centroids.

4. Repeat Steps 2. and 3. until clusters are stabilized. (We say that clusters are
stabilized, if pattern assignments do not change in a successive step (or changes

(O8]

24Various metrics are introduced in Appendix G.2.

2 Hugo Steinhaus—a Polish mathematician, a professor of Jan Kazimierz University in Lwéw
(now Lviv, Ukraine) and Wroctaw University, a Ph.D. student of David Hilbert, a co-founder of the
Lwoéw School of Mathematics (together with, among others, Stefan Banach and Stanistaw Ulam).
His work concerns functional analysis (Banach-Steinhaus theorem), geometry, and mathematical
logic.

26James B. MacQueen—a psychologist, a professor of statistics at the University of California, Los
Angeles. His work concerns statistics, cluster analysis, and Markov processes.
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Fig. 10.5 Successive steps of k-means algorithm

are below a certain threshold) or centroids do not change (or changes are below
a certain threshold).)

Let us consider an example of the k-means algorithm, which is shown in Fig. 10.5.
A placement of patterns in a feature space is shown in Fig. 10.5a. Let us assume that
we would like to group the patterns into two clusters, i.e., k = 2. (Elements of
these clusters are marked either with circles or rectangles.) We assume that we have
selected cluster centroids randomly as shown in Fig. 10.5b. The distance between
the two leftmost patterns and the centroid of the “circle” cluster is smaller than the
distance between these patterns and the centroid of the “rectangle” cluster. Therefore,
they are assigned to this cluster (cf. Fig. 10.5b). The remaining patterns are assigned
to the “rectangle” cluster, because they are closer to its centroid than to the centroid
of the “circle” cluster. (Assignments of patterns to centroids are marked with dashed
lines.) After that we compute new centroids for both clusters. We have marked them
with a black circle (the first cluster) and a black rectangle (the second cluster). As
we can see in Fig. 10.5¢, the centroid of the “rectangle” cluster has moved to the
right significantly and the centroid of the “circle” cluster has moved to the left a little
bit. After setting the new centroids we assign patterns to clusters anew, according
to the closest centroid. This time the “circle” cluster absorbs one pattern which was
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a “rectangle” previously. (It was the initial centroid of “rectangles”.) In Fig. 10.5d
we can see the movement of both centroids to the right and the absorption of two
“rectangle” patterns by the “circle” cluster. The final placement of the centroids is
shown in Fig. 10.5e. After this both clusters are stabilized. The effect of the grouping
is shown in Fig. 10.5f.

The idea of hierarchical cluster analysis was defined by Stephen C. Johnson?’ in
1967 [150]. In such an approach we do not predefine the number of clusters. Instead
of this, we show how clusters defined till now can be merged into bigger clusters (an
agglomerative approach®®) or how they can be decomposed into smaller clusters (a
divisive approach®®).

Let us assume that a sample set consists of M patterns. The scheme of an agglom-
erative method can be defined in the following way.

1. Determine M initial clusters, which consist of a single pattern. Compute the
distances between pairs of such clusters as the distances between their patterns.

2. Find the nearest pair of clusters. Merge them into one cluster.

3. Compute distances between this newly created cluster and the remaining clusters.

4. Repeat Steps 2. and 3. until one big cluster containing all M patterns is created.

An agglomerative scheme is shown in Fig. 10.6. (Successive steps are shown from left
to right.) The feature space is one-dimensional (a feature X ). Firstly, we merge the
first two one-element clusters (counting from the top), because they are the nearest
to each other. In the second step we merge the next two one-element clusters. In the
third step we merge the second two-element cluster with the last one-element cluster,
etc. Let us notice that if clusters contain more than one element, we should define a
method to compute a distance between them. The most popular methods include:

e the single linkage method—the distance between two clusters A and B is computed
as the distance between the two nearest elements E4 and Ep belonging to A and
B, respectively,

e the complete linkage method—the distance between two clusters A and B is com-
puted as the distance between the two farthest elements £, and E g belonging to
A and B, respectively,

e the centroid method—the distance between two clusters A and B is computed as
the distance between their centroids.

Successive steps of a divisive scheme are shown in Fig. 10.6 from right to left.

27Stephen Curtis Johnson—a researcher at Bell Labs and AT&T, then the president of USENIX. A
mathematician and a computer scientist. He has developed cpp—a C language compiler, YACC—a
UNIX generator of parsers, int—a C code analyzer, and a MATLAB compiler.

28In this case we begin with clusters containing single patterns and we can end up with one big
cluster containing all patterns of a sample set.

291n this case we begin with one big cluster containing all patterns of a sample set and we can end
up with clusters containing single patterns.
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Fig. 10.6 Agglomerative methods and divisive methods in hierarchical cluster analysis

Bibliographical Note

Monographs [28, 78,79, 106, 171, 309] are good introductions to pattern recognition.
Cluster analysis methods are presented in [4, 85, 127].



Chapter 11
Neural Networks

As we have mentioned in the previous chapter, the neural network model (NN)
is sometimes treated as one of the three approaches to pattern recognition (along
with the approach introduced in the previous chapter and syntactic-structural pattern
recognition). In fact, as we will see in this chapter, various models of (artificial)
neural networks are analogous to standard pattern recognition methods, in the sense
of their mathematical formalization.'

Nevertheless, in spite of these analogies, neural network theory is distinguished
from standard pattern recognition because of the former original methodological
foundations (connectionism), the possibility of implementing standard algorithms
with the help of network architectures and a variety of learning techniques.

A lot of different models of neural networks have been developed till now. A
taxonomy of these models is usually troublesome for beginners in the area of neural
networks. Therefore, in this chapter we introduce notions in a hierarchical (“bottom-
up”) step-by-step way. In the first section we introduce a generic model of a neuron
and we consider the criteria used for defining a typology of artificial neurons. Basic
types of neural networks are discussed in Sect. 2. A short survey of the most popular
specific models of neural networks is presented in the last section.

TAnil K. Jain—an eminent researcher in both these areas of Artificial Intelligence pointed out
these analogies in a paper [148] published in 2000. Thus, there are the following analogies: linear
discriminant functions—one-layer perceptron, Principal Component Analysis—auto-associative
NN, non-linear discriminant functions—multilayer perceptron, etc.
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11.1 Artificial Neuron

At the end of the nineteenth century Santiago Ramén y Cajal® discovered that a brain
consists of neural cells, then called neurons. The structure of a neuron is shown in
Fig. 11.1a. A neuron consists of a cell body (called the perikaryon or soma) and cellu-
lar extensions of two types. Extensions called dendrites are thin branching structures.
They are used for the transmission of signals from other neurons to the cell body. An
extension called an axon transmits a signal from the cell body to other neurons.

Communication among neurons is done by transmitting electrical or chemical
signals with the help of synapses. Research led by John Carew-Eccles® discovered the
mechanism of communication among neurons. Transmission properties of synapses
are controlled by chemicals called neurotransmitters and synaptic signals can be
excitatory or inhibitory.

Fig. 11.1 a The structure of (a)

_____ sy,
a neuron, b the scheme of an TTTTT Oy cell body
artificial neuron ﬁ;pses —Y
axon
\ /”, P\
_________ _k 1
I / axon
dendrites
(b)
¥ E—
Xo-------- *W() N 1

N o

synaptic weights

2Santiago Ramén y Cajal—an eminent histologist and neuroscientist, a professor of universities
in Valenzia, Barcelona, and Madrid. In 1906 he received the Nobel Prize (together with Camillo
Golgi) for research into neural structures.

3John Carew Eccles—a professor of neurophysiology at the University of Otago (New Zealand),
Australian National University, and the University at Buffalo. In 1963 he was awarded the Nobel
Prize for research into synaptic transmission.
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Atthe same time, Alan Lloyd Hodgkin* and Andrew Fielding Huxley? led research
into the process of initiating an action potential, which plays a key role in communi-
cation among neurons. They performed experiments on the huge axon of an Atlantic
squid. The experiments allowed them to discover the mechanism of this process.
At the moment when the total sum® of excitatory postsynaptic potential reaches a
certain threshold, an action potential occurs in the neuron. The action potential is
then emitted by the neuron (we say that the neuron fires) and it is propagated via its
axon to other neurons. As was later shown by Bernard Katz’ the action potential is
generated according to the all or none principle, i.e., either it occurs fully or it does
not occur at all. In Fig. 11.1a a neuron as described above is marked with a solid line,
whereas axons belonging to two other neurons which send signals to it are marked
with dashed lines.

As we have mentioned already in Sect. 3.1, an (artificial) neural network, NN, is a
(simplified) model of a brain treated as a structure consisting of neurons. The model
of an artificial neuron was developed by Warren S. McCulloch and Walter Pitts in
1943 [198]. It is shown in Fig. 11.1b. We describe its structure and behavior on the
basis of the notions which have been introduced for a biological neuron above. Input
signals Xo, X1, ..., X, correspond to neural signals sent from other neurons. We
assume (for technical reasons) that Xy = 1. These signals are represented by an
input vector X = (Xo, X1, ..., X»)-

In order to compute the total sum of affecting input signals on the neuron, we
introduce a postsynaptic potential function g. In our considerations we assume
that the function g is in the form of a sum. This means that input signals are
multiplied by synaptic weights Wy, Wy, ..., W,, which define a weight vector
W = (Wy, Wy, ..., W,). Synaptic weights play the role of the controller of trans-
mission properties of synapses by analogy to a biological neuron. The weights set
some inputs to be excitatory synapses and some to be inhibitory synapses. The mul-
tiplication of input signals by weights corresponds to the enhancement or weakening
of signals sent to the neuron from other neurons. After the multiplication of input
signals by weights, we sum the products, which gives a signal v:

v=g(W.X) =D WX. (11.1)
i=0

4 Alan Lloyd Hodgkin—a professor of physiology and biophysics at the University of Cambridge. In
1963 he was awarded the Nobel Prize for research into nerve action potential. He was the President
of the Royal Society.

5 Andrew Fielding Huxley—a professor of physiology and biophysics at the University of Cam-
bridge. In 1963 he was awarded the Nobel Prize (together with Alan Lloyd Hodgkin). He was
a grandson of the biologist Thomas H. Huxley, who was called “Darwin’s Bulldog” because he
vigorously supported the theory of evolution during a famous debate with the Bishop of Oxford
Samuel Wilberforce in 1860.

%In the sense that multiple excitatory synapses act on the neuron.

7Bernard Katz—a professor of biophysics at University College London. He was awarded the Nobel
Prize in physiology and medicine in 1970.
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This signal corresponds to the total sum of excitatory postsynaptic potential. Thus,
we have to check whether it has reached the proper threshold which is required for
activating the neuron. We do this with the help of the activation (transfer) function
f, which generates an output signal y for a signal v, i.e.,

y=f). (11.2)

McCulloch and Pitts used the Heaviside step function, usually denoted by 1(v) (cf.
Fig. 11.2a), as the activation function. It is defined in the following way:

1, ifv>0
1v)y=1" - 11.3
@) 0, ifv<O. ( )
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As we can see the Heaviside step function gives 0 for values of a signal v which are
less than zero, otherwise it gives 1. Thus, the threshold is set to 0. In fact, we can set
any threshold with the help of the synaptic weight Wy, since we have assumed that
the signal Xg = 1.

In the generic neuron model the output function out is the third function (in a
sequence of signal processing). It is used in advanced models. In the monograph
we assume that it is the identity function, i.e., out (y) = y. Therefore, we omit it in
further considerations.

The brain is an organ which can learn, so (artificial) neural networks also should
have this property. The general scheme of neuron learning is shown in Fig. 11.2b.
A neuron should learn to react in a proper way to patterns (i.e., feature vectors of
patterns) that are shown to it.® We begin with a random initialization of the weight
vector W of the neuron. We place the training set at the neuron input. Then, we start
the main cycle of the learning process.

We enter the next vector X of the training set’ via the neuron input. The neuron
computes a value v for this vector according to a formula (11.1) and then it determines
the value y according to the given activation function.

The output signal y is the reaction of the neuron to a pattern which has been
shown. The main idea of the learning process consists of modifying the weights of
the neuron, depending on its reaction to the pattern shown. This is done according
to the chosen learning method.'? Thus, in the last step of the main cycle we modify
the weight vector W of the neuron. Then, we enter the next pattern of the training
set, etc.

After showing all feature vectors of the training set to the neuron, we can decide
whether it has learned to recognize patterns. We claim it has learned to recognize
patterns if its weights are set in such a way that it reacts to patterns in a correct way.
If not, we have to repeat the whole cycle of the learning process, i.e., we have to
place the training set at the neuron input once again and we have to begin showing
vectors once again. In Fig. 11.2b this is marked with dashed arrows.

Methods of neuron learning can be divided into the following two groups:

e supervised learning,
e unsupervised learning.

In supervised learning the training set is of the form:
U= (X)), u(l)), (X(2),u?)), ..., X(M),u(M)) ), (11.4)
where X(j) = (Xo(j), X1(j), ..., Xn(j)), j =1,..., M, is the jth input vector

and u(j) is the signal which should be generated by the neuron after input of this
vector (according to the opinion of a feacher). We say that the neuron reacts properly

8Showing patterns means entering their feature vectors via the neuron input.
9The first one is the first vector of the training set.
19Basic learning methods are introduced later.
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to the vectors shown, if for each pattern X(j) it generates an output signal y(j) which
is equal to the signal u(j) required by the teacher (accurate within a small error).
In unsupervised learning the training set is of the form:

U =(X(1),XQ2),...,X(M)). (11.5)

In this case the neuron should modify the weights itself in such a way that it generates
the same output signal for similar patterns and it generates various output signals for
patterns which are different from one another.'!

Let us consider supervised learning with the example of the perceptron introduced
by Frank Rosenblatt in 1957 [246]. The bipolar step function is used as the activation
function for the perceptron. It is defined in the following way (cf. Fig. 11.3):

1 ifv>0
= ’ 1.6
7 LJ,EUfO (1.9

where v is computed according to formula (11.1). Learning, i.e., modifying the
perceptron weights, is performed according to the following principle.

If at the jth step of learning y(j) # u(j), then new weights (for the (j + 1)th step)
are computed according to the following formula:

Wi(j + 1) = Wi(j) +u()HXi(j), (1L.7)

where X; () is the ith coordinate of the vector shown in the jth step and u () is the
output signal required for this vector. Otherwise, i.e., if y(j) = u(j), the weights do
not change, i.e., W;(j + 1) = W;(j)."?

Fig. 11.3 The activation = fi
=f(v
function of the perceptron y =1(v)

1

v

'The reader will easily notice analogies to pattern recognition and cluster analysis which have
been introduced in the previous chapter.

121 order to avoid confusing the indices of the training set elements we assume that after starting a
new cycle of learning we re-index these elements, i.e., they take the subsequent indices. Of course,
the first weight vector of the new cycle is computed on the basis of the last weight vector of the
previous one.
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Let us assume that we would like to use a perceptron for recognizing characters
which are shown by an LED display as depicted in Fig. 11.4a. The display consists of
seven segments. If a segment is switched on, then it sends a signal to the perceptron
according to the scheme of connections which is shown in Fig. 11.4a. Thus, we can
denote the input vector by X = (Xo, X1, X2, X3, X4, X5, X6, X7)-

Let us assume that we would like to teach the perceptron to recognize two char-
acters, A and C.'* These characters are represented by the following input signals:
X4 = (X0, 1,1,1,1,1,0, 1) and X¢ = (Xo, 1, 1,0,0,0, 1, 1) (cf. Fig. 11.4b, c).
In the case of the character A the perceptron should generate an output signal u = 1
and in the case of the character C the perceptron should generate an output signal u =
—1.Letusassume that W(1) = (W (1), Wi (1), Wa (1), W5(1), Wa(l), W5(1), Ws(1),
W5(1)) = (0,0, 0,0,0,0,0,0) is the initial weight vector."’

Let us track the subsequent steps of the learning process.

Step 1. The character A, i.e., the feature vector (1, 1, 1, 1, 1, 1, 0, 1) is shown to the

perceptron. We compute a value v on the basis of this feature vector and
the initial weight vector according to formula (11.1). Since v = 0, we get

13 A single perceptron with n inputs can be used for dividing the n-dimensional feature space into
two areas corresponding to two classes.

141 et us remember that X¢ = 1 according to our earlier assumption.

151 order to show the idea of perceptron learning in a few steps, we make convenient assumptions,
e.g., that the randomly selected initial weight vector is of such a form.
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an output signal y = f(v) = —1 according to formulas (11.2) and (11.6).
However, the required output signal is u = 1 for the character A. Thus,
we have to modify the weight vector according to formula (11.7). One can
easily check that W(2) = (1, 1, 1, 1, 1, 1, 0, 1) is the new (modified) weight
vector. !©

Step 2. The character C, i.e., the feature vector (1, 1, 1,0, 0, 0, 1, 1) is shown to the
perceptron. We compute a value v on the basis of this feature vector and
the weight vector W(2). Since v = 4, the output signal y = f(v) = 1.
However, the required output signal # = —1 for the character C. Thus, we
have to modify the weight vector. It can easily be checked that W(3) =
(0,0,0,1, 1,1, —1, 0) is the new (modified) weight vector.!”

Step 3. The character A is shown to the perceptron once again. We compute a value
v on the basis of this feature vector and the weight vector W(3). Since v = 3,
the output signal y = f(v) = 1 which is in accordance with the required
signal u = 1. Thus, we do not modify the weight vector, i.e., W(4) = W(3).

Step 4. The character Cis shown to the perceptron once again. We compute a value v
on the basis of this feature vector and the weight vector W(4). Since v = —1,
the output signal y = f(v) = —1 which is in accordance with the required
signal u = 1. Thus, we do not modify the weight vector, i.e., W(5) = W(4).

Step 5. The learning process is complete, because the perceptron recognizes
(classifies) both characters in the correct way.

Let us notice that the weight vector obtained as a result of the learning process,
W=Wy, Wy =0, W =0, W3 =1, Wy =1, W5 =1, Wg=—-1, W; =0),

has an interesting interpretation. The neutral weights W, = W, = W; = 0 mean
that features X, X», and X are the same in both patterns. The positive weights
W5 = W4 = W5 = 1 enhance features X3, X4, and X5, which occur (are switched
on) in the pattern A and not in the pattern C. On the other hand, the negative weight
We = —1 weakens the feature X¢, which occurs (is switched on) in the pattern C
and not in the pattern A.
Although the perceptron is one of the earliest neural network models, it is still an
object of advanced research because of its interesting learning properties [25].

After introducing the basic notions concerning construction, behavior, and learn-
ing an artificial neuron, we discuss differences among various types of artificial
neurons. A typology of artificial neuron models can be defined according to the
following four criteria:

the structured functional scheme,

the rule used for learning,

the kind of the activation function,

the kind of postsynaptic potential function.

A scheme of a neuron of a certain type which presents its functional compo-
nents (e.g., an adder computing the value of the postsynaptic potential function,

16We add the vector X4 to the vector W(1), because u = 1.
17We subtract the vector X¢ from the vector W(2), because u = —1.
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a component generating the value of the activation function, etc.) and data/signal
flows among these components is called a structured functional scheme.'® Such a
scheme for a perceptron is shown in Fig. 11.5a. A structured functional scheme for
an Adaline (Adaptive Linear Neuron) introduced by Bernard Widrow!® and Marcian
E. “Ted” Hoff?® in 1960 [313] is shown in Fig. 11.5b. One can easily notice that in
the Adaline scheme the signal v is an input signal of the learning component. (In the
perceptron model the signal y is used for learning.)

18There is no standard notation for structured functional schemes. Various drawing conventions are
used in monographs concerning neural networks.

19Bernard Widrow—a professor of electrical engineering at Stanford University. He invented,
together with T. Hoff, the least mean square filter algorithm (LMS). His work concerns pattern
recognition, adaptive signal processing, and neural networks.

2015 1971 Ted Hoff, together with Stanley Mazor, Masatoshi Shima, and Federico Faggin, designed
the first microprocessor—Intel 4004.
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In the case of these two models of neurons the difference between them is not so
big and concerns only the signal flow in the learning process. However, in the case
of advanced models, e.g., dynamic neural networks [117], the differences between
the schemes can be significant.

Secondly, the neuron models differ from each other regarding the learning rule.
For example, the learning rule for the perceptron introduced above is defined by
formula (11.7), whereas the learning rule for the Adaline neuron is formulated in the
following way:

Wi(j + 1 = Wi(j)) +nlu(j) —v(NIXi (), (11.8)

where X;(j) is the ith coordinate of the vector shown at the jth step, u(j) is the
output signal required for this vector, v(j) is the signal received according to rule
(11.1), and 7 is the learning-rate coefficient. (It is a parameter of the method which
is determined experimentally.)

One of the most popular learning rules is based on research led by Donald O.
Hebb,?! which concerned the learning process at a synaptic level. Its results, pub-
lished in 1949 [133] allowed him to formulate a learning principle called Hebb’s
rule. This is based on the following observation [133]:

The general idea is an old one, that any two cells or systems of cells that are repeatedly active

at the same time will tend to become “associated”, so that activity in one facilitates activity
in the other.

This relationship is illustrated by Fig. 11.5c (for artificial neurons). Activity of the
neuron causes generation of an output signal y. The activity can occur at the same
time as activity of a preceding neuron (marked with a dashed line in the figure).
According to the observation of Hebb, in such a case neurons become associated,
i.e., the activity of a preceding neuron causes activity of its successor neuron. Since
the output of the preceding neuron is connected to the X; input of its successor,
the association of the two neurons is obtained by increasing the weight W;. This
relationship can be formulated in the form of Hebb’s rule of learning:

Wi+ 1 = Wi(j) +ny(HXi(j), (11.9)

where 7 is the learning-rate coefficient. Let us notice that the input signal X;(j) is
equated here with activity of the preceding neuron which causes the generation of
its output signal. Of course, both neurons are self-learning, i.e., without the help of
a teacher.

The kind of activation function is the third criterion for defining a taxonomy of
neurons. We have already introduced activation functions for the McCulloch-Pitts
neuron (the Heaviside step function) and the perceptron (the bipolar step function).
Both functions operate in a very radical way, i.e., by a step. If we want a less radical
operation, we define a smooth activation function. For example, the piecewise linear
activation function shown in Fig. 11.5d is of the following smooth form:

2IDonald Olding Hebb—a professor of psychology and neuropsychology at McGill University. His
work concerns the influence of neuron functioning on psychological processes such as learning.
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Fig. 11.6 The sigmoidal y=1(v) 1
activation function B=5

1, ifv>1,
f@W=1qv, if-1<v<l, (11.10)
-1, ifv<-—1.

In the case of a sigmoidal neuron we use the sigmoidal activation function, which
is even smoother (cf. Fig. 11.6). It is defined by the following formula (the bipolar
case):

1 —e®

f(v) = tﬂll’lh(ﬂv) = m

(11.11)
As we can see in Fig. 11.6, the greater the value of the parameter 3 is, the more
rapidly the output value changes and the function is more and more similar to the
piecewise linear function. In the case of advanced neuron models we use more com-
plex functions such as e.g., radial basis functions or functions based on the Gaussian
distribution (we discuss them in Sect. 11.3).

The kind of postsynaptic potential function is the last criterion introduced in this
section. It is used for computing the total sum of the affecting input signals of the
neuron. In this section we have assumed that it is of the form of a sum, i.e., it is
defined by formula (11.1). In fact, such a form is used in many models of neurons.
However, other forms of postsynaptic potential function can be found in the literature
in the case of advanced models such as Radial Basis Function neural networks, fuzzy
neural networks, etc.

11.2 Basic Structures of Neural Networks

As we have already mentioned, we use (artificial) neurons for building structures
called (artificial) neural networks. A one-layer neural network is the simplest struc-
ture. Its scheme is shown in Fig. 11.7a. Input signals are usually sent to all neurons of
such a structure. In the case of a multi-layer neural network, neurons which belong



168 11 Neural Networks

() (b)
D) 3)(1
X, N N NEM 1Y

(D2) 3)2)
X, J N ) N@@ NO@ Y

(E)] 3)3)

X, y X, NO®) N@®) NEEHR
one input hidden output
layer layer layer layer

(1) M 2 (3)
(© y2O = £ (W00 X, 00 4y 00 x 00y 00 x &)

2)(2 na 2)(2 D2 2)(2 nE3
=f(wl()()y()()+W2()()y()()+w3()()y()())

MO _ XI(Z)(Z) 2@ _ Xz(3)(1)

y

M@y =x22 W e
N —. NACK N |

W3(2)(2)

BO=X1 e NOI@)

e : MG _ XX(Z)(Z) 2@ _ Xz(3)(3)

y

Fig. 11.7 Examples of feedforward neural networks: a one-layer, b multi-layer (three-layer); ¢ the
scheme for computing an output signal in a multi-layer network

to the rth layer send signals to neurons which belong to the (r 4+ 1)th layer. Neurons
which belong to the same layer cannot communicate (cf. Fig. 11.7b). The first layer
is called the input layer, the last layer is called the output layer, and intermediate
layers are called hidden layers. Networks (one-layer, multi-layer) in which signals
flow in only one direction are called feedforward neural networks. Let us assume
the following notations (cf. Fig. 11.7b, ¢). N”® denotes the kth neuron of the rth
layer, y"® denotes its output signal. Input signals to the neuron N”® are denoted
by X f’) (k), where i = 1, ..., n, n is the number of inputs to this neuron,?? and its
weights are denoted by Wi(r)(k). Let us notice also (cf. Fig. 11.7b, ¢) that the following
holds:

y(r—l)(k) — X/Er)(p) (11.12)

221n our considerations we omit the input X (()r)(k) ,because it equals 1 and we omit the weight Wér)(k),
because it can be (as a constant) taken into account by modifying an activation threshold.
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for any pth neuron of the rth layer. In other words, for any neuron which belongs
to the rth layer its kth input is connected with the output of the kth neuron of the
preceding layer, i.e., of the (r — 1)th layer.??

An example of computing the output signal for a neuron of a feedforward network
is shown in Fig.11.7c. As we can see, for a neuron N®®@ the output signal is
computed according to formulas (11.1) and (11.2), i.e., y®@® = (W( )(2)X(2)(2) +
Wz(z)(z) X éz) @4 W;z) @x §2> @), In the general case, we use the following formula for
computing the output signal for a neuron N”® taking into account the relationship
(11.12):

y(r)(k) — f(z Wi(r)(k)Xi(r)(k)) — f(z Wi(r)(k)y(rfl)(i)). (11.13)

The backpropagation method was published by David E. Rumelhart, Geoffrey E.
Hinton and co-workers in 1986 [252]. It is the basic learning technique of feedfor-
ward networks. At the first step output signals for neurons of the output layer L are
computed by subsequent applications of formula (11.3) for neurons which belong
to successive layers of the network. At the second step we compute errors % for
every kth neuron of the Lth (output) layer according to the following formula (cf.
Fig. 11.8a):

df(v(L)(k))
Lyky — (,, k) (Lky2S A2 7
1) =w" -y ) FRBICEE (11.14)

where u® is the correct (required) output signal for the kth neuron of the Lth layer
and f is the activation function.

Then, errors of neurons of the given layer are propagated backwards to neurons
of a preceding layer according to the following formula (cf. Fig. 11.8b):

k
500 = 3 (50 D) D df ")
GG

(11.15)
where m goes through the set of neurons of the (r + 1)th layer. In the last step we

compute new weights W,”® for each neuron N® on the basis of the computed
errors in the following way (cf. Fig. 11.8c):

W’(r)(k) W(r)(k)+n5(r)(z)x(r>(k) W(r)(k)+775(r)(l) =D (11.16)

where 7 is the learning-rate coefficient. A mathematical model of learning with the
help of the backpropagation method and the derivation of formulas (11.14)—(11.16)
are contained in Appendix H.

Fundamental problems of neural network learning include determining a stopping
condition for a learning process, how to compute the error of learning, determining

23Thus, we could omit an index of the neuron in the case of input signals, retaining only the index

of the layer, i.e., we could write Xl.(r) instead of Xl-(r)(k).
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initial weights, and speeding up the learning process. We do not discuss these issues
in the monograph, because of its introductory nature. The reader is referred to mono-
graphs included in the bibliographical note at the end of this chapter.

A neural network can be designed in such a way that it contains connections
from some layers to preceding layers. In such a case input signals can be propagated
from later processing phases to earlier phases. Such networks are called recurrent
neural networks, from Latin recurrere—running back. They have great computing
power that is equal to the computing power of a Turing machine [156]. The first
recurrent neural network was introduced by John Hopfield in 1982 [140]. Neurons
of a Hopfield network are connected as shown in Fig.11.9 (for the case of three
neurons).’* Input signals are directed multiply to the input of the network and signals

24We usually assume, following the first paper of Hopfield [140], that neuron connections are
symmetrical, i.e., W(l)(k) W(l)(') However, in generalized models of Hopfield networks this
property is not assumed
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recur for some time until the system stabilizes. Hopfield networks are also used as
associative memory networks, which are introduced in the next section.

In general, recurrent networks can be multi-layer networks. In 1986 Michael I.
Jordan® proposed a model, then called the Jordan network [151]. In this network,
apart from an input layer, a hidden layer and an output layer, an additional state layer
occurs. Inputs of neurons of the state layer are connected to outputs of neurons of
the output layer and outputs of neurons of the state layer are connected to inputs of
neurons of the hidden layer. Jordan networks are used for modeling human motor
control.

A similar functional structure occurs in the Elman network defined in the 1990s
by Jeffrey L. EIman®® [84]. The main difference of this model with respect to the
Jordan network consists of connecting inputs of neurons of an additional layer, called
here the context layer, with outputs of neurons of the hidden layer (not the output
layer). However, outputs of neurons of the context layer are connected to inputs of
neurons of the hidden layer, as in the Jordan model. Elman networks are used in
Natural Language Processing (NLP), psychology, and physics.

11.3 Concise Survey of Neural Network Models

This section includes a concise survey of the most popular models of neural networks.
Autoassociative memory networks are used for storing pattern vectors in order
to recognize similar patterns with the help of an association process. They can be

25Michael Irwin Jordan—a professor of computer science and statistics at the University of Califor-
nia, Berkeley and the Massachusetts Institute of Technology. His achievements concern self-learning
systems, Bayesian networks, and statistical models in Al

26Jeffrey Locke Elman—an eminent psycholinguist, a professor of cognitive science at the Univer-
sity of California, San Diego.
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used for modeling associative storage®’ in computer science. Processing incomplete
information is their second important application field. In this case the network sim-
ulates one of the fundamental functionalities of the brain, that is the ability to restore
a complete information on the basis of incomplete or distorted patterns with the
help of an association process.?® The original research into autoassociative memory
networks was led in the early 1970s by Teuveo Kohonen [164]. The most popular
neural networks of this type include the following models®:

e A two-layer, feedforward, with supervised learning Hinton network, which was
introduced by Geoffrey Hinton in 1981 [136].

e A bidirectional associative memory, BAM, network proposed by Stephen Gross-
berg and Michael A. Cohen®” [54].3' The BAM model can be considered to be
a generalization of a (one-layer) Hopfield network for a two-layer recurrent net-
work. Signal flows occur in one direction and then the other in alternate cycles
(bidirectionally) until the system stabilizes.

e Hamming networks were introduced by Richard P. Lippmann®? in 1987 [183].
They can also be considered to be a generalization of Hopfield networks with a
three-layer recurrent structure. Input and output layers are feedforward and the
hidden layer is recurrent. Their processing is based on minimizing the Hamming
distance’® between an input vector and model vectors stored in the network.>*

Self-Organizing Maps, SOMs, were introduced by Teuvo Kohonen [165] in 1982.
They are used for cluster analysis, discussed in Sect. 10.7. Kohonen networks gen-
erate a discrete representation called a map of low dimensionality (maps are usually
two- or three-dimensional) on the basis of elements of a learning set.>> The map shows
clusters of vectors belonging to the learning set. In the case of Self-Organizing Maps
we use a specific type of unsupervised learning, which is called competitive learning.

27 Associative storage allows a processor to perform high-speed data search.

28For example, if somebody mumbles, we can guess correct words. If we see a building that is
partially obscured by a tree, we can restore a view of the whole building.

29 Apart from the Hopfield networks introduced in the previous section.

30Michael A. Cohen—a professor of computer science at Boston University, Ph.D. in psychology.
His work concerns Natural Language Processing, neural networks, and dynamical systems.

31The BAM model was developed significantly by Bart Kosko [170], who has been mentioned in
Chap. 1.

3Richard P. Lippmann—an eminent researcher at the Massachusetts Institute of Technology. His
work concerns speech recognition, signal processing, neural networks, and statistical pattern recog-
nition.

3 The Hamming metric is introduced in Appendix G.

34Lippmann called the model the Hamming network in honor of Richard Wesley Hamming, an
eminent mathematician whose works influenced the development of computer science. Professor
Hamming programmed the earliest computers in the Manhattan Project (the production of the first
atomic bomb) in 1945. Then, he collaborated with Claude E. Shannon at the Bell Telephone Labo-
ratories. Professor Hamming has been a founder and a president of the Association for Computing
Machinery.

35This set can be defined formally by (11.15).
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Output neurons compete in order to be activated during the process of showing pat-
terns. Only the best neuron, called the winner, is activated. The winner is the neuron
for which the distance between its weight vector and the shown vector is minimal.
Then, in the case of competitive learning based on a WTA (Winner Takes All) strategy
only the weights of the winner are modified. In the case of a WI'M (Winner Takes
Most) strategy weights are modified not only for the winner, but also for its neighbors
(“the winner takes most [of a prize], but not all”).

ART (Adaptive Resonance Theory) neural networks are used for solving problems
of pattern recognition. They were introduced by Stephen Grossberg and Gail Car-
penter [42] for solving one of the most crucial problems of neural network learning,
namely to increase the number of elements of a learning set. In case we increase
the number of elements of the learning set, the learning process has to start from
the very beginning, i.e., including patterns which have already been shown to the
network. Otherwise, the network could forger about them. Learning, which corre-
sponds to cluster analysis introduced in Sect. 10.7, is performed in ART networks
in the following way. If a new pattern is similar to patterns belonging to a certain
class, then it is added to this class. However, if it is not similar to any class, then it
is not added to the nearest class, but a new class is created for this pattern. Such a
strategy allows the network to preserve characteristics of the classes defined so far.
For the learning process a vigilance parameter is defined, which allows us to control
the creation of new classes. With the help of this parameter, we can divide a learning
set into a variety of classes which do not differ from each other significantly or we
can divide it into a few generalized classes.

Probabilistic neural networks defined by Donald F. Specht in 1990 [283] recog-
nize patterns on the basis of probability density functions of classes in an analogous
way to statistical pattern recognition introduced in Sect. 10.5.

Boltzmann machines® can be viewed as a precursor of probabilistic neural net-
works. They were defined by Geoffrey E. Hinton and Terrence J. Sejnowski*® in
1986 [137].

Radial Basis Function, RBF, neural networks are a very interesting model. In this
model activation functions in the form of radial basis functions® are defined for each
neuron separately, instead of using one global activation function. If we use a standard
neural network with one activation function (the step function, the sigmoidal function,
etc.), then we divide the feature space into subspaces (corresponding to classes) in
a global way with the help of all the neurons which take part in the process. This is
consistent with the idea of a distributed connectionist network model introduced in

360f course, this is recommended, since the network becomes “more experienced”.

3TNamed after a way of defining a probability according to the Boltzmann distribution, similarly to
the simulated annealing method introduced in Chap. 4.

38Terrence “Terry” Joseph Sejnowski—a professor of biology and computer science and director of
the Institute of Neural Computation at the University of California, San Diego (earlier at California
Institute of Technology and John Hopkins University). John Hopfield was an adviser of his Ph.D.
in physics. His work concerns computational neuroscience.

3The value of a radial basis function depends only on the distance from a certain point called the
center. For example, the Gaussian function can be used as a radial basis function.
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Sect. 3.1. Meanwhile, the behavior of the basis function changes around the center
radially. It allows a neuron to “isolate” (determine) a subarea of the feature space in
a local way. Therefore, RBF networks are sometimes called local networks, which
is a reference to the local connectionist network model introduced in Sect. 3.1.

Bibliographical Note

There are a lot of monographs on neural networks. Books [27, 50, 87, 129, 257, 324]
are good introductions to this area of Artificial Intelligence.
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Chapter 12
Reasoning with Imperfect Knowledge

If we reason about propositions in Al systems which are based on classic logic, we use
only two possible logic values, i.e., true and false. However, in the case of reasoning
about the real (physical) world such a two-valued evaluation is inadequate, because
of the aspect of uncertainty. There are two sources of this problem: imperfection
of knowledge about the real world which is gained by the system and vagueness of
notions used for describing objects/phenomena of the real world.

We discuss models which are applied for solving the problem of imperfect knowl-
edge in this chapter.! There are three aspects of the imperfection of knowledge:
uncertainty of knowledge (information can be uncertain), imprecision of knowledge
(measurements of signals received by the Al system can be imprecise) and incom-
pleteness of knowledge (the system does not know all required facts).

In the first section the model of Bayesian inference based on a probability measure
is introduced. This measure is used to express our uncertainty concerning knowl-
edge, not for assessing the degree of truthfulness of propositions. Dempster-Shafer
theory, which allows us to express a lack of complete knowledge, i.e., our ignorance,
with specific measures is considered in the second section. Various models of non-
monotonic reasoning can also be applied for solving the problem of incompleteness
of knowledge. Three such models, namely default logic, autoepistemic logic, and
circumscription reasoning are discussed in the third section.

12.1 Bayesian Inference and Bayes Networks

In Sect.10.2 we have discussed the use of the Bayesian probability a posteriori
model? for constructing a classifier in statistical pattern recognition. In this section
we interpret notions of the Bayesian model in a different way, in another application
context.

' Models applied for solving a problem of vague notions are introduced in the next chapter.
2Mathematical foundations of probabilistic reasoning are introduced in Appendix 1.
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Let ¢ be an observation of some event (situation, behavior, symptom, etc.).® Let
hy, ha, ..., h, be various (distinct) hypotheses which can explain the occurrence of
the observation e. Let us consider a hypothesis /; with an a priori probability (i.e.,
without knowledge concerning the observation e) of P (/). Let us assume that the
probability of an occurrence of the observation e assuming the truthfulness of the
hypothesis &y, i.e., the conditional probability P(e|hy), is known. Then, the a pos-
teriori probability, i.e., the probability of the hypothesis /; assuming an occurrence
of the observation e, is defined by the following formula:

P(elhy) - P(hy)

P(h =" 12.1
(hile) P (12.1)
where P (e) is the probability of an occurrence of the observation e given hypotheses
hy, ha, ..., h,. The probability P (e) is computed according to the following formula:
P(e) =Y P(elhi)- P(hy). (12.2)

i=1

Let us analyze this model with the help of the following example.* Let us assume
that we would like to diagnose a patient John Smith. Then hy, hy, ..., h, denote
possible disease entities.” We assume that the bird flu, denoted with /4 ,, is spreading
throughout our country. The a priori probability of going down with the bird flu can
be evaluated as the percentage of our countrymen who have the bird flu.® Then, let
an observation e mean the patient has a temperature which is more than 39.5 °C. The
probability that a patient having the bird flu has a temperature above 39.5°C, i.e.,
P(elhp), can be evaluated as the percentage of our countrymen having the bird flu
who also have a temperature which is more than 39.5 °C.

Now, we can diagnose John Smith. If he has a temperature higher than 39.5 °C,
i.e., we observe an occurrence of the symptom e, then the probability that he has
gone down with the bird flu, P(h,|e), can be computed with the help of formula
(12.1).7

Of course, making a hypothesis on the basis of one symptom (one observation)
is not sound. Therefore, we can extend our formulas to the case of m observations
er, ey, ..., ey,. If we assume that the observations are conditionally independent

3Such an observation is represented as a fact in a knowledge base.

40f course, all examples are simplified.

3Strictly speaking, #; means making a diagnosis (hypothesis) that the patient has the disease entity
denoted by an index i.

SLet us notice that it is really an a priori probability in the case of diagnosing John Smith, because
for such an evaluation we do not take into account any symptoms/factors concerning him.

7Let us notice that in order to use P(e) in formula (12.1) we have to compute this probability
with formula (12.2). Thus, a priori probabilities /1, ho, ..., h, should be known for all disease
entities. We should also know the probabilities that a patient having an illness denoted by an index
i =1,2,...,nhasatemperature which is more than 39.5 °C, i.e., P(e|h;). We are able to evaluate
these probabilities if we have corresponding statistical data.
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given each hypothesis h;,i =1, ..., n,% then we obtain the following formula for
the probability of a hypothesis /; given observations ey, ez, ..., €

Perlhy) - Plealhy) - --- - Penlhy) - P(h
Pller. er. ... en) = (er1hi) (;2(le)82 e(e) |71e) - P k)’ (12.3)

where P(ey, ez, ..., ey) is the probability of observations ey, ey, .. ., e, occurring
given hypotheses /i, hy, ..., h,. This probability is computed according to the fol-
lowing formula:

Per,er,....em) = D Pleilhi) - Plealhi) -+ - P(emlhi) - P(hi).  (12.4)

i=1

Summing up, the Bayesian model allows us to compute the probability of the
truthfulness of a given hypothesis on the basis of observations/facts which are stored
in the knowledge base. We will come back to this model at the end of this section,
when we present Bayes networks. First, however, we introduce basic notions of
probabilistic reasoning.

In probabilistic reasoning a problem domain is represented by a set of random
variables.’ For example, in medical diagnosis random variables can represent symp-
toms (e.g., a body temperature, a runny nose), disease entities (e.g., hepatitis, lung
cancer), risk factors (smoking, excess alcohol), etc.

For each random variable its domain (i.e., a set of events for which it is defined)
is determined. For example, in the case of car diagnosis for a variable Engine failure
cause we can determine its domain in the following way:

Engine failure cause: (piston seizing up, timing gear failure, starter

failure, exhaust train failure, brokeninlet valve).

Random variables are often logic (Boolean) variables, i.e., they take either the value
1 (true (T)) or O (false (F)). Sometimes we write smoking in case this variable takes
the value 1 and we write — smoking otherwise.

For a random variable which describes a problem domain we define its distrib-
ution. The distribution determines the probabilities that the variable takes specific
values. For example, assuming that a random variable Engine failure cause takes
values: 1, 2, ..., 5 for the events listed above, we can represent its distribution with
the help of the one-dimensional table shown in Fig. 12.1a.'" Let us notice that the
probabilities should add up to 1.0.

8This means that Per, ez, ...,enmlhi) = P(er|h;) - P(ealhi) - -+ P(en|hi).
°In this chapter we consider discrete random variables. Formal definitions of a random variable, a
random vector, and distributions are contained in Appendix B.1.

101y the first column of the table elementary events are placed. For each elementary event the value
which is taken by the random variable is also defined.
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(a)
Engine failure cause P(Er?gine
failure cause)
1 (piston seizing up) 0.05
2 (timing gear failure) 0.1
3 (starter failure) 0.4
4 (exhaust train failure) 0.3
5 (broken inlet valve) 0.15
(b)
Unstable 1 Unstable
gas flow gas flow
Gas supply 0.008 0.01
subsystem failure
7 Gas supply X2
subsystem failure 0.002 0.98
— _
~
X;
© P(X;=ay A X;=bs A X;=cy)

P(X1=a7 A X2=b6)

P(X;=a;)

X3

Cy : —
ap ay a; X;

Fig. 12.1 a An example of the distribution of a random variable, b an example of the distribution
of a two-dimensional random vector, ¢ the scheme of the table of the joint probability distribution

In the general case, if there are n random variables X, X, ... X,,, which describe
a problem domain, they create a random vector (X1, X», ... X,). In such a case we
define the distribution of a random vector. This determines all the possible combi-
nations of values that can be assigned to all variables. The distribution of a random
vector (X1, X, ... X,) is called the joint probability distribution, JPD, of random
variables X, X», ... X,.

In the case of two discrete random variables X; and X, taking values from domains
which have m; and m, elements respectively, their joint probability distribution can
be represented by a two-dimensional m; x m, table P = [p;;],i = 1,...,my,
J = 1,...,my. An element p;; of the table determines the probability that the
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variable X takes the value i and the variable X, takes the value j. For example, if
there are two logical variables, Unstable gas flow and Gas supply subsystem failure,
then their joint probability distribution can be represented as shown in Fig. 12.1b.
Then, for example

P(Unstable gas flow A —Gas supply subsystem failure) = 0.002.

Similarly to the one-dimensional case, the probabilities of all cells of the table should
add up to 1.0. Let us notice that we can determine probabilities not only for complete
propositions which concern a problem domain, i.e., for propositions which include
all variables of a random vector with values assigned. We can also determine prob-
abilities for propositions containing only some of the variables. For example, we
can compute the probability of the proposition — Unstable gas flow by adding the
probabilities of the second column of the table, i.e., we can sum the probabilities for
all the values which are taken by the other variable Gas supply subsystem failure'':

P(=Unstable gas flow) = 0.01 + 0.98 = 0.99.

Returning to an n-dimensional random vector (X, X», . .. X,,), the joint probabil-
ity distribution of its variables is represented by an n-dimensional table. For example,
the scheme of such a table is shown in Fig. 12.1c. As we can see, the variables take
values X1 =a,az,...,ay, X2 = bl, bz, ey bé, X3 = Cy, C2, C3, C4. Each elemen-
tary cell of the table contains the probability for the proposition including all the
variables. Thus, for example for the proposition X; = a4 A X, = bg A X3 = ¢ the
probability included in the elementary cell defined by the given coordinates of the ta-
ble is determined. The probability of the proposition X| = a7 A X, = bg is computed
by adding the probabilities included in the cells which belong to the rightmost upper
“beam”. (It is defined according to the marginal distribution for variables X; and
X», whereas X3 takes any values.) For example, the probability of the proposition
X| = a, is computed by adding the probabilities included in the cells which belong
to the leftmost “wall”. (It is defined according to the marginal distribution for the
variable X, whereas X, and X3 take any values.)

There are two disadvantages of using the table of the joint probability distribution.
Firstly, we should be able to evaluate all values of a random vector distribution. This
is very difficult and sometimes impossible in practice. Secondly, it is inefficient, since
in practical applications we have hundreds of variables and each variable can take
thousands of values. Thus, the number of cells of the table of the joint probability

1 et us assume that a random vector (X1, X») is given, where X takes values ay, ..., a,; and
X, takes values by, ..., byy. If we are interested only in the distribution of one variable and the
other variable can take any values, then we talk about the marginal distribution of the first variable.
Then, for example the marginal distribution of the variable X is determined in the following way:
PXi=a)=PX1=a;,Xo=b))+--+PX1=a;,Xo=byp), i=1,...,my.

The marginal distribution for the second variable X, is determined in an analogous way. For an n-
dimensional random vector we can determine the marginal distribution for any subset of variables,
assuming that the remaining variables take any values.
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distribution can be huge. For example, if there are n variables and each variable can
take k values on average, then the number of cells is k. Now, we can come back
to the Bayesian model, which inspired Pearl [222] to define a method which allows
probabilistic reasoning without using the joint probability distribution.

The Pearl method is based on a graph representation called a Bayes network.
A Bayes network is a directed acyclic graph.'? Nodes of the graph correspond to
random variables, which describe a problem domain. Edges of the graph represent a
direct dependency between variables. If an edge goes from a node labeled by X, to
a node labeled by X», then a direct cause-effect relation holds for the variable X; (a
direct cause) and the variable X, (an effect). We say the node labeled by X is the
predecessor of the node labeled by X,. Further on, the node labeled by X is equated
with the random variable X.

In a Bayes network, for each node which has predecessors we define a table show-
ing an influence of the predecessors on this node. Let a node X; have p predecessors,
Xi1, ..., Xip. Then, the conditional probabilities of all the possible values taken by
the variable X; depending on all possible values of the variables X;, ..., X;, are
determined by the table. For example, let a node X3 have two predecessors X; and
X». Let these variables take values as follows: X; = ay, ..., au1, Xo = by, ..., bya,
X3 =cy, ..., cn3. Then, the table defined for the node X is of the following form
(payj) denotes the corresponding probability):

X1 X2 P(X3|X1, X2)
Cl Cm3
ay b pPHAY - P()(m3)
ar bmo
am1 by
am1 b2 || Pan1-m2)(1) - - - Pon1-m2)(m3)

Let us notice that the values of all probabilities in any row of the table should add
up to 1.0. If anode X has no predecessors, then we define the table of the distribution
of the random variable X as we have done for the example table shown in Fig. 12.1a.

We consider an example of a Bayes network for logical variables.'? Let us notice
that if variables X;, X, in the table above are logical, then there are only four
combinations of (logic) values, i.e., I-1 (i.e. True-True), 1-0, 0-1,0-0."* If the variable
X3 is also a logical variable, we can write its value only if it is True, because we can

12That is, there are no directed cycles in the graph.
131n order to simplify our considerations, without loss of generality of principles.
14In our examples they are denoted 7-T, T-F, F-T, F-F, respectively.
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P(U) P(L)
0.005 0.001
Unstable Leaky gas pipe
gas flow (U system (L)

U|L|P(FIU,L)

Failure of gas supply T|T| 099

subsystem TIF| 012

FIT| 0.95

FIF| 0.001

Failure signalling Failure signalling
by IocaI by Expert (E)

F | A(SIF) F| P(EIF)
T| 0.96 T| 0.98
Fl| 0.12 Fl| 0.04

Fig. 12.2 An example of a Bayes network

compute the value corresponding to False, taking into account the fact that the two
values should add up to 1.0.

An example of a Bayes network defined for diagnosing a gas supply subsystem is
shown in Fig. 12.2. The two upper nodes of the network represent the logic random
variables Unstable gas flow and Leaky gas pipe system and they correspond to possi-
ble causes of a failure. Tables of distributions of these variables contain probabilities
of the causes occurring. For example, the probability of a leaky gas pipe system P (L)
equals 0.001. The table for the variable L determines the whole distribution, because
the probability that leaking does not occur P(—L) is defined in an implicit way as
the complement of P(L).!?

Each of the causes U and L can resultin Failure of gas supply subsystem (F), which
is represented by edges of the network. The edges denote the direct dependency of the

I5We can compute it as follows: P(—L) = 1.0 — P(L) = 1.0 — 0.001 = 0.999.
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variable F on variables U and L. For the node F' we define a table which determines the
conditional probabilities of all possible values taken by the variable F,'® depending
on all value assignments to variables U and L. For example, the probability of the
failure F, if there is an unstable gas flow and the gas pipe system is not leaking
equals 0.12.

As we can see, the failure F can be signalled by a local Sensor (S) or, independently,
by an Expert (E) System. For example, the table for the local Sensor (S) can be
interpreted in the following way:

e the probability that the sensor signals a failure, if the failure occurs, P (S|F), equals
0.96,

e the probability that the sensor signals a failure, if a failure does not occur, (i.e., it
signals improperly), P (S |— F), equals 0.12,

e the probability that the sensor does not signal a failure, if a failure occurs,
P (=S| F),equals 1.0 — 0.96 = 0.04,

e the probability that the sensor does not signal a failure, if a failure does not occur,
P(=S |~ F),equals 1.0 — 0.12 = 0.88.

A Bayes network allows us to assign probabilities to propositions defined with
the help of random variables which describe a problem domain according to the
following formula:

P(Xy,...X,) =P(X,|Predecessors(X,)) - P(X,,_|Predecessors(X,_1)) ----

-+-« P(Xy|Predecessors(X5)) - P(X{|Predecessors(Xy)),
(12.5)

where Predecessors(X;) denotes all the nodes of the Bayes network which are
direct predecessors of the node X;. If the node X; has no predecessors, then
P(Xy|Predecessors(Xy)) = P(Xy).

Formula (12.5) says that if we want to compute the probability of a proposition
defined with variables X1, ..., X,,, then we should multiply conditional probabil-
ities representing dependency of X;,i = 1, ..., n, only for those variables which
influence X; directly.

For example, if we want to compute the probability that neither the local sensor
nor the expert system signals the failure in case there is an unstable gas flow and the
gas pipe system is no leaking, i.e.,

U7_|L7F1_|S’_|E9

then we compute it according to formula (12.5) and the network shown in Fig. 12.2
as follows:

16The variable F is a logical variable. Therefore, it is sufficient to determine the probabilities when
F equals True. Probabilities for the value False are complements of these probabilities.
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P(U,—=L,F, =S, —E)
=PU)-P(—L)- P(F|U,—L) - P(=S|F) - P(—E|F)
=0.005-0.999 - 0.12 - 0.04 - 0.02 = 0.00000047952.

Finally, let us consider the main idea of constructing a Bayes network that allows
us to use formula (12.5) for simplified probabilistic reasoning without using the joint
probability distribution. Let network nodes be labeled by variables X, ..., X,, in
such a way that for a given node its predecessors have a lower index. In fact, using for-
mula (12.5), we assume that the event represented by the variable X; is conditionally
independent!” from earlier events'® which are not its direct predecessors, assuming
the events represented by its direct predecessors'® have occurred. This means that
we should define the structure of the network in accordance with this assumption if
we want to make use of formula (12.5). In other words, if we add a node X; to the
Bayes network, we should connect it with all the nodes among X1, ..., X;_; which
influence it directly (and only with such nodes). Therefore, Bayes networks should
be defined in strict cooperation with domain (human) experts.

12.2 Dempster-Shafer Theory

As we have shown in the previous section, Bayes networks allow Al systems to reason
in a more efficient way than the standard models of probability theory. Apart from
the issue of the efficiency of inference based on imperfect knowledge, the problem of
incompleteness of knowledge makes the construction of a reasoning system difficult.
In such a situation, we do not know all required facts and we suspect that the lack
of complete information influences the quality of the reasoning process. Then, the
problem of expressing lack of knowledge arises, since we should be able to differen-
tiate between uncertainty concerning knowledge possessed and our ignorance (i.e.,
our awareness of the lack of some knowledge). This problem was noticed by Arthur
P. Dempster.?” To solve it he proposed a model based on the concept of lower and
upper probability in the late 1960s [67]. This model was then developed by Glenn
Shafer?! in 1976 [271]. Today the model is known as Dempster-Shafer Theory, belief
function theory, or the mathematical theory of evidence.”

17Conditional independence of variables is defined formally by Definition 1.10 in Appendix 1.

18 Earlier in the sense of indexing nodes of the network.

19We have denoted such predecessors by Predecessors(X;).

20 Arthur Pentland Dempster—a professor of statistics at Harvard University. John W. Tukey (the
Cooley-Tukey algorithm for Fast Fourier Transforms) was an adviser of his Ph.D. thesis. His work
concerns the theory introduced in this section, cluster analysis, and image processing (the EM
algorithm).

21Glenn Shafer—a professor of statistics at Rutgers University. Apart from the development of
DST, he proposed a new approach to probability theory based on game theory (instead of measure
theory).

221n the context of reasoning with incomplete knowledge, evidence means information gained by
an Al system at some moment which is used as a premise of inference.



184 12 Reasoning with Imperfect Knowledge

A complete specification of the probability model is required in the Bayesian
approach. On the contrary, in Dempster-Shafer Theory a model can be specified in
an incomplete way. The second difference concerns the interpretation of the notion
of probability* and, in consequence, a different way of computing it in a reason-
ing model. In the Bayesian approach we try to compute the probability that a given
proposition (hypothesis) is true. On the contrary, in DST we try to compute the
probability saying how available information, which creates the premises of our
reasoning, supports our belief about the truthfulness of a given proposition (hypoth-
esis). A “probability” interpreted in such a way is measured with the help of a belief
function, usually denoted Bel.?*

For example, let us assume that I have found The Assayer by Galileo in an unknown
antique shop in Rome. I would like to buy it, because I like old books. On the other
hand, I am not an expert. So I do not know whether it is genuine. In other words, I do
not possess any information concerning the book. In such a case we should define a
belief function Bel in the following way according to Dempster-Shafer Theory?’:

Bel(genuine) = 0 and Bel(—genuine) = 0.

Fortunately, I have recalled that my friend Mario, who lives in Rome, is an expert
in old books. Moreover, he has a special device which allows him to perform tests.
So I have phoned him and I have asked him to help me. Mario has arrived. He has
brought two devices. The first one has been made to confirm the authenticity of old
books according to certain criteria. The second one has been made to question the
authenticity of old books according to other criteria. After taking measurements of
the book, he has told me that he believes with a 0.9 degree of certainty that the book
is genuine as indicated by the first device. On the other hand, he believes with 0.01
degree of certainty that the book is fake as indicated by the second device. This time
the belief function Bel should be computed in the following way:

Bel(genuine) = 0.9 and Bel(—genuine) = 0.01.

So I have bought the book.

According to the Dempster-Shafer approach, the belief function Bel is a lower
probability. The upper probability is called a plausibility function Pl, which for a
proposition S is defined as follows:

PI(S) = 1 — Bel(—S).

23We mean an intuitive interpretation of this notion, not in the sense of probability theory.
24Basic definitions of Dempster-Shafer Theory are included in Appendix 1.3.

25Let us notice that a probability measure P has the following property: P(—genuine) = 1
— P (genuine). This property does not hold for a belief function Bel.
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Thus, the plausibility function says how strong the evidence is against the proposition
§.26 Coming back to our example, we can compute the plausibility function for
genuine in the following way:

Pl(genuine) = 1 — Bel(—genuine) = 1 —0.01 = 0.99.

Summing up, in Dempster-Shafer Theory we define two probability measures Bel
and P/ for a proposition. In other words, an interval [Bel , PI] is determined for
the proposition. In our example this interval is [0, 1] for genuine before getting the
advice from Mario and [0.9 , 0.99] after that. The width of the interval [Bel , Pl]
for the proposition represents the degree of completeness/incompleteness of our
information, which can be used in a reasoning process. If we receive more and more
information (evidence) the interval becomes narrow. Rules which allow us to take
into account new evidence for constructing a belief function are defined in Dempster-
Shafer Theory as well [67, 271].

12.3 Non-monotonic Reasoning

Reasoning models based on classical logic are monotonic. This means that after
adding new formulas to a model the set of its consequences is not reduced. Extending
the set of formulas can cause the possibility of inferring additional consequences,
however all consequences that have been inferred previously are sound. In the case
of Al systems which are to be used for reasoning about the real (physical) world,
such a reasoning scheme is not valid, because our beliefs (assumptions) are often
based on uncertain and incomplete knowledge.

For example, I claim “my car has good acceleration”.?” I can use this proposition
in a reasoning process, since I have no information which contradicts it. However, I
have just got a new message that my car has been crushed by a bulldozer. This means
that the claim “my car has good acceleration” should be removed from the set of my
beliefs, as well as all propositions which have been previously inferred on the basis
of this claim. Thus, the new proposition has not extended my set of beliefs. It has
reduced this set. As we can see, common-sense logic which is used for reasoning
about the real (physical) world is non-monotonic. Now, we introduce three non-
monotonic models, namely default logic, autoepistemic logic, and circumscription
reasoning.

20The stronger evidences are the less a value of PI(S) is.
27Let us assume that I have only one car.
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Default logic was defined by Raymond Reiter®® in 1980 [239]. It is a formalism
which is more adequate for reasoning in Al systems than classical logic. Let us notice
that even such seemingly simple and obvious propositions as “Mammals do not fly”,
if expressed in First Order Logic, i.e.,

Vx[is_mammal(x) = does_not_fly(x)],

is false, because there are some mammals (bats), which fly. Of course, sometimes
defining a list of all the exceptions is impossible in practice. Therefore, in default
logic, apart form standard rules of inference?® default inference rules are defined. In
such rules a consistency requirement is introduced. This is of the form “it is consistent
to assume that P(x) holds”, which is denoted by M P (x). For our example such a
rule can be formulated in the following way:

is_mammal(x) : Mdoes_not_fly(x)
does_not_fly(x)

which can be interpreted as follows: “If x is a mammal and it is consistent to assume
that x does not fly, then x does not fly”. In other words: “If x is a mammal, then x
does not fly in the absence of information to the contrary”.

Reiter introduced a very convenient rule of inference for knowledge bases, called
the Closed-World Assumption, CWA, in 1978 [240]. It says that the information
included in a knowledge base is a complete description of the world, i.e., if something
is not known to be true, then it is false.

Autoepistemic logic was formulated by Robert C. Moore®® in 1985 [206] as a
result of research which was a continuation of studies into modal non-monotonic
systems led by Drew McDermott*! and Jon Doyle in 1980 [199]. The main idea of
this logic can be expressed as follows. Reasoning about the world can be based on
our introspective knowledge/beliefs. For example, from the fact that I am convinced
that I am not the husband of Wilma Flinstone, I can infer that I am not the husband
of Wilma Flinstone, because I would certainly know that I am the husband of Wilma
Flinstone, if I was the husband of Wilma Flinstone. Autoepistemic logic can be
viewed as a modal logic containing an operator “I am convinced that”. In such logic
sets of beliefs are used instead of sets of facts.

A non-monotonic logic called circumscription was constructed by John McCarthy
in 1980 [196]. We introduce its main idea with the help of our example proposition

28Raymond Reiter—a professor of computer science and logic at the University of Toronto. His
work concerns non-monotonic reasoning, knowledge representation models, logic programming,
and image analysis.

2 Standard rules means such rules as the ones introduced in Chap. 6.

30Robert C. Moore—a researcher at Microsoft Research and NASA Ames Research Center, Ph.D. in
computer science (MIT). His work concerns NLP, artificial intelligence, automatic theorem proving,
and speech recognition.

3Drew McDermott—a professor of computer science at Yale University. His work concerns Al,
robotics, and pattern recognition.
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concerning mammals. This time, however, in order to handle the problem defined
above we introduce the predicate is_peculiar_mammal(x). Now, we can express our
proposition in First Order Logic in the following way:

Vx[is_mammal(x) N —is_peculiar_mammal(x) = does_not_fly(x)].

Of course, we may not know whether a specific mammal is peculiar. Therefore,
we minimize the extension of such a predicate as is_peculiar_mammal(x), i.e.,
we minimize its extension only to the set of objects which are known to be pe-
culiar mammals. For example, if Zazu is not in this set, then the following holds:
—is_peculiar_mammal(Zazu), which means that does_not_fly(Zazu). Let us notice
an analogy to the concept of Closed-World Assumption introduced above.

As we have mentioned at the beginning of this section, sometimes a non-
monotonic-reasoning-based system should remove a certain proposition as well as
propositions inferred on the basis of this proposition after gaining new informa-
tion. One question is: “Should all the propositions inferred on the basis of such a
proposition be removed?” If these propositions can be inferred only from a removed
proposition, then of course they should also be removed. However, the system should
not remove those propositions which can be inferred without using a removed propo-
sition. In order to solve this problem practically Jon Doyle*? introduced Truth Main-
tenance Systems, TMS, in 1979 [73]. Such systems can work according to various
scenarios. The simplest scenario consists of removing all the conclusions inferred
from a removed proposition-premise and repeating the whole inference process for
all conclusions. However, this simple scenario is time-consuming. An improved
version consists of remembering the chronology of entering new information and in-
ferring propositions in the system. Then, after removing some proposition-premise
P, only those conclusions are removed which have been inferred after storing the
proposition-premise P in the knowledge base.

Remembering sequences of justifications for conclusions is an even more efficient
method. If any proposition is removed, then all justifications, which can be inferred
only on the basis of this proposition are also removed. If, after such an operation,
a certain proposition cannot be justified, then it is invalidated.’® This scenario is a
basis for Justification-based Truth Maintenance Systems, JTMSs. They were defined
by Doyle in 1979 [73].

32Jon Doyle—a professor of computer science at the Massachusetts Institute of Technology, Stan-
ford University, and Carnegie-Mellon University. His work concerns reasoning methods, philo-
sophical foundations of Artificial Intelligence, and Al applications in economy and psychology.
3Such a proposition does not need to be removed (physically) from the knowledge base. It is
enough to mark that the proposition is invalid (currently). If, for example, the removed justification
is restored, then the system needs only to change its status to valid.
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In 1986 Johan de Kleer** introduced a new class of truth maintenance systems
called Assumption-based Truth Maintenance Systems, ATMSs [66]. Whereas in sys-
tems based on justifications a consistent image of the world is stored (consisting
of premises and justified propositions), all justifications that have been assumed in
the knowledge base are maintained in an ATMS (maybe some of them currently as
invalid). Thus, the system maintains all assumptions that can be used for inferring a
given proposition. The system can justify a given proposition given a certain set of
assumptions, called a world. Such an approach is especially useful if we want the
system to change its view depending on its set of assumptions.

The issue of maintaining a knowledge base when new data frequently come into
an Al system is closely related to the frame problem formulated by McCarthy and
Patrick J. Hayes® in 1969 [195]. The issue concerns defining efficient formalisms
for representing elements of a world description which do not change during an
inference process.

Bibliographical Note

The monograph [223] is a good introduction to Bayesian inference and networks. A
description of Dempster-Shafer Theory can be found in the classic book [271]. A
concise introduction to non-monotonic reasoning in Al can be found in [39].

34Johan de Kleer—a director of Systems and Practices Laboratory, Palo Alto Research Center
(PARC). His work concerns knowledge engineering, model-based reasoning, and Al applications
in qualitative physics.

35Patrick John Hayes—a British computer scientist and mathematician, a professor of prestigious
universities (Rochester, Stanford, Essex, Geneva). His work concerns knowledge representation,
automated inference, philosophical foundations of Al, and semantic networks.



Chapter 13
Defining Vague Notions in Knowledge-Based
Systems

The second reason for the unreliability of inference in Al systems, apart from imper-
fection of knowledge, is imperfection of the system of notions which is used for a
description of the real (physical) world. Standard methods of computer science are
based on models developed in mathematics, technical sciences (mechanics, auto-
matic control, etc.), or natural sciences (physics, astronomy, etc.). In these sciences
precise (crisp) notions are used for describing aspects of the world. A problem arises
if we want to apply computer science methods for solving problems in branches
which use notions that are less precise (e.g., psychology, sociology)' or for solving
problems of everyday life, in which we use popular terms. In such a case there is a
need to construct formalized models, in which such vague notions are represented
in a precise way.

There are two basic aspects of the problem of vagueness of notions in knowledge-
based systems. The first aspect concerns the unambiguity of a notion which results
from its subjective nature. Notions relating to the age of a human being, e.g., young,
old, are good examples here. In this case, taking into account the subjective nature
of such a vague notion by introducing a measure which grades “being young (old)”
seems to be the best solution. The theory of fuzzy sets presented in the first section
is based on this idea of a measurement which grades objects belonging to vague
notions.

The second aspect concerns the degree of precision (detail, accuracy) used dur-
ing a process of notion formulation. This degree should be appropriate (adequate) to
the nature of the considered phenomena/objects. The term appropriate means that
the system should distinguish between phenomena/objects which are considered
to belong to different categories and it should not distinguish between phenom-
ena/objects which are treated as belonging to the same category (of course, with

I'This results from the more complex subject of research in these branches.
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respect to the set of features assumed). Rough set theory is often used for solving
this problem in Al This theory is presented in the second section.?

13.1 Model Based on Fuzzy Set Theory

First of all, we introduce a universe of discourse U, which is the set of all the
considered elements. If we want to represent a notion .4 in a knowledge base, then
we can define it as the set:

A = {x : x has features which are consistent with the notion A, x € U}. (13.1)

Now, in order to decide whether an element y € U fulfills the conditions of the
definition of a notion A we should have a membership function for the set A, which
is denoted w 4. In the case of a crisp notion, which is a notion for which we are able
to define features allowing the system to distinguish objects/phenomena which have
the properties of this notion from those which do not have them, the membership
function is equal to the characteristic function x4 of the set A. This function is defined
in the following way.

0, x¢ A,

13.2
1, x e A. ( )

xa(x) = [

However, in the case of a vague notion, which is not defined in an precise and unam-
biguous way, a characteristic function is not an appropriate formalism for solving
such a problem. This observation allowed Lotfi A. Zadeh to formulate fuzzy set the-
ory in 1965 [321]. In this theory the membership function for a set A is defined in
the following way:

na U — [0, 1]. (13.3)

This function assigns values 0 and 1 to an element x € U according to formula (13.2)
for the function y 4. However, in case of partial membership of an element in the set
A it assigns a value s, which belongs to the interval (0, 1). This value is called the
grade of membership of the set A. If the membership function is defined in such a
way, then the set is called a fuzzy set.

Let us consider the following example of how to represent vague notions with the
help of fuzzy sets. Let us assume that we want to characterize a human being’s age
with vague notions young ()), adult (A), and old (O). Let us restrict our consid-
erations to the age interval [0, 101]. Then, these vague notions can be represented
by fuzzy sets Y, A, O, respectively, and, in fact, by the corresponding membership
functions® py, L4, io. For example, these functions can be defined as shown in

2Formal definitions of fuzzy set and rough set theories are contained in Appendix J.
3 A membership function for a set determines this set.
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Fig. 13.1 Membership 4
functions for fuzzy sets for
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Fig. 13.1. (The function wy is marked with a solid line, the function u,—with a
dashed line, the function @ o—with a dotted line.) People of age 0-20 are definitely
considered to be young (uy(x) = 1.0, x € [0, 20]) and people of age more than
60 are definitely considered to be old (up(x) = 1.0,x € [60, 101]). A typical
adult is 40 years old (4 (40) = 1.0). If a person has completed 20 years and pro-
gresses in age, then we consider her/him less and less young. If a person completes
30 years, we consider her/him adult rather than young (uy(x) < pa(x),x €
[30, 40]). If a person completes 40 years we definitely do not consider her/him
to be young (uy (x) = 0.0, x € [40, 101]), etc. As we can see fuzzy sets allow us to
represent vague notions in a convenient way.

The formalism used in the example is called a linguistic variable in fuzzy set
theory [40, 322]. The term human being age is called a name of a linguistic variable.
The vague notions young (Y), adult (A), and old (O) are called linguistic values. A
mapping which assigns a fuzzy set to a vague notion, i.e., to a linguistic value, is
called a semantic function.

Nowadays, fuzzy set theory is well developed and formalized. Apart from com-
plete characteristics of operations with fuzzy sets, e.g., the union of fuzzy sets, the
intersection of fuzzy sets, etc., such models as fuzzy numbers and operations with
them, fuzzy relations, and fuzzy grammars and automata have been developed. Since
this book is an introduction to the field, we do not discuss these issues here. Later,
we introduce two formalisms which are very important in Al, namely fuzzy logic
and fuzzy rule-based systems.

The possibility of the occurrence of vague notions is a basic difference between
the propositions considered in fuzzy logic [105, 192, 249, 322] and propositions of a
classical logic. In consequence, instead of assigning two logical values / (True) and
0 (False) to propositions, we can assign values which belong to the interval [0, 1].*
Similarly as for sets, we define the truth degree function 7. Let P be a proposition:
“x is P”, where P is a vague notion for which a fuzzy set P is determined by a

4Fuzzy logic is an example of multi-valued logic with an infinite number of values, which has been
introduced by Polish logician and mathematician Jan Lukasiewicz.
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semantic function. The truth degree function T assigns a value to a proposition P
according to the following formula.

T(P) = pup(x), (13.4)

where 1 p is the membership function for the set P. The function 7' can be extended to
propositions defined with the help of logical operators. For example, for the negation
of a proposition P, i.e., for the proposition =P, “x is not P”, the function T (—P) =
1 —T({P) =1 — up(x). For a conjunction of propositions P and Q, i.e., for the
proposition P A Q, “x is P and Q”, the function T(P A Q) = min{T (P), T(Q)} =
min{up(x), po(x)}, where min{x , y} selects the lesser value of x and y.3

Let us continue our example concerning vague notions of human age. We can
formulate the proposition =Y, “x is not young”, i.e., “x is not ). The function
T(=Y) = 1 —py(x)is shownin Fig. 13.2a. As we can see, the function 7 is defined
in an intuitive way. Now, let us define this function for the more complex case of the
conjunction Y A A, “x is young and adult”, i.e., “x is ) and A”, which is shown in
Fig. 13.2b. As we can see, the function 7' (Y A A) equals 0 in the interval [0, 20]. (In
this interval the function w4 (x) gives a lower value than @y (x) and it equals 0.) This
is consistent with our intuition, since we do not consider somebody who belongs to
this interval a “mature/adult person”. Analogously, the function 7 (Y A A) equals
0 in the interval [40, 101]. (In this interval the function py (x) gives a lower value
than w4 (x) and it equals 0.) This is also consistent with our intuition, since we do
not consider somebody who belongs to this interval a young person. For the interval
[20, 40] we have two cases. In the subinterval [20, 30] we use the lower value as
the value of T(Y A A), i.e., we use the value of the function 4 (x). It increases in
this subinterval and it reaches its maximum at the age of 30 years. At this point the
charts of membership functions wy (x) and @4 (x) meet and they determine the best
representative of being young and adult. In the second subinterval, i.e., [30, 40] the
value of the function 7 (Y A A), which measures the truth degree of being adult and
(at the same time) young, decreases. Although, in this subinterval, as time goes by,
we are more and more experienced, we are older and older (unfortunately).

In Chap.9, we have presented rule-based reasoning.® In the Zadeh theory the
concept of a fuzzy rule-based system [191, 322] has been developed. The rules of
such a system are of the form:

R* . IFxFis AX A ... A xFis A¥ THEN y* is B,
where x¥, ..., xk, y* are linguistic variablesand A%, . . ., AX, B are linguistic values
corresponding to fuzzy sets A%, ..., Ak, B¥.

Now, we present an example of reasoning in a fuzzy rule-based system. We do
this using one of the first models of fuzzy reasoning. It was introduced by Ebrahim

3 A formal definition of the function T for logical operators is contained in Appendix J.
STf the reader has omitted Chap. 9, the rest of this section may be difficult to understand.
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Fig. 13.2 Examples of membership functions for fuzzy sets defined with logical operators: a
negation, b conjunction

Mamdani’ in 1975 [191]. Let us assume that we want to design an expert system
which controls the position of a lever regulating the temperature of water in a bathtub
faucet. We assume that the linguistic variable #, denoting the water temperature in
the bathtub is described with the help of vague notions (linguistic values) (f0o0)
low (L), proper (P), (too) high (H). These notions are represented by fuzzy sets
L, P, H, respectively. Membership functions of these sets are shown in Fig. 13.3a.
The water temperature in the faucet 7, is described with the help of vague notions
cold (C), warm (W), (nearly) boiling (B). These notions are represented by fuzzy sets

7Ebrahim Mamdani—a professor of electrical engineering and computer science at Imperial Col-
lege, London. A designer of the first fuzzy controller. His work mainly concerns fuzzy logic.
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Fig. 13.3 An example of a problem formulation for fuzzy inference: a membership functions for
the temperature of water in a bathtub, b membership functions for the temperature of water in a
faucet, ¢ the scheme for the position of a lever, d membership functions for the position of a lever

C, W, B, respectively. Membership functions of these sets are shown in Fig. 13.3b.
Now, we can define the position of the lever. The scheme of this position is shown
in Fig.13.3c. As we can see the leftmost position corresponds to cold water, the
rightmost position corresponds to (almost) boiling water. The position of the lever
is defined by the linguistic variable p;, which is described with the help of vague
notions a left position (L), a middle position (M), a right position (R ). These notions
are represented by fuzzy sets: L, M, R, respectively. Membership functions of these
sets are shown in Fig. 13.3d.
We present reasoning in the system with the help of the following two rules.

R' : IFz is proper A tyiswarm THEN p; should be in middle_position,
R? : IFtis high A t¢is boiling THEN p; should be in left _position.

Now, we can start reasoning. Although a fuzzy rule-based system reasons on the
basis of fuzzy sets, it receives data and generates results in the form of numerical
values. Therefore, it should convert these numerical values into fuzzy sets and vice
versa. Let us assume that the system makes the first step of reasoning on the basis
of the first rule. There are two variables, #, and 7, and two linguistic values, P
and W, which are represented by membership functions pp and pw, respectively,
in the condition of the first rule. Let us consider the first pair: #, — pp. Let us
assume that the temperature of water in the bathtub equals t, = T, = 28°C. We
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Fig. 13.4 An example of fuzzy reasoning: a-b fuzzification, c—e application of the first rule,
f-h application of the second rule

have to convert the number 7} into a fuzzy set on the basis of the membership
function p p. We do this with the help of the simplest fuzzification operation, which is
called a singleton fuzzification. It converts the number 7}, into a fuzzy set P’ defined
by the membership function which equals wp/(Tp) for T, and equals O for other
arguments. This operation is shown in Fig. 13.4a, in which a value pp(28) = 0.2 is
determined, and in Fig. 13.4b, in which the new membership function pu p: is defined.
This function determines the new fuzzy set P’, which is the result of the fuzzification
of the number 7, = 28. Then, let us assume that the temperature of water in the faucet
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Fig. 13.5 An example of fuzzy reasoning—cont.: a constructing the resulting fuzzy set, b defuzzi-
fication

ty = Ty = 52°C has been transformed similarly into a fuzzy set W’ defined by a
membership function 1y shown in Fig. 13.4d.

Now, we can apply the fuzzy rule R', which is shown in Fig.13.4c—e.
Figure 13.4c, d correspond to components in a conjunction of the rule condition
CON D'. Figure 13.4e corresponds to the rule action ACT''. The application of the
rule is performed in two steps. At the first step the degree of a rule fulfillment puc o p
is computed as the minimum of the set which contains the membership functions of
the components of the conjunction CON D' (according to the evaluation of a con-
dition in fuzzy logic introduced above). Thus, as shown in Fig. 13.4c, d, this degree
equals uconpt = 0.2.

At the second step we use the Mamdani minimum rule of fuzzy reasoning. Accord-
ing to this rule the membership function of a fuzzy set which corresponds to reasoning
COND — ACT is determined by the lower number of ©conp and pacr. Since
in our example puconypt = 0.2, the resulting membership function is obtained by
truncating the membership function of the rule action wacr = uy at the level of
0.2, as shown in Fig. 13.4e.

Performing analogous steps for the fuzzy rule R?, cf. Fig. 13.4f-h, we obtain the
result shown in Fig. 13.4h.

After firing the applicable rules® we should aggregate the conclusions which
have been obtained. Let us notice that the conclusion is of the form of truncated
membership functions. In our example, membership functions for the conclusions
are marked with solid lines in Fig.13.4e, h. The operation of aggregating these
functions is shown in Fig.13.5a. As we can see, this time we use the maximum
operation over the set of conclusions, i.e., we define the final membership function
taking the greatest value of the aggregated functions.

This final membership function determines a fuzzy set, which is the result of fuzzy
reasoning. However, we need a numeric value representing the angle of the position

8 A fuzzy rule is not applicable at a reasoning cycle if its degree of fulfillment equals 0.
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of the lever, cf. Fig. 13.3c (not a fuzzy set). Therefore, at the end we should perform
a defuzzification operation, which determines a numerical value on the basis of a
fuzzy set.

For example, a defuzzification operation with a centroid involves computing the
center of gravity of the area under a curve determined by the final membership
function, which is shown in Fig. 13.5b. The coordinate of this center on the axis of
the linguistic variable (the variable p; in the case of our example) determines the
resulting numerical value. In Fig. 13.5b the center of gravity is marked by a circle
with a cross inside. As we can see the resulting numerical value, which represents
the correct angle of the lever is p; = P, = 48°C. Thus, our expert system sets the
lever in this position after fuzzy reasoning.

13.2 Model Based on Rough Set Theory

In 1982 Zdzistaw Pawlak proposed an alternative, or rather complementary, approach
[216] for representing vague notions. This approach, called rough set theory, has
been developed considerably since then [218, 219, 220]. As we have mentioned
at the beginning of this chapter, fuzzy set theory is used for solving the problem of
ambiguity of notions, whereas in rough set theory vagueness of notions is considered
in the aspect of their degree of precision (detail, accuracy).” The degree of precision
of characterization of a notion should be adequate for the problem considered. In
rough set theory this adequacy is described as a feature of a system which allows it to
distinguish between phenomena/objects which are considered to belong to different
categories and not to distinguish between phenomena/objects which belong to the
same category. Let us consider this feature with the help of the following example.
Let the domain containing objects to be considered, called the universe of dis-
course U, consist of passenger cars. Let us assume that we analyze the problem of
placing new car service stations for various car marques in various regions of Poland,
such as the Warsaw region, the Cracow region, etc. For such an analysis we can define
aset of attributes describing objects'® A = {marque_of _car; region_of _registration}.
For every attribute we should define a set of possible values, i.e., the domain of the
attribute. Then, for an object x belonging to the universe U an expression marque_of
_car (x) =BMW denotes the fact that x is a BMW model. A partition of the universe
U into subareas determined by the given set of attributes!! is shown in Fig. 13.6a. We
say that objects which belong to the same subarea (e.g., two BMW cars registered in
the Warsaw region and marked with white dots in Fig. 13.6a) are indiscernible objects

Rough set theory is discussed in this book only from the Al point of view. However, this theory is
applied much more broadly and it is interpreted in a more general way in computer science.

10passenger cars are objects.
1A set of attributes means a set of attributes together with their domains.
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Fig. 13.6 An example of controlling the level of generality of considerations with the help of a set
of attributes

with respect to the given set of attributes.'” A subarea of the universe determined
in this way is called an elementary set. Elementary sets are called also knowledge

121n fact, in rough set theory these two cars are not distinguishable. In order to distinguish between
them one should introduce an additional attribute, e.g., the registration number. However, in the
context of our problem this is not necessary.
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granules. They correspond to elementary notions, which can be used for defining
more complex notions, including vague notions.

The set of attributes is used for controlling the degree of precision of the defi-
nition of elementary notions. In other words, it is used for determining the degree
of granularity of the universe of discourse. For example, let us consider a universe
of cars and a manager responsible for sales. He/she wants to know the preferences
of customers from the EU countries for different types of car (sedan, hatchback,
etc.). Then, an adequate set of attributes should be defined as A = {type_of car,
country_of_registration}. In this case, a partition of the universe into elementary sets
is defined as shown in Fig. 13.6b. As we can see, the degree of granularity of the
universe is less than in the previous case, i.e., knowledge granules are bigger. This
results from using more general attributes. Now, two BMW sedans from the Warsaw
region are indiscernible from two Ford sedans from the Cracow region. Of course,
we can go to a higher level of abstraction and consider types of cars with respect to
bigger markets, like the EU market or the US market, as shown in Fig. 13.6c. Now, the
granules are even bigger. This means that some cars which have been distinguishable
previously are now indistinguishable.

In our example we have controlled the degree of precision of definitions of elemen-
tary notions by determining more/less general attributes. In fact, we often control
it by increasing/decreasing the number of attributes. The fewer attributes we use,
the less the granularity. For example, if we remove the attribute marque_of _car in
Fig. 13.6a, then the granularity of the universe is reduced. (Then, it is partitioned only
into vertical granules, which contain all passenger cars in one region of Poland.)

Now, we can consider the issue of defining vague notions in rough set theory. A
vague notion X is defined by two crisp notions: a lower approximation BX and an
upper approximation BX . A lower approximation BX is defined as a set BX which
contains knowledge granules that necessarily are within the scope of a vague notion
X. An upper approximation BX is defined as a set BX which contains knowledge
granules that possibly are within the scope of a vague notion X.

Let us consider this way of representing a vague notion with the following exam-
ple. Let us assume that we construct a system which selects ripe plums on the basis
of two attributes: hardness and color. The vague notion ripe plum (R) is represented
by the set R shown in Fig. 13.7a, which is determined with the help of ripe plums
denoted by black dots. Unripe plums are denoted by white dots. The border of the set
R is also marked in this figure. The area of the whole rectangle represents the universe
of discourse U. After defining attributes together with their domains, the universe U
is divided into the knowledge granules shown in Fig. 13.7b. The lower approximation
B'R is defined as the set B R, which contains knowledge granules marked with a grey
color in Fig. 13.7b. These granules contain only ripe plums. In Fig. 13.7¢ the set BR,
which corresponds to an upper approximation BR, is marked with a grey color. The
set BR contains all ripe plums and also some unripe plums. However, using such a
degree of granularity of the universe we are not able to distinguish between ripe and
unripe plums for three granules. These three granules determine a boundary region,
which is marked with a grey color in Fig. 13.7d. It contains objects which cannot be
assigned to R in an unambiguous way.
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Fig. 13.7 An example of basic notions of rough set theory: a a universe of discourse with a set
R marked, b a lower approximation of the set R, ¢ an upper approximation of the set R, d the
boundary region of the set R

Finally we can define a rough set. For arough set alower approximation is different
from an upper approximation assuming a fixed granularity of the universe. In other
words, the boundary region is not empty for a rough set. On the other hand, for a
crisp (exact) set the lower approximation is equal to the upper approximation, i.e.,
its boundary region is the empty set.

Usually after defining a vague notion with the help of a lower and an upper
approximation we would like to know how good our approximation is. There are
several measurements of approximation quality in rough set theory. The coefficient
of accuracy of approximation is one of them. It is calculated by dividing the number
of objects belonging to the lower approximation by the number of objects belonging
to the upper approximation. In our example it is equal to 4/10 = 0.4. Let us notice
that this coefficient belongs to the interval [0, 1]. For a crisp set it equals 1.

The right choice of attributes is a very important issue in the application of rough
set theory in Al. The number of attributes should be as small as possible (for reasons
of computation efficiency), yet sufficient for a proper granulation of the universe.
Methods for determining an optimum number of attributes have been developed in
rough set theory.
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Rough sets can be used, like fuzzy sets, for implementing rule-based systems.
Methods for automatic generation of rules on the basis of lower and upper approxi-
mations have been defined as well [277].

Bibliographical Note

Foundations of fuzzy set theory are presented in [63, 75, 257, 323]. Fuzzy logic and
fuzzy rule-based systems are discussed in [249].

A good introduction to rough set theory can be found in [71, 128, 217, 229, 257,
278].



Chapter 14
Cognitive Architectures

In this part of the monograph we present various methods used for problem solving by
artificial intelligence systems. This chapter, however, does not include a description
of any method, but it contains a discussion on the possible structure of an artificial
intelligence system.In computer science such a structure, called a system architecture,
results from a model defined according to the principles of software engineering.
In AI however, a different approach to designing a system architecture has been
used since the 1980s. In this approach we try to define an Al system architecture
on the basis of the model of cognitive abilities assumed. Thus, so-called cognitive
architectures have been introduced to the methodology of system design. Since they
are very important for the further development of the Al field, we present them in
this chapter.

The cognitive architecture of an Al system is defined in such a way that its structure
is based on a given cognitive model and its computational processes correspond
to mental/cognitive processes defined in this model. In other words, a cognitive
architecture is a computer science model that corresponds to a cognitive model. It
plays two basic roles. Firstly, it is a generic pattern for the practice of constructing
Al systems. Secondly, it can be used for verifying hypotheses of some models of
cognitive science.'

In the first section we introduce a generic architecture which is based on the
concept of an agent, whereas in the second section we present multi-agent systems,
which are constructed with the help of this concept.

IThis verification is made via simulation experiments performed with the help of a corresponding
Al system.

© Springer International Publishing Switzerland 2016 203
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14.1 Concept of Agent

It is difficult to point to the psychological theory or theory of mind which has influ-
enced the development of the concept of agent in Artificial Intelligence the most.
Surely, we can see in this concept the behavioral idea of explaining the behavior
of organisms in terms of stimulus-response. We can also find the influence of the
Piaget? constructivist theory of cognitive development, especially mechanisms of
assimilation and accommodation® of concepts. Some authorities in Al claim that
functionalism and the Dennett approach to intentionality* have had an impact on this
model as well [256].

Neglecting some differences among notions of agent in the literature, we define it
as a system which influences its environment in an autonomous way on the basis of
perceived information in order to achieve required goals. The expression autonomous
plays a key role here and means that an intentional influence on the environment
should be based on the experience an agent gained itself. In other words, an agent
should have an ability of self-learning and it should make use of this ability to cognize
an unknown environment. Let us explain this concept with the help of the following
example.

Let us return to our example of searching for a route to the exit in a labyrinth,
which has been introduced in Chap.4. Let us consider a certain world of labyrinth
paths, which is shown in Fig. 14.1a. As one can see this world consists of paths
which run from north (N) to south (S) and sometimes turn east (E). Then, we reach a
corridor which runs to the west (W) to the exit. (On the east side of the map there are
a lot of similar paths and there is no exit on this side.) In this world, at the beginning
of each path we place an agent. We expect it to find a route to the exit. Of course,
since the agent is autonomous, we do not deliver any specific knowledge about this
world to it. Instead, we assume it has the ability to perceive, basic meta-knowledge,
and the ability to move.

Let us begin with defining the ability to perceive. Let us assume that the agent
perceives the world one step ahead and it can recognize an empty space or a wall.
Additionally, the agent knows the direction (N-E-S-W) it is moving (see Fig. 14.1b),
i.e., it has an internal compass. The ability to move is defined with the following
operations: go one step ahead, go one step back, turn right, turn left.

The meta-knowledge of the agent is modeled with the help of rules of the form
introduced in Chap. 9. The rules define basic principles which allow the agent to exit
the labyrinth. For example, we can define the following rules:

IF I see an empty space THEN I go one step ahead,
IF I see a wall THEN I turn right.

2Jean Piaget—a professor of psychology at the Rousseau Institute in Geneva. He is known primarily
for his theory of cognitive development and epistemological research with children.

3Information perceived by humans is assimilated according to pre-existing cognitive schemas.
However, if this is not possible, because the information perceived does not fit these schemas, they
are altered to take into account the new experience, which is called accommodation.

“These theories are introduced in the next part of the book.
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Fig. 14.1 a Anexemplary world of labyrinths, b possible steps of an agent, ¢ an example of a route
to the exit

We have assumed above that the agent is autonomous. Therefore, we should give it
cognitive abilities that can be used for constructing knowledge schemas. (However,
we should not give these schemas to it.) For example, we can require that the agent
should gain knowledge defined with the rules presented above on its own, i.e., via
experiments made in its environment. In such a case, we might define the agent as a
child at the age of developing sensory-motor abilities.> Additionally, we should give
a body to the agent, so it experiences sensations. Then, we should define meta-rules,
such as, for example, the following ones:
IF I make a step ahead A my body hurts THEN I go back,
IF as a result of the activity A my body hurts THEN I do not repeat A.

We should also define mechanisms which allow the agent to generate specialized rules
on the basis of meta-rules. Such mechanisms are modeled in the area of cognitive
architectures.®

If the agent generates the rules, such as the ones defined at the beginning of our
considerations, then they will be too general from a practical point of view. They do
not include any information that is specific to the world of the labyrinth the agent
lives in. For example, the agent may walk to the north (although it should never do
it), it may try to go east more than one step (it should not do it, because in paths
running from north to south, after turning east it should go south), etc.

Thus, let us give new cognitive abilities to the agent which enable it to create
schemas of a specific world. Firstly, we allow the agent to gather experience, i.e., to

SWe discuss kinesthetic intelligence in the next chapter.

For example, such mechanisms are implemented in cognitive architecture systems, such as Soar
and ACT-R mentioned in the first chapter.
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store paths while searching for the exit. Secondly, in order to remember only those
parts of paths which bring the agent closer to the solution, we add rules of the form:
if I went along a path which ended at a cul-de-sac and I had to go back (e.g., the
agent went north), then this part of my walk should be deleted, etc.

If we define such meta-rules in an adequate way, then the agent can memorize
the shortest path to the exit, i.e., one without parts corresponding to wandering.
For example, in case the agent starts at the point shown in Fig. 14.1a, this is the
path shown in Fig. 14.1c. This path can be represented by the expression S*E S>W2.
Similarly, the second path can be represented by S?ES*ES*W? and the third one
by SES?ES?*ES*W?. These expressions can be treated as sentences of a formal
language and they can be used for inferring a formal grammar for this language with
the help of the grammatical induction algorithm introduced in Chap. 8. Then, given
the grammar we can construct a formal automaton’ that can be used by the agent for
navigating in the world of labyrinths.

At the beginning of our considerations we have assumed that the agent should be
autonomous. In our example this means that we have not given the agent a scheme
representing the world with the help of the formal automaton, but we have given
the agent the ability to construct such an automaton. Thanks to this approach, if the
agent goes to another world of labyrinths, such as, for example, the rotated world
of labyrinths shown in Fig. 14.2a,® it should be able to solve the problem as well.
Having cognitive meta-rules, the agent is able to construct a corresponding formal
automaton after some time. As a result, such an automaton would help the agent to
find the shortest path to the exit, like the one shown in Fig. 14.2b.

We can give cognitive abilities to the agent which are based on various methods
of Artificial Intelligence. The exemplary agent’ shown in Fig. 14.2c is implemented
with the help of three different models. After perceiving information concerning
its environment (in this case it is an environment consisting of various devices and
equipment), the agent updates its representation of this environment, which is defined
as a semantic network. Then, it reasons about its situation in this environment with
the help of a graph automaton (parser) in order to detect events which require
its response. After recognizing the type of the event, the agent infers an adequate
action with the help of a rule base. Proposed actions are sent to a steering command
generator, which is used to influence the environment. The agent has the ability to
learn by inferring a formal grammar,'” which is the knowledge base for a graph
automaton (parser).

7 As is discussed in Chap. 8, as well.

80ur agent should be able to go to any world of labyrinths, assuming paths in such a world are
characterized by some regularities (i.e., they can be described by some principles).

9The example is discussed in the paper Flasiriski M.: Automata-based multi-agent model as a tool
for constructing real-time intelligent control systems. Lecture Notes in Artificial Intelligence 2296
(2002), 103-110.

10This is an ETPL(k) graph grammar introduced in Chap. 8 and formally defined in Appendix E.
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Fig. 14.2 a A rotated world of labyrinths, b the route to the exit in the rotated world, ¢ an example
of an agent structure

14.2 Multi-agent Systems

For solving very difficult problems we can implement teams of interacting agents.
Such teams are called multi-agent systems (MAS). There are four basic features of a
multi-agent system [295]:
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Fig. 14.3 An exemplary multi-agent system based on the blackboard architecture

no agent can solve the problem itself,

the system is not controlled in a centralized way,

data are distributed in the system,

computing in the system is performed in an asynchronous way.'!

The form of communication among agents is a key issue in the theory of multi-
agent systems. There are two basic scenarios. The first scenario is based on the
blackboard architecture [132]. An example'? is shown in Fig. 14.3. The agents com-
municate via writing and reading messages to and from a global hierarchical reposi-
tory called a blackboard. It plays a role similar to the working memory in rule-based
systems and it can contain hypotheses to be verified, partial results of an inference
process, etc. Agents in blackboard systems are called knowledge sources. One distin-
guished agent plays the role of the blackboard controller. It is responsible for focusing
agents’ attention to subproblems to be solved, managing access to the blackboard,
etc.

Agents in blackboard systems usually create a hierarchical structure correspond-
ing to levels of abstraction of the blackboard information structure. As one can see
in Fig. 14.3, agents placed at the lowest level perform simple monitoring of compo-
nents of complex equipment, which is the environment of the multi-agent system.

1A multi-agent system is a distributed system, i.e., it is a system consisting of independent com-
puting components. An asynchronous way of computing means here that we do not assume any
time restrictions for performing computations by these components. Of course, if we were able
to impose time restrictions (the synchronous model), then we would be able to control the whole
computing process. Unfortunately, in multi-agent systems we cannot assume what length of time
an agent requires to solve its subproblem.

12The example is discussed in the paper: Behrens U., Flasiriski M., et al.: Recent developments of
the ZEUS expert system. IEEE Trans. Nuclear Science 43 (1996), 65-68.
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Each such agent reads information describing the current situation in the component
supervised. Then, it identifies the current state of this component and performs the
action of sending a message about this state to an agent on a higher level. Thus, the
lowest-level agent performs according to the principle: perception—action. An agent
of this kind is called a reflex agent.

At a higher level are placed agents which recognize the behavior of components
in time series. Such agents are not only able to perceive a single event, but they can
also monitor processes, i.e., they can remember sequences of events. As a result of
monitoring a process the internal state of such an agent can change.'? In some states
the agent can perform certain actions. An agent of this type is called a reflex agent
with internal states (or model-based agent).'*

Since components of the equipment are grouped into subsystems which should be
supervised by the multi-agent system, managing agents are placed at the highest level
of the hierarchy. These agents make use of information delivered by agents of lower
levels in order take make optimum decisions. An agent of this level makes decisions
after communicating (via the blackboard) with other agents of this level, because
the subsystem it supervises does not work independently from other subsystems of
the equipment. A managing agent should be able to determine a goal which should
be achieved in any specific situation in the environment. Therefore, an agent of this
kind is called a goal-based agent.

In the example above a utility-based agent has not been defined. An agent of
this type determines goals in order to reach the maximum satisfaction (treated as
a positive emotion) after their achievement. The main idea of this agent is based
on the appraisal theory of emotions introduced in the twentieth century by Magda
Arnold."> According to this theory an evaluation (appraisal) of a perceived situation
results in an emotional response, which is based on this evaluation. In the case of an
utility-based agent, however, the main problem concerns ascribing numerical values
to its internal (emotional) states.

In the second scenario of communication among agents, the message passing
model is used. This model is based on speech-act theory, inspired by Wittgenstein’s
Sprachspielen concept.'® The model was introduced by John L. Austin'” in the second
half of the twentieth century [13]. According to this theory, uttering certain sentences,

13Changes of internal states of an agent can be simulated with the help of a finite automaton
introduced in Chap. 8.

14The difference between a reflex agent and a reflex agent with internal states is analogous to
the difference between a human being who reacts immediately, in a non-reflexive manner, after
perceiving a stimulus and a human being who does not react at once, but observes a situation and
then takes an action if his/her internal state changes (e.g., from being calm to being annoyed).
15Magda B. Arnold—a professor at Loyola University in Chicago and Harvard University. Her
work mainly concerns psychology of emotions. She was known as a indefatigable woman. In her
nineties she was climbing hills. She died when she was nearly 99 years old.

16The Sprachspielen concept is introduced in Chap. 15.

17John Langshaw Austin—a professor of philosophy at Oxford University, one of the best known
scientists of the British analytic school. His work concerns philosophy of language, philosophy of
mind, and philosophy of perception.
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Fig. 14.4 An exemplary multi-agent system based on message passing

called by Austin performatives, in certain circumstances is not just saying something,
but performing an action of a certain kind. For example, uttering a marriage formula
by a priest results in a marriage act. In the case of multi-agent systems, performatives
correspond to communication acts, which are performed by an agent in relation to
other agents. For example, they can be of the form of a query concerning something,
a demand to perform some action, a promise of performing some action, etc. In this
model agents communicate according to predefined rules, which should ensure the
performative result of the messages sent.

An example of the scheme of a multi-agent system based on the message passing
model is shown in Fig.14.4.'8 As one can see, agents interact directly with each
other. These interactions are performed by sending performative messages, which
result in influencing the environment in the required way.

Bibliographical Note

A good introduction to multi-agent systems can be found in [80, 88, 274, 312, 319].
The prospects for future development of cognitive architectures are discussed in [77].

18The example is discussed in the paper Flasiriski M.: Automata-based multi-agent model as a tool
for constructing real-time intelligent control systems. Lecture Notes in Artificial Intelligence 2296
(2002), 103-110.
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Chapter 15
Theories of Intelligence in Philosophy
and Psychology

Basic approaches to the simulation of sensual/intellectual cognitive abilities, such as
problem solving, pattern recognition, constructing knowledge representations, learn-
ing, etc. have been presented in previous parts of the book. IT systems constructed on
the basis of these approaches are called Artificial Intelligence systems. If one is asked
“What is Artificial Intelligence?”, we could, therefore, answer that from a computer
science point of view Artificial Intelligence is a feature of IT systems constructed
on the basis of such approaches. Of course, nobody would be satisfied with such an
answer, because such a definition does not explain the heart of the matter. We discuss
this issue of Artificial Intelligence in this part of the monograph.

As we will see the notion of infelligence is defined in various ways in philo-
sophical and psychological theories, as are related concepts such as mind, cognition,
knowledge, etc. It seems that this is a reason for the disputes about the term artificial
intelligence. Therefore, we present philosophical and psychological interpretations
of these basic notions in this chapter.

In the first section we introduce the main philosophical approaches to issues of
cognition and mind. This presentation is necessary for discussing various ideas on
artificial intelligence in Chap. 17. Various definitions and models of intelligence in
psychology are presented in the second section. They will be used primarily for
determining a list of cognitive/mental abilities. This list will be used for presenting
application areas of Al systems in Chap. 16.

15.1 Mind and Cognition in Epistemology

Issues of mind, cognition, and intelligence are studied in an area of philosophy called
epistemology. In this section we limit our presentation of views of philosophers only
to those which can form a basis for a discussion about Artificial Intelligence.

The distinction between sense perception and mental perception was introduced
by Parmenides of Elea in the fifth century B.C. Plato (427 B.C.-347 B.C.) claimed
that before the soul was embodied the intellect perceived perfect ideas in a direct
© Springer International Publishing Switzerland 2016 213
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way. Such an intuitive direct cognition via an insight into the heart of the matter is
called noesis (vono t¢ [néesis]). The embodied soul can recall this knowledge (during
a perception of the world), which is called anamnesis (¢vauvnoic [4ndmnesis]).!
Mathematical knowledge (St voua [didnoia]) is placed in the knowledge hierarchy at
alower level than noesis. These two types of knowledge are considered to be justified
true belief, which together is called episteme (éiotnun [épistéme]). Contrary to
episteme, the physical world is cognized via senses in an uncertain, doxa-type way
(80&a [doksa]) [228], as a shadow of reality (the allegory of the cave).

Contrary to Plato, Aristotle (384 B.C.—322 B.C.) denied that humans have innate
ideas.? The intellect (mind) (voU¢ [nots], intellectus) is “the part of the soul by
which it knows and understands”. During the understanding process the intellect
operates in the following way. Things are perceived through senses. On the basis
of sense experience the intellect forms mental images called phantasms. The intel-
lect transforms phantasms into concepts (notions) by abstracting. Abstraction is the
act of isolating the universal concepts (intelligible species, intelligibles), which are
intellectual abstracts, from the phantasms. The active intellect (voU¢ mointikog
[nous poietikds], intellectus agens) illuminates the phantasm, and in this way the
universal concept created from the phantasm is grasped by the potential intellect
(voUg wavntikoc [nous pathetik6s], intellectus in potentia) [9].

Concepts create a hierarchy. A concept of a species is defined by giving its near-
est genus (genus proximus) and its specific difference (differentia specifica), which
distinguishes members of this species from other members of this nearest genus. In
this way concepts create a hierarchy, which can be represented by a concept tree.’
Linguistic representations of concepts, i.e., ferms can be joined to form propositions.
A proposition is a statement which is either true or false. Propositions can also create
a kind of hierarchy, which is based on the relation premise—conclusion. An inference
from a more general premise to a less general premise is of a deductive nature and
is consistent with the logical order. Aristotle developed the theory of syllogism that
involves deductive reasoning in which the conclusion is inferred from two premises.
However, in the psychological order of cognizing reality a general proposition is
derived from specific observations. Such reasoning is called induction [10].

St. Thomas Aquinas (1225-1274) reinterpreted and developed Aristotelian epis-
temology [285]. There are two great powers of the mind (mens): the intellect (intel-
lectus), which is a cognitive power, and the will (voluntas), which is an appetitive*
power. There are three generic operations (acts) of the intellect (tres operationes
rationis). The simple apprehension of what something is (indivisibilium intelligen-
tia), which consists of comprehending a concept by abstracting, is the first act. Pro-
nouncing a judgment (componere et dividere), which consists of stating a proposition
that is affirmed or denied, is the second operation. The third act, called reasoning

ILet us recall that the view that certain abilities are inborn is called nativism.
2Let us recall that such a view is called genetic empiricism.

3We have introduced such concept trees in the form of semantic networks representing ontologies
in Sect.7.1.

4 Aquinas defines appetite as “all forms of internal inclination”.
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(ratiocinare), consists of proceeding from one proposition to another according to
logical rules (principles). Thus, reason (ratio), in the sense of the abstract noun,
can be defined as the reasoning function of an intellect or cognizing by discursive
reasoning.

St. Thomas Aquinas distinguished, after Aristotle, the practical mind (intellectus
practicus), which is used by the human being for planning, defining strategies for
activities, decision making, etc. from the theoretical mind (intellectus speculativus),
which allows the human being to understand and contemplate. A distinction can
also be made between dispositional intellect (intellectus in habitu), which has basic
universal concepts and is prepared for intellection and actualized (achieved) intellect
(intellectus adeptus), which has already achieved knowledge.’ St. Thomas Aquinas
defined intelligence (intelligentia) as “the act itself of intellect, which is understand-
ing”® [285]. In other words, intelligence means a cognitive act, which is performed
by achieved intellect.

Mental perception characterized in such a way is preceded by sense perception.
St. Thomas Aquinas distinguished external senses from internal senses. The external
sensorium includes sight, hearing, taste, smell, and touch. There are four internal
senses. Common sense (sensus communis) perceives objects of the external senses and
synthesizes them into a coherent representation. Imagination (imaginatio, phantasia)
produces a mental image of something in its absence. Memory (vis memorativa) stores
perceptions which have been cognized and evaluated with respect to the interests of
the perceiver. Such perceptions are called intentions by St. Thomas Aquinas. They
can be called to mind at will. An evaluation of a perception with respect to the interests
of the perceiver, i.e., whether it is beneficial (useful) or harmful, is performed by the
cogitative power, called also particular reason (vis cogitativa, ratio particularis).
Cogitative power thus enables human beings to react to stimuli in an adequate way,
which is a necessary condition of proper behavior in the environment.”

William of Ockham, Occam (1288-1348) is known for the principle of parsimony
(lex parsimoniae), also called Ockham’s Razor. It states that “entities should not
be multiplied beyond necessity” (Entia non sunt multiplicanda sine necessitate),
which means that if two theories can be used to draw the same conclusions, then
the simpler theory is better. According to Ockham incorrect reasoning often results
from an incorrect, from a logical point of view, use of the language. Thus, logical
analysis is more important than speculative discourse [213]. Therefore, he sometimes
is considered a forerunner of analytic philosophy.

René Descartes (1596—1650) addressed the problem of the relationship between
mind and matter, called the mind-body problem, which is one of the key issues
discussed in the area of Artificial Intelligence. He claimed there is a rigid distinction

SThis distinction was adopted by European scholastic philosophy from Islamic philosophy. Ibn
Sina, Avicenna (980-1037) already used both concepts: intellectus in habitu (al-’aql bi-I-malakah)
and intellectus adeptus (al-’aql al-mustafad). Then, these concepts were adopted and reinterpreted
by scholastics (St. Albertus Magnus, St. Thomas Aquinas).

6 Adding also that sometimes “the separate substances that we call angels are called intelligences”.

7 An evaluation of a perception w.r.t. the interests of a perceiver is performed by animals by natural
instinct. In the case of animals we talk about (natural) estimative power (vis aestimativa).
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between mind (res cogitans), which is a nonmaterial substance, and matter (res
extensa). Knowledge is certain, if it is clear and distinct (clair et distinct) [69].
Mathematical knowledge is clear and distinct. Therefore, knowledge systems should
be constructed in the same way as in mathematics. Genuine knowledge is acquired
by reason with the help of innate ideas (ideae innatae) and is independent of sensory
experience.?

Thomas Hobbes (1588-1679) denied the existence of any nonmaterial sub-
stance (materialistic monism) [138]. According to him, a human being is a com-
plex machine. Hobbes resolved the Cartesian mind-body problem by claiming that
consciousness can be reduced to a bodily activity. Cognitive operations are of a
mechanical nature, i.e., sensory experience consists of a mechanical effect on a
body. Reasoning is a form of computation, i.e., it is a manipulation of symbols.

Baruch Spinoza (1632-1677) proposed another solution to the mind-body prob-
lem [284]. He defined body and mind as two aspects, attributes (attributa) of one uni-
versal substance (neutral monism). Although there is no causal interaction between
mental and material phenomena, they occur in parallel, i.e., they are programmed
in such a way that if some mental event takes place, then a parallel material event
occurs (psychophysical parallelism).

As a consequence of his theory of monads, Gottfried Wilhelm Leibniz (1646—
1716) claimed that all knowledge is acquired independently of any experience (rad-
ical apriorism) [176]. According to him, every valid proposition is an analytical
proposition. So, every valid proposition can be proved. Therefore, Leibniz carried
out research into defining a universal symbolic language (ars characteristica, scien-
tia generalis), in which all valid sentences would be decidable mechanically.’

Contrary to the views of Descartes and Leibniz, John Locke (1632—1704) main-
tained that knowledge is obtained by sensory experience only'® [185]. An experience
can concern the external world influencing our (external) senses, and then he talks
about sensation. It can also concern our mind, i.e., it can relate to awareness of our
own intellectual activity, which is called reflection (inner sense) by Locke. Sensation
is less certain than reflection, however the former precedes the latter. In fact, Locke
pointed out an important knowledge source, which is introspection.

David Hume (1711-1776) defined two kinds of knowledge: relations among ideas
and matters of fact. The first kind, which includes mathematics and other abstract
models, is certain, however uninformative. The second kind, which concerns propo-
sitions about the nature of existing objects, so interesting for us, is not certain, unfor-
tunately [144]. Hume was sceptical about our ability to acquire knowledge by reason.
He claimed that interesting knowledge about the external world is acquired by induc-
tive inference, which is based on our natural instinct.

8L et us recall that such a view is called methodological rationalism (apriorism).

°Tf Leibniz had succeeded, then philosophers, instead of disputing, would formulate their opinions
with the help of ars characteristica and then compute a solution. It seems to the author that it is
better that Leibniz never completed his research.

107 et us recall that such a view is called methodological empiricism.
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Immanuel Kant (1724—-1804) tried to bring together both empiricist and rationalist
views concerning cognition. He claimed that cognition is based on both experience
and a priori ideas, since “Thoughts without content are empty, intuitions without con-
cepts are blind.” [154]. He distinguished the following three kinds of propositions.
An analytic proposition a priori expresses only what is contained in the concept of
its subject. Thus, such propositions are used to explain knowledge already existing
in our mind, since either it is contained in the definition of the subject or it can be
derived from this definition. Such propositions are independent from experience and
they are present in our minds (a priori).

The two remaining kinds of propositions, called synthetic propositions, expand
our knowledge, because they add new attributes to their subjects. A synthetic propo-
sition a posteriori is formulated on the basis of experience gained.!! A synthetic
proposition a priori expands our knowledge and is certain. Empiricists denied that
there are such propositions. However, Kant claimed that such propositions exist.'?
In order to explain how synthetic propositions a priori are created in our mind, he
developed transcendental philosophy.'* According to this philosophy, sensations
(Empfindung) perceived by the senses are combined with the help of a priori pure
forms of sensuous intuition (Anschauung), i.e., space and time, into their mental rep-
resentations (Vorstellung). Then, intellect (understanding faculty) (Verstand), using
a priori categories of the understanding,'# combines these representations into con-
cepts. Finally, judgment faculty formulates propositions with the help of a priori
rules.

John Stuart Mill (1806—1873) considered inductive reasoning to be more impor-
tant for knowledge acquisition than deductive reasoning. General principles should
be known in order to use deduction. As an empiricist, Mill claimed that experi-
ence is a source of knowledge. However, experience concerns a single event. Thus,
one should use inductive reasoning in order to formulate general principles. Mill
developed schemes of inductive reasoning which are helpful for defining causal rela-
tionships, called Mill canons of induction [202].

Franz Brentano (1838-1917) claimed that experience is the only source of knowl-
edge, however, experience in the form of an internal perception (introspection). He
reintroduced, after scholastic philosophy, the concept of intentionality, which is a
property of a mental act meaning directing at a certain (intentional) object (from
Latin intendere—to direct toward something) [38]. Due to intentionality, which is
a property of human minds, we can distinguish mental phenomena from physical
phenomena.

To Edmund Husserl (1859-1938), a founder of phenomenology, intuition was
the basic source of knowledge [145]. Intuition is a condition of both deduction and

" Empirical propositions in physics, chemistry, biology, etc. are synthetic propositions a posteriori.
However, from the point of view of logic these propositions are uncertain.

12K ant considered mathematical propositions (e.g., theorems) to be synthetic propositions a priori.
3Transcendental means here transcending experience.
14Kant defined twelve such categories.
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induction, since it provides these two types of reasoning with premises. Deduction
and induction can be used only for indirectly deriving the truth.

Within analytic philosophy Ludwig Wittgenstein (1889-1951) and his colleagues
forming the Vienna Circle' tried to define a formalized language that could be
precise and unambiguous enough to become a language for a unified science (Ein-
heitswissenschaft).'® The possibility of empirically determining the true meaning of
linguistic expressions was the basic assumption of this research. In his later works
Wittgenstein claimed that the separation of the meaning of expressions from their
usage in live language is impossible and notions can be meaningful, even if they
are not defined precisely [316]. This results from the fact that the (natural) language
used by us is a set of language-games (Sprachspielen),'” which proceed according
to specific rules and logic.

Although Kurt Godel (1906-1978) was a logician and mathematician rather than
a philosopher, his work considerably influenced epistemology. In 1931 he published
his first limitation (incompleteness) theorem [110]. It says that if a formal system
including the arithmetic of natural numbers is consistent,'® then it is incomplete.'®
Intuitively speaking, Godel showed that in non-trivial formal theories there exist true
sentences that cannot be proved in these theories.

15.2 Models of Intelligence in Psychology

As we have seen in a previous section, there are various views concerning the nature
of cognition and mind in philosophy. Where the concept of intelligence is concerned,
we meet a similar situation in psychology.? For the purpose of our considerations
about artificial intelligence, we propose a definition which is a synthesis of the scopes
of definitions known from the literature. Thus, (human) intelligence can be defined
as a set of abilities that allow one:

5The Vienna Circle was an influential group of philosophers, mathematicians, and physicists
founded in 1920s. Its best-known members were, among others Kurt Gédel, Rudolph Carnap,
Moritz Schlick, and Otto Neurath.

16The issue of such a language had already been of great importance for William of Ockham and
Gottfried Wilhelm Leibniz mentioned above.

TA language-game consists of a sequence of expressions and actions in a certain context. For
example, the dialogue of a man and a woman in case he wants to pick her up or the conversation of a
professor and a student during an exam at a university. Thus, our life can be treated as a sequence of
language-games. Each language-game is characterized by its specific grammar, just as each game
is characterized by its specific rules.

I8 A formal system is consistent if it does not contain a contradiction.

19A formal system is complete if for any sentence belonging to the system either the sentence or
its negation is provable in this system.

201n this section we describe selected psychological models of intelligence. A selection is made
with respect to further discussion of the concept of artificial intelligence. Studies of intelligence in
psychology can be found e.g., in [108, 290, 291].
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e to adapt oneself to a changing environment, and
e to perform cognitive activity, which consists of creating and operating abstract
structures.

In the definition we have deliberately not listed such abilities, because, as we see
further on, there are differences among various psychological models with respect
to this aspect. We will try to identify such abilities within each succeeding model
discussed below.

The second constituent of our definition has been formulated, since here we do
not want to ascribe intelligence to all biological organisms which possess adaptation
mechanisms. The expression abstract structure corresponds, in principle, to the psy-
chological terms abstract concept, mental representation, and cognitive structure (in
cognitive psychology). However, we assume that abstract structures do not necessar-
ily need to be created in order to represent knowledge about an environment, since
we do not want to exclude abstract constructs defined e.g., in logic and mathematics
from our considerations.

There are two basic types of models of intelligence in psychology. In hierarchical
models mental abilities are layered and create a hierarchical structure. By contrast,
in multiple aptitude models mental abilities are treated as a set of equivalent and
independent factors. Firstly, we discuss models which belong to the first approach.

The two-factor theory of intelligence introduced by Charles E. Spearman?' in 1923
[282] is a generic theory for hierarchical models. In the theory one general factor g,

which corresponds to general intelligence, and several specific factors sy, s, . . ., Sy,
representing mental abilities that are used for solving various types of problems, are
distinguished.

General intelligence (g factor) was characterized by Spearman with the help of
three noegenetic principles® [142). The principle of apprehension of experience says
that the apprehension of the meaning of a received perception is the first operation of
general intelligence. Basic elements which describe a problem, called fundaments,
are created due to this operation. During the second operation, according to the
principle of eduction of relations,” relations between fundaments are discovered.
According to the principle of eduction of correlates, the third operation consists of
discovering, via reasoning, further relations on the basis of the relations identified
during the second operation. These further relations are not discerned directly via
the eduction of correlates [142].

Let us notice that the operations defined by noegenetic principles can be inter-
preted as comprehending concepts, pronouncing judgments,”* and reasoning (in the
sense of proceeding from one proposition to another). Thus, they are analogous to

21Charles Edward Spearman—a professor of psychology at University College London. He is also
known for his contribution to statistics (Spearman’s rank correlation).

228pearman used the term noegenetic with reference to the Platonian notion noesis, which was
introduced in the previous section. Let us recall that noesis means intuitive direct cognition via an
insight into the heart of the matter [142].

23Here, eduction means discovering something, from Latin: educere.
241n this case, pronouncing judgments by defining relations.
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the three generic acts of the intellect (tres operationes rationis) defined by Aquinas,
which have been presented in a previous section. According to Alfred Binet> pro-
nouncing judgments is the fundamental operation [26]. We will come back to this
opinion in the last chapter, in which the issue of artificial intelligence is discussed.

In principle, designers of Al systems do not try to simulate general intelligence.?
Instead, methods which simulate specific mental abilities of a human being are devel-
oped. Later, we make a short survey of psychological models of intelligence which
identify specific mental abilities. A discussion of a simulation of these abilities in Al
systems is contained in the next chapter.

In 1997 Linda S. Gottfredson®’ performed an analysis of the mental abilities which
are tested during a personnel selection process [114]. These abilities correspond to
research subareas in Artificial Intelligence. The following mental skills were iden-
tified as important: problem solving, reasoning decision making, planning, (verbal)
linguistic abilities, and learning ability.

Half a century before the research of Gottfredson, Louis L. Thurstone?® identified
amodel of primary mental abilities [303]. This model belongs to the multiple aptitude
approach. For our further considerations we choose perception (treated as effective
pattern recognition) from the set of these abilities. Such factors as number facility,
spatial visualization, and memorizing (associative memory) are implemented in stan-
dard IT systems. Reasoning and linguistic abilities have been identified already on
the basis of the Gottfredson model. It is worth pointing out that Thurstone influenced
the area of pattern recognition remarkably, mainly due to his statistical model in sig-
nal detection theory [302]. In the 1930s he identified such crucial issues of modern
pattern recognition as recognition of animated patterns and 3D pattern recognition
performed on the basis of various views perceived by a moving observer.

In 1947 Jean Piaget®® identified kinesthetic intelligence during research into stages
of a child’s mental development [226]. It is related to both locomotion and manipula-
tion abilities and their development takes place from birth to two years (the sensori-
motor stage). Piaget distinguished two kinds of manipulation: unspecific manipula-
tion, which is not adequate to the specificity of an object, and specific manipulation,*
which involves tfuning of movements to an object’s specificity.

25 Alfred Binet—a professor of psychology at the Sorbonne, a director of the Laboratory of Experi-
mental Psychology at the Sorbonne (1891-1894). He is known as the inventor of the first intelligence
test (the IQ test).

26 Apart from designers of generic cognitive architectures.

?7Linda Susanne Gottfredson—a professor of educational psychology at the University of Delaware
and a sociologist. She is known for the public statement Mainstream Science of Intelligence signed
by 51 researchers, in which she claims that mental skills are different for various races (statistically).
28ouis Leon Thurstone—a professor of psychology at the University of Chicago and a mechanical
engineer (master’s in mechanical engineering from Cornell University). One of the fathers of psy-
chometrics and psychophysics. He was the President of the American Psychological Association.
29A note on Jean Piaget has been included in the previous chapter, in which we have discussed
notions of assimilation and accommodation and their influence on the concept of agent.

30Specific manipulation develops from 8 months.
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In psychology specific types of intelligence are also considered. In 1920 Edward
L. Thorndike?! distinguished social intelligence [300]. This kind of intelligence can
be defined as a set of abilities which allow one to establish interpersonal relations, to
achieve social adjustment, and to influence people. These abilities can be divided into
social awareness (e.g., the ability to interpret people’s behavior) and social facility
(e.g., the ability to generate behavior, which informs others about our internal state)
[112].

Emotional intelligence is related to social intelligence. It is defined as a set of
abilities which allow one to perceive others’ emotions, to control ones own emotions
and to use emotions in mental processes and during problem solving.

Recently research into implementing Al systems which simulate human creativity,
such as, e.g., musical creativity or visual creativity, has been carried out as well. Such
systems try to simulate creative abilities in order to develop original ideas, visual art,
or solutions (e.g., in architecture). Structure of Intellect theory introduced by Joy P.
Guilford®? in 1967 [116] is one of the most important psychological models relating to
creativity. The following intellectual processes are defined in this model: cognition,
memory operations, convergent production, divergent production, and evaluation of
information. Whereas a convergent production consists of deriving a single valid
solution for a given standard problem (i.e., problem solving in the sense used in Al),
during a divergent production one draws original ideas via creative generation of
multiple possible solutions. The quality of a divergent production can be assessed on
the basis of such criteria as the number of ideas generated, the variety of approaches
used for solving a problem, and the originality of the ideas.

In cognitive psychology mental (cognitive) processes are studied to model intel-
ligence. This approach is interesting with respect to research into Al systems, since
a process, interpreted as a transformation of certain information structures into other
ones, is a fundamental concept of computer science. The interpretation of a mental
process in psychology is analogous to the one used in computer science. A mental
process is used for creating and transforming a cognitive structure, which is a mental
representation of a certain aspect of an external reality. In particular, cognitive struc-
tures can represent our knowledge.>* Thus, in Artificial Intelligence they correspond
to models of knowledge representation, which will be discussed in the next chapter.

Mental processes can be divided into several basic categories, e.g., perception
processes, attention processes, memory processes, and thinking processes. Apart

31 A note on Edward L. Thorndike, a pioneer of the connectionist approach, has been included in
Sect.3.1.

32Joy Paul Guilford—a professor of psychology at the University of Southern California. His work
mainly concerns the psychometric study of intelligence. He has carried out research for developing
classification testing for the U.S. Air Force. He was the President of the Psychometric Society.

3 Guilford’s model is three-dimensional. Apart from the process dimension it contains a content
dimension (types of information which are used by processes) and a product dimension (results
of applying processes to specific contents). Later, Guilford extended his model, cf. Guilford J.P.:
Some changes in the structure of intellect model. Educational and Psychological Measurement 48
(1988), 1-4.

34In cognitive psychology, the concept of knowledge is related to the content of long-term memory.
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from these categories, so-called metacognitive factors which are responsible for plan-
ning, supervising, and controlling mental processes are distinguished® in cognitive
psychology. The triarchic theory of intelligence introduced by Robert J. Sternberg®®
in 1980 [289] is one of the best-known models based on mental (cognitive) processes.

Summing up, on the basis of a survey of important psychological theories we have
identified specific mental/cognitive abilities which can be simulated in Al systems.
They include perception and pattern recognition, knowledge representation, problem
solving, reasoning, decision making, planning, natural language processing, learning,
manipulation and locomotion, social/emotional intelligence and creativity. The issue
of simulating these abilities is discussed in the next chapter.

Bibliographical Note

A good introduction to philosophy and the history of philosophy can be found in [59,
155, 255]. Epistemological issues are discussed in [33, 143, 178].
Theories of intelligence in psychology are presented in [31, 108, 290, 291].

351f controlling is performed with feedback, then we deal with learning.

36Robert Jeffrey Sternberg—a professor of psychology at Yale University, Tufts University, and
Oklahoma State University, a Ph.D. student of Gordon H. Bower at Stanford University. He was the
President of the American Psychological Association. Sternberg is also known for the triangular
theory of love.



Chapter 16
Application Areas of AI Systems

Before we discuss the issue of the possibility of constructing an intelligent artificial
system in the last chapter, we now summarize practical results concerning application
areas of Al systems.! As we have mentioned in a previous chapter, designers of such
systems do not model a general intelligence, rather they focus on methods simulating
particular human cognitive/mental abilities and corresponding constructs such as
knowledge representation models. Application areas of Al systems will be discussed
on the basis of human cognitive abilities identified after the analysis of psychology
models of intelligence discussed in the previous chapter.

16.1 Perception and Pattern Recognition

Intelligent behavior depends on perception of the external world to some extent.
Although a human being perceives with the help of five senses, i.e., sight, hearing,
taste, smell, and touch, only the first two senses are simulated in most Al systems.
From a technical point of view, both sound and image are treated one- or two-
dimensional signals. (Sometimes 3D signals, if a spatial model of the world is defined
in the system.)

In AI systems the task of perceiving sound or image is divided into two main
phases. The first phase concerns of receiving a corresponding signal with the help of
a sensory device (e.g., a camera or a microphone), its preprocessing, and its coding
in a certain format. The methods used in this phase belong to conventional® areas
of computer science (also automatics and electronics) such as signal processing
theory and image processing theory. Both theories were developed remarkably in

In the monograph we do not present specific Al systems, because they are continuously being
introduced in the software market. So, this chapter had to be updated each year.

2 Conventional means here that they do not need the support of AI techniques.
© Springer International Publishing Switzerland 2016 223
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the second half of the twentieth century. They allow us to implement systems which
surpass human beings in some aspects of sensory perception.’

In the second phase of perception, in which sensory information is ingested thor-
oughly, Al systems can use methods belonging to three groups of models that have
been introduced in the monograph, namely pattern recognition, neural networks,
and syntactic pattern recognition. Let us notice that also in these areas a lot of effi-
cient techniques have been developed. Optical Character Recognition (OCR) sys-
tems, vision systems of industrial robots, optical quality control systems in indus-
try, analysis of satellite images, military object identification systems, and medical
image systems are some examples of practical applications of such systems. Recently
research has been carried out into constructing systems which are able not only to
identify objects, but also to understand (interpret) them [297]. Image understanding
is especially useful in the area of advanced medical diagnostics [214, 296].

There are, however, still challenges in this area. Automatic learning is a crucial
functionality of pattern recognition systems. In the case of classical pattern recog-
nition and neural networks, models contain adaptive techniques of learning. On the
other hand, in syntactic pattern recognition the issue of a system self-learning is more
difficult, since it relates to the problem of formal grammar induction. In this area
research is still in a preliminary phase.

The second problem concerns intelligent integration of information sent by various
sensory devices at the same time (e.g., a camera and a microphone) in order to obtain
a synthetic sensation.* We will return to this problem in the next chapter.

16.2 Knowledge Representation

The problem of adequate knowledge representation has been crucial since the very
beginning of developments in the Al area. An intelligent system should be able to
adapt to its environment, according to our definition formulated in Sect. 15.2. Thus, it
should be able to acquire knowledge which describes this environment (declarative
knowledge), then to store this knowledge in a form allowing a quick and adequate
(intelligent) response to any stimulus generated by the environment. Patterns of such
responses, represented as procedural knowledge, should be stored in the system as
well.

A taxonomy of knowledge representation models can be defined according to
two basic criteria: the form of knowledge representation and the way of acquiring
knowledge.

According to the first criterion, knowledge representation models can be divided
into the following three groups.

3Certainly the reader has seen crime films in which a blurry photograph made while moving has
been processed by a computer system in order to restore a sharp image of a killer.

4Such a functionality in the system corresponds to St. Thomas Aquinas’ sensus communis introduced
in the previous chapter.
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e Models of symbolic knowledge representation formulated in an explicit way. Let
us notice that the basic models of this group, i.e., conceptual dependency graphs,
semantic networks, and scripts have been introduced by psychologists Roger
Schank, Allan M. Collins, and Robert P. Abelson, respectively. Where procedural
knowledge is concerned, rule-based systems are the most popular representation
model. In this book we have also introduced other specific representations for such
knowledge, e.g., formal grammars, representations based on mathematical logic,
models in reasoning systems, and schemes in Case-Based Reasoning systems.

e Models of symbolic-numeric knowledge representation formulated in an explicit
way. These models are used if the notions which are the basis for the representation
model are fuzzy, i.e., they are ambiguous or imprecise. Bayesian networks, models
based on fuzzy sets, and models based on rough sets introduced in Chaps. 12 and
13 are good examples of such models.

e Models of knowledge representation formulated in an implicit way. This form is
applied if knowledge is represented in a numeric way. It is typical for pattern
recognition methods and neural networks. Such representations are of the form
of clusters consisting of vectors, sets of parameters (in pattern recognition), and
weight vectors (in NNs). Here, representation in an implicit way means not only
that we lack access to these vectors or parameters. Even if we read these strings
of numbers, we could not relate them to the meaning of knowledge coded in such
a way. In other words, we are not able to interpret them in terms of the problem
description.

Where the second criterion, i.e., the way of acquiring knowledge, is concerned,
representation models can be divided into the following two groups.

e Models in which knowledge can be acquired by the system automatically. First
of all, models of knowledge representation formulated in an implicit way belong
to this group. Both pattern recognition methods and neural networks can be self-
learning in the case of unsupervised learning techniques. For pattern recognition
we use cluster analysis. In the case of symbolic representations such learning is
performed via induction, for example grammatical induction in syntactic pattern
recognition.

e Models in which knowledge representation is defined and entered into the system
by a knowledge engineer. Most models of knowledge representation formulated
in an explicit way belong to this group.

Summing up, automatic acquisition of knowledge in models based on symbolic
knowledge is the crucial issue in this area. An automatic conceptualization is the
main problem here and it has not been solved in a satisfactory way till now. Learning
methods will be discussed in a more detailed way in Sect. 16.8.
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16.3 Problem Solving

We define the area of problem solving as research into constructing generic meth-
ods that can be used for solving general problems. General Problem Solver, GPS,
constructed by Allen Newell and Herbert A. Simon described in Chap. I is a good
example of this area of Artificial Intelligence. The dream of Al researchers to con-
struct such a system has not come true yet. Therefore, this problem has been divided
into a variety of subproblems such as reasoning, decision making, planning, etc.,
which are discussed in the next sections.

Returning to the problem of constructing a general problem solver, let us notice
that heuristic search methods and their extension in the form of evolutionary com-
puting® are good candidates for such a purpose.

Nevertheless, systems based on a search strategy do not solve problems in an
autonomous way, but in cooperation with a human designer. Let us notice that there
are two phases of problem solving with the help of a search strategy, namely:

e a phase of constructing an abstract model of the problem, which is the basis for
defining states in the state space (cf. Sect.4.1) and
e a phase of searching the state space.

Methods of searching a state space concern only the second phase. The first phase
is performed by a human designer. The development of methods which allow an Al
system to autonomously construct an abstract model of a problem on the basis of
perception (observation) of the problem seems to be one of the biggest challenges in
the area of simulating cognitive/mental abilities.

16.4 Reasoning

Artificial Intelligence systems work perfectly, where deductive reasoning is con-
cerned.® Deductive reasoning is a type of reasoning in which on the basis of a certain
general rule (rules) and a premise, we infer a conclusion (cf. Appendix F.2). Systems
based on mathematical logic are the best examples of such reasoning. In Chap. 6 we
have introduced two basic models for constructing such systems, namely First-Order
Logic and lambda calculus.

Rule-based systems presented in Chap.9 are one of the most popular types of
reasoning systems. They are applied in business, medicine, industry, communica-
tions, transport, etc. In case we deal with imperfect knowledge or fuzzy notions, Al
systems based on non-monotonic logic introduced in Chap. 12 are constructed or we
apply fuzzy logic presented in Chap. 13.

SIn fact evolutionary computing can be treated as an efficient version of a search strategy.

%In this section by reasoning we mean deductive reasoning, whereas later when we discuss the area
of machine learning we discuss both deductive and inductive inference.
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Thus, in Artificial Intelligence in the area of deductive reasoning we are able to
simulate human abilities better than in the case of the remaining cognitive/mental
abilities. This results from the dynamic development of mathematical and logic mod-
els in the period preceding the birth of Artificial Intelligence. This concerns especially
the excellent development of mathematical logic in the first half of the twentieth
century. Its models have been used successfully for defining effective algorithms of
reasoning.

16.5 Decision Making

Supporting a process of decision making was one of the first applications of Al
systems. The natural approach based on a simulation of succeeding steps of a decision
process performed by a human expert is used in expert rule-based systems. A simple
example of a simulation of such a decision process has been presented in Sect.9.2.
Let us notice that in order to apply such an approach, explicit knowledge in the form
of rules representing partial decisions which can be used in any reasoning scenario
should be delivered by a human expert. These rules are the basis for constructing an
expert system.

In case such knowledge is unavailable an approach based on pattern recognition
or neural networks can be used. Then we build a general specification of a problem
with the help of numerical features, as has been presented in Chap. 10. The problem
is characterized by a vector of numerical values. The possibility of equating the set
of possible decisions with the set of classes determined by the vectors of a learning
set is a condition of using such an approach.

If we apply a pattern-recognition-based approach for constructing a system which
supports decision making, then statistical pattern recognition using the Bayes clas-
sifier (cf. Sect. 10.5) can be especially convenient. In such a case a system does not
propose one decision in a deterministic way, but it suggests several possible deci-
sions, assigning probability measures to them. As we have mentioned in Sect. 10.5,
we can generalize the Bayes classifier by assuming that in case of making erroneous
decisions there are various consequences with various costs of an error. The function
of the cost of an error together with the a posteriori probability is used for defining
the function of the risk corresponding to various decisions. Of course, the Bayes
classifier tries to minimize the risk function.

If a decision process can be divided into stages, then we can apply a classifier
based on decision trees, which has been presented in Sect. 10.6.

In case we have to solve a decision problem on the basis of knowledge which
is uncertain, imprecise, or incomplete, we should use the methods introduced in
Chap. 12, i.e., Bayes networks or Dempster-Shafer Theory. If a decision problem is
described with fuzzy notions, then fuzzy rule-based systems, introduced in Chap. 13,
or hybrid systems based on fuzzy set theory and model-based reasoning [152], intro-
duced in Chap. 9, can be used.
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At the end of the twentieth century effective methods of decision making were
developed on the basis of advanced models of decision theory, game theory, and
utility theory. Decision support systems are applied in many application areas. Typical
application areas include, e.g., economics, management, medicine, national defence,
and industrial equipment control.

16.6 Planning

Planning consists of defining a sequence’ of activities which should result in achiev-
ing a predefined target. Simulation of this mental ability seems to be very difficult.
It contains a crucial element of predicting consequences (results) of taking certain
actions. This task is especially difficult if it is performed in a real-time mode and in
a changing environment, which is typical in practical applications. Then, a system
has to modify (very quickly) a plan which has been already generated, in order to
keep up with the changing environment.

Planning methods can be based on a scheme of state space search,® which has
been introduced in Chap. 4. The final state represents a goal which should be achieved
as a result of a sequence of activities. Possible activities are defined by transition
operators in the state space, and states represent the results of performing these
activities. However, defining these intermediate results is a crucial problem. Let us
notice that, for example, in case of using a search strategy for problems concerning
artifacts, like various games, predicting results of activities is trivial. For example,
if a system playing chess makes a decision to make the move Ra5-h5, then the
result of this activity is obvious, i.e., Rook moves from a5 to h5.2 In this case the
predictability of the result of the activity arises from the precise rules in the “world
of chess”. However, if a system functions in the real world, then the consequences of
performing an activity sometimes cannot be determined. For example, if somebody
has said something unpleasant to me, I can plan the activity of making a joke of it. Such
an activity can result in easing the tension, which is the goal of my activity. However, it
can also result in further verbal aggression, if my joke is treated as showing disrespect
to my opponent. Thus, predicting consequences of planned activities is a very difficult
issue.

Planning in the real world is sometimes connected with some circumstances,
facts, or situations which limit the possibility of our activity in the sense of time,
space, other conditions related to the physicality of the world, preferences concerning
the way of achieving a goal, etc. Then, a planning problem can be expressed as a

7We use the term sequence in the definition of a planning task. However, it can be a complex of
activities, which consists of many activity sequences that are performed in a parallel way.

8This scheme can be extended to evolutionary computing introduced in Chap.5.

9Unless the opponent has been irritated and he/she has knocked the chessboard down from the table.

However, if we assume that our opponent is well-bred, we can eliminate such a “result” from our
considerations.
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Constraint Satisfaction Problem, CSP, which has been introduced in Sect.4.5. In
such a case a planning strategy can be based on one of the CSP search methods.

In the area of Artificial Intelligence planning problems are very important, because
of their various practical applications [311]. Therefore, many advanced methods
which are based of such models as temporal logic, dynamic logic, situation calculus,
and interval algebra have been defined in this area recently.

16.7 Natural Language Processing (NLP)

The research area of Natural Language Processing, NLP,'° should be divided into
two subareas. The first subarea includes problems which can be solved by an analysis
of a language on the syntactic (and lexical) level. For example, text proofreading,
extraction of information from a text, automatic summarizing, Optical Character
Recognition (OCR), speech synthesis (on the basis of a text), simple question-answer
dialogue systems, etc. belong to this group. The second subarea contains problems
which can be solved by analysis of a language on the semantic level. For exam-
ple, automatic translation from a natural language into another natural language,
speech/text understanding, systems of human-computer verbal communication, etc.
belong to this group. This division has been introduced because nowadays only
problems belonging to the second group are challenging in Artificial Intelligence.

The Chomsky theory of generative grammar introduced in Chap. 8 is a referential
model in this area. Although the Chomsky model is sometimes criticized in the area
of NLP, since it has not fulfilled all the expectations of NLP researchers, it is usually
the point of departure for defining models of NLP such as, e.g., metamorphosis
grammars [58], Definite Clause Grammars, DCGs [225], and Augmented Transition
Networks, ATNs [318].

At the end of the twentieth century a statistical approach to language analysis was
developed. It makes use of text corpora, which are large referential sets of texts in
a given language. A system refers to a text corpus during a text analysis with the
help of stochastic models in order to determine statistical characteristics of the text,
which relate to, e.g., possible contexts in which a word occurs, possible uses of a
given phrase in the text corpus, etc.

Another approach consists of the use of the generative grammar model together
with probability theory, which results in defining stochastic grammars and stochastic
automata introduced in Chap.8. Such a model is equivalent to the Markov chain
model (cf. Appendix B.2), which is also used in advanced methods of NLP.

In the models mentioned above a syntax is assumed as a point of departure for
language analysis. Such an approach is sometimes not sufficient in case of problems

19The notion of natural language is used in computer science in relation to such languages as
English, German, Chinese, etc. in order to distinguish the issue of computer processing of such
languages from the problem of computer processing of artificial languages, which is much easier.
Artificial languages include, for example, programming languages, and formal languages, which
have been presented in Chap. 8.
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in which concept understanding is necessary. Then, in order to interpret the semantics
of sentences in a proper way, an Al system should have additional knowledge in the
form of a world model. This problem can be solved by defining an onfology, which
has been introduced in Chap.7. Let us recall that semantic networks are one of the
most popular formalisms for defining ontologies.

In computerized semantic analysis of spoken language we cope with a much more
difficult problem. Communication is the main function of spoken language. From the
point of view of this function non-verbal aspects of a language'' such as intonation,
stress, etc. are essential. For example, the sentence: “I did not testify under oath that
I had seen Cain killing Abel.” can be interpreted in a number of ways, depending
on which phrase is stressed. Possible interpretations include (the stressed phrase is
marked):

e “I did not testify under oath that I had seen Cain killing Abel.”—the basic inter-
pretation,

e “I did not testify under oath that I had seen Cain killing Abel.”—I testified, but
not under oath,

e “I did not testify under oath that I had seen Cain killing Abel.”—I overheard the
event,

e “I did not testify under oath that I had seen Cain killing Abel.”—I saw somebody
killing Abel, but it was not Cain,

e “I did not testify under oath that I had seen Cain killing Abel.”—I saw Cain killing
somebody, but it was not Abel.

Passing a message in one specific sense reveals the intention of its sender. He/she
passes this sense by stressing the proper phrase. However, the ability to understand
the correct sense of the message on the basis of stress, intonation, etc. relates to social
intelligence. Although in this case we mean elementary social intelligence, it is very
difficult to embed this kind of intelligence in an Al system.

Summing up, Natural Language Processing can be considered a well-developed
area of Al. Chatbots, mentioned in Chap. 1, where we have presented ELIZA designed
by Joseph Weizenbaum, simulating human speakers are good examples of successes
in NLP. On one hand, some chatbots simulate an intelligent conversation quite well.
On the other hand, they still cannot pass the Turing test.

16.8 Learning

Learning models in Artificial Intelligence can be divided into two basic groups:

1. experience generalization models,
2. models transforming a representation of a problem domain.

Here we distinguish non-verbal aspects of a language from non-verbal communication, which
includes, e.g., body language and facial expression.
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In experience generalization models we assume the availability of a learning set
U = (X' u), X2, u?), ..., (XM, uM)), where a pair (X/, W), j = 1,..., M,
consists of a stimulus X/, which represents a certain fact occurring in a system
environment, and a response W, which should be generated by the system as a result
of receiving this stimulus. In other words, a learning set represents experience gained.
An Al system is confronted with this experience, which is formalized in such a way.
As a result it should define, via induction (generalization), a response function f
such that for each X/, j = 1, ..., M, the following rule holds: f(X/) = w/. We say
that the response function f is a generator of a proper reaction of the system for the
observation (stimulus).

Generalized learning in Al is connected with the behavioral approach in psychol-
ogy. Such learning is treated as gaining experience, which is done in order to modify
the system’s behavior. Following this approach, we have trained neural networks in
Chap. 11 and classifiers for pattern recognition in Chap. 10. In both cases a stimulus
X/ is of the form of a vector of numbers, which is used for coding a problem. The
scheme for constructing a classifier based on a decision tree introduced in Sect. 10.6
belongs to this approach as well.

In the case of neural networks and classifiers we have also discussed models of
unsupervised learning. Then, a learning set is of the form U = X', X2, ..., XM,
This means that the required reaction is not determined. The system should divide
a set of stimuli into groups (subsets) itself. Cluster analysis introduced in Sect. 10.7
and Hebbian learning presented in Sect. 11.1 are good examples of such learning.

In experience generalization learning a stimulus X/ usually consists of a complex
of parameters. However, such learning can also be applied to symbolic representa-
tions. The scheme grammar induction—automaton synthesis is a good example here.
Then the response function f takes the form of a formal automaton.

Models transforming a representation of a problem domain correspond instead
to models of cognitive psychology. In this case, an Al system should construct a
world representation, i.e., an ontology introduced in Chap. 7. Then the system should
transform it on the basis of the new knowledge gained. Thus, a learning process can
be divided into two phases, ontology construction and ontology transformation.

In order to construct an ontology the system should, firstly, define concepts on the
basis of observations of the world. Then, it should define structures which describe
semantic relations among these notions. Unfortunately, Al systems are not able to
perform such a task nowadays.'?

However, Al systems are able to learn by transforming ontologies predefined by
a human designers. In this case the system extracts knowledge from the ontology by
transformation operations. For example, if there are the following two rules in our
knowledge base'3:

121t seems that in order to perform such a task, a system should be able to learn via insight into the
heart of the matter. Such a way of learning, however, results from understanding the heart of the
matter.

131n the example we assume that the ontology is constructed with the help of First-Order Logic.
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C =aunt(A) < [ 3B B = mother(A) N C = sister(B) ]
V  [3B B = father(A) A C = sister(B)],

and
B = parent(A) < [ B = mother(A) v B = father(A) ],

then the system can infer a new rule:
C =aunt(A) <& [ 3B B = parent(A) A C = sister(B) ] .

In fact, systems based on models which transform a representation of a problem
domain simulate a cognitive activity. However, referring to the St. Thomas Aquinas
definition of three generic operations of the intellect (cf. Sect. 15.1), this cognitive
activity is limited to the third one, i.e., reasoning only.'* In other words, the system
extracts new knowledge from knowledge which is already stored in its knowledge
base. Nevertheless, a human designer has to construct an ontology with the help of
the two remaining cognitive operations, i.e., defining concepts (simple apprehension)
and pronouncing judgments. Let us notice that system learning via an ontology
transformation is possible only if the human designer is able to encode semantic
knowledge into its syntax in a precise and unambiguous way.'> Unfortunately, at
present this is impossible for many application areas.

Syntactic pattern analysis systems introduced in Chap. 8 are Al systems which
are able to generate a structural representation of some aspects of the world in an
automatic way. However, such a representation is limited to physical objects which
are extracted from an image and to spatial-topological relations among them. These
systems perform neither abstraction processes nor conceptualization. Thus, there is
no ontology construction in this case either.

Learning models which transform a problem domain have been developed dynam-
ically in Al since the 1980s. The most popular methods include Explanation-Based
Learning, EBL [205], Relevance-Based Learning, RBL [3], and Inductive Logic Pro-
gramming, ILP [207].

16.9 Manipulation and Locomotion

As we have discussed in the previous chapter, kinesthetic intelligence related to
both manipulation and locomotion abilities has been identified in the sensimotor
stage of cognitive development of an infant (from birth to about age two) by Jean
Piaget. Since we do not remember this stage of our life well, we do not realize the
difficulty of acquiring these abilities. The simulation of these abilities is one of the
most difficult problems in Artificial Intelligence, strictly speaking in robotics, which

14In the sense of proceeding from one proposition to another according to logical rules.
15 As has been done in our genealogy example above.
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is an interdisciplinary research area making use of models of automatic control,
mechatronics, mechanics, electronics, cybernetics, and computer science.

Firstly, manipulation and locomotion abilities of robots (or similar devices)
depend strongly on functionalities of other systems such as perception/pattern recog-
nition systems, problem-solving systems, or planning systems. Successes and chal-
lenges in these research areas have been discussed in previous sections.

Secondly, manipulation and locomotion abilities of robots also depend on the
technological possibilities of execution devices, such as effectors, actuators, etc. Let
us notice that in this case sometimes we do not want to simulate human abilities. For
example, where locomotion is concerned, some animals have a clear advantage over
humans. Therefore, mobile robots for military or search-and-rescue applications are
often constructed on the basis of the locomotion abilities of insects (hexapod robots),
snakes (snakebots), or four-limbed animals (e.g., the BigDog quadruped robot), not to
mention intelligent aerial mobile robots (drones) and underwater drones. Generally,
in the area of locomotion constructors of mobile robots and devices have achieved
amazing achievements recently.

Manipulation abilities of robots surpass those of humans in certain applica-
tions, especially if high precision, manual dexterity, or high resistance to tired-
ness are required. Manipulation microsurgical robots and robots aiding microbiology
experiments are good examples here. Of course, these robots are telemanipulators
(or remote telemanipulators) which are controlled by operators (e.g., surgeons). Sum-
ming up, there have been remarkable results in the area of intelligent manipulators
and one can expect further successes in this field.

In spite of the fact that there are some interesting and usually spectacular results
in the area of humanoid/android robotics, we still await robots which can simulate a
violin virtuoso or a prima ballerina.

16.10 Social Intelligence, Emotional Intelligence
and Creativity

At the end of the twentieth century research into simulating both social intelligence
and emotional intelligence in Al systems began. This has concerned synthetic aspects
of the problem, e.g., expression of emotions by a robot face, as well as analytic
aspects, e.g., recognizing human mood on the basis of speech intonation. Simulating
human abilities in the analytic aspect is, of course, more difficult. In order to analyze
facial expression and features of speech (intonation, stress, etc.) advanced pattern
recognition methods are applied. Rule-based systems are used for the purpose of
integrating vision and sound. Surely, research in this area is very important, since its
results, together with achievements in robotics, can be applied in medicine, social
security, etc. Distinct emotional messages sent by humans via, e.g., facial expressions
are recognized quite well nowadays by Al systems. Will robots be able to recognize
them in case these messages are not clear? We must await for the answer.



234 16 Application Areas of Al Systems

In 2010 the first International Conference on Computer Creativity was organized
at the prestigious University of Coimbra, which was established in 1290. The issue
of the possibility of simulating human creativity discussed during the conference is
really controversial. It seems that a view of Margaret Boden,'® who distinguishes
two types of creativity, can be helpful in this discussion [32]. Exploratory creativ-
ity consists of searching a predefined conceptual space.'” However, if we deliber-
ately transform or transcend a conceptual space, then we deal with transformational
creativity. Simulation of transformational creativity in artificial systems is a really
challenging task in the Al area.

Creative Al systems are implemented for solving general problems, generating
music and visual art, etc. Various AI methods such as state space search, neural
networks, genetic algorithms, semantic networks, and reasoning by analogy are used
for these purposes.

Bibliographical Note

The issue of simulation of various human mental/cognitive abilities is usually dis-
cussed in fundamental books on Artificial Intelligence. The following monographs
are recommended [18, 19, 55, 147, 189, 211, 241, 256, 261, 262, 273, 315].

16Margaret Boden—a professor of cognitive science at the University of Sussex. Her work concerns
the overlapping fields of: psychology, philosophy, cognitive science, and Al. She was the Vice-
President of the British Academy.

17Let us notice that this type of creativity can be simulated via cognitive simulation, i.e., searching
a state space.



Chapter 17
Prospects of Artificial Intelligence

In Chap. 15 philosophical (epistemological) approaches to issues of mind, cogni-
tion, knowledge, and human intelligence have been presented. In the first section
of this chapter contemporary views concerning the essence of artificial intelligence
are discussed. As one can easily notice these views result from epistemological
assumptions.! Philosophical assumptions also influence the views of authorities in
the Al field concerning the a possibility of constructing intelligent systems. Since
this monograph is an introduction to the field, its author tries not to take part in the
discussion on Al, but just presents various ideas in the theory of mind.

Potential barriers which are also challenges in the Al field are discussed in the
second section. Research areas which are crucial for the further development of
Artificial Intelligence are presented in the third section.

17.1 Issues of Artificial Intelligence

Let us begin our considerations with an analysis of the term artificial intelligence.
In fact, it has two basic meanings. Firstly, it means a common research field of
computer science and robotics,” in which development of systems performing tasks
which require intelligence when performed by humans is a research goal.

Secondly, it means a feature of artificial systems which allows them to perform
tasks that require intelligence, when made by humans. Thus, in this meaning artificial

ITherefore, the reader is recommended to recall the considerations contained in Sect. 15.1.

2Usually it is assumed that Artificial Intelligence is a subfield of computer science. However, in
this case we exclude from Al studies such important issues as, e.g., manipulation and locomotion
performed by certain Al systems.
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intelligence is not a thing, but a property of certain systems, just as mobility is a
property of mobile robots® which allows them to move.

Let us notice that artificial intelligence in the second meaning is the subject of
research in a discipline called cognitive science rather than computer science or
robotics.

Cognitive science is a new interdisciplinary research field on mind and cogni-
tive processes concerning not only humans, but also artificial systems. Its research
focuses on issues which belong to philosophy, psychology, linguistics, neuroscience,
computer science, logic, etc.

In the first chapter we have discussed the Chinese room thought experiment, which
was introduced by Searle [269]. On the basis of this experiment views concerning
artificial intelligence can be divided into the following two groups:

e Strong Artificial Intelligence, which claims that a properly programmed computer
is equivalent to a human brain and its mental activity,

e Weak Artificial Intelligence, in which a computer is treated as a device that can
simulate the performance of a brain. In this approach a computer is also treated as
a convenient tool for testing hypotheses concerning brain and mental processes.

According to Searle the Chinese room shows that simulation of human mental activity
with the help of a computer (Weak AI) does not mean that these activities take place
in a computer in the same way as they do in a human brain. In other words, the
brain is not a computer, and computing processes performed according to computer
programs should not be treated as equivalent to mental processes in a human brain.

The term computationalism is related to Strong Al It means the view that a
human brain is a computer and any mental process is a form of computing.* So a
mind can be treated as an information processing system. Computationalists assume
that information processed in both kinds of system is of a symbolic form.’

Let us begin our presentation of views in the modern theory of mind with those
which are close to Strong Al They relate to the Cartesian mind-body problem, which
has been presented in Chap. 15. This problem can be described as the issue of the
place of mental processes in the physical (material) word.

Adherents of analytical (logical) behaviorism treat the mind-body problem with
reserve, treating it as an unscientific pseudo-problem [258]. If we talk about mental
states, we use a kind of metaphor. In fact, we just want to describe human behavior.

3In fact, we could say artificial mobility, since a robot is an artefact, i.e., an artificial object, which
does not exists in nature, so its properties are also “artificial”. While we, as Homo sapiens do not
object a term robot mobility, in case of a term computer intelligence we prefer to add artificial.
Of course, somebody could say that in this case a term artificial means imperfect. In the author’s
opinion, it is not a good interpretation. Does the reader think that some day we construct a mobile
robot, which can dance Odette in Swan Lake like Sylvie Guillem?.

4Let us notice that this view is consistent with the philosophical views of T. Hobbes and G.W.
Leibniz, which have been presented in Chap. 15.

3 An assumption of computationalists about the symbolic form of information processed by intel-
ligent systems triggered a discussion with followers of connectionism in the 1980s and 1990s (cf.
Sect.3.1).
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Therefore, instead of using concepts related to mind, i.e., using an inadequate lan-
guage, we should use terms describing behavioral patterns.® Gilbert Ryle, who has
been mentioned in Sect.2.4 (structural models of knowledge representation) is one
of the best-known logical behaviorists.

Physicalism is also a theory which can be used to defend Strong Al, since mental
phenomena are treated here as identical to physiological phenomena which occur in
a brain. There are two basic approaches in physicalism, and assuming one of them
has various consequences in a discussion about Artificial Intelligence.

Type-identity theory (type physicalism) was introduced by John J.C. Smart’ [279]
and Ullin Place® in the 1950s [227]. It asserts that mental states of a given type are
identical to brain (i.e., physical) states of a certain type. If one assumes this view, then
the following holds. Let us assume that in the future we will define a mapping between
types of brain state and types of mental state. Then, our discussion of concepts and
the nature of intelligence in philosophy and in psychology (in Chap. 15) could be
replaced by a discussion in the fields of neuroscience and neurophysiology (reductive
physicalism). Thus, the construction of artificial systems will depend only on the state
of knowledge in these fields and technological progress in the future. This theory
has been further developed by David M. Armstrong® [11], among others.

The weaker assumption is the basis of token-identity theory (token physicalism).
Although any mental state is identical to a certain brain state, mental states of a given
type need not necessarily be identical to brain states of a certain type. Anomalous
monism was introduced by Donald Davidson!® in 1970 [64]. It is a very interesting
theory from the point of view of a discussion about Artificial Intelligence. According
to this theory, although mental events are identical to brain (physical) events, there
are no deterministic principles which allow one to predict mental events. Davidson
also assumed that mental phenomena supervene'' on brain (physical) phenomena.
For example, if the brains of two humans are in the indistinguishable states, then their

%We have introduced the issue of inadequate language in Chap. 15, presenting the views of William
of Ockham and Ludwig Wittgenstein. Analytical behaviorism has been introduced on the basis of
the views of the Vienna Circle.

7John Jamieson Carswell Smart—a professor of philosophy at the University of Adelaide and
Monash University (Australia). His work concerns metaphysics, theory of mind, philosophy of
science, and political philosophy.

8Ullin T. Place—a professor at the University of Adelaide and the University of Leeds. His work
concerns the philosophy of mind and psychology. According to his will, his brain is located in a
display case at the University of Adelaide with the message: Did this brain contain the consciousness
of U.T. Place?

David Malet Armstrong—a professor of philosophy at the University of Sydney, Stanford Univer-
sity, and Yale University. His work concerns theory of mind and metaphysics.

19Donald Herbert Davidson—a professor of philosophy at the University of California, Berkeley
and also other prestigious universities (Stanford, Harvard, Princeton, Oxford). He significantly
influenced philosophy of mind, epistemology, and philosophy of language. He was known as an
indefatigable man who had a variety of interests, such as playing piano, flying aircraft, and mountain
climbing.

11 We say that a set of properties M supervene on a set of properties B if and only if any two beings
which are indistinguishable w.r.t. the set B are also indistinguishable w.r.t. the set M.
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mental states are also indistinguishable. Theory of supervenience has been further
developed by Jaegwon Kim'? [157]. Consequently, one can conclude that mental
phenomena cannot be reduced to physical phenomena, and laws of psychology cannot
be reduced to principles of neuroscience (non-reductive physicalism).

In order to preserve a chronology (at least partially), let us consider now certain
views which relate to Weak Al In 1961 John R. Lucas'® formulated the following
argument against the possibility of constructing a cybernetic machine that is equiva-
lent to a mathematician on the basis of Gddel’s limitation (incompleteness) theorem
[188]. A human mind can recognize the truth of the Godel sentence, whereas a
machine (as a result of Godel’s incompleteness theorem) cannot, unless it is incon-
sistent. However, if a machine is inconsistent, it is not equivalent to a human mind.
Let us notice that the Lucas argument concerns the intelligence of an outstanding
human being, who is capable of developing advanced theories in logic. In 1941 Emil
Post'* had similar objections to machine intelligence, when he wrote in [230]:

“We see that a machine would never give a complete logic; for once the machine is made
we could prove a theorem it does not prove.”

Although some logicians do not agree with this view of J.R. Lucas, modified versions
of it appear in the literature from time to time, such as, e.g., an idea of Roger Penrose '
presented in “The Emperor’s New Mind” [224].

In 1972 Hubert Dreyfus'® expressed his criticism of Strong Al in a monograph
entitled “What Computers Can’t Do: The Limits of Artificial Intelligence” [74]. He
has presented four, in his opinion, unjustified assumptions defined by adherents of
Strong Al The biological assumption consists of treating the brain as a kind of digital
machine, which processes information by discrete operations.!” Viewing the mind as
a system which processes information according to formal rules is the psychological
assumption. The conviction that knowledge of any kind can be defined with a formal
representation is the epistemological assumption. Finally, adherents of Strong Al are
convinced that the world consists of independent beings, their properties, relations
among beings, and categories of beings. Consequently all of them can be described

12jaegwon Kim—a professor of philosophy at Brown University, Cornell University, and the Uni-
versity of Notre Dame. His work concerns philosophy of mind, epistemology, and metaphysics.
13John Randolph Lucas—a professor of philosophy of Merton College, University of Oxford,
elected as a Fellow of the British Academy. He is known for a variety of research interests, including
philosophy of science, philosophy of mind, business ethics, physics, and political philosophy.
14Emil Leon Post—a professor of logic and mathematics at the City University of New York
(CUNY). His pioneering work concerns fundamental areas of computer science such as com-
putability theory and formal language theory.

15Roger Penrose—a professor of the University of Oxford, mathematician, physicist, and philoso-
pher. In 1988 he was awarded the Wolf Prize (together with Stephen Hawking) for a contribution
to cosmology.

19Hubert Lederer Dreyfus—a professor of philosophy at the University of California, Berkeley. His
work concerns phenomenological and existentialist philosophy, and philosophical foundations of
AL

17Let us notice that H. Dreyfus formulated this argument when the study of neural networks was
beyond the research mainstream in Al
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adequately with formal models, e.g., by representing them by constant symbols,
predicate (relation) symbols, function symbols, etc. in FOL. Dreyfus calls this view
the ontological assumption and he claims that there is also an unformalizable aspect
of our knowledge which results from our body, our culture, etc. Therefore, this kind of
(unconscious) knowledge cannot be represented with the help of formal (symbolic)
models, because it is stored in our brains in an intuitive form.'8

The first version of functionalism, which is one of the most influential theories in
Artificial Intelligence, was formulated by Hilary Putnam'® in 1960 [232]. Accord-
ing to this theory, mental states are connected by causal relations in an analogous
way to formal automata states, which have been discussed in Chap. 8. Similarly as
automaton states are used for defining its behavior via the transition function, mental
states play a functional role in the mind. Additionally, mental states are in causal
relationships with mental system inputs (sensors) and outputs (effectors).?” In early
machine functionalism®' the following computer analogy was formulated: brain =
hardware and mind = software. Consequently, mental states can be represented by
various physical media (e.g., a brain, a computer, etc.) similarly as software can be
implemented by various computers.??> The Turing machine is especially attractive as
a mind model in functionalism.??

John R. Searle has criticized functionalism on the basis of his Chinese room
thought experiment [269], which has been introduced in Chap. 1. In this experiment
he tries to show that a system can behave as if it had intentional states** if we
deliver a set of instructions? allowing it to perform such a simulation. J. Searle calls
such intentionality “as-if intentionality” [270]. However, this does not mean that the
system really has intrinsic intentionality.?® Thus, in functionalism, which equates an

8Dreyfus represents here the phenomenological point of view, which has been introduced in
Sect. 15.1. Especially this relates to the work of Martin Heidegger.

19Hilary Whitehall Putnam—a professor of philosophy at Harvard University. He is known for a
variety of research interests, including philosophy of mind, philosophy of language, philosophy
of science and mathematics, and computer science (the Davis-Putnam algorithm). A student of
H. Reichenbach, R. Carnap, and W.V.O. Quine. Due to his scientific achievements, he has been
elected a fellow of the American Academy of Arts and Sciences and the British Academy, and he
was the President of American Philosophical Association.

20 Analogously to the way we have defined fransducers in Chap. 8.

21 At the end of the twentieth century H. Putnam weakened his orthodox version of functionalism
and in 1994 he published a paper “Why Functionalism Didn’t Work”. Nevertheless, new theories
(e.g., psychofunctionalism represented by Jerry Fodor and Zenon Pylyshyn) were developed on the
basis of his early model.

22This thesis was formulated by H. Putnam in the late 1960s as an argument against type-identity
theory. It is called multiple realizability.

23Since the Turing machine is an automaton of the greatest computational power (cf. Appendix E).
24The concept of intentionality has been introduced in Sect. 15.1, when the views of Franz Brentano
have been presented.

25For example, a computer program is such a set of instructions.

26Tn other words, a computer does not want to translate a story, does not doubt whether it has
translated a story properly, is not curious to know how a story ends, etc.


http://dx.doi.org/10.1007/978-3-319-40022-8_8
http://dx.doi.org/10.1007/978-3-319-40022-8_1
http://dx.doi.org/10.1007/978-3-319-40022-8_15
http://dx.doi.org/10.1007/978-3-319-40022-8_8
http://dx.doi.org/10.1007/978-3-319-40022-8_15

240 17 Prospects of Artificial Intelligence

information system with a human being, there is no difference between something
that is really intentional and something that is apparently intentional.

Daniel Dennett?’ proposed another approach to the issue of intentionality in 1987
[68]. The behavior of systems can be explained on three levels of abstraction. At
the lowest level, called the physical stance and concerning both the physics and
chemistry domains, we explain the behavior of a system in a causal way with the
help of the principles of science. The intermediate level, called the design stance,
includes biological systems and systems constructed in engineering. We describe
their behavior in a functional way.?® Minds and software belong to the highest level,
called the intentional stance. Their behavior can be explained using concepts of
intentionality, beliefs, etc.?

The argument of the Chinese room can be challenged if one assumes the most
extreme view which supports Strong Al, namely eliminative materialism (elimina-
tivism) introduced by Patricia Smith Churchland®® and Paul M. Churchland®' [49].
According to this view psychical phenomena do not exist. Concepts such as inten-
tionality, belief, and mind do not explain anything. So they should be removed from
science and replaced with terms of biology and neuroscience.

Researchers who develop Al systems also take part in the discussion about Strong
Al Similarly to the case of philosophers and cognitivists, views on this matter are
divided. For some of them, successes in constructing Al systems show that in the
future the design of an “artificial brain” will be possible. Hans Moravec*? and Ray-
mond Kurzweil®? are the most notable researchers who express such a view.

17.2 Potential Barriers and Challenges in Al

In Sect. 15.2 we have introduced a psychological definition of intelligence as a set of
abilities which allow one firstly, to adapt to a changing environment, and secondly,
a cognitive activity consisting of creating and operating abstract structures. After

2TDaniel Clement Dennett IIl—a professor of philosophy at Tufts University. His work concerns
philosophy of mind and philosophy of science. He was a student of G. Ryle and W.V.O. Quine.
28For example, if a fish moves its fins, then it swims; if a thermometer senses that it is too cold,
then a thermostat turns up the heat.

20f course, according to Searle, Dennett does not make a distinction between as-if intentionality
and intrinsic intentionality.

30Patricia Smith Churchland—a professor of philosophy at the University of California, San Diego
and University of Manitoba. Her work concerns philosophy of mind, neurophilosophy, and medical
ethics.

31Paul M. Churchland—a professor of philosophy at the University of California, San Diego and
University of Manitoba. His work concerns philosophy of mind, neurophilosophy, and epistemology.
32Hans Moravec—a researcher at Carnegie Mellon University. In 1980 he constructed a TV-
equipped robot at Stanford University. He was a co-founder of Seegrid Corporation, which is a
company developing autonomous robots.

33Raymond “Ray” Kurzweil—an inventor and a futurist. A specialist in computer recognition of
characters and speech.
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the analysis of Al achievements made in Chap. 16 we can conclude that potential
barriers to Al development concern the second component of this definition. We will
try to identify these barriers on the basis of the classification of cognitive operations
introduced by St. Thomas Aquinas, because in our opinion it specifies the essence
of generic cognitive processes adequately. Let us recall that he distinguished three
acts of the intellect, namely concept comprehension, pronouncing a judgment, and
reasoning.

Let us begin with the third cognitive operation, because the greatest achievements
in Al have been obtained in this area. As we have discussed in Chap. 16, reasoning
is defined as proceeding from one proposition to another according to reliable rules
of deduction. In the first half of the twentieth century sound theoretical foundations
and effective methods of deductive reasoning were developed in mathematical logic.
These methods are used in Artificial Intelligence successfully. Since a simulation of
human reasoning should be performed according to logical principles, we use them
for designing Al systems.

In the case of a simulation of concept comprehension research results are not so
impressive. The standard Aristotelian approach to concept definition, which consists
of giving its nearest genus and its specific difference, is used in formal sciences
(e.g., in mathematics) successfully, but it is not so effective in other sciences, and
it is usually inadequate in everyday life. There are two reasons for the difficulty of
applying this approach in Al Firstly, the Aristotelian rule is a very general principle.
Therefore, defining an effective method (algorithm) on the basis of such a general
principle is troublesome. Secondly, the Aristotelian creation of concepts by abstract-
ing is based on the assumption of the existence of crisp categories. However, modern
psycholinguistics claims that categories are of a fuzzy and radial nature, as we have
discussed when presenting Lakoff cognitive linguistics in Chap. 1. Consequently, a
process of abstracting is treated as an intrinsic intellectual process of comprehending
the heart of the matter. However, modern science does not answer the question: How
does a concept comprehension process, interpreted in such a way, proceed?

Sometimes, concept comprehension is considered equivalent to cluster analysis.
This is a remarkable simplification of the problem. Let us notice that in the case
of a concept, two its aspects are distinguished, namely its intension, which is the
internal content, i.e., the set of properties that characterize objects falling within this
concept, and its extension, which defines its range of applicability by designating
objects falling within the concept. In cluster analysis there is a designer of the system,
who has to define the feature space (the intensional aspect). The system only groups
objects in clusters (the extensional aspect). We could talk about a system which
comprehends concepts if it generates a feature space on the basis of observation of
example objects.

The process of pronouncing a judgment is a generic cognitive process, which is
little understood in psychology and philosophy. In order to discuss the possibility of a
simulation of this process in AI we use the Kantian taxonomy of propositions, which
has been discussed in Chap. 15. Simulation of a generation of analytic propositions a
priori is performed in Al systems. Let us recall that such propositions concern knowl-
edge already existing in our minds. In Al systems in the case of such propositions
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we refer to a knowledge base directly, e.g., we find the correct part of a semantic
network, or we derive a required proposition with the resolution method.

Synthetic propositions, which expand our knowledge, are divided into two groups.
Synthetic propositions a posteriori are derived on the basis of experience gained. In
Al such propositions are obtained by generalized learning, which has been discussed
in Sect. 16.8. Unsupervised learning of neural networks and cluster analysis are the
best examples of such learning. Although, as we have mentioned in Sect. 16.8, there
are alot of open problems in this area, we use here the paradigm of inductive reasoning
used successfully in empirical sciences.

Unfortunately, we are still unable to simulate the process of generating math-
ematical theorems, which is a fundamental process of mathematical development.
According to 1. Kant, such theorems correspond to synthetic propositions a priori.
Let us analyze this problem in a more detailed way.

Mathematical theories are axiomatic-deductive systems. Firstly, basic notions and
axioms* are defined. Then, a theory is developed by deductive reasoning,* which is
based on the modus ponendo ponensrule. This rule is interpreted in the following way:

If the expression: If A, then B is true
and the expression: A is true,

then the expression: B is true as well.

When we develop axiomatic-deductive systems, we can apply this rule in two
ways, namely as a progressive deduction or a regressive deduction [30].

In a progressive deduction we start from a true premise and we try to infer a
conclusion. Thus, such a process is a kind of symbolic computing. This computing
consists of manipulating symbolic expressions in order to generate new expressions.
The system Logic Theorist, which has been presented in Chap. 1, is based on this
method of deductive reasoning.

On the other hand, in the case of a regressive deduction, we first formulate a
conclusion and then we try to justify it via pointing out expressions of the system
which can be used to derive this conclusion.

A remarkable expansion of axiomatic-deductive systems is obtained with the
help of regressive deduction. Important research results in mathematics have been
achieved in this way [30, 224]. Let us notice that formulating a conclusion, whose
truth has not been proved at the moment of formulation is a crucial moment in
this method. And again, modern science does not answer the question: How does
the process of formulating such conclusions proceed? This phenomenon is usually
described with such terms as insight, inspiration, or intuition [224]. Of course, such
a description does not allow us to define algorithms which simulate this cognitive
process.

34 Axioms are propositions that are assumed to be true.
33Concepts related to deductive reasoning are contained in Appendix F.2.
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Two problems identified above, which are fundamental barriers to Al develop-
ment, result in more specific key problems that have been discussed in Chap. 16.
The fact that we do not know the mechanisms of concept comprehension results in
difficulty with developing satisfactory methods of automatic generation of ontolo-
gies in the area of knowledge representation and learning, automatic construction of
abstract models of problems in the area of problem solving, and semantic analysis
in Natural Language Processing.

The lack of models which describe the process of pronouncing a judgment is the
main barrier in the areas of planning, automatic learning (the problem of formulating
hypotheses), social intelligence, and creativity.

These barriers should not be used as an argument against the possibility of the
development of intelligent systems in the future. They constitute, in the author’s
opinion, the main challenge for research in Artificial Intelligence.

17.3 Determinants of AI Development

Let us notice that most Al models presented in the second part of the book have
been defined on the basis of ideas which are outside computer science. Cognitive
simulation, semantic networks, frames, scripts, and cognitive architectures have been
developed on the basis of psychological theories. The models of standard reasoning,
and non-monotonic reasoning are logical theories. Genetic algorithms, evolution
strategies, evolutionary programming, genetic programming, swarm intelligence,
and artificial immune systems are inspired by biological models. Mathematics has
contributed to Bayes networks, fuzzy sets, rough sets, and standard pattern recog-
nition. Theories of linguistics have influenced the development of syntactic pattern
recognition. Artificial neural networks simulate models of neuroscience. Physics
delivers methods based on statistical mechanics, which make algorithms of problem
solving and learning algorithms more efficient. It seems that only rule-based systems
have been defined in computer science.

Thus, the development of Artificial Intelligence treated as a research area has been
influenced strongly by the theories of the scientific disciplines mentioned above. It
seems that Al will be developed in a similar way in the future.

Now, let us try to identify the most important Al prospects of the disciplines
mentioned above. The main scheme of Al determinants is shown in Fig. 17.1.

As we have concluded in the previous section, the crucial barriers in the areas
of general problem solving, automatic learning, Natural Language Processing, plan-
ning, and creativity result from our lack of psychological models of two generic
cognitive processes, namely concept comprehension and pronouncing a judgment.
Any research result relating to these processes would be very useful as a starting
point for studies into a computer simulation of these processes.

Communication between humans and Al systems and between Al systems (multi-
agent systems) requires much more effective NLP methods. Advanced models of
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Fig. 17.1 Determinants of Al development

syntax analysis developed in linguistics are successfully used in Al Let us hope that
adequate models of semantic analysis will be defined in linguistics in the very near
future.

If advanced neuroimaging and electrophysiology techniques in neuroscience
allow us to unravel the mysteries of the human brain, then this will help us to construct
more effective connectionist models.

Models of organisms and their physiological processes and evolutionary mecha-
nisms will be an inexhaustible source of inspiration for developing general methods
of problem solving.

Further development of new logical calculi of a descriptive power that allows us
to represent many aspects of the physical world would allow a broader application
of reasoning methods in expert systems. Mathematics should help us to formalize
models of biology, psychology, linguistics, etc. that could be used in Al

As we have discussed in the second part of the monograph, Al methods are
very often computationally inefficient. In order to develop efficient AI methods we
should use computational models that are based on mechanical statistics or quantum
mechanics delivered by modern physics.

New effective techniques of software and system engineering should be developed
in computer science. This would allow us to construct hybrid Al systems and multia-
gent systems. The algorithmization of methods which are based on models developed
in various scientific disciplines is the second goal of Al research in computer science.
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Hopefully, philosophy will deliver modern models of theory of mind and episte-
mology. As we have seen in Sect. 17.1 they play an important and inspiring role in
progress in Artificial Intelligence.

Finally, let us notice that Al researchers should cooperate more strongly, because
of the interdisciplinary nature of this research area. What is more, any Al researcher
should broaden his/her interests beyond his/her primary discipline. The development
of a new discipline, cognitive science, should help us to integrate various scientific
disciplines that contribute to progress in Artificial Intelligence.

Bibliographical Note

Fundamental issues of theory of mind are presented in [45, 120, 134, 158, 186, 224,
292].
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Appendix A

Formal Models for Artificial Intelligence
Methods: Formal Notions for Search
Methods

As we mentioned in Chap. 2, search methods are based on a concept of cognitive
simulation developed in psychology and mind theory. In this appendix, firstly we
introduce fundamental notions of state space and search tree in a formal way. Then,
we present properties of heuristic function [256]. A constraint satisfaction problem
(CSP) is formalized at the end [305].

A.1 State Space, Search Tree and Heuristic Function

Definition A.1 Let P be a problem, X a set of representations of all the configura-
tions of the problem P, X5 C ¥ aset of representations of initial (start) configurations
of P, ¥y C X aset of representations of final (goal) configurations of P, I' a finite
set of operators that can be used for solving P. A state space of the problem P is a
node- and edge-labelled directed graph

G=(V,E, X, T, ¢), where

V is a set of graph nodes corresponding to states of the problem P,

E is a set of graph edges of the form (v, \,w),v,w € V, A € I'; an edge
(v, A\, w) € E represents a transition from a state v to a state w as a result of
an application of an operator A,

¢ : V — X is the node labeling function.

A node v € V such that ¢(v) € X is called a start node of the state space and it
represents an initial state of the problem P, and a node v € V such that ¢(v) € Xp
is called a goal node of the state space and it represents a goal state of the problem
P. A solution of the problem P is any path in the graph G that begins at a start node
and ends in a goal node.'

UIn fact, solving a problem means an application of a sequence of operators that ascribe labels to
edges of the path.
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State spaces usually are too big to be searched directly. Therefore, searching for
a solution, we treat them as a problem domain. Then we successively span a tree
structure on such a domain. Let us introduce the following definition.

Definition A.2 Let G be a state space of a problem P. A search tree® T is a directed
tree spanned on G (on a part of G) such that the root v of 7 is a start node of G.

As we discussed in Chap.4, if we construct heuristic methods of a state space
search, we should define a heuristic function determining (for each state) a distance
to a goal state. Now, we introduce formal notions related to this function [256].

Definition A.3 LetG = (V, E, X, T, ¢) be a state space of a problem P. A heuristic
function is a function
h:V—->R,,

where R is a set of non-negative real numbers, such that it ascribes a cost of reaching
a goal node of G for any node v € V.

We will assume a cost-based interpretation of a heuristic function in the defini-
tions below. It means that we will try to move from a given node to a node with a
minimum value of a heuristic function. If we assumed a quality-based interpretation
of a heuristic function we would try to go to a node with a maximum value (quality)
of a heuristic function. If one uses the second interpretation, the symbol < should
be replaced with the symbol >.

Definition A.4 A heuristic function /4 is admissible if for each node v of a state
space G (or: of a search tree) the following condition holds:

h(v) = C(v),

where C(v) is an actual cost of a path from the node v to the goal node.

Definition A.5 A heuristic function £ is consistent (monotone) (cf. Fig. A.1) if for
each node v of a state space G (or: of a search tree) and for each child node S(v) of
the node v the following conditions holds.

If C(v, S(v)) is the cost of moving from the node v to the node S(v), then

h(v) = C(v, S(v)) + h(S(v)) .

Of course,’ any consistent heuristic function is admissible.

2 A search tree defined in such a way is called a partial search tree.

3Sometimes, we claim an additional condition to be fulfilled. If k is the goal node of a state space
G, then h(k) = 0.
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Fig. A.1 Consistency of a
heuristic function

goal node

Definition A.6 Let &, h, be admissible heuristic functions. The heuristic function
hy dominates the heuristic function A, if for each node v of a state space G the
following condition holds:

ha(v) = hy(v).

As we discussed in Chap.4, having two admissible functions, one should use a
dominating function.

A.2 Constraint Satisfaction Problem

Definition A.7 Constraint Satisfaction Problem, CSP is a triple
P = (27 D’ C)’

where Z = {x1, xo, ..., x,} is a finite set of variables,

D = (D,,, Dy,, ..., D,,), where D, is a set of possible values that can be ascribed
to x;, called a domain of x;,

C is a finite set of constraints (restrictions, conditions) imposed on a subset of Z.

Letx),x2,...,xy, € Z, a1 € Dy, € Dy,, ..., €Dy,
With ((x1, ay), (x2, a2), ..., (x4, o)) we denote ascribing a value «; for each
variable x;, i = 1,2, ..., n.

Definition A.8 Let P = (Z, D, C) be a constraint satisfaction problem. P is satis-
fiable if there exists ({x1, o), (X2, @2), ..., {(Xu, @) such that:

Ve e C: ({xy, ay), {(x2, an), ..., {x,, ;) satisfies c.

({x1, a1), (X2, an), ..., (xn, ) 1s called a solution of the problem P.
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Appendix B

Formal Models for Artificial Intelligence
Methods: Mathematical Foundations of
Evolutionary Computation

When we discuss evolutionary computation methods in Chap.5, we make use of
some notions of probability theory, like standard deviation, normal distribution, etc.
In Sect. B.1 we introduce them [118, 119] on the basis of a probabilistic space
presented in Appendix L.*

Pioneering works on genetic algorithms were published in the 1960s. Since then
researchers have tried to formalize this approach, which is based on a biological
metaphor, with various mathematical models. At the end of the twentieth century, it
turned out that the Markov chain, in which populations are represented with a state
space, is a convenient model for this purpose [310]. Notions concerning the Markov
chain [115, 118, 119, 293] are presented in Sect. B.2.

B.1 Selected Notions of Probability Theory

A notion of o-algebra generated by a family of sets is included in Appendix I. In
order to introduce notions of probability theory used in our considerations, firstly we
present a definition of a special o-algebra generated by a family of open sets.’

Definition B.1 Let X be a topological space. A o-algebra generated by a family
of open sets of the space X is called the Borel o-algebra. Any element of a Borel
o-algebra is called a Borel set. A family of all Borel sets on X is denoted with 5(X).

After defining a Borel set, we can introduce the following notions: probability
distribution, random vector (random variable), and distribution of random vector
(distribution of random variable).

In Appendix I a probability space (€2, F, P) is introduced. In fact, we are often
interested in a space 2 equivalent to R” (R denotes a set of real numbers), and

4 Appendix I contains basic notions of probability theory that are used for probabilistic reasoning
in intelligent systems.

3>Open set and topological space are defined in Appendix G.1.
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consequently in a o-algebra F being a family of Borel sets B(R"). Let us introduce
a definition of probability distribution.

Definition B.2 A probability measure P such that the triple (R", B(R"), P) is a
probability space is called an n-dimensional probability distribution.

Definition B.3 An n-dimensional probability distribution P is called a discrete dis-
tribution iff there exists a Borel set S C R” such that:

P(S) = lands € S = P({s}) > 0.

IfS={s;:i=1,...,m}, where m € N (i.e. m is a natural number) or m = oo and
P({s;}) = pi, then for each Borel set A C R" the following formula holds:

PA)= > PUsh= D, pi
i:s; € A i:s; € A
and in addition:

e p; > 0,foreachi=1,...,m,
[ ] Zin:lplzl

Definition B.4 An n-dimensional probability distribution P is called a continuous
distribution iff there exists an integrable function f : R” — R such that for each
Borel set A C R” the following formula holds:

PA) = / Fdr.
A

where [ f(x) dx denotes a multiple integral of a function f over A. A function f is
A
called a probability density function, and in addition:

e f(x) > 0, for each x € R",
° /f(x)dx: 1.

R»

Definition B.5 Let (2, F, P) be a probability space. A function X : & — R" is
called a random vector iff:

X'B)={weQ:Xw)eB)eF

for each Borel set B € B(R").

A one-dimensional random vector is called a random variable.
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Definition B.6 Let (2, F, P) be a probability space, X : @ — R”" a random
vector. A distribution Py defined by a formula:

Px(B) = P(X~'(B)),

for B € B(R"), is called a distribution of a vector X.

A distribution of a random variable is defined in an analogous way (we have R,
instead of R").

Now, we introduce definitions of basic parameters of random variable distribu-
tions: expected value, variance, and standard deviation.

Definition B.7 Let (2, F, P) be a probability space, X : 2 —> R a random vari-
able. An expected value of X is computed as:

m=E®) =3 xpi
i=1

if X is a random variable of a discrete distribution: P(X = x;) = p;,i = 1,...,m,
m € N or m = oo, or it is computed as:

+00
m:E(X):/ xf (x) dx,

oo
if X is a random variable of a continuous distribution with a probability density
function f.

Definition B.8 Let (2, F, P) be a probability space, X : & — R a random vari-
able with a finite expected value m = [E(X). A variance of X is computed as:

o’ =D*(X) =E(X —m)) = D_(xi —m)’p;,

i=1

if X is a random variable of a discrete distribution: P(X = x;) = p;,i = 1,...,m,
m € N orm = oo, or it is computed as:

+oo
o’ =D*X) =E((X —m)*) = / (x — m)*f (x) dx,

—00

if X is a random variable of a continuous distribution with a probability density
function f. A standard deviation of a random variable X is computed as:

o = VD2(X).

At the end of this section we introduce a notion of the normal distribution, called
also the Gaussian distribution.
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Definition B.9 A distribution P is called the normal (Gaussian) distribution iff there
existnumbers: m, o € R,o > Osuchthatafunctionf : R — R, given by a formula:

1

o2

(x=m

_1 2
e 2% x e R,

f) =

is a probability density function of a distribution P. The normal distribution with
parameters: m (an expected value) and o (a standard deviation) is denoted with
N(m, o).

B.2 Markov Chain Model for Genetic Algorithm

Discussing an idea of a genetic algorithm in Sect.5.1, we noticed that a state space
(in the sense used in search methods) is created by consecutive populations (strictly
speaking: by their unique representations) generated with the algorithm. Thus,
processing in a genetic algorithm can be treated as a process of generating consec-
utive populations corresponding to states of this space in successive genetic epochs
t € T ={0,1,...}. These populations: Py, Py, ... define a sequence {P, : t € T}.
Such a sequence can be treated formally as a stochastic process.

Definition B.10 Let (€2, F, P) be a probability space. A family of random variables
{X; :t € T} on Q is called a stochastic process. A set T is called the index set.

Let us denote a set of real numbers with R, and a set of natural numbers with N. If
T = R, then we say {X; : t € T} is a continuous-time process. If T = N, then we
say {X; : t € T} is a discrete-time process.

Operators of genetic algorithm (crossover, mutation, etc.) applied for a given
population do not depend on previous populations. It means that a sequence of
random variables {X, : t € T}, being a discrete-time stochastic process fulfills the
Markov condition, i.e., it is a Markov chain.

Definition B.11 A discrete-time process {X; : ¢ € N} having values in at most
countable set {xg, x1, ...}, which fulfills the Markov condition, i.e.: for each n €
N,je N, me N, m < n,foreachj, <j, <--- <j, <n,foreachiy,...,i, € N
the following condition holds:

P(Xn = Xj|X' = Xy v ,)(j] = x,-l) = P(Xn = Xj|X'm = xi,,,)

m

is called a Markov chain.

The set {xo, x1, ...} is called a state space.®

A probability P (X,l = xj|Xp—1 = xi) of going from a state x; to a state x; in a time
step from n — 1 to n is denoted with pj;.

SEach state x;,i = 0, 1, ... represents a population P;.
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Probabilities of transitions in at most a countable number of states form a transition
matrix defined as:
M" = pi.

If a probability pj; of transition from a state x; to a state ; is independent of time n,
then a Markov chain is called homogeneous. We define this property in the following
way.

Definition B.12 A Markov chain {X; : ¢t € N} is called a homogeneous Markov
chain iff it fulfills the following condition:

PXy = xj|Xp—1 = xi) = P(Xin = Xj|Xin—1 = X3),
for any n and m.

Parameters of genetic operators used in a genetic algorithm are constant.” It means
that a transition from a population x; to a population x; in one time step is the same for
any time step. Thus, a genetic algorithm can be modeled as a homogeneous Markov
chain that allows us to define a transition matrix for a state space and to analyze
many properties of this algorithm.

TThis condition does not hold for, for example, evolution strategies, cf. Sect.5.2.
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Appendix C

Formal Models for Artificial
Intelligence Methods: Selected Issues
of Mathematical Logic

Formal notions used in Chap. 6 for discussing methods based on a mathematical logic
are introduced in this appendix. Basic definitions of First-Order Logic, a resolution
method of automated theorem proving, abstract rewriting systems, and the lambda
calculus are introduced in successive sections [16, 17, 20, 24, 46, 81, 177, 181, 244,
317].

C.1 First-Order Logic

As we mentioned in Chap. 6, First-Order Logic (FOL) is the main formal model used
for constructing intelligent systems based on mathematical logic. Notions concerning
the syntax of FOL that are necessary for introducing a resolution method and basic
notions concerning the semantics of FOL are presented in this section.

A set of symbols of a FOL language consists of the following elements:

constant symbols,

variable symbols,

predicate (relation) symbols,
function symbols,

logical symbols: =, A, V, =, &,
quantifiers: V, 3,

the equality symbol: =,

auxiliary symbols (e.g., parentheses).

Examples of the use of these symbols for describing the real world were presented
in Sect.6.1.

First of all, let us introduce the syntax of FOL, beginning with the notions of
signature and a set of terms.

Definition C.1 Let X/, n > 0be a set family of n-ary function symbols, Z”,n > 1 a
set family of n-ary predicate symbols. A pair £ = (£, £7) is called a signature .
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Sometimes we differentiate constant symbols in a definition of signature, be-
cause of their specific interpretation. Then a signature is defined as a triple ¥ =
(26, 2F %Py, where X5 is a set family of constant symbols, and £ is defined for
n>1.

Definition C.2 Let X be an infinite countable set of variable symbols. A set of terms
Ts (X) over the signature X and the set X is defined inductively in the following way.

e Ifx € X, then x € 75 (X).
e Foreachn > 1 and foreach f € XI,ift1,...,t, € To(X), thenf(t;,...,1,) €
T (X).

Now, we introduce notions of: atomic formula and formula (well-formed formula).

Definition C.3 An atomic formula over ¥ and X is defined in the following way.

e A false symbol L is an atomic formula.

e If 71, 1 € 75 (X), then an expression ¢; = t, is an atomic formula.

e For each n > 1 and for each p € Ef, if t1,...,1, € Tx(X), then an expression
p(t1, ..., t,) is an atomic formula.

Definition C.4 A formula (well-formed formula, wff) over ¥ and X is defined in-
ductively in the following way.

e Any atomic formula is a formula.

e If , ¢ are formulas, then —p, p A Y, © V U, ¢ = 1, p < 1 are formulas.

e If pis aformula and x € X, then (Vx)(p), (3x)(v) are formulas. A formula ¢ in
a formula of the form (Vx)(y) or in the formula of the form (3x)(y) is called a
scope of the quantifier.

Examples of the use of formulas for representing laws concerning the real world
were presented in Sect.6.1.

Let us introduce notions that allow us to define sentences and propositional func-
tions of FOL.

Definition C.5 A variable x is bound in its occurrence in a formula ¢ iff x occurs
directly after a quantifier or x is inside the scope of some quantifier that x occurs
directly after.

For example, variables that are bound in their occurrences are underlined in the
following formulas:

(IVz(r(x, 2) = s(x, 2)))

(Ax(r(x, 2) = Yz 5(x, 2)))

Definition C.6 If a variable x is not bound in its occurrence in a formula ¢, then x
is free in this occurrence in .

In the example above, a variable which is not underlined is a free variable in its
occurrence in the formula.
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Definition C.7 A variable x in a formula ¢ is free in ¢ iff x is free in ¢ in at least
one occurrence. A variable x in a formula ¢ is bound in ¢ iff x is bound in every
occurrence in (.

Definition C.8 A formula with no free variables is called a sentence. Formulas that
are not sentences are called propositional functions.

At the end of this section, we introduce notions concerning the semantics of FOL.

Definition C.9 A structure? over the signature £ = (X5, £, or Z-structure, is
a pair (U, 7Z), where U is nonempty set called a universe, I is a function, called
an interpretation function that assigns a function f* : 4" — U to each function
symbol f € £F and it assigns a relation p* C U" to each predicate symbol p € ©F.

n’

Definition C.10 An assignment (valuation) in a X-structure 2 is a function o :
X — U. Additionally, for an assignment p, a variable x € X and an element a € U
let us define an assignment ¢ : X —> {{ in 2 that maps x to a in such a way that o
is equal to o for all the variables that are different from x:

arn o), ify#x,
o (y) = .
a, otherwise.
Definition C.11 An interpretation (value) of a term ¢t € 75 (X) in a X-structure 2
under an assignment o, denoted [[#]%, is defined inductively in the following way:

° [[x]]ﬁl =o(x),x € X.
o If(tr.....t)] = 2D .. D). f €S0, .. tn e Ta(X),n = 1.

Definition C.12 Let there be given a formula ¢ and a X-structure 2 over the same
signature, and an assignment o. We define what it means for a formula ¢ to be
satisfied in the structure 2 under the assignment g, denoted

& 0 E o,

in the following way.

e (A, o) = L never holds.

e Foranyn>1,p e Ef and for any 11, ..., t, € Tx(X), we assume that: (2, o) =
p(ty, ..., t,) iff ([[[1]]?[’ ceey I[tn]]gl) e p*.

o (A o) 1 =niff [1]} = [[tz]]gl~

o A 0 Fenyiff A 0 Fpand (2L, 0) .

e (U, 0 EVyiff (A, o) E ¢or (X, o) = ¥ or both.

e (A, o) E ¢ = v iff either not (A, p) = @ orelse (XA, o) = V.

e U, 0 =< Yiff (A, 0) = pand (A, o) = ¢ if and only if (2, p) = ¢ and
& 0 E 9.
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o (A, 0) = (Vx)(p) iff foreacha e U, (X, o)) = ¢.
o (2, 0) = (x)(yp) iff there exists an a € U such that (2, o) = ¢.

Definition C.13 We say that a formula ¢ is satisfiable in a X-structure A iff there
exists an assignment p in 2 such that (2, o) = .

Definition C.14 We say that a formula ¢ is satisfiable iff there exists a X- structure
2A, in which ¢ is satisfiable.

Definition C.15 A formula ¢ is valid in a X-structure L, if for each assignment p
in A (A, o) = . We say that 2 is a model for the formula ¢, denoted

A = .
Definition C.16 Let ® be a set of formulas. A X-structure 2l is a model for @,
denoted 2 = @ iff for each formula ¢ € O, A = .

Definition C.17 A formula ¢ is valid, or it is a tautology, denoted = ¢, iff ¢ is
valid in every X-structure.

C.2 Resolution Method

In Sect. 6.2 we introduced a resolution method as a basic inference method by theorem
proving. For this purpose we used notions of literal, clause, and Horn clause. Let us
introduce formal definitions of these notions.

Definition C.18 A literal is either an atomic formula (a positive literal) or the nega-
tion of an atomic formula (a negative literal).

Definition C.19 A clause is a finite disjunction of literals, i.e.,
LyvIiVv---VL,

where L;, 1 <i < nis aliteral.
Definition C.20 A Horn clause is a clause containing at most one positive literal.
Now, we introduce a resolution rule in a formal way.

Definition C.21 LetAVv BV ---VB,and =AV C; V ---V Cy be clauses, where
A is an atomic formula, By, ..., B, and Cy, ..., C; are literals. A resolution rule is
an inference rule of the form

AVB v---VB, -AVC;V---VC
B/ V---VB,VCV---VC '

AformulaB;V---VB,VvC;V---V(yiscalled aresolvent, formulasAVB|V---VB,
and —A VvV C; V - - - V Cy are called clashing formulas.
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In Sect. 6.2, after presenting a resolution rule, we discussed an issue of matching
rules in an inference system with operations of substitution and unification. Let us
introduce these operations in a formal way.

Definition C.22 A substitution o is a set of replacements of variables by terms

0 = {tl/xl’ -"atn/xl‘l}a

where x;, - - - , x,, are variables different one from another, 7, ..., t, are terms.

If W is an expression,® and o = {t;/x1, . .., t,/X,} is a substitution, then W[c] de-
notes an expression resulting from W by substituting all free occurrences of variables
X{,...,X, With terms t, ..., t,, respectively.9

Definition C.23 Let W, W,, ..., W, be expressions. A substitution o is called a
unifier of these expressions iff

Wilo] = Walo] = --- = W,[a].

A procedure of applying for expressions a substitution being their unifier is called
a unification of these expressions.

The second issue concerning an inference by resolution is connected with rep-
resenting formulas in some standard (normal) forms for the purpose of efficiency.
Now, we introduce these forms.

Definition C.24 A formula ¢ is in negation normal form iff negation symbols occur
only immediately before atomic formulas.

Definition C.25 A formula ¢ is in prenex normal form iff ¢ is of the form

01x102%2 ... Quxp),

where Q; is V or 3, and ¢ is an open formula (i.e., it does not contain quantifiers).
Definition C.26 A formula ¢ is in conjunctive normal form (CNF) iff ¢ is a finite
conjunction of clauses, i.e., ¢ is of the form

CiIACIA-ACr=(Li V- VL)ALV - VLEYA - ALV - VLY,

ni

where C; = Ll-l \VARERV, L;”', 1 < i < kis aclause consisting of literals Ll-', L

Definition C.27 Let a formula ¢ be in conjunctive normal form

CiACOA-ANCr=(L{V-- VL)ALV - VLY A ALV - VL.

8 An expression means here a formula or a term.

91n fact, we are interested in allowable substitutions, i.e., such that any variable contained in terms
t; does not become a bound variable. In other words, a substitution is allowable if any occurrence
of a variable x; in W is not inside the scope of any quantifier that bounds the variable included in #;.
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A clausal normal form of ¢ is a set

{C1,Coy ., Gy ={UL], .. LY ALy, o L) o AL . L))

C.3 Abstract Rewriting Systems and the Lambda Calculus

As we mentioned in Sect.6.5, Abstract Rewriting Systems (ARS) are one of the
best formal exemplifications of a concept of a physical symbol system, introduced
by A. Newell and H.A. Simon. Such systems can be divided into Term Rewriting
Systems (TRS) presented in this section, String Rewriting Systems (SRS), and Graph
Rewriting Systems (GRS).!” The lambda calculus, being a special kind of TRS, plays
an important role in Artificial Intelligence (cf. Sect. 6.5).

Definition C.28 An Abstract Rewriting System, ARS is a pair
ARS = (A, {—>.:ael)),

where A is a set, —, is a set of binary relations, called rewrite relations, on A that
are indexed by a set [.

Definition C.29 Let ARS = (A, {—,: « € I}) be an abstract rewriting system and
ael.

(a) If (a,b) e—,, fora, b € A, then we talk about a direct step of rewriting a into
b, denoted a —,, b (b is also called a (direct) reduct of a).

(b) A rewriting sequence (or a rewriting) with —, is a finite or infinite sequence
ag —>ad] a2 > oo

The transitive and reflexive closure of a relation — , is denoted with —»,,.

Thus, a —,, b, if there exists a finite (also: empty) rewriting sequence a = ag —
a; —>q -+ —> a4y = b, where = denotes an identity of elements belonging to the
set A.

An inverse relation to a relation —,, (—,,) is denoted with , < (,, «).

Definition C.30 A relation — , in a set A is weakly confluent, in other words, has the
weak Church-Rosser property (cf. Fig. C.1a) iff the following condition is fulfilled

Va,b,c € AAd € A(b, < a —>, ¢ = b —»,d, « ¢).

Definition C.31 A relation —, in a set A is confluent, in other words, has the
Church-Rosser property (cf. Fig. C.1b) iff the following condition is fulfilled

Ya,b,c e Add € A (b, « a —»,c = b —,d, « c).

10Notions concerning SRS and GRS are presented in Appendix E.
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Fig. C.1 Church-Rosser
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Definition C.32 Let ARS = (A, —,) be an abstract rewriting system.

(a) a € A is a normal form iff there does not exist b € A such that a —, b.
(b) If a —, b and b € A is a normal form, then we say that a € A has a normal
form and b is a normal form (for) a.

Now, we introduce basic notions for term rewriting systems.

Definition C.33 An alphabet ¥ contains:

e acountable infinite set of variables ¥V = {ay, by, co, . . ., 20, a1, b1, c1, ..., 21, a2,

by, ...}
e anonempty set of function symbols: f, g, . ..

A context, denoted C[ ], is a term'! that includes a single occurrence of a symbol
0, which means an empty place. A substitution of a term ¢ (¢ € 75 ())) in [ results
in C[t] € Tx(V). We say that a term ¢ is a subterm of C[¢], denoted t C C[¢].

Definition C.34 Mapping from 75 (V) to 7x (V) fulfilling the following condition:
o(f(ty,...,ty) =f(o(ty),...,0(t,)), wheref is a function symbol,

is called a substitution. A substitution o (¢) is often denoted with 7.

1A notion of term is introduced in the first section of this appendix.
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Definition C.35 A term rewriting rule is a pair (¢, s), t, s € Tx (V) such that ¢ is not
a variable, and variables occurring in s are included in ¢.

A term rewriting rule (¢, s) is often denoted with r : t — s, where r is an index
identifying the rule, ¢ is called the left-hand side of the rule, and s is called the
right-hand side of the rule.

A term rewriting rule r : ¢+ — s defines a set of rewrites t° —, s° for all the
substitutions . Then, 7 is called an r-redex and s is called an r-contractum.

Definition C.36 A term rewriting step according to a rewriting rule r is a replace-
ment of an r-redex ¢ with an r-contractum s° inside a context C|[ |, denoted

C[t°] =, C[s°].

A term rewriting sequence is a finite or infinite sequence tp — t; — f, — --- A
sequence fy — --- — t, is denoted with #p — 1,.

Definition C.37 A Term Rewriting System, TRS is a pair
ARS = (£, R),
where ¥ is an alphabet, R is a set of term rewriting rules.

At the end of this section, we present basic definitions of the lambda calculus for
notions introduced informally in Chap. 6.

Definition C.38 Let ) be a countable infinite set of variables, ¥ = V U{(, ), A}, an
alphabet. A set of A expressions over X is defined inductively in the following way.

If x € V, thenx € A.
IfM,N € A, then (MN) € A (application).
IfM € A and x € V, then (\x.M) € A (A-abstraction).

The following simplifying notation is used in the lambda calculus.

Outmost parentheses can be omitted.

e It is assumed that an application is left-associative, i.e. instead of (MN)P one can
write MNP.

Instead of A\x;(Axa (... (A\x,M)...)) one can write A\xx; . ..x,M.

An operator of a lambda abstraction A binds variables in such a way that all the
occurrences of a variable x in an expression A\x.M are bound. Let us introduce a
definition of free variables in the lambda calculus.

Definition C.39 A set of free variables of alambda expression M, denoted FV (M),
is defined inductively in the following way.

FV(x) = {x},

FV(MN) = FV(M) U FV(N),
FYOx.M) = FV(M)\{x).


http://dx.doi.org/10.1007/978-3-319-40022-8_6

Appendix C: Formal Models for Artificial Intelligence Methods ... 265

A variable is a free variable of an expression M if it belongs to a set FV(M),
otherwise it is a bound variable.

Let M = N mean an identity of M and N up to renaming bound variables. A
substitution for a free variable is defined in the following way.

Definition C.40 A substitution of an expression N for a free occurrence of a variable
x in an expression M, denoted M[x := N], is defined in the following way.
x[x:=N]=N,
ylx:=Nl=y,ify #x,
(M M>)[x := N] = (M, [x := N])(Mz[x := NJ),
(Ay.M)[x :=N]= \y.(M[x :=N]),ify #xand y ¢ FV(N).

At the end, let us introduce formal definitions of beta-reduction (3-reduction) and
alpha-conversion (a-conversion) which were discussed in Chap. 6.

Definition C.41 A beta-reduction, denoted — 3, is the smallest relation in a set A
fulfilling the following conditions.

e (\x.M)N —35 M[x := N].
o IfM =3 M thenn MZ -3 M'Z,ZM — 3 ZM', and \x. M — 3 Ax.M'.

Definition C.42 An alpha-conversion, denoted %, is the smallest equivalence rela-
tion in a set A fulfilling the following condition.

MM = \y.(M[x := y]) for any y ¢ FV(M).

Lambda expressions up to an alpha conversion are called lambda terms.
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Appendix D

Formal Models for Artificial Intelligence
Methods: Foundations of Description Logics

Description logics is the family of formal systems that are based on mathematical
logic and are used for inferring in ontologies. As we mentioned in Chap. 7, ontology
is a model of a conceptual knowledge concerning a specific application domain.
In 1979 Patrick J. Hayes discussed in [130] a possible use of First-Order Logic
(FOL) semantics for Minsky frame systems. Since the beginning of the 1980s many
description logics (AL, FL™, FLy, ALC, etc.) have been developed. In general,
each of these logics can be treated as a certain subset of FOL."? So, one can ask:
“Why do we not use just FOL for representing ontologies?”. There are two reasons
pointed out as an answer to this question in the literature. First of all, the use of FOL
without some restrictions does not allow us to take into account the structural nature of
ontologies. (And a structural aspect of ontologies is vital in an inference procedure.)
Secondly, we demand an effective inference procedure. Therefore, description logics
are defined on the basis of decidable subsets of FOL."?

In 1991 Manfred Schmidt-Schaufl and Gert Smolka defined in [266] one of the
most popular description logics, namely logic ALC. Its syntax and semantics is
introduced in the first section, whereas a formal notion of knowledge base defined
with this logic is presented in the second section [15, 266].

D.1 Syntax and Semantic of Logic ALC

In Chap.7 we introduced basic elements useful for defining structural models of
knowledge representation, i.e.: objects, concepts, and roles representing relations
between objects. We discriminate additionally atomic concepts relating to basic
(elementary) notions of a given domain. Let us introduce these elements in a formal
way.

12There are also description logics based on second-order logic.
BFOL is not decidable in general.
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Definition D.1 Let N¢ be a set of atomic concept names, Ng be a set of role names,
Ny be a set of object names. A triple (N¢, Ng, No) is called a signature.

Instead of atomic concept name, role name, object name we will say atomic
concept, role, object.

Definition D.2 Let (N¢, Ng, Ng) be a signature. A set of (descriptions of) ALC-
concepts is the smallest set defined inductively as follows.

1. The following constructs are ALC-concepts:

(a) T, the universal concept,
(b) L, the empty concept,
(c) every atomic concept A € N¢.

2. If C and D are ALC-concepts, R € Ng, then the following constructs are ALC-
concepts:

(a) CnD,
(b) CuD,
() —C,

(d) VR-C,
(¢) AR - C.

Before we introduce a formal characterization of semantics of logic ALC, we in-
terpret elements defined above in an intuitive way. The universal notion corresponds
to the whole domain that an ontology is constructed for, whereas the empty concept
represents a concept that has no instances. Elements defined in points 2(a), 2(b), and
2(c) correspond to the intersection of two concepts, the union of two concepts, and
the complement of a concept, respectively. A universal quantification, 2(d), deter-
mines a set of objects, for which all the relations with the help of a role R concern
objects that fall within a concept C. An existential quantification, 2(e), determines a
set of objects that are at least once in a relation represented by a role R with an object
that falls within a concept C.

Definition D.3 Let (N¢, Ng, No) be a signature. An interpretation is a pair
7 = (A%, .0), where

A7 is a nonempty set called the domain of Z,
.7 is an interpretation function, which maps every ALC-concept into a subset AZ,

and every role into a subset A7 x AZ,

such that for each C and D being ALC-concepts, R € N, the following conditions
hold:

@ (M =A%,

1b) (LT =9,
2(a) (Cn D) =cTnD?,
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2(b) (cubD)? =c*uDbD?,

2(c) (—O)F = AT\,

2d) VR-O)F ={xe AT :Vye AT(x,y) e RT =y e C%},
2) AR-O)F ={xe AT:3ye AT(x,y) e RT Ay e CT).

C7 (r?) s called the extension of the concept C (the role r) in the interpretation Z.
If x € CZ, then x is called an instance (object) of the notion C in the interpretation Z.

Additionally, it is assumed that a concept C is included in a concept D, denoted
C C D iff for any AT, .7 the following condition holds: C* < D?.

D.2 Definition of Knowledge Base in Logic ALC

In Chap. 7 we defined a knowledge base as a system (structure) of frames consisting
of class frames and object frames. A set of class frames constitutes a terminological
knowledge, and a set of object frames corresponds to knowledge about specific
objects belonging to a domain. These sets are defined in logic ALC with the help
of notions of TBox (Terminological part of knowledge base) and ABox (Assertional
part of knowledge base), respectively. Both TBox and ABox contain knowledge in
the form of axioms. Axioms of TBox are defined with a general concept inclusion.

Definition D.4 A general concept inclusion is of the form C C D, where C, D are
ALC-concepts.

A TBox is a finite set of general concept inclusions.

An interpretation 7 is a model of a general concept inclusion C C D, if C T c pT,

An interpretation Z is a model of a TBox 7, if it is a model of every general
concept inclusion 7.

CCE Dand D C Cisdenoted as C = D. An axiom of a TBox can be of the form
of a definition, i.e., A = D, where A is a unique concept name.

Now, we characterize an ABox. It can contain axioms of two types. The first type
relates to assertions describing a fact that an object is an instance of a given concept,
i.e., an object belongs to a given class, denoted C(a), for example: Polish(John-
Kowalski). The second type includes statements representing a fact that a pair of
objects constitutes an instance of a role, denoted R(a, b), for example: Married-
couple(John-Kowalski, Mary-Kowalski). Let us formalize our considerations.

Definition D.5 An assertional axiom is of the form C(a) or R(a, b), where C is an
ALC-concept, R € Ng, a, b € No.

An ABox is a finite set of assertional axioms.

An interpretation Z is called a model of an assertional axiom C(a) iff a* € C*. An
interpretation 7 is called a model of an assertional axiom R(a, b) iff (a*, b*) € RZ.

An interpretation Z is called a model of an ABox A iff Z is a model of every
assertional axiom of A.
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At the end of this appendix, let us introduce a formal definition of a knowledge
base constructed with the help of logic ALC.

Definition D.6 A pair L = (7, A), where 7 is a TBox, A is an ABox is called a
knowledge base.

An interpretation 7 is a model of a knowledge base K iff T is a model of 7, and
7 is a model of A.



Appendix E

Formal Models for Artificial Intelligence
Methods: Selected Notions of Formal
Language Theory

Selected notions that were used for discussing syntactic pattern recognition in Chap. 8
are introduced in this appendix. Definitions of Chomsky’s (string) generative gram-
mars and the LL(k) subclass of context-free grammars are introduced in the first
section. Notions of finite-state automaton, pushdown automaton and Turing ma-
chine are presented in the second section. The last section includes definitions of
edNLC and ETPL(k) graph grammars.

E.1 Chomsky’s String Grammars

An alphabet ¥ is a finite nonempty set of symbols.

A string (word) over an alphabet X is any string consisting of symbols of an
alphabet X that is of a finite length.

A string that does not include any symbol is called the empty word and it is denoted
with \.

A set of all the strings over an alphabet X that are of a finite nonzero length is
denoted with 7.

A set including all the strings over an alphabet X that are of a finite length and the
empty word is called the Kleene closure, and it is denoted with X*. It can be defined
as: ¥ =TT U\

Let Sy, S, be sets of strings. 1.5, denotes a set of strings: $15, = {af : o €
S1, B € 81}, i.e. the set consisting of strings that are catenations of strings belonging
to Sy with strings belonging to S,.

Now, we introduce four classes of grammars of the Noam Chomsky model [141,
250].

Definition E.1 A phrase-structure grammar (unrestricted grammar, type-0 gram-
mar) is a quadruple
G = (Zy, Z7,P,S), where
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Yy is a set of nonterminal symbols,

Y7 is a set of terminal symbols, ¥ = Xy U X7,

P aset of productions (rewriting rules) of the form: & — ,inwhicha € ¥* Xy ¥*
is called the left-hand side of the production, and v € X* is called the right-hand
side of the production,

S is the start symbol (axiom), S € Zy.

We assume that Xy N X7 = .

Definition E.2 Let 3, § € X*. We denote

16} = d(or B = ¢, if G is assumed)

iff 5 = mam, § = nym and « — v € P, where P is a set of productions of the

grammar G.

We say that § directly derives § in the grammar G, and we call such direct deriving
a derivational step in the grammar G.

The reflexive and transitive closure of the relation =, denoted with ==*, is
called a derivation in the grammar G.

Definition E.3 The language generated by the grammar G is a set
L(G) = (¢ € T} : S == o).

Definition E.4 A context-sensitive grammar (type-1 grammar) is a quadruple
G =(Zy, 27, P,S), where

YN, 27, S are defined as in Definition E.1,

P is a set of productions of the form: n;An, — 11y,

inwhichny, 7, € ¥*, A € Zy, v € . Additionally we assume that a production
of the form A — A is allowable, if A does not occur in any production of P in its
right-hand side.

Definition E.5 A context-free grammar (type-2 grammar) is a quadruple
G =(Zy, 27, P,S), where

2N, X7, S are defined as in Definition E.1,
P is a set of productions of the form: A — ~, in whichA € Xy, v € *.

Definition E.6 A regular (or right-regular) grammar (type-3 grammar) is a quadru-
ple
G =(2y, 27, P,S), where
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Yy, X, S are defined as in Definition E. 1,
P is a set of productions of the form: A — v,inwhichA € Zy,v € Ty UXrXyU
{AL

As we discussed in Chap. 8, a context-free grammar is of a sufficient descriptive
power for most applications of syntactic pattern recognition systems. Unfortunately,
a pushdown automaton that analyzes context-free languages is inefficient in the sense
of computational complexity. Therefore, there have been defined certain subclasses of
context-free grammars such that corresponding automata are efficient. LL(k) gram-
mars, introduced in an intuitive way in Chap. 8, are one of the most popular such
subclasses. Let us characterize them in a formal way [180].

Definition E.7 Let G = (Xy, X7, P, S) be a context-free grammar defined as in
Definition E.4, n € £*, and |x| denotes the length (a number of symbols) of a string
x € X*. FIRST;(n) denotes a set of all the terminal prefixes of strings of the length
k (or of the length less than k, if a terminal string shorter than k is derived from «)
that can be derived from 7 in the grammar G, i.e.

FIRST () = {x € S5 : (n==xB A x| =k) V(== x A |x| < k), 3 € T*).

Let G = (2w, X7, P, S) be a context-free grammar. =] denotes a leftmost deriva-
tion in the grammar G, i.e. a derivation such that a production is always applied to
the leftmost nonterminal.

Definition E.8 Let G = (Xy, X7, P, S) be a context-free grammar defined as in
Definition E.4. A grammar G is called an LL(k) grammar iff for every two leftmost
derivations

S :Z> aAd =z> afBé =z> ax

S == A == ayd == ay,
L L L
where o, x,y € X7, 3,7, € £*, A € Zy, the following condition holds
If FIRST (x) = FIRST;(y), then 8 = 1.
The condition formulated above for a grammar G means that for any derivational
step of a derivation of a string w that is derivable in G, we can choose a production
in an unambiguous way on the basis of an analysis of some part of w that is of

length k. We say that the grammar G has the property of an unambiguous choice of
a production with respect to the k-length prefix in a leftmost derivation.
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E.2 Formal Automata

In this section we present definitions of two types of automata that are useful in
syntactic pattern recognition and a Turing machine (because of its meaning in dis-
cussions concerning Al, cf. Chap. 17) [141, 250].

Definition E.9 A (deterministic) finite-state automaton is a quintuple
A= (0, Xr,0,qo, F), where

Q is a finite nonempty set of states,

Y7 is a finite set of input symbols,

§ : Q x X7 —> Q is the state-transition function,
qo € Q is the initial state,

F C Qs a set of final states.

Now, we introduce notions allowing us to describe a computation performed by
a finite-state automaton.

Let a current situation in an automaton be represented with a pair (g, o) € Q x X7,
called an automaton instantaneous configuration. The first element represents a state
of the automaton, the second a part of an input string that has not been read till now.
Let - denote a direct step of an execution of an automaton.

A finite-state automaton analyzes an input string (3 according to the following
scheme. At the beginning the automaton is in a state g, and an input string 3 is at its
input, so (qo, B) is the initial configuration of the automaton. The automaton reads
symbols of the input string one by one, and it performs succeeding steps according
to the following rule.

(gi» ay) &= (qr,v) € 6(qi, a) = qx,

where ¢ is the state-transition function ¢;, gx € Q,a € X7,y € X5.
The automaton stops if it reaches a configuration (g,,, A) such that g,, € F (g, is
a final state) and there is an empty word A at its input.

Definition E.10 A (deterministic) pushdown automaton is a seven-tuple
A= (0,27, P,9, q0, Zy, F), where

Q is a finite nonempty set of states,

Y7 is a finite set of input symbols,

® is a finite set of stack symbols,

0:0 % (ZrU{N}) x ® —> Q x ®* is the transition function,
qo € Q is the initial state,

Zy € & is the initial stack symbol,

F C Qs aset of final states.
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An instantaneous configuration of a pushdown automaton is represented with a
triple (g, o, ) € Q x X} x ®*, where the first two elements are the same as for a
finite-state automaton, and the third element represents the content of the stack (the
first symbol corresponds to the topmost symbol of the stack).

A pushdown automaton analyzes an input string 3 according to the following
scheme. (qo, 3, Zy) is the initial configuration. The automaton reads symbols of the
input string one by one, and it performs succeeding steps according to the following
rule.

(gi» avy, Zo) = (g, v, 1) & 6(qi, a,Z) = (qr, ),

where ¢ is the transition function, g;, gx € Q,a € Xy U{A}, v € &3, n, ¢ € O,

There are two (various) definitions of finishing a computation in case of pushdown
automata. In the first one (an acceptance by a final state) (g,,, A, &), where g, € F,
A the empty word, is the final configuration. In the second definition (an acceptance
by an empty stack) (g, A\, A), where g,, € Q, is the final configuration.

Definition E.11 A (one-tape) Turing machine is a seven-tuple
A= (Qv (D, B, ET, 67 q0, F)’ Where

Q is a finite nonempty set of states,

® is a finite nonempty set of tape symbols,

B € @ is the blank symbol,

Yr € ®\{B} is a set of input symbols,

0:(O\F) x ® — Q x ® x {L, R} is the transition function,
qo € Q is the initial state,

F C Qs a set of final states.

A Turing machine consists of a finite control (defined by the transition function)
and an infinite tape divided into cells. An input word is placed on the tape, each symbol
in one cell, and all the cells on the left and on the right of the word are marked with
the blank symbol B. At the beginning a reading/writing head of the control is set over
a cell containing the first symbol of the word to be analyzed. It is represented with the
initial configuration: qoX;X; . . . X, where qq is the initial state, X; X> . . . X, denotes
the content of the cells (the input word). In general, an instantaneous configuration
of a Turing machine is of the form X, X . . . X;—1¢X;Xi;1 - . . X;;, which means placing
of the head over the i-th cell, and the machine is in state q.

A Turing machine analyzes an input word according to the following scheme.

X XXXy Xy E X X Yge X - X

if §(qk, Xi) = (gm» Y, R) (a change of a state from ¢y to ¢,, a change of a symbol on
the tape from X; to Y, and moving the head to the right), and

X] .. ‘Xi—lquiXi-H .. -Xn + X] .. ~Xi—2qmXi—lYXi+1 . Xn s
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if 0(qx, Xi) = (qm. Y, L).
A Turing machine is described in a more detailed way in [141].

E.3 Graph Grammars

Graph grammars, which can be treated as systems of graph rewriting (Graph Rewrit-
ing System, GRS), are the third type, apart from term rewriting systems (cf. Appendix
C.3) and string rewriting systems,'# of Abstract Rewriting Systems (ARS). A variety
of classes have been defined in the theory of graph grammars. In order to discuss an
issue of syntax analysis of multi-dimensional patterns in Chap. 8, we introduced one
of the most popular classes, namely edNLC graph grammars. Now, we define them
in a formal way [149].

Definition E.12 A directed node- and edge-labeled graph, EDG graph over X and
I' is a quintuple
H=(V,E, X, T, ¢), where

V is a finite nonempty set of nodes,

¥ is a finite nonempty set of node labels,

I' is a finite nonempty set of edge labels,

E is a set of edges of the form (v, v, w), in whichv, w € V,vy € T,
¢ : V —> ¥ is the node-labeling function.

A set of all the EDG graphs over ¥ and I' is denoted with EDG 5, . EDG graphs
can be generated with edNLC graph grammars.

Definition E.13 An edge-labeled directed node-label controlled graph grammar,
edNLC graph grammar is a quintuple

G=(X,A,T,P,Z), where
¥ is a finite nonempty set of node labels,
A C X is a set of terminal node labels,
I" is a finite nonempty set of edge labels,
P is a finite set of productions of the form (/, D, C), where
le X,
D e EDG}:,[‘,

C : T x {in, out) —> 2ExExIx{in.out} i5 the embedding transformation,
Z € EDGy r is the start graph, called the axiom.

14The Chomsky string grammar introduced in Sect. E. 1 is a specific case of a string rewriting system.
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A derivational step for string grammars is simple (cf. Definition E.2). Unfortu-
nately, as we have seen for a genealogy example in Sect. 8.5, in the case of graph
grammars the derivational step is complex, mainly because of the form of the em-
bedding transformation. Let us formalize it with the following definition.

Deﬁnition_E.14 Let G =(2,A,I',P,Z) be an EiNLC graph grammar.
Let H, H € EDGy 1. Then H directly derives H in G, denoted H =G> H, if there

exists anode v € Vi and a production (I, D, C) € P such that the following holds.
(1) 1= éuv).

(2) There exists an isomorphism from H onto a graph X € EDG, 1 constructed as
follows. Let D be a graph isomorphic to D such that Vy N Vj; = 4, and let h be
an isomorphism from D onto D. Then

X = (Vx,Ex, X, T, ¢x), where

Vx = (Va\{v}) U Vp,
ou(y), ifye Vp\{v},
ox(y) = .
[(ﬁp(y), ity e Vp,

Ex = (Ep\{(n,v,m) : n =vorm=v}) U{(n,v,m) :n € Vy,me Vypand
there exists an edge (m, A, v) € Ey such that (¢x(n), ¢x(m), vy, out) € C(\, in)}
Uf{(m,vy,n) :ne Vy,me VX\5 and there exists an edge (m, A\, v) € Ey such
that (¢x(n), ox(m),y,in) € C(\, in)} U{(n,v,m) : n € V5, m € Vy\p and
there exists an edge (v, A, m) € Ey such that (¢x (n), ¢x(m), 7y, out) € C(\, out)}
U{(m,vy,n) :ne Vg, me Vb and there exists an edge (v, A\, m) € Ey such
that (¢x (n), ox(m), v, in) € C(A, out)}.

A graph grammar of the edNLC class is of a very big descriptive power [149]. Un-
fortunately, a membership problem for this grammar is non-polynomial. Therefore,
similarly as for string context-free grammars, its subclass, namely the ETPL(k) graph
grammar, with a polynomial membership problem has been defined. For ETPL(k)
grammars an efficient graph automaton has been constructed. Now, we introduce
definitions concerning ETPL(k) grammars [93, 94].

Definition E.15 Let H be an EDG graph. H is called an /E graph iff the following
conditions hold.

(1) A graph H contains a directed tree 7' such that nodes of T have been indexed
according to Breadth-First Search (BFS).

(2) Nodes of a graph H are indexed in the same way as nodes of 7.

(3) Every edge in a graph H is directed from a node having a lower index to a node
having a greater index.
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Definition E.16 Let G be an edNLC graph grammar defined as in Definition E.13.
G is called a TLPO graph grammar iff it fulfills the following conditions.

(1) The start graph Z and graphs D of the right-sides of all the productions are IE
graphs.

(2) For each graph of the right-hand side D, a directed spanning tree 7 is of at most
two levels, and a node indexed with 1 is labeled with a terminal symbol.

(3) Each graph belonging to a derivation in G is an IE graph.

(4) For each derivational step, a production is applied to a node with the least index.

(5) Node indices do not change during a derivation.

A derivation fulfilling conditions (4) and (5) is called a regular leftmost derivation.

The next definition recalls the idea that was applied for LL(k) grammars in De-
finition E.8. We demand an unambiguity of a production choice during a regular
left-hand side derivation. It makes the computation of an automaton efficient. For a
string LL(k) grammar such an unambiguity concerns the k-length prefix of a word.
In the case of IE graphs it concerns a subgraph. Such a subgraph contains a node
v having an index determining the position of a production application and its k
successors. Such a subgraph is called a k-successors handle. If for every derivational
step in a grammar G we can choose a production in an unambiguous way on the
basis of an analysis of a k-successors handle, then we say that G has the property of
an unambiguous choice of a production with respect to the k-successors handle in a
regular leftmost derivation.

Definition E.17 Let G be a TLPO graph grammar. G is called a PL(k) graph gram-
mar iff G has the property of an unambiguous choice of a production with respect
to the k-successors handle in a regular leftmost derivation.

Definition E.18 Let G be a PL(k) graph grammar. G is called an ETPL(k) graph
grammar iff the following condition is fulfilled. If (v, A, w), where ¢(v) € A, is an
edge of an IE graph H belonging to a certain regular leftmost derivation, then this
edge is preserved by all the embedding transformations applied in succeeding steps
of the derivation.

For ETPL(k) graph grammars there have been defined both a polynomial graph
automaton and a polynomial algorithm of grammatical inference [93, 94, 96].
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Formal Models for Artificial Intelligence
Methods: Theoretical Foundations
of Rule-Based Systems

Definitions that allow one to describe a rule-based system in a formal way [52] are
introduced in the first section. An issue of reasoning in logic is presented in the second
section. There are many approaches to this issue in modern logic, e.g., introduced
by Kazimierz Ajdukiewicz, Jan Lukasiewicz, Charles Sanders Peirce, Willard Van
Orman Quine. In this monograph we present a taxonomy of reasoning according to
J6zef Maria Bocheriski!> [30].

F.1 Definition of Generic Rule-Based Systems

There are several definitions of generic rule-based systems in the literature. However,
most of them relate to rule-based systems of the specific form. In our opinion, one of
the most successful trials of constructing such a formal model is the one developed
by a team of Claude Kirchner (INRIA). We present a formalization of a rule-based
system according to this approach [52].

Let us assume definitions of a signature ¥ = (X€, F, £, aset of terms 7z (X),
a substitution o, and semantics of FOL, as in Appendix C. Additionally, let Fx (X)
denote a set of formulas, Var(t) a set of variables occurring in a term (a set of terms)
t, FV (¢) a set of free variables occurring in a formula ¢, Dom(c) the domain of a
substitution o, R a set of labels. A theory is a set of formulas 7 that is closed under
a logical consequence, i.e., for each formula ¢ the following holds: if 7 = ¢, then
peT.

1556zef Maria Bocheriski, OP, a professor and the rector of the Université de Fribourg, a professor
of Pontificia Studiorum Universitas a Sancto Thoma Aquinate (Angelicum) in Rome, a logician
and philosopher, Dominican. He was known as an indefatigable man having a good sense of humor,
e.g., he gained a pilot’s licence while in his late sixties.
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Definition F.1 A term ¢ is called a ground term, if Var(t) = 0.

Definition F.2 The Herbrand universe for any Fx(X) is a set H that is defined
inductively in the following way.

o If « € =€ occurs in a formula belonging to Fx(X), then a € H. (If there is no
constant in formulas of F (X), then we add any constant to H.)

e Foreveryn > 0 and forevery f € E,’f ,if t1, ..., t, are terms belonging to H, then
ft,...,t,) € H.

Thus, the Herbrand universe for a given set of formulas Fx (X) is a set of all
the ground terms that have been defined with the help of function symbols out of
constants occurring in formulas of Fx (X).

Definition F.3 A fact is a ground term.

Definition F.4 A working memory WM is a set of facts. In other words, a working
memory VWM is a subset of the Herbrand universe H.

Definition F.5 A (positive) pattern is a term p € 75 (X), and a negative pattern is a
term of the form —p. A set of positive and negative patterns is denoted as P = PTUP~
and it is called the set of patterns.

Definition F.6 Let S be a set of facts. A pattern of updating PU of a set of facts S is
a pair PU = (rem, add), where rem = {r : r € T5(X)} is a set containing patterns
of the terms that should be removed from the set of facts, add = {a : a € Tx(X)} is
a set containing patterns of the terms that should be added to the set of facts.

Definition F.7 A rule is a triple
(R, COND, ACT), where

R € R is the rule label,

COND is of the form (P, ¢), where P is the set of patterns, ¢ is a formula such
that F'V (¢) C Var(P),

ACT = (rem, add) is a pattern of updating a working memory YWWM such that:
Var(rem) € Var(P") and Var(add) € Var(PT).

COND is called a condition (antecedent) of the rule, and ACT an action (consequent)
of the rule. A rule can be written also in the form:

R : IFCOND THENACT.

Definition F.8 Let S be a set of facts, P = Pt U P~ be a set of patterns. P matches
S according to a theory 7 and a substitution o, denoted P* <7 § iff the following
condition is fulfilled.

Vp e PT3teSo(p) =1 t.
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P~ mismatches S according to a theory 7, denoted P~ &7 S iff the following
condition is fulfilled.
Y—p e P VteSVoo(p) #71 t.

Definition F.9 Let o be a substitution, WWM be a working memory, WM C WM.
A rule (R, COND, ACT), where COND = (P, ¢), ACT = (rem, add), (o, WM)-
matches the working memory VWM iff the following conditions are fulfilled.

o Pt &5 WM,
e P~ L7 WM,
e T = o(¢), where WM ' is the minimal subset of WM.

Definition F.10 Let a rule (R, COND, ACT), COND = (P, ¢), ACT = (rem, add),
(0, WM )-matches the working memory WM. An application of this rule is a
modification of the working memory WM defined in the following way.

WM = WM\o(rem)) U o(add).

An application of arule is denoted by WM = WM. A sequence of rule applications
is denoted by WMy = WM = --- = WM,,.

Definition F.11 Let YW M be a working memory, R be a set of rules, WM < WM.
A set

CS ={(R, WM) : IR, COND,ACT) € R
such that (o, WM')-matches WM}
is called a set of conflicting rules of R for the working memory WM.

Definition F.12 A conflict resolution method CRM is an algorithm, which, for a
set of rules R and a sequence of rule applications,

WMy = WM = - = WM,,

computes a unique element of a set of conflicting rules of R for the working memory
WM,,.

Definition F.13 A generic rule-based system GRBS is a quadruple:
GRBS = WM, R,CRM,T), where

WM is a working memory,

‘R is a set of rules, called a rule base,
CRM is a conflict resolution method,
7T is a pattern matching theory.
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One can easily notice that the model presented above [52] is very formal. In
practice, rule-based systems are constructed according to such a formalized model
very rarely. Firstly, conflict resolution methods usually concern a single application of
arule. Secondly, facts belonging to a working memory YW M and patterns belonging
to a set P are of the form f (¢, ...1,), where t;,i = 1, ..., n are symbols of variables
or constants (for facts, only constants), f is a function symbol. Moreover, a set of
patterns P is usually not defined explicitly in a rule antecedent COND = (P, ¢).
Instead, patterns occur in a formula ¢ and a module of rules’ matching extracts them
from ¢. A formula ¢ is a conjunction of literals.'® A matching process is usually
of the form of syntactic pattern matching, which means that a theory 7 is empty.
Frequently, an application of a rule action ACT is defined as a replacement of a
constant ¢ by a constant ¢, in a ground term f,,,(c1, ..., Ck, . . ., Cn), Which results
in obtaining a ground term f;,(cy, ..., Cky - - -, ¢,)."7 Thus, we can simply define an
action ACT as an assignment f* := . Of course, an action can be a sequence of
such assignments.

Taking into account such simplifications,'® a rule-based system can be defined as
a triple:

RBS = WM, R,CRM),

where WM, R, CRM are of the simplified form discussed above.

Our considerations above concerned rules of a declarative type. Such rules only
modify the working memory. If we construct a control (steering) rule-based sys-
tem, we define also reactive rules that influence the system external environment.'”
Modeling such a system with the formalism presented above, we can assume that an
execution of a reactive rule consists in changing a “control (steering) term” in the
working memory. Then, a specialized module of the system interprets such a term
and calls a proper procedure contained in a library of control procedures.

F.2 Logical Reasoning—Selected Notions

An inference is a reasoning that consists in acknowledging a statement to be true
assuming some statements are true. In logic, an inference is made with the help of
rules of inference.

16Notions concerning FOL are introduced in Appendix C.

17 According to the formalism presented, we could simulate such an operation as removing the first
ground term from the working memory and adding the second one.

180f course, some rule-based systems cannot be simplified in such a way. For example, an expert
system mentioned in Chap.9 and developed by the author operates on graphs. Thus, in this case
assuming the “shallow” (one-level) form of terms is impossible.

19 An action of a reactive rule can be of the form of a command, e.g. open_valve(V34).
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A rule of inference is usually defined in the following form:

where Ay, A,, ..., A, are statements assumed to be true, whereas B is a statement
we acknowledge to be true, or in the form:

A15A27 ~~7An
B .

A notation introduced above can be interpreted as follows: “If we assume that
statements represented with expressions Ay, Aa, . .., A, are true, then we are allowed
to acknowledge a statement represented with an expression B is true”.

The three following basic types of reasoning can be distinguished in logic.
Deduction is based on the modus ponendo ponens rule, which is of the form:

ifA, then B
A
B

Thus, deduction is a type of reasoning, in which on the basis of a certain general rule
and a premise we infer a conclusion.
Abduction is based on the rule of the form:

ifA, then B
B
A

In abductive reasoning we use a certain rule and a conclusion (usually a certain (em-
pirical) observation) to derive a premise (usually interpreted as the best explanation
of this conclusion).

From the point of view of logic only deduction is reliable reasoning.

(Incomplete) induction® (in a sense, induction by incomplete enumeration) can be
treated as a special case of abduction. It consists in inferring a certain generalization
about a class of objects on the basis of premises concerning some objects belonging
to this class. In the simplest case induction can be defined in the following way [2]:

201n this appendix we do not introduce all types of induction (e.g. induction by complete enu-
meration, eliminative induction), but only such a type that relates to methods described in this
book.
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@ 4
if A, then B
B
(b)
oA C oA A
R QLA e
°B
(©) C' A
oif A, then B o if A, then B REGRESSIVE
C E— _— DEDUCTION
*B(?) °B B(T)

Fig. F.1 Two kinds of deduction: a the inference rule for deduction, b a progressive deduction,
¢ a regressive deduction

SiisP
Sz is P

S, is P
everySisP

Now, let us notice that two kinds of deductive reasoning can be distinguished.

e In progressive deductive reasoning we start from true premises and we infer on
their basis. In other words, a reason is given and a consequent is to be derived (cf.
Fig. F.1b). Every computation (including a symbolic computation) is of the form
of progressive deduction. (The final conclusion being the result of the computation
is formulated at the end.)

e In regressive deductive reasoning we start from a consequent to be inferred and
we look for true premises, which can be used for proving the consequent. As is
shown in Fig. F.1c, a consequent is given and a reason is looked for.



Appendix G

Formal Models for Artificial Intelligence
Methods: Mathematical Similarity Measures
for Pattern Recognition

As we discussed in Chap. 10, the idea of similarity of two objects (phenomena) is a
fundamental one in the area of pattern recognition and cluster analysis. Firstly we
introduce mathematical foundations for defining similarity measures, then we survey
the most popular measures.

G.1 Metric and Topological Spaces

Let us introduce basic notions concerning metric and topological spaces [294].

Definition G.1 Let X be a nonempty set. A metric on a set X is any function?!
p: X x X — R, fulfilling the following conditions.

1. Vxe X :p(x,y) =0iffx = y.

2. Vx,ye X : p(x,y) = p(y, x).

3. Vx,y,z€ X1 px,2) < p(x,y) + p(y, 2).

Definition G.2 If p is a metric on a set X, then a pair (X, p) is called a metric space.

Elements of a metric space (X, p) are called points. For any x, y € X, a value p(x, y)
is called a distance between points x and y.

Definition G.3 Let (X, p) be a metric space. A ball (open ball) of a radius r > 0
and centered at a point a € X is a set:

K(a,r)={xe X :pla,x) <r}.

Definition G.4 Let (X, p) be a metric space. A set U C X is called an open set iff
every point of a set U is included in a set U together with some ball centered at this
point, i.e.

VxeU3r>0: K(x,r)C U.

2R, = [0, +00).
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Definition G.5 Let X be a nonempty set, 7 be a family of subsets of X. The family
T is called a topology for X, if it fulfills the following conditions.

e . XeT.
o A finite intersection of elements of 7 is the element of 7.
e An arbitrary union of elements of 7 is the element of 7.

Definition G.6 If7 isatopology foraset X, thena pair (X, 7) is called a ropological
space. The members of 7 are called open sets in (X, 7).

G.2 Metrics Used in Pattern Recognition

In pattern recognition and cluster analysis selection of an adequate metric is essential
for the effectiveness of the method constructed. Now we present the most popular
metrics in this area.

Definition G.7 The Minkowski metric p, is given by the formula:
n 1/p
pp(x,y) = (Z i — yz'lp) .
i=1

For cases p = 2 and p = 1 of the Minkowski metric, the following metrics are
defined.

Definition G.8 The Euclidean metric p, is given by the formula:

p(x,y) =

n
Z lxi — yil*.
i=1

Definition G.9 The Manhattan metric p; is given by the formula:

n
P y) =D 1 — il
i=1
If p — o0, then the following metric is received.
Definition G.10 The Chebyshev metric p is given by the formula:
Poo(x,y) = max {|x; — yil}.
1<j<n
In order to illustrate the differences among metrics (Euclidean, Manhattan, Cheby-

shev), balls of radius 1 centered at a point having coordinates (0, 0) (unit balls) are
shown in Fig. G.1.
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(a) X2 4 (b) XZ 4 (C) XZ A
1 1 1

- 0 4 R 0 4 R 0 4
AN VO i
-1

-1 -1

Fig. G.1 Unit balls constructed with various metrics: a Euclidean, b Manhattan, ¢ Chebyshev

The metrics introduced above are used primarily for the recognition of patterns,
which are represented by vectors of continuous features. If patterns are represented
with binary feature vectors or with structural/syntactic descriptions, then metrics of
a different nature are applied. Let us present such metrics.

In computer science and artificial intelligence the Hamming metric [124] plays an
important role. For example, we introduced this metric discussing Hamming neural
networks in Chap. 11. Let X7 be a set of terminal symbols (alphabet).?

Definition G.11 Let there be given two strings of characters (symbols): x =
XX .. X, Y =Y1¥2...yn € X5 LetH = {x;,i =1,...,n:x; # y;}. Adistance py
between strings x and y in the sense of the Hamming metric equals py (x,y) = |H|,
where |H| is the number of elements of a set H.

In other words, the Hamming metric defines on how many positions two strings differ
one from another.

The Levenshtein metrics [104, 179] are generalizations of the Hamming metric.
Let us introduce them.

Definition G.12 Let there be given two strings of characters (symbols): x, y € 7. A
transformation F : ¥ — X7 such thaty € F(x) is called a string transformation.
Let us introduce the following string transformations.

1. A substitution error transformation Fg: nian, —>Fs mbma,b € Xr,a #b,
n, M € TF.

2. A deletion error transformation Fp: nyam, — ™ mma € Sy, m, m € 7.

3. An insertion error transformation Fy: nin, — 1 mama € Xr,n1, M € L3

Definition G.13 Let there be given two strings of characters (symbols): x,y € 7.
A distance p; between strings x and y in the sense of the (simple) Levenshtein metric
is defined as the smallest number of string transformations Fs, Fp, F; required to
obtain the string y from the string x.

Before we introduce generalizations of the simple Levenshtein metric, let us notice
that in computer science sometimes we do not want to preserve all the properties of

22Notions of formal language theory are introduced in Appendix E.
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a metric formulated in Definition G.1. Therefore, we use some modified versions of
the notion of metric.

e A pseudometric does not fulfill the first condition of Definition G.1. Instead, the
following condition holds: Vx € X : p(x, x) = 0, but it is possible that p(x, y) = 0
for some x # y.

e A quasimetric does not fulfill the second condition (symmetry) of Definition G.1.

o A semimetric does not fulfill the third condition (the triangle inequality) of Defi-
nition G.1.

In the following definitions we call all these modified versions, briefly, a metric
[104].

Definition G.14 Let there be given two strings of characters (symbols): x, y € 3.
Let us ascribe weights «, 3, y to string transformations: Fy, Fpp, F, respectively. Let
M be a sequence of string transformations applied to obtain the string y from the
string x such that we have used sy, substitution error transformations, dj, deletion
error transformations and iy, insertion error transformations.

Then, a distance pyw7r between strings x and y in the sense of the Levenshtein
metric weighted according to a type of an error is given by the following formula:

pPLwTE(X, y) = nEn{a sy A Bdy 4+ iu).

Let us note that if the weight of a deletion error transformation 3 differs from the
weight of an insertion error transformation v, then the Levenshtein metric weighted
according to the type of an error is a quasimetric.

Definition G.15 Let S(a, b) denote the cost of a substitution error transformation
described as in point 1 of Definition G.12, S(a, a) = 0, D(a) denote the cost of a
deletion error transformation described as in point 2 of Definition G.12.

Let I(a, b) denote the cost of the insertion of a symbol b before a symbol 4, i.e.

F
man, —> mbama, b € r, i, m € T,

and, additionally, let I’(b) denote the cost of the insertion of a symbol b at the end
of a word.

Let M be a sequence of string transformations applied to obtain the string y from
the string x, where x, y € X7, and ¢(M) denotes the sum of costs S, D, I, I of all the
transformations of a sequence M.

Then, a distance pywp between strings x and y in the sense of the Levenshtein
metric weighted with errors is given by the following formula:

pLwe(x,y) = H}‘}H{C(M)} .
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Formal Models for Artificial Intelligence
Methods: Mathematical Model of Neural
Network Learning

When we discussed neural networks in Chap. 11, we introduced the basic model of
their learning, namely the back propagation method. In the second section of this
appendix we present a formal justification for the principles of the method. In the
first section we introduce basic notions of mathematical analysis [121, 122, 237]
that are used for this justification.

H.1 Selected Notions of Mathematical Analysis

Firstly, let us introduce notions of vector space and normed vector space.

Definition H.1 Let V be a nonempty set closed under an addition operation +, and
K be afield. Let - be an external operation of the left-hand side multiplication, i.e. it
is a mapping from K x V to V, where its result for a pair (a, w) € K x V is denoted
a - w, briefly aw.

A vector space is a structure consisting of the set V, the field K, and operations
+, -, which fulfils the following conditions.

The set V with the operation + is the Abelian group.

VYa,b e K,w € V:a(bw) = (ab)w.

VYa,be K,w e V: (a+ b)w = aw + bw.

Vae K,w,ue V:a(w+u) =aw+ au.

Vw e V:1-w =w, where 1 is the identity element of multiplication in K.

Definition H.2 Let X be a vector space over a field K. A norm on X is a mapping
Il - || : X — R, fulfilling the following conditions.

e Vx € X: ||x|| =0 < x =0, where 0 is the zero vector in X.
e Vx e X, A € K: || Xx|| = |A] - ||x]|-
o Vx,y € X:[lx+yll < llxll + Iyl
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Definition H.3 Let || - || be a norm on a vector space X. A pair (X, || - ||) is called a
normed vector space.

Further on, we assume X is a normed vector space.
Now, we can define directional derivative, partial derivative and gradient. Let
U C X be an open subset of X.

Definition H.4 Let there be given a function f : U — R and v # 0 the vector in
X. If there exists a limit of a difference quotient

li
h—0 h

. fla+hv) —f(a)
m—,

then this limit is called a directional derivative of the function f along the vector v
at the point a, denoted 0,f (a).

Let X = R”, and vectors e; = (1,0,0,...,0),e; = (0,1,0,...,0),...,¢e, =
(0,0,0,...,1) constitute a canonical basis for a space X. Let U C X be an open
subset of X.

Definition H.5 If there exist directional derivatives O,,f(a), O.,f(a), ..., O, f(a)
of a function f : U — R along vectors of the canonical basis ey, e, ..., e,,
then they are called partial derivatives of the function f at the point a, denoted
of of of
a—x](a), 8_)Q(a)’ T o (a).

Letf : U — R be a function, where the set U C R”" is an open set. Let us

assume that there exist partial derivatives: a—f(a), a—f(a), R a—f(a) at the point
Ox Oxy 8xn
aelU.
Definition H.6 A vector
of of af
\Y ={— — . R".
f(a) ( ox, (a), 0% (@, ..., ox, (@))€

is called a gradient of the function f at the point a.

Theorem H.1 At a given point, a directional derivative has the maximum absolute
value in the direction of the gradient vector.

Thus, a function increases (or decreases) most rapidly in the gradient direction.
We will make use of this property in the next section.

H.2 Backpropagation Learning of Neural Networks

In this section we introduce a formalization of the backpropagation method of neural
network learning [252], which was presented in an intuitive way in Chap. 11. Firstly,
let us discuss its general idea.
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We learn a neural network, i.e. we modify its weights, in order to minimize an
error function of a classification of vectors belonging to the training set. All the
weights of a neural network are variables of this function. Let us denote this function
with E(W), where W = (W, W,, ..., Wy) is a vector of weights of all the neurons.
At the j-th step of a learning process we have an error E(W(j)), briefly E(j). This
error will be minimized with the method of steepest descent, which can be defined
in the following way.

W@+ 1) = W() — aVEW())), (H.1)

OE(j)) OE()) OE(j)
OWL()" OWL()" T OWN ()

where VE(W(j)) = (

E.

Now, let us introduce denotations according to those used in Chap.11. N"®
denotes the k-th neuron of the r-th layer. Let us assume that a network consists of L
layers, and the r-th layer consists of M, neurons. The output signal of the k-th neuron
of the r-th layer at the j-th step of learning is denoted with y?® (j). The input signal
at the i-th input of the k-th neuron of the r-th layer at the j-th step of learning is
denoted with X" (j), and the corresponding weight is denoted with W, ® (j).

Let us define a function E as a mean squared error function at the output of the
network, i.e.

) is a gradient of the function

|
EG) = 5 2 @™ () =y D" G)?, (H.2)
m=1

where 4" (j) is a required output signal for the m-th neuron of the L-th layer at the
Jj-th step.

First of all, let us define a formula for a value of the i-th weight of the k-th neuron
of the r-th layer at the (j 4 1)-th step of learning. From formulas (H.1) and (H.2) we
obtain

OE(j)
OE(j) A M® ()

W»(r)(k)(i + 1) — W'(V)(k) (]) —«

_wO® )
=W ) —a QOB () gw OBy (H.3)
OE())
_wk 9B sow
- Wi (]) aav(’)(k) (]) Xi (]) .
Now, let us introduce the following denotation in the formula (H.3)
OE(j)
NE 7y —
§ () = Go® () (H.4)

Then, we obtain the following formula.

W-(r)(k)(j + 1) — W'(V)(k) O) + Oéé(r)(k) (].)Xz(r)(k) (]) ) (HS)


http://dx.doi.org/10.1007/978-3-319-40022-8_11

292 Appendix H: Formal Models for Artificial Intelligence Methods ...

The formula (H.5) is analogous to the formula (11.16) in Sect.11.2 including a
description of the back propagation method.?

At the end of our considerations, we should derive a formula for §® (). Let us
determine it, firstly, for neurons of the input layer and hidden layers.

M1

__OE() __Z OE(j) ()
du® () — QrDm () T PuO® ()

s () = (H.6)

m=1

By applying the formula (H.4) and making use of the formula (11.1) introduced
in Sect. 11.2, we receive

M1

M, (r+1)(m) Ny (r+ 1) (m)
azl':fl ‘/Vir m (])Xir m (])

O® 1y = = § (—grHDm iy
OE }%(5 ) 5B (H7)
From the formula (11.12) introduced in Sect. 11.2 we find that
e Moty (D@ - (G (3
5O (jy = i SO Gy oYW, (Hy™D (j)
OB (j)
Zz:l o (H.8)
' - G )
= (r+1)(m) (r+1)(m) W)
—Z}S GW G0 =5 gy

Let us note that the derived formula (H.8) is analogous to the formula (11.15)
presented in Sect. 11.2.

Deriving the formula (H.8) for the r-th layer, we have made use of parameters
of the (r + 1)-th layer. For the last (L-th) layer we cannot use such a technique.
Therefore, §“®(j) is derived directly on the basis of the formula (H.2).

s0w(jy = —_OED 93 D @™ ) = y P ))?
Qv L& (f) D (j)
PRGICYE
= W) -y S (H.9)
OF (VD) (i
=w®m—wwmyé%ﬁ%¥.

Again, let us notice that the formula (H.9) is analogous to the formula (11.14)
introduced in Sect. 11.2.

231n Sect. 11.2 we have analyzed (only) two steps of learning. The first step corresponds to the (j)-th
step of our considerations in this section. The second step (the “primed” one) corresponds to the
(j+ 1)-th step of our considerations here. A parameter « corresponds to a learning rate coefficient 7).
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Appendix I

Formal Models for Artificial Intelligence
Methods: Mathematical Models for Reasoning
Under Uncertainty

In the first section fundamental notions of measure theory [251] are introduced in
order to define probability space [118, 119], which is a basic definition of probability
theory. The Bayesian model [119], which is a basis for constructing probabilistic
reasoning systems described in Chap. 12,2* is introduced in the second section. The
third section contains basic notions [67, 271] of the Dempster-Shafer theory.

I.1 Foundations of Measure Theory and Probability
Theory

Let us begin with fundamental definitions of measure theory, i.e. o-algebra, measur-
able space, measure, and measure space.

Definition I.1 Let ©2 be a nonempty set (called a sample space), 2T a family of
subsets of 2. A family 91 is called a o-algebra on the set Q2 iff it fulfills the following
conditions.

e eI
o IfA e 9N, then 2 N A € M.
° IfA],Az,A3, ... € 9:)1, then U?ilAi e M.

Definition 1.2 Let 91 be a o-algebra on €2. The pair (€2, 9) is called a measurable
space.

If a set A belongs to a g-algebra 91, then we say that A is 9t-measurable, or simply
measurable, if it is clear what the underlying o-algebra is.

Definition 1.3 Let 9t be a family of subsets of a set 2. Let o (9)1) be the intersection
of all o-algebras on 2 containing 91. Then o (9N) is a o-algebra on Q2 containing

24This model is also used for defining statistical pattern recognition algorithms, discussed in
Chap. 10.
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M. o (M) has the following property: if N is a o-algebra on 2 containing 91, then
a(M) C N. o(IM) is called a o-algebra on Q generated by the family N>

Definition 1.4 Let 97 be a o-algebra on a set Q2. A function
w3 — R U {oo}

is called a measure iff it satisfies the following conditions.

e ForeachsetA € M: pu(A) > 0.
e u(?)=0.
o If Ay, Ay, A, ... € M are pairwise disjoint, then u(Jo; A) = Do p(A).

Definition 1.5 Let (€2, 27) be ameasurable space, 1+ a measure. The triple (2, 91, 1)
is called a measure space.

Definition 1.6 A measure space (2, F, P) is called a probability space iff a measure
P fulfills the following condition P(£2) = 1.

The set 2 is called the space of elementary events. The family of sets F contains sets
of events that we want to analyze. Each such a set consists of elementary events. The
function (measure) P is called a probability measure, and a number P(A), A € F is
called a probability of an event A.

I.2 Bayesian Probability Theory

After defining notions of probability space, space of elementary events and proba-
bility of an event, we can introduce the foundations of Bayesian probability theory.

Definition 1.7 Let (2, F, P) be a probability space, B € F an event, P(B) > 0. A
conditional probability of an event A € F, assuming the event B has occurred, is
given by a formula

P(ANB)

P(A|B) = 5B

Now we introduce the total probability theorem.

Theorem 1.1 Let (2, F, P) be a probability space. Let events By, By, ...,B, € F
fulfill the following conditions.

e P(B;)) >0, foreachi=1,2,...,n.
e BN B; =, for each i and j such that i # j.
L J B]UBzu-“UBn:Q.

BWe say that o (9) is the smallest o-algebra on Q2 containing the family 9.
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Then for each event A € F the following formula holds

P(A) =D P(A|B) - P(By).

i=1

The following theorem, called Bayes’ rule, results from the total probability theorem
and a definition of conditional probability.

Theorem 1.2 Let the assumptions of Theorem 1.1 be fulfilled. Then the following
formula holds
P(A|By) - P(By)

P(B|A) = ST P@AIB)-PB)’

foreachk =1,2,...,n

At the end of this section we define independence of events and conditional
independence of events.

Definition 1.8 Let (2, F, P) be a probability space. Events A, B € F are indepen-
dent iff the following condition holds

P(ANB) =P(A) - P(B).
If P(B) > 0, then this condition is equivalent to
P(A|B) = P(A).

A notion of independence can be extended to any finite collection of events.

Definition L9 Let (2, F, P) be a probability space. Events Ay, ..., A, € F are
(mutually) independent iff for any sub-collection of k events 4, .. ., A;, the follow-
ing condition holds

PA,N---NA,)=PA;,) - P(A;).
Definition 1.10 Let (2, 7, P) be a probability space, A,B,C € F,P(C) > 0.
Events A, B are conditionally independent given an event C iff the following condition
holds
P(ANB|C) = P(A|C) - P(B|C).
This condition is equivalent to

P(A|BN C) = P(A|C).

Similarly to a notion of independence, a conditional independence can be extended
to any finite collection of events.
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I.3 Basic Notions of Dempster-Shafer Theory

In this section we introduce the basic notions of the theory of belief functions used
in Sect. 12.2.

Definition .11 Let ® be a set of mutually exclusive events, called a universe of
discourse (a frame of discernment). A function m : 2° — [0, 1] is called a basic
belief assignment (a mass assignment function) iff it fulfills the following conditions.

o m(®) =0.
o Sicom@A) = 1.

Definition 1.12 A function Bel : 2° — [0, 1] is called a belief function iff

Bel(A) = Z m(B)

B:BCA
foreach A C ©.

Definition I.13 A function P/ : 2° — [0, 1] is called a plausibility function iff

PlA)= > m(B)

B:BNA#)

for each A € ©®. A plausibility function can be defined on the basis of a belief
function in the following way:

PI(A) = 1 — Bel(A),

where A is a complement of the set A.
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Appendix J

Formal Models for Artificial Intelligence
Methods: Foundations of Fuzzy Set and Rough
Set Theories

The basic definitions of fuzzy set theory [321] and rough set theory [216], introduced
in Chap. 13 for defining imprecise (vague) notions, are contained in here.

J.1 Selected Notions of Fuzzy Set Theory

Basic notions of fuzzy set theory such as fuzzy set, linguistic variable, valuation in
fuzzy logic are introduced. Then selected definitions of the Mamdani fuzzy reasoning
[191] (fuzzy rule, fuzzification operator, Mamdani minimum formula of reasoning,
center of gravity of membership function) are presented.

Definition J.1 Let U be a nonempty space, called a universe of discourse. A set A
in the space U, A C U, is called a fuzzy set iff

A= {(x, ps(x)) : x € U},

where
pa s U —> [0, 1]

is a membership function, which is defined in the following way

0, xX¢A,
pa(x) = 11, x €A,
s,s € (0,1), x belongs toA with a grade of membership s.
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Definition J.2 A linguistic variable®® is a quadruple
L= (N,T,U, M), where

N is a name of the variable,

T is a set of possible linguistic values for this variable,

U is a universe of discourse,

M is a semantic function that ascribes a meaning M (¢) for every linguistic value
t € T; ameaning is represented with a fuzzy set A € X.

Definition J.3 Let there be given propositions P: “x is P”” and Q: “x is Q”, where P
and Q are vague notions with fuzzy sets P and Q ascribed to by a semantic function.
Let pup and pp be their membership functions, respectively. A valuation in fuzzy
propositional logic is defined with the help of the truth degree function T in the
following way.

T(P) = pip ().
T(—=P)=1-T(P).

TP AQ)=min{TP), T(Q)}
TPV Q) =max{T(P), T(Q)}.
TP = Q) = max{T(—P), T(Q)}.

Now, we introduce selected notions of the Mamdani model of reasoning®’
Definition J.4 A rule (R, CONDF, ACT*) is called a fuzzy rule iff:
COND"is of the form :  xfisA} A - A xFisAk,
where xl’f, i =1,...,nis alinguistic variable, Aff, i=1,...,nis alinguistic value,
ACT* is of the form : yFis BY,
where y is a linguistic variable, B is a linguistic value.?®
Definition J.5 Let X C R be a domain of a variable x. A singleton fuzzification

operation of a value X of a variable x is a mapping of a value X to a fuzzy setA C X
with a membership function given by the following formula:

26There are several definitions of linguistic variable. In its original version [322] linguistic variable
was defined on the basis of context-free grammar. However, because of the complex form of such
a definition, nowadays a linguistic variable is defined with a set of linguistic values explicitly. We
assume such a convention in the definition.

2TWe assume a definition of a rule as in Appendix F.

28The definition concerns rules for which a condition is of the form of a conjunction and a consequent
is a single element (i.e., of the form of a canonical MISO). In practice, fuzzy rules can be defined
in such a form (with certain assumptions).
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. 1, x=xXx,
X) =
H4 0, otherwise.

In order to define fuzzy reasoning, we introduce firstly a concept of fuzzy relation.

Definition J.6 Let X, Y be nonempty (non-fuzzy) sets. A fuzzy relation R is a fuzzy
set defined on the Cartesian product X x Y such that

R= {((X»Y), MR()C:)’)) Z_XGX,yG Y, /’LR:XX Y — [071]}

Definition J.7 Let X, Y be sets, A € X, B C Y be fuzzy sets with membership
functions p4 and pp. A result of fuzzy reasoning from A to B in the Mamdani model
according to a minimum rule®® is a fuzzy relation on X x Y, denoted A — B, in
which a membership function is defined with the following formula

pa—p(x,y) = min{p, (x), up(y)}.

Definition J.8 Let A € X C R be a fuzzy set with a membership function p4. A
defuzzification operation with the help of a center of gravity consists in ascribing a
value X to a set A according to the following formula

S Xpa(x) dx
fX /J“A(x) dx '

X =

assuming the existence of both integrals.

J.2 Selected Notions of Rough Set Theory

Let U be a nonempty space containing objects considered, called a universe of dis-
course, A be a finite nonempty set of attributes describing objects belonging to U. For
every attribute a € A let us define a set of its possible values V,, called the domain
of a. Let a(x) denote a value of an attribute a for an object x € U.

Definition J.9 Let B C A. A relation Iy € U x U is called a B-indiscernibility
relation iff it fulfills the following condition.

(x,y) € Ig & VYa € B:a(x) = a(y),

for every x, y € U. We say that objects x, y are B-indiscernible.

29Such a somewhat complicated formulation is used by the author in order to avoid naming the
formula: a fuzzy implication A — B. The Mamdani minimum formula, although very useful in
practice, does not fulfil a definition of fuzzy implication.
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Since a relation Ip is an equivalence relation, it defines a partition of a universe U
into equivalence classes. Let us introduce the following definition.

Definition J.10 Let /3 be a B-indiscernibility relation in a universe U, x € U. A
B-elementary set [x];, is the equivalence class of an object x, i.e.

[xl, ={y e U: (x,y) € Ip}.
LetX C U.
Definition J.11 A B-lower approximation of the set X is a set
BX ={xeU:[x], € X}
Definition J.12 A B-upper approximation of the set X is a set
BX ={xeU:[x],NX #0}.
Definition J.13 A B-boundary region of the set X is a set
BpounnX = BX\BX.
Definition J.14 The set X is called a B-rough set iff the following condition holds
BX +# BX.
Definition J.15 The set X is called a B-exact (B-crisp) set iff the following condition
holds B
BX = BX.
Definition J.16 Letcard(Z) denote the cardinality of a nonempty setZ. A coefficient
of an accuracy of approximation of the set X with respect to a B-indiscernibility

relation is given by the following formula

card(BX)

x) = 2
25 (X) card(BX)
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