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Preface

like the geometer who strives to square the circle and cannot 
find by thinking the principle needed, was I at that new sight…

—DANTE, Paradiso

�Why Write This Book?

Like many of us, I was born a naïve realist, believing that our senses provide us with 
direct awareness of and access to objects as they really are. Psychologists and phi-
losophers, including Jean Piaget, Tom Bower, Alison Gopnik, and Clark Glymour, 
have chronicled the developmental processes that normal children take toward 
knowing themselves and their world. Through experimentation, exploration, and 
just being alive, we discover that objects still exist when they disappear from sight, 
that intention, desires, and emotion are important, and that throwing food off a high-
chair can teach us about parents’ frustration levels as well as simple physics, for 
example, that some things bounce!

Being brought up in a religious environment was also a component of coming to 
know the world. The deity, accepted myths, saints, all of these were part of what was 
“real.” And importantly, these beliefs carried me through my early formative years. 
And the supporting love of family and a close circle of friends sustained my matur-
ing worldview.

At some time, however, the critical questions come to a necessary focus, almost 
like fruit ripening: How do you know what is real? How can you make judgments 
about alternate truths? How can you explain the disparate “true beliefs” of others in 
a complex world? If a person is to live a mature life, does it require being committed 
to something? Plato has suggested that the unexamined life is not worth living.

Some of the maturational cracks came while taking mathematics courses. What 
exactly IS the square root of 2? Or pi? It can easily be shown that the square root of 
2 is not a rational number, i.e., a fraction. (Suppose the root of 2 is a fraction and is 
represented by the integers p/q, where p and q have no common factors. Then 
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squaring both sides gives 2 = p2/q2 or 2 * q2 = p2, or q2 is ½ of p2, which contradicts 
the no common factors assumption). If the square root of 2 is not a fraction, what is 
it? Why are fractions called “rational” anyway? Does “irrational” mean that we can-
not understand what the number is? It turns out the square root of 2 is a very impor-
tant abstraction. We created this abstraction because it is useful.

Philosophy courses, during more than a decade of Jesuit education, were also an 
important component of coming to understand the world. Reading Plato and 
Aristotle was great fun; after Plato’s cave gadanken experiment in the seventh book 
of The Republic, rationalism was an obvious worldview to espouse. But there were 
always the haunting viewpoints of the Skeptics and Epicureans as part of the back-
ground noise. Augustine, Aquinas, and Descartes only confirmed a rationalist per-
spective, with a God playing an essential role in the mind/body composition of the 
human persona.

The enlightenment was just that. It started off comfortably with Descartes’ 
Meditations, the cogito ergo sum, and an assumption of a benevolent God who 
made a coherent world possible. But Berkeley, Hume, Spinoza, and Kant soon 
changed the entire philosophical discourse. Of course, any perspective on the world 
must come through the senses, even seeing and touching are mediated by the physi-
ological and emotional constraints of the human system as noted by Maturana and 
Verala. Perhaps conditioning over time makes some associations linking percep-
tions possible? What is there “outside” of us and how could we know it? The con-
curring question, of course, is what is there “inside” of us and how could we possibly 
know that either? Hume’s arguments demolished the naive understanding of causal-
ity as well as any possible coherent proofs for the existence of a God.

Heidegger, Husserl, and the existentialist tradition proposed self-creation through 
actualizing oneself in space and time. As Sartre proposed, existence precedes 
essence, which means that first of all we are individuals, independently acting, and 
responsible agents. We are always beings in process, starting from a state of disori-
entation and confusion and moving toward freedom and authenticity. In important 
ways, these many philosophical positions, along with a growing experience of love, 
responsibility, and the embrace of society, began to open up a possible path toward 
intellectual and emotional maturity.

American pragmatists also played a central role. Although lacking any epistemic 
foundation other than what was useful, pragmatists point out that life, learning, and 
judgments are always about something. As William James suggests, religion is 
good if it produces a better life for those practicing it. The pragmatist offers impor-
tant constraints for a rationalist view of the world: Are pure and distinct ideas a good 
in themselves, or must they be seen as components of some useful purpose?

But utility in itself is a very slippery criterion for judging the real, and one per-
son’s useful goals can easily contradict those of others. Among the pragmatist writ-
ers, C.S. Peirce stands out, especially his discussions about abductive inference or 
“reasoning to the best explanation.” Although Peirce himself was not very coherent 
about what algorithms might support abduction, Bayesian inference and the insights 
of Judea Pearl, as we see in Chaps. 7 and 8, offer a cogent beginning.
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There were important challenges here. The existentialist tradition, along with 
American pragmatism’s lack of what I considered epistemic grounding, sup-
ported a postmodern and poststructuralist skepticism. On this viewpoint, the very 
bedrock on which Western cultures had based their ideas of knowledge, truth, and 
meaning are brought under scrutiny. A nihilist relativism seemed to permeate the 
ideas and promise of humanism and the enlightenment.

At the same time, the logical positivist tradition of Carnap, Russell, Frege, and 
others emerged. This tradition supported building foundations for logic and philoso-
phy. Besides the mathematical components of logical positivism, there was the pro-
posal by philosophers including Popper and Kuhn of the utility and critical 
importance of the scientific method as a medium for coming to understand our-
selves and the world.

While finishing a graduate program in mathematics, I happened on Norbert 
Weiner’s book Cybernetics, and although I did not fully appreciate it at the time, I 
was headed toward a computational vision of the world. I began my PhD work at the 
University of Pennsylvania soon afterword and was very pleased to be in an inter-
disciplinary program in the School of Arts and Sciences. My interest areas included 
mathematics, computer science, linguists, and psychology, and I worked with my 
advisors to select a PhD committee and an interdisciplinary program of study.

A favorite graduate student book was Thomas Kuhn’s The Structure of Scientific 
Revolutions. We students explored Kuhn’s ideas, not just because, with the energy 
of youth and ideas, we might be part of such a revolution, but more importantly 
because Kuhn clearly delineated the processes of science. Besides my education at 
Penn, I was a fan of Herbert Simon and Allen Newell’s research projects at Carnegie 
Mellon University that focused on using computational techniques to better under-
stand human problem-solving performance. Their book, Human Problem Solving, 
is still on my shelf. I also was fortunate to be able to visit their research labs several 
times during my early research years. My own dissertation involved using the state-
space technology, taken from representations used in computing, to describe aspects 
of human problem-solving behavior.

The University of Pennsylvania as well as the Newell and Simon research 
launched me fully into the domain of artificial intelligence. In 1974, I obtained a 
four-and-a-half-year postdoctoral research position in the Department of Artificial 
Intelligence at the University of Edinburgh in Scotland. Edinburgh was at that time, 
and still is, at the heart of AI research in Europe. A strength of the University of 
Edinburgh’s AI Department was its interdisciplinary flavor. I was able to work 
actively with faculty and graduate students in the Departments of Psychology, 
Linguistics, and Epistemics, as well as with colleagues in the world class Department 
of Artificial Intelligence.

In 1979, we moved to Albuquerque, where I became a professor of computer sci-
ence at the University of New Mexico, with joint appointments in the Departments 
of Linguistics and Psychology. In the early 1980s, Peder Johnson, a professor of 
psychology, and I began the Cognitive Science graduate program at UNM. In the 
mid-1990s, Caroline Smith, a professor of linguistics, and I began the graduate pro-
gram in Computational Linguistics at UNM. Our interdisciplinary studies included 
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lectures from the UNM Neuroscience and Psychology Departments in a seminar 
called Cognitive and Computational Neuroscience.

One of the exciting by-products of a faculty position at UNM has been the oppor-
tunity to take graduate courses in the Physics Department on neuroimaging, in the 
Psychology Department on issues related to neuroscience, and in the Philosophy 
Department with seminars on Ludwig Wittgenstein, Richard Rorty, and other topics 
in modern epistemology.

I am now professor emeritus at the University of New Mexico. My resume is 
available at https://www.cs.unm.edu/~luger/. My consulting is in natural language 
processing, building web agents, and in using deep learning technologies that ana-
lyze information in very large collections of data.

�The Story

The book is divided into three parts, each containing three chapters. Chapter 1 intro-
duces the art of programming, Alan Turing’s machine, and the foundations of com-
puting, and asks the question of how best to represent complex world situations to a 
machine.

Chapter 2 describes the philosophical background that supports the scientific 
method, modern epistemology, and the foundations for modern computing and arti-
ficial intelligence. These topics are essential for contemplating a modern epistemic 
outlook.

Chapter 3 describes the 1956 Dartmouth Summer Workshop that marked the 
beginning of the artificial intelligence enterprise. Chapter 3 also describes early AI 
research and the origins of the Cognitive Science research community. These first 
three chapters also discuss the nature of AI programming as iterative refinement and 
present the very-high-level language tools that support AI application building.

Part II, Chaps. 4, 5, and 6, introduces three of the four main paradigms that have 
supported research and development in the artificial intelligence community over 
the past sixty plus years: the symbol-based, the neural network or connectionist, and 
the genetic or emergent. Each of these chapters present introductory “programs” 
and describe their applications. These examples are included to demonstrate each 
different representational approach to AI. The chapters also describe several of the 
more recent research and advanced projects in each of these areas. Each chapter 
ends with a critique of the strengths and the limitations of that paradigm.

Part III, the final three chapters, is the raison d’être for the book and presents the 
fourth emphasis in current AI: probabilistic reasoning and dynamic modeling. In 
Chap. 7, a philosophical rapprochement is proposed between the different 
approaches AI has taken, which are seen as founded within the rationalist, empiri-
cist, and pragmatist philosophical traditions. Based on this constructivist synthesis, 
the chapter ends with a set of assumptions and follow-on conjectures that offer a 
basis both for current AI research and for a modern epistemology.
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Chapter 8 presents Bayes’ theorem along with a proof in a simple situation. The 
primary reason for introducing Bayes, and the follow-on technology of Bayesian 
belief networks and hidden Markov models, is to demonstrate a mathematics-based 
linkage between the a priori knowledge of the human subject and a posteriori infor-
mation perceived at any particular time. We see this cognitive quest for equilibrium 
as a foundation for knowing and operating in the world. The last half of Chap. 8 
describes a number of programs, supported by the Bayesian tradition, that capture 
and display these epistemic insights.

Chapter 9 summarizes our project and describes building and adapting models of 
the world through active exploration in the world. We describe the promising future 
of AI as it continues to use the scientific tradition to expand its horizons, explore our 
evolving environment, and build intelligent artifacts. We consider the contemporary 
pragmatist thinking of Wittgenstein, Putnam, Kuhn, and Rorty, and insights from 
cognitive neuroscience all exploring the nature of knowledge, meaning, and truth. 
The book concludes with a critique of postmodern relativism and proposes an epis-
temic stance called an active, pragmatic, model-revising realism.

1 December 2020� George F. Luger   
Albuquerque, NM
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Part I contains three chapters. Chapter 1 introduces the reader to the art of 
programming, Alan Turing’s machine, and the foundations of computing, and asks 
the question of how best to represent complex world situations on a machine.

Chapter 2 describes the philosophical background that supports the scientific 
method, modern epistemology, and the foundations for computing and artificial 
intelligence. These topics are essential for the support of a modern epistemic stance.

Chapter 3 describes the 1956 Dartmouth Summer Workshop that marked the 
beginning of the artificial intelligence enterprise. Chapter 3 also describes early AI 
research and the origins of the Cognitive Science research community. The first 
three chapters also discuss the nature of AI programming as iterative refinement and 
present the very-high-level language tools that support AI application building.

Part I
In the Beginning…
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Chapter 1
Creating Computer Programs: 
An Epistemic Commitment

Everything must have a beginning, to speak in Sanchean 
phrase; and that beginning must be linked to something that 
went before. Hindus give the world an elephant to support it, 
but they make the elephant stand upon a tortoise. Invention, it 
must be humbly admitted, does not consist in creating out of 
void, but out of chaos; the materials must, in the first place, be 
afforded…

—MARY SHELLEY, Frankenstein
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1.1  �Introduction and Focus of Our Story

There are already a number of excellent books available on the history of automat-
ing human intelligent behavior. Their writers, often pointing out the similar actions 
of computers and brains, employ the techniques of computer science and artificial 
intelligence to both better understand many of the mental activities that the human 
brain supports and to create programs critical to human progress.

This book is different. We describe the successful use of the methodologies of 
science and computation to explore how we humans come to understand and operate 
in our world. While humankind’s history of articulating ideas and building machines 
that can replicate the activity of the human brain is impressive, we focus on 
understanding and modeling the practices that accomplishes these goals.

This book explores the nature of knowledge, meaning, and truth through review-
ing the history of science and the human creativity required to produce computer 
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programs that support intelligent responses. This quest is within the domain and 
purview of the study of epistemology.

Epistemology. What is this field of study? Why is it important? How does epis-
temology relate to artificial intelligence? How does the creation of artificial intelli-
gence relate to epistemology? These questions and their answers make up the 
foundation of this book and will be introduced in this first chapter.

Epistemology is the study of how we humans know our world. The word “epis-
temology,” like “psychology” or “anthropology,” has its origin in Greek language. 
There are two roots to the word, επιστεμε, meaning “knowledge” or “understand-
ing,” and λογos meaning “exploration” or “the study of.” Thus, epistemology can be 
described as the study of human understanding, knowledge, and meaning. The 
Stanford Encyclopedia of Philosophy describes epistemology:

Defined narrowly, epistemology is the study of knowledge and justified belief. As the study 
of knowledge, epistemology is concerned with the following questions: What are the 
necessary and sufficient conditions of knowledge? What are its sources? What is its 
structure, and what are its limits? As the study of justified belief, epistemology aims to 
answer questions such as: How are we to understand the concept of justification? What 
makes justified beliefs justified? Is justification internal or external to one’s own mind? 
Understood more broadly, epistemology is about issues having to do with the creation and 
dissemination of knowledge in particular areas of enquiry.

Interestingly, the Greek λογοσ and its Latin translation verbum also mean the 
“rational principle that governs and develops the universe.” On this viewpoint, 
epistemology takes on deeper and more important implications: the study of 
knowledge, meaning, purpose, and truth.

What would a science of epistemology look like? Would there be some basic 
assumptions upon which further conclusions could be constructed? What would 
these assumptions be? Perhaps the negation or the change of an assumption would 
support an alternative epistemology, as we see in modern geometries. Does human 
purpose or pragmatic intent shape meaning? What is truth, and can there be multiple 
truths? What is causality and how can the search for explanations justify beliefs? Is 
a coherent epistemic policy possible or are we condemned to a postmodern position 
of skepticism, subjectivity, and contingency? Before addressing these issues, we 
present an epistemic perspective on computer-based problem-solving in general and 
artificial intelligence in particular.

How does epistemology relate to artificial intelligence? Knowledge, meaning, 
and purpose are certainly critical to building a computer program that, when run, 
results in “intelligent” performance. The important juncture of epistemology and 
building programs that produce intelligent results is a major theme of this book. 
Further, we contend that reflecting on the art of programming a computer offers 
insight into how we humans explore and come to understand the natural world.

Creating any program for a computer requires selecting symbols and program 
instructions, called algorithms, to “capture” the task at hand. There is also a 
continuing process of refining the program until the result produces the desired 
solution. We will call this task-driven selection of symbols and programming 
instructions an epistemic commitment or stance. When this program is intended to 
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reflect aspects of human intelligence, the program’s implicit epistemic stance 
becomes critical. We contend that making explicit this program/epistemic stance 
relationship offers considerable insight into how we humans discover, explore, and 
survive in our world.

Besides choosing symbols and algorithms, program designers also choose “con-
tainers,” called data structures, for organizing these symbols; the program’s algo-
rithms will manipulate both the symbols and the data structures. For example, the 
symbol Cn might represent the cost of an item numbered n from a particular inven-
tory of items for sale; Nn might reflect the number of the items n remaining in inven-
tory. Similarly, ST might represent the current percentage of sales tax for all the 
inventory items.

In this example, the symbols can be contained in an array, a numbered list that 
describes all the parts in the inventory. Each element of the array would be a record. 
The data structure, an array of records, could then be used to index, give the current 
cost, and the number of each item currently in the inventory. This record could even 
provide reorder information. Finally, a sequence of instructions, the algorithm, is 
needed to identify the desired item in inventory (does the algorithm go to each 
element of the array in order to check if it is the desired item or can it go directly to 
the appropriate array element?) The algorithm will then need to decrease by one the 
number of the items remaining in the inventory and calculate for the customer the 
cost of the item, including the sales tax.

Engineering quality software often requires a progressive approximation of the 
desired solution with continuing program revision that better meets task goals. For 
example, when our proposed program attempts to remove an item from the inventory, 
it must be told that, if there are no items remaining in inventory, it cannot sell one to 
the customer, nor can it ever allow a negative number to represent the quantity of an 
item in inventory. A continuing refinement to the inventory algorithm might put 
these two “guards” in the customer cost program and might also add instructions to 
use the supplier information to automatically reorder items when the inventory 
reaches a certain value. The key point here is that as a program is used, its limitations 
are better understood with a newly revised and refined program able to better 
accomplish tasks.

Most programs, especially AI programs, are more complex than this simple 
inventory maintenance example, and most problems discovered in running 
programs, sometimes referred to as bugs, are harder to determine than having a 
negative number that represents an item in an inventory. Nonetheless, selection of 
symbols, structures for data, and program instructions, as well as the iterative 
program refinement process, remains constant across successful program building.

Writing programs for computers is an exercise of representational and algorith-
mic choice, and the programming experience must be viewed from this perspective. 
It follows that selection of the symbols, data structures, and algorithms is an epis-
temic experiment and commitment. These choices can explain both the strengths and 
the limitations of most programming endeavors. From this perspective, we contend 
that exploring this experience of building successful computational artifacts 
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provides an important perspective on the nature of epistemology itself. We explore 
this theme further in Parts II and III.

Selecting symbols, data structures, and algorithms in an effort to capture aspects 
of reality can also be seen as the programmers’ challenge. The steady evolution of 
newer computer languages and structures for data with associated control algorithms 
is a steady progression toward better capturing and manipulating useful components 
of the environment. The larger story of AI algorithms and data structures, including 
the use of logic, rule systems, semantic and object-oriented networks, structures for 
deep learning, and tools for stochastic modeling, are all components of successful 
programming. These AI tools and techniques are described in detail in Parts II 
and III.

In the remainder of this chapter, we address several fundamental issues includ-
ing, in Sect. 1.2, asking what it means to compute. We then discuss, in Sect. 1.3, the 
role of computer languages and how we represent information and human knowl-
edge for computation. The answers to these questions lead us to discussions in Parts 
II and III of computational models and their roles in AI and science.

1.2  �The Foundation for Computation

As we see in Chap. 2, the goal of building mechanical systems that tell time, auto-
mate arithmetic operations, mimic the operations of the solar system, and even 
attempt to calculate the full array of attributes of a god were important for 
mathematicians, engineers, and even philosophers from the beginning of 
recorded time.

The notion of building such “intelligent” artifacts has a long tradition found pri-
marily in efforts to improve the human condition. The Chinese built early water 
clocks, and of course, the wheel was used to support moving heavy objects. An 
early reference to building robot automatons was that the Greek god Hephaestus 
was said to have fashioned tripods that could walk to and from Mount Olympus and 
could serve nectar and ambrosia to the gods. Later, Aristotle mentioned that if these 
automatons were indeed possible, slavery would not be justified!

There is also a cultural phobia of “stealing knowledge belonging only to the 
gods” that has followed on the building of intelligent machines. Prometheus stole 
fire from Hephaestus and also medicinal treatments for humans and, as a result of 
his daring, Aeschylus leaves him bound to a boulder being eternally bitten by birds. 
Humans’ daring to understand and create algorithms reflecting knowledge and the 
nature of human intelligence and then building these into computational devices is 
still seen by many as a threat to and diminution of specifically human or divine 
attributes.

Challenging the domain of the deities notwithstanding, throughout history, this 
automation of aspects of human intelligence continued with the building of clocks, 
astronomical instruments, arithmetic calculators, and much more. The early 
nineteenth century produced some flexibly programmed devices including, in 1804, 
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the Jacquard loom that was controlled by a sequence of punched cards that produced 
different weaving patterns.

Charles Babbage was one of the first to ask if a general-purpose calculating 
machine could be built and reconfigured to solve any number of different algebraic 
problems. In 1822, Babbage proposed and began building his Difference Engine a 
machine that, through a method of finite differences, was intended to find values for 
polynomial functions. The engineering technology of that period did not support 
Babbage’s desire to build an even more general-purpose computing device, called 
the Analytic Engine. Fortunately, Babbage and his staff, including the nineteenth-
century mathematician and writer Ada Lovelace (1961), produced detailed draw-
ings of these different engines. We discuss Babbage’s technology and goals further 
in Sect. 2.9.

It remained for the mathematicians of the early twentieth century to finally spec-
ify what was meant by the notion of a general-purpose computing machine. In the 
1930–1950 time period, Gödel (1930), Turing (1936, 1948), Church (1941), Post 
(1943), and others created abstract specifications for universal computing. These 
specifications included Post-style production systems, general recursive functions, 
the predicate calculus, and Alan Turing’s finite state machine that read from and 
wrote to a movable memory tape. Turing’s creation (1936) was called the Turing 
machine (TM), and his extension of that machine, with its program encoded as part 
of its tape, was called the universal Turing machine (UTM). We next present the TM 
and will describe it as an instance of what we call an automated formal system.

1.2.1  �The Turing Machine

The components of a Turing machine, Fig. 1.1, are a set of tokens or symbols, a set 
of rules for manipulating these tokens, and an algorithm that uses the symbols and 
rules to actually manipulate the symbols. The tokens are discrete entities in that they 
can be uniquely identified, counted, and configured with other tokens into patterns 
of tokens. The distinctness of the tokens allows for comparing them and looking for 
equivalences in patterns of tokens. The token patterns are such that tokens are next 
to each other in some ordering on a memory device: the data structure for Turing is 
the moveable tape. The set of rules for operating on token patterns include adding, 
deleting, or, in any well-defined manner, changing the patterns of these tokens on 
the tape.

For this automated formal system to solve a problem, a commitment had to be 
made for a set of symbols to represent that problem as well as for instructions to 
manipulate these symbols in solving the problem. Although a more complete 
description of the evolution of symbol representations and search algorithms for 
computing will follow in Sect. 1.3, we next give an example of a representation 
scheme and an algorithm for solving a problem using a Turing machine.

Turing machine “descriptions” have taken several forms over the years, all of 
them equivalent. For us, a Turing machine will be made up of three components. A 
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potentially infinite tape for encoding symbols: The symbols in our example are 1, 0, 
and B, or blank, for a space on the tape with no symbol at all. The Turing machine 
will also have a programmed set of instructions, and, finally, a mechanism called a 
“controller” for applying the program’s rules to the symbols on the tape. This Turing 
machine can be visualized in Fig. 1.1. The set of instructions or program is presented 
in Table 1.1. The finite-state controller will itself have a state, in our example, an 
integer from 1 to 4 and “halt,” which stops the computation.

We next consider a simple problem called unary subtraction. An example of 
unary subtraction is having two piles of things such as coins or pencils. The 
problem’s task is to see which pile is larger and by how much. A simple algorithm 
for doing this, which we implement on the Turing machine, is to remove one item 
at a time from each pile until one of the piles is exhausted. In our example, consider 
a left pile, above the 0 in Fig. 1.1, and a right pile, below the 0. We want to determine 
which pile contains more pencils. The B is used before and after the sets of 1 s that 
are separated by the 0 to delimit the problem on the tape.

We will simplify the unary subtraction problem in three ways. First, we put the 
larger number of items in the left pile or above the 0 on the tape of Fig. 1.1. Second, 
we will begin the problem assuming the controller’s “head” is over the leftmost 1, 
the topmost 1 on the tape of Fig. 1.1. Finally, we will not count the number of items 
remaining in the piles when the machine halts. All of these constraints could be 
replaced by another more complex program for the Turing machine, but the goal of 
this example is to understand the operation of the Turing machine rather than to 
write a rather more complex program.

After the program’s rules (the algorithm) are applied to take away an equal num-
ber of 1 s from each side of the 0, the result is the answer to the problem. Three 
examples of the results of the Turing machine running its program:

BB1111011BB produces BBBB11BBBB and the left pile has two more items.
BB111101BB produces BBB111BBBB and the left pile has three more items.
BB11011BB produces BBBBBBBBB and the piles are equal.

As just noted, the program does not count the number of items (the 1 s) left when 
the program halts.

Fig. 1.1  A Turing 
machine, including a 
controller that itself has a 
“state,” a head that can 
read and write symbols and 
move along a potentially 
infinite tape
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A representation for the set of rules, sometimes called the finite state machine, 
that make up the program for unary subtraction is described next, and the full pro-
gram is given in Table 1.1. Each rule, a row in Table 1.1, consists of an ordered list 
of five symbols:

	1.	 The current state of the finite state machine: 1, 2, 3, 4, or halt;
	2.	 The current symbol, 1, 0, or B, seen by the head or reading device on the tape;
	3.	 The new symbol, 1, 0, or B, to be written on the tape;
	4.	 The instruction for moving the head to the next position on the tape: to the left, L, or right, R, 

or no move, N, which happens when the machine halts; and
	5.	 The new state of the finite state machine, again, 1, 2, 3, 4, or halt.

In Table 1.1, each instruction is presented in a list, left to right in each row, telling 
the machine what to do. When the first two symbols in each list (row) are matched, 
the final three instructions are performed. For example, the top row of Table 1.1 says 
that if the controller is in state 1 and sees a 1 at the tape location it is viewing, then 
it writes a 1 at that location, moves one position to the right on the tape, and makes 
the next (new) state of the controller to be 1.

A trace of the running program is presented in Table 1.2. The string of characters 
on the top row, BB1111011BB, reflects that the machine starts seeing the leftmost 
1 of the sequence where the “_” indicates the character that the head currently sees 
on the tape. The Turing machine instructions of Table 1.1 will eventually produce, 
see Table 1.2, the pattern BBBB11BBBBB from the pattern BB1111011BB.

As we see with unary subtraction, and again in later chapters, the representation 
for a problem situation is coupled with rules for manipulating that representation. 
This relationship between representational structures for problem situations and the 
related “search” algorithms is a critical component of the success of the AI, or in 
fact any programming enterprise.

We make several points here. First, as presented in this example, the program or 
finite state machine was independent of the tape. The machine’s rules were applied 
to produce new results recorded both on the tape and in the state machine. This limi-
tation was addressed when Turing (1936) created his Universal Turing Machine 
(UTM), where the program itself, Table 1.1, was placed on the tape along with the 
data. Thus, after an instruction was executed, the read/write head would move to 

Table 1.1  The program for the Turing machine of Fig. 1.1 is represented as a list, left to right by 
row, of instructions

State Reading Write Move Next State

1 1 1 R 1
1 0 0 R 1
1 B B L 2
2 1 B L 3
2 0 B N Halt
3 0 0 L 3
3 1 1 L 3
3 B B R 4
4 1 B R 1
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that area of the tape, where the set of instructions, the program for calculating the 
next operation, was located. It would determine the next instruction and return to the 
data portion of the tape to execute that instruction.

A final issue for Turing machines is the idea, and technical impossibility, of hav-
ing an “infinite tape.” There are two answers to this: First, every computer is in fact 

Table 1.2  A trace of the 
moves of the Turing machine 
in Fig.  1.1 using the 
programmed instructions of 
Table 1.1

State Tape

1 BB1111011BB
1 BB1111011BB
1 BB1111011BB
1 BB1111011BB
1 BB1111011BB
1 BB1111011BB
1 BB1111011BB
1 BB1111011BB
2 BB1111011BB
3 BB111101BBB
3 BB111101BBB
3 BB111101BBB
3 BB111101BBB
3 BB111101BBB
3 BB111101BBB
3 BB111101BBB
4 BB111101BBB
1 BBB11101BBB
1 BBB11101BBB
1 BBB11101BBB
1 BBB11101BBB
1 BBB11101BBB
1 BBB11101BBB
2 BBB11101BBB
3 BBB1110BBBB
3 BBB1110BBBB
3 BBB1110BBBB
3 BBB1110BBBB
3 BBB1110BBBB
4 BBB1110BBBB
1 BBBB110BBBB
1 BBBB110BBBB
1 BBBB110BBBB
1 BBBB110BBBB
2 BBBB110BBBB

hall BBBB11BBBBB

“State” gives the current state of the controller
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a finite state machine, and periodically programmers, often because of incorrect 
programs or faulty thinking about a problem, have received a message that the 
computer is out of memory. Second, the actual requirement for the Turing machine, 
or for any other computer, is that there only needs to be sufficient memory for the 
machine to run its current program. For modern computing, the automatic reclaiming 
of already used but no longer needed memory helps address the issue of computation 
on a finite state machine. This real-time reclamation of memory is often called gar-
bage collection.

1.2.2  �The Post Production System and Unary Subtraction

We next consider the unary subtraction problem from another representational and 
machine instruction viewpoint. Suppose our two “piles of objects” are represented 
as two lists of 1 s. Rather than putting them sequentially on a tape separated by a 
symbol, we will leave them as two lists considered in parallel. The list will be a 
structure delimited by brackets, “[ ],” containing a 1 to represent each element in 
the pile.

The list representing the left pile is on the top with the right pile below it as 
shown in the next examples. The algorithm for this example will let either pile have 
more items in it. Unary subtraction examples now look like these:

[1111]
[11]
Produces [11] on top, and the left pile has 11 more
[11]
[11]
Produces two []s, and determines that the two piles are even
[11]
[111]
Produces [1] on the bottom, and the right pile has 1 more

Next, we make a set of rules to manipulate these lists. We describe the rules as 
pattern → action pairs and present them as four “if → then” rules:

	1.	 If there is a 1 as the left-most element of each list, then remove both 1 s.
	2.	 If there is a 1 as the left-most element of the top list and the bottom list is empty, [ ], then write: 

“The left pile has this many more:”, write out the 1 s of the top list, and halt.
	3.	 If the top list is empty, [ ], and a 1 as the left-most element of the bottom list, then write: “The 

right pile has this many more:” write out the 1 s of the bottom list, and halt.
	4.	 If the top list is empty and the bottom list is empty, then write: “The two piles are even,” 

and halt.

We now create another type of finite state machine, called a Post Production 
System, to process these patterns. Figure 1.2 presents a schematic for this production 
system. There are three components. The first is the production memory that contains 
the rules for processing the patterns that are contained in the second component, the 
working memory. Finally, there is a recognize-act control cycle that takes the 
patterns contained in working memory and presents them to the set of rules in 
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production memory. The result of applying a rule is then returned as part of the new 
working memory.

The recognize-act cycle continues until no pattern matches or, as in our case, a 
particular rule, causes the cycling to halt. For our example, we will assume the rules 
are tested in order, although obviously, for very large sets of rules and complex pat-
terns, trying each rule in order could be very inefficient. A trace of the production 
system solution for the unary subtraction problem, where there are four items in the 
left pile, the top list, and two in the right pile, the bottom list, can be seen in Table 1.3.

We have just shown the unary subtraction problem with two different representa-
tions and solved by two different computing machines. As noted previously, in the 
1930–1950 time period, a number of mathematicians provided abstract specifica-
tions for what it meant to compute, including Alan Turing whose TM we described, 

Fig. 1.2  A Post Production System made up of three components: a production memory contain-
ing the rules, a working memory containing the pattern representing the current state of the prob-
lem, and a recognize-act cycle, the arrows

Table 1.3  The trace of a 
production system solution to 
the unary subtraction problem 
with four items in the right 
pile and two in the left

The problem starts with the 
working memory pattern:
[1111]
[11]
Rule 1 is activated to produce 
the new working memory 
pattern:
[111]
[1]
Rule 1 is activated again to 
produce the new working 
memory pattern:
[11]
[ ]
Rule 2 is activated to produce 
the new working memory 
pattern:
The left pile has this many 
more: 11 and halt
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Emil Post (1943) whose production system machine we just considered, Alonzo 
Church using the lambda-calculus, Andrei Markov, Kurt Gödel, and others.

Alonzo Church (1935) conjectured that any possible computable function could 
be translated into a Turing machine computation. Later, the Church-Turing thesis 
demonstrated that all of the then known models for computation were in fact equiv-
alent and equally powerful. The proof methodology was to build each of the abstract 
machines using the technology of the other machines. Church-Turing also conjec-
tured that any of these machines could compute whatever it might be possible to 
compute (Davis 1965).

In Chapters 5 and 6, we consider two more specifications for computing, neural 
or connectionist networks and finite-state automata. Researchers (Siegelman and 
Sontag 1991) have shown that recurrent neural networks are computationally com-
plete, that is, equivalent to the class of Turing Machines. This Turing equivalence 
extends earlier results: Kolmogorov (1957) showed that for any continuous function 
there exists a neural network that computes that function. It has also been shown 
that a one hidden-layer backpropagation network can approximate any of a more 
restricted class of continuous functions (Hecht-Nielsen 1989). Similarly, we see in 
Chap. 6 that von Neumann created finite-state automata that were Turing complete. 
Thus, connectionist networks and finite state automata appear to be but two more 
classes of machines capable of computing virtually any computable function.

In the recent years, more exciting new models for computation have emerged, 
including molecular or DNA computing, proposed by Leonard Adleman (1994) and 
quantum computing, a concept originally suggested by Richard Feynman (1982) in 
the late 1950s. These approaches to computation offer interesting and more flexible 
representations as well as faster algorithms; it remains to be seen, however, whether 
they can compute anything not computable by a Turing machine. Finally, cognitive 
scientists (Luger 1995) often ask whether the human mind, seen as a computational 
device, can compute any result outside of what Church-Turing hypothesizes as 
computable.

Alan Turing (1936) and others also demonstrated algorithms that had no comput-
able solution. An example of this class of computations is the halting problem, 
where it is asked whether a computer can always determine whether or not any 
program sent to it will complete or finish its computation.

Turing’s halting problem proof is an example of an incompleteness proof. 
Incompleteness indicates the inherent limitations of formal systems. For any formal 
system at least as powerful as arithmetic, there will always be statements about the 
system that are true but are not provable within the system itself. There is a history 
of these proofs in mathematics going back through Turing, Gödel, and Cantor to 
David Hilbert.

Turing’s proof supposed that there existed a program, call it quit, that could 
determine whether any program given to it would actually complete its computation 
and halt. Then, Turing created a second program that did the opposite of the quit 
program, for example, directing the new program that if the program quit actually 
halts then the second program should keep running. The program quit is then given 
as data to be run by the second program.

1.2  The Foundation for Computation
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The commitment of computer engineers and program designers to different 
models for computation supports different pragmatic as well as epistemic stances. 
For example, cognitive scientists often followed Post’s approach, where they see the 
production system’s rule memory as representative of human long-term memory 
and the working memory as human short-term memory or attention, a property of 
the human prefrontal cortex. The production system control algorithm then presents 
the current contents of working memory to the knowledge and procedures found in 
long-term memory (Newell and Simon 1972, 1976). According to this model, 
learning is seen as forming new rules for permanent memory through a form of 
reinforcement learning based on the interactions between the working and the long-
term memories (Newell 1990; Laird 2012). The production system as a model for 
human problem-solving is discussed further in Sect. 3.4.3 on Cognitive Science.

1.3  �Computer Languages, Representations, and Search

Fortunately, modern programmers do not need to use the Turing or Post machines 
to accomplish their tasks. Although computers, at the machine level, do operate 
with 0/1 or on/off processing, a great deal of energy in the years since the first 
computers were created has gone into the development of higher level languages for 
programming. This effort by generations of computer scientists and engineers has 
produced our contemporary programming languages, where high-level language 
instructions result in producing appropriate machine-level executions.

There are several other reasons for creating these higher level languages for com-
putation. One is to make a language for addressing the computer that is more like a 
human language, where the programmer can more easily build solution strategies, 
such as to “take the largest element from a list and see if it is a possible solution.” 
The more the computer language can reflect human thinking, the more useful it 
tends to be. We will see this point again in discussing representations.

A further task for high-level languages is to protect the programmer from having 
to do memory management on the computer itself. Of course, the skilled programmer 
will not abuse the memory limitations of the finite state machine by creating data 
structures or algorithms unsuited for either the task at hand or the limitations of the 
machine. But from the opposite viewpoint, the quality programmer should not have 
to worry about what particular memory register she is using but rather should focus 
on building algorithms reflecting the thought processes used in problem-solving. 
The high-level language implementation itself should handle the memory 
management necessary to support her efforts.

Current high-level computer languages can be seen as belonging to two groups. 
The first group of languages, sometimes referred to as applicative, offers efficient 
tools for manipulating data structures on the traditional computer architecture. This 
approach can be visualized as separating data elements from control algorithms, 
where the goal of the programming endeavor is to use the command-based control 
language to manipulate the data in a step-by-step fashion, telling the computer to 

1  Creating Computer Programs: An Epistemic Commitment



15

call specific algorithms on a particular data set. The running program applies the 
program-based instructions to the data. Currently, languages such as Java, Python, 
and C# are in this group.

The second group of languages, both declarative and functional, offers program-
mers the opportunity of solving problems with mathematics-based support systems. 
The idea of having a mathematical foundation for programming is that the language 
and the algorithms afforded by the language can help control unintended errors and 
side effects in the resulting programs. An example would be trying to multiply a 
number by a string of letters. Using a mathematical system can also assist in dem-
onstrating that the answer of a program is mathematically (logically) correct and not 
just some random result that the computer produced. The two main classes of math-
ematically based languages are those based on the predicate calculus, such as 
Prolog, an instance of a declarative language, and languages based on functional 
mathematics such as the lambda calculus; Lisp, Scheme, ML, Haskell, and OCaml 
are in this group.

Any choice of a particular language, however, will have its limitations, both in 
the ease of expressing complex relationships for the computer, sometimes referred 
to as a language’s expressive power and in its ability to capture appropriate 
relationships and interactions in the application domain. Finally, a programming 
language is indeed a language. In computer-based problem-solving, the language 
offers communication links with the machine itself. It also offers a medium for 
interacting with other programmers assisting with the problem-solving task, 
augmenting an earlier solution, or simply maintaining the completed program.

As noted previously, when solving a problem, the programmer selects symbols 
and data structures to represent salient aspects of the problem. The function of any 
such representational scheme is to capture, often by abstracting out, the critical 
features of a problem domain to make that information accessible to an algorithm. 
Abstraction is an essential tool for managing complexity as well as an important 
factor in assuring that the resulting programs are computationally efficient.

Expressiveness, the transparency of the abstracted features, and efficiency, the 
computational complexity of the algorithms used on the abstracted features, are 
major dimensions for evaluating languages for representing information. Sometimes, 
expressiveness must be sacrificed to improve an algorithm’s efficiency. This must be 
done without limiting the representation’s ability to capture essential problem-
solving knowledge. Optimizing the trade-off between efficiency and expressiveness 
is a major task for designers of intelligent programs. We next present several 
example representations and demonstrate how they assist the program designer in 
capturing critical components for solving specific problems.

Table 1.4 presents different representations for the number π. The real number π 
is a useful abstraction: the relationship between the diameter of a circle and its 
circumference. There is no finite sequence of decimal digits that describes π, so it 
cannot be exactly represented on a finite state device. One answer to this dilemma, 
called the floating-point representation, is to represent the number in two pieces: its 
most important digits and the location within these digits of the decimal point. 
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Although not exactly π, this convention makes it possible to compute with π in prac-
tical applications.

Floating-point representation thus sacrifices full expressive power to make the 
representation both efficient and possible. This representation also supports algo-
rithms for multiple-precision arithmetic, giving effectively infinite precision by lim-
iting the approximation error, called round-off, to be less than any prespecified 
value. As in all representations, the result is only an abstraction, a pattern of sym-
bols that designates a desired entity. It is NOT the entity itself.

The array is another representational structure common in computer science. For 
many problems, it is both natural and efficient. An example where the array repre-
sentation works well is the inventory problem presented at the beginning of this 
chapter. To represent the inventory, we created an array of records. Our record con-
tained four components: the part number, the price of the part, the number of parts 
currently in inventory, and the company address for reordering. The record could be 
extended to carry even more data.

A second example of using an array is for image processing. Figure 1.3 is a digi-
tized image of human chromosomes in a stage called metaphase. The goal of this 

Fig. 1.3  The digitized image of human chromosomes in metaphase

Table 1.4  Different representations for the real number π

The real number: π
The decimal equivalent: 3.1415927…
The floating-point representation: Exponent: 1; Mantissa: 31416
Representation in computer memory: 11100010…
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image processing was to identify chromosome damage from radiation exposure. 
The image is processed to determine the number and structure of the chromosomes, 
looking for breaks, missing pieces, and other abnormalities.

The visual scene is made up of a number of picture points. Each picture point, or 
pixel, has both a location and a number representing its intensity or gray level. It is 
natural, then, to collect the entire scene into a two-dimensional array, where the row 
and column address give the location of a pixel, the X and Y coordinates, and the 
content of the array element is the gray level of the image at that point.

Algorithms are then designed to perform operations on these gray-scale images. 
These include looking for isolated points to remove noise from the image and find-
ing threshold values for determining objects and their edges. Algorithms can also 
sum up contiguous elements of a chromosome to determine its size and, in various 
other ways, transform the picture point data into understandable information. 
FORTRAN and related languages are efficient for array processing. This task would 
be cumbersome using other representations, such as the predicate calculus, records, 
or assembly code.

When we represent this image as an array of pixel points, we often sacrifice the 
quality of resolution; as an example, compare a photo in a newspaper to the original 
print of the same picture. In addition, pixel arrays cannot express the deeper semantic 
relationships of the image, such as representing the organization of chromosomes in 
a single cell nucleus, their genetic function, or the role of metaphase in cell division. 
This knowledge is more easily captured using representations such as the predicate 
calculus or semantic network, discussed later. In summary, a representation should 
support a natural scheme for expressing all information required for solving the 
problem as well as for efficient computation.

Often, the problems that the AI community addresses do not lend themselves to 
the representations offered by more traditional formalisms such as records and 
arrays. Artificial intelligence is usually more concerned with qualitative relationships 
rather than quantitative measures, with purpose-oriented reasoning rather than 
numeric calculation, and with organizing large and varied amounts of knowledge 
rather than implementing a single, well-defined algorithm.

Consider, for example, Fig. 1.4, the arrangement of blocks on a table. In early AI, 
this domain was called a blocks world. Suppose we wish to capture the properties 
and relations required to control a robot arm. We must determine which blocks are 
stacked on other blocks and which blocks are clear on top so that they can be picked 
up. The predicate calculus offers a medium to capture this descriptive information. 
The first word of each predicate expression, e.g., on, ontable, clear, etc., is a 
predicate denoting some property or relationship among its arguments, the names 
of the objects in parentheses.

	
clear c clear a ontable a ontable b ,� � � � � � � �, , ,

	

	
on c,b cube b cube a pyramid c .� � � � � � � �, , ,
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Predicate calculus provides artificial intelligence programmers with a well-
defined language for describing and reasoning about qualitative aspects of a system. 
Suppose in the example of Fig. 1.4 that we want to define a test to determine whether 
a block is clear on top, that is, has nothing stacked on top of it. This is important if 
the robot hand is to pick it up or stack another block on top of it. We can define a 
general rule:

	
� �� � �� � �X Yon Y X clear X, .

	

This rule is read: “for all objects X, ∀ X, object X is clear if there does not exist 
an object Y, ¬ ∃ Y, such that Y is on top of X.” This general rule can be applied to a 
variety of situations by substituting different block’s names, a, b, c, etc., for X and 
Y.  By supporting such general reasoning rules, the predicate calculus allows 
economy of representation as well as the possibility of designing systems that are 
flexible and general enough to respond intelligently to a wide range of situations. 
There is further discussion of predicate calculus planning for robot solutions in 
Sect. 4.1.2.

The predicate calculus can also be used to represent the properties of individual 
items and groups. It is often not sufficient, for example, to describe a car by simply 
listing its component parts; we may want to describe the ways in which those parts 
are combined and the interactions between them. This view of structure is essential 
to a range of situations, including taxonomic information, such as the classification 
of plants by genus and species, or a description of complex objects, such as a diesel 
engine or a human body in terms of their constituent parts. For example, a simple 
description of a bluebird might be “a bluebird is a small blue-colored bird” and “a 
bird is a feathered flying vertebrate,” which may be represented as the set of logical 
predicates:

	

hassize bluebird,small hascovering bird,feathers hascolo� � � �, , rr bluebird,blue

hasproperty bird,flies bluebird,bird
� �

� �
,

, isa �� � � �, isa bird,vertebrate
	

This predicate description can be represented graphically by using the arcs, or 
links, in a graph instead of predicates to indicate relationships as seen in Fig. 1.5. 
This semantic network is a technique for representing the meanings of relationships.

Fig. 1.4  A configuration 
of blocks for robot 
manipulation and a set of 
predicates describing the 
blocks. Cubes a and b rest 
on a table, while pyramid c 
is on top of cube b
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Because relationships are explicitly denoted in the semantic network, an algo-
rithm for reasoning about a problem situation can make relevant associations by 
following the links. In the bluebird illustration, for example, the program needs to 
only follow one link to see that a bluebird flies and two links to determine that a 
bluebird is a vertebrate. Perhaps the most important application for semantic net-
works is to represent meanings for programs intended to understand human lan-
guages. When it is necessary to comprehend a child’s story, the details of a journal 
article, or the contents of a web page, semantic networks may be used to encode the 
information and relationships that reflect the knowledge. We have further discussion 
of semantic network representations in Sect. 5.1.2.

Another example representation is the probabilistic network. Suppose you know 
traffic patterns on a route you travel often. You are aware that if there is road con-
struction, it will likely slow down traffic about 30% of the time and traffic would 
keep moving, as usual, 20% of the time. If there is no construction, you still might 
have slow-moving traffic about 10% of the time. Finally, there will probably be no 
construction and no bad traffic about 40% of the time. You are also aware of similar 
sets of likelihoods for accidents, including flashing police or ambulance warning 
lights, and the presence of orange traffic control barrels on the highway.

A Bayesian belief network (BBN), as shown in Fig. 1.6, is an appropriate repre-
sentation for this traffic situation. The BBN is a directed graph without cycles. A 
graph is directed, as seen in  Fig. 1.6, where the heads of the arrows indicate the con-
nection between the states. The directed arrows are intended to reflect a causal 
relationship between the situations, for example, construction, C, sometimes, 0.4, 
causes bad traffic, T. Further, no state may have cycles where a dependency arrow 
refers back to that state  itself. The BBN representation is on the left in Fig. 1.6, 
while the table representing a subset of the probability relationships is on the right. 
In the table, true is T, false is F, and probability is p. Each row presents one of the 
probabilistic situations just described.

The BBN just described can be made dynamic to reflect the changes in the world 
across time periods. For example, if at some point while driving you see flashing 
lights, then L becomes true and the rest of the probabilities must change to reflect 

Fig. 1.5  A semantic network description of a bluebird and its properties
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this new fact, making the possibility of an accident, A, more likely, as well as con-
struction, C, less likely. This belief network that changes over time is called a 
dynamic Bayesian network or DBN, which we will demonstrate further in Chap. 8.

We have only briefly touched on network representation systems that support 
much of the current effort in artificial intelligence. Among those we have not yet 
considered are neural and deep learning networks, seen in Chap. 5, and structures 
for genetic algorithms and artificial life described in Chap. 6.

Complementing each representation chosen for intelligent problem-solving is a 
search algorithm. Humans generally consider a number of strategies in solving a 
problem. A chess player reviews alternative moves, selecting the “best” according 
to criteria such as the opponent’s possible responses or the degree to which various 
moves support some global game strategy. A player also considers short-term gain, 
such as taking an opponent’s knight, opportunities to sacrifice a piece for positional 
advantage, or to support conjectures about the opponent’s psychological makeup 
and level of skill. This aspect of intelligent behavior underlies the representational 
technique called state-space search.

Consider, for example, the game of tic-tac-toe, the British naughts-and-crosses. 
In most board situations, e.g., Fig. 1.7, there are only a finite number of moves for a 
player. Starting with an empty board, the first player puts an X in any of nine places. 
Each move yields a different board that allows the opponent eight possible responses, 
and so on. We represent this collection of possible moves and responses by regard-
ing each board configuration as a node or state in a graph. The links between the 
nodes of the graph represent legal moves from one board position to another. The 
resulting structure is described with the state-space graph of Fig. 1.7.

The state-space representation supports treating all possible games of tic-tac-toe 
as different paths through the state space. Given this representation, an effective 
game strategy searches through the space for paths that lead to the most likely wins 
and fewest losses, playing in a way that always tries to force the game along one of 
these optimal paths. We present further techniques that build search strategies for 
graphs in Chap. 4 and demonstrate computer learning using graph search in Sect. 4.2.

As an example of how search is used to solve a more complicated problem, con-
sider the task of diagnosing a mechanical fault in an automobile. Although this 
problem does not initially seem to lend itself to state-space search as easily as tic-
tac-toe or chess, it actually fits this situation quite well. Instead of letting each node 
of the graph represent a board state, we let it represent a state of partial knowledge 
about the automobile’s mechanical problems. The state space for diagnostic search 

Fig. 1.6  A Bayesian belief network (BBN) representing a driving example. The BBN is on the left 
and a partial table of probabilities for the network is at the right
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is often produced dynamically, as we see with rule-based expert systems in 
Sect. 4.1.3.

The process of examining the symptoms of possible faults and figuring out their 
causes may be thought of as searching through states of increasing knowledge. The 
starting node of the graph is empty, indicating that nothing is known about the cause 
of the problem. The first question a mechanic might ask the customer is what car 
component, engine, transmission, steering, brakes, etc., seems to be causing the 
trouble. This is represented by a collection of arcs from the start state to states that 
indicate a focus on different subsystems of the automobile, as in Fig. 1.8.

Each of the states in the graph has arcs representing different diagnostic checks 
that then lead to states describing further accumulations of knowledge in the process 
of diagnosis. For example, the “engine trouble” node has arcs to nodes labeled 
“engine starts” and “engine won’t start.” From the “engine won’t start” node, we 
move to nodes labeled “turns over” and “won’t turn over.” The “won’t turn over” 
node has arcs to nodes labeled “battery dead” and “battery ok” as seen in Fig. 1.8. 
A problem solver can diagnose car trouble by searching for a path through this 

Fig. 1.7  A portion of the state space for playing tic-tac-toe
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graph that is consistent with the symptoms of a particular defective car. Although 
this problem is very different from that of finding an optimal way to play tic-tac-toe 
or chess, it is equally amenable to solution by state-space search as we see in 
Sect. 4.1.3.

Despite this apparent universality, state-space search is not, by itself, sufficient 
for automating intelligent problem-solving behavior; rather it is an important tool 
for the design of intelligent programs. If state-space search were sufficient, it would 
be fairly simple to write a program that plays chess or go by searching through the 
entire space of possible moves for that sequence of moves that brings a victory, a 
method known as exhaustive search.

Although exhaustive search can be applied to any state space, the overwhelming 
size of the space for many interesting problems makes this approach a practical 
impossibility. Chess, for example, has approximately 10120 different board states. 
This is a larger number than molecules in the universe or the number of nanoseconds 
that have passed since the big bang. Search of this space is beyond the capabilities 
of any computing device, whose dimensions must be confined to the known universe 
and whose execution must be completed before the universe succumbs to the rav-
ages of entropy.

Fig. 1.8  A state-space description of part of the automotive diagnosis problem
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Humans use intelligent search: A game player considers a number of possible 
moves, a doctor focuses on several possible diagnoses, and a computer scientist 
entertains different designs before beginning to write a program. Humans usually 
do not use exhaustive search: the chess player examines only moves that experience 
has shown to be effective, and the doctor need not require tests that are not indicated 
by the symptoms at hand. Human problem-solving seems to be based on judgmental 
rules that guide search to those portions of the state space that seem most promising.

These human judgment rules are known as heuristics taken from the Greek verb 
‘ευρισκο’ meaning to discover. They constitute one of the central topics of AI 
research. The heuristic is a strategy used for selectively searching a problem space. 
It guides searching along lines that have a high probability of success while avoiding 
moves to states that a human expert would call wasted or not supporting a winning 
opportunity.

State-space search algorithms give the programmer a means of formalizing the 
problem-solving process and heuristics that allow her to search that formalism 
intelligently. Heuristic techniques make up an important component of modern 
AI. In summary, state-space search is a representational formalism, independent of 
particular problems or search strategies, that is used as a launch point for many 
different implementations of intelligent problem-solving. Heuristic search is 
described in detail in Sect. 4.1.2.

Chapter 2 offers a brief history of the philosophical precursors of modern episte-
mology and artificial intelligence. Chapter 3 describes the early research efforts and 
successes of the AI community. Part II, Chaps. 4–6, describes three of the major 
approaches to problem-solving that the AI community has taken across its brief his-
tory. Part III describes probabilistic techniques for AI problem-solving. Many of the 
AI representations and programming techniques presented in the remainder of this 
book also offer sufficient models for both understanding important components of 
human problem-solving and suggesting constraints for a science of epistemology.

1.4  �In Summary

A computer program that solves tasks makes an epistemic commitment to under-
standing its application domain: symbols stand for entities in the application, struc-
tures of symbols capture relationships in the domain, and search strategies find 
solutions. In the example early in this chapter, the array of records represents the 
numbers and costs of all items in an inventory, and the search strategy produces the 
desired result of the customer cost for an item as well as an updated inventory.

We saw that computation was not a single machine or language applied to a 
machine; but an abstraction, represented by different, but equivalent, definitions of 
finite state machines. Computing is not a particular architecture: not Turing’s, 
Post’s, von Neumann’s, or the sophisticated use of tinker toys, but a finite state 
system with a certain level of complexity. This leaves us open to using different 
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models of computation to capture differing aspects of human problem-solving as 
we will see in later chapters.

In this first chapter, we also considered several representational schemes and 
search algorithms as an introduction to the model building and model revision 
process that embodies the commitment of the AI programmer. These will be 
developed further in later chapters. As computer scientists see the limitations of 
their current programs and revise them, they also revise their model of and 
expectations for understanding our changing world.

Further Thoughts and Readings  The creation of both computer-based represen-
tations and novel search algorithms for capturing intelligence is sometimes seen as 
the fundamental definition of AI.

In a 2016 paper, From Alan Turing to Modern AI: Practical Solutions and an 
Implicit Epistemic Stance, in the Springer journal AI and Society, Luger and 
Chakrabarti go into deeper detail describing how epistemic issues support and limit 
the success of AI research projects.

Wikipedia has descriptions of many of the computability issues discussed in this 
chapter. For further detail visit topics including:

Theory of Computation,
Turing and Post-production Machines,
The Church-Turing Thesis, and
Computability Theory.

Several examples of this chapter were taken from my textbook Artificial Intelligence: 
Structures and Strategies for Complex Problem Solving, sixth edition (Luger 2009a). 
The Turing Machine and Post-production examples were taken from Cognitive 
Science: The Science of Intelligent Systems (Luger 1995).
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Chapter 2
Historical Foundations

Hear the rest, and you will marvel even more at the crafts and 
resources I have contrived. Greatest was this: in the former 
times if a man fell sick he had no defense against the sickness, 
neither healing food nor drink, nor unguent; but through the 
lack of drugs men wasted away, until I showed them the 
blending of mild simples wherewith they drive out all manner of 
diseases….
It was I who made visible to men’s eyes the flaming signs of the 
sky that were before dim. So much for these. Beneath the earth, 
man’s hidden blessing, copper, iron, silver, and gold—will 
anyone claim to have discovered these before I did? No one, I 
am very sure, who wants to speak truly and to the purpose. One 
brief word will tell the whole story: all arts that mortals have 
come from Prometheus.

—AESCHYLUS, Prometheus Bound.

All people by nature desire to know…
—ARISTOTLE, Opening sentence of his Metaphysics.
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This chapter traces the origins of epistemology, modern science, and the scientific 
method within the evolution of Western thought. This evolution is organic and 
seamless, as the perspectives of philosophers, scientists, and engineers over the past 
three millennia come together to produce both the specifications for computation, as 
we saw in Sect. 1.2, and the mathematical systems that have supported and expanded 
its use. This tradition also produced the cognitive sciences, see Sect. 3.5, and offers 
a foundation for a modern epistemology, Part III.

There are several important themes within the evolution of Western thought and 
culture; first, an attempt at what can be called model building with continuing model 
refinement. This can be seen in early Greek thinkers who proposed ideas such as 
everything is water, as water could be “transformed” under different conditions. 
Later thinkers proposed that all reality is made up of the four basic elements of 
water, earth, fire, and air. Although such thoughts may now seem rather naive, what 
is important to our story is the process of actually proposing explanations (models) 
of reality, and then, as new observations no longer fit the data, revising these models 
as better explanations are required.

A second theme constant in the evolution of Western thought is the various forms 
of skepticism that are interwoven with the philosophical and scientific processes. 
We discuss two different forms of skepticism, the first is questioning the veridicality 
of human perceptions and observations. The second form of skepticism is question-
ing the ability to establish, conclusively, any form of what might be called truth. We 
see this disposition even today when coping with postmodernism’s relative truths 
and values. We consider skepticism again in Sects. 7.4 and 9.5.

This chapter begins by discussing Aesculus and the Promethean gifts to human-
ity, introduced in Sect. 1.2, and the most important gift of intelligent exploration of 
our world. Sections 2.2–2.8, describe the evolution of Western thought that has 
brought us to our current understanding of science as well as supported the birth of 
computation. The final three sections describe the mathematical basis for comput-
ing, the Turing test of intelligence, and the emergence of artificial intelligence.

2.1  �Mary Shelley, Frankenstein, and Prometheus

Prometheus speaks of the fruits of his transgression against the gods of Olympus: 
His purpose was not merely to steal fire for the human race but also to enlighten 
humanity through the gift of intelligence or nous: the rational mind. This intelli-
gence forms the foundation for all human technology and ultimately all human 
civilization.

The work of the classical Greek dramatist Aeschylus illustrates a deep and 
ancient awareness of the extraordinary power of knowledge. Artificial intelligence, 
in its very direct concern for Prometheus’s gift, has been applied to all the areas of 
his legacy—medicine, psychology, biology, astronomy, geology—and many areas 
of scientific endeavor that Aeschylus could not have imagined. Although 
Prometheus’s action began to free humanity from the sickness of ignorance, it also 

2  Historical Foundations



27

earned him the wrath of Zeus. Outraged over this theft of knowledge that previously 
belonged only to the gods of Olympus, Zeus commanded that Prometheus be 
chained to a rock to suffer for eternity.

The notion that human efforts to gain knowledge constitute a transgression 
against the laws of god or nature is deeply ingrained in Western thought. It is the 
basis of the story of Eden and appears in the work of Dante and Milton. Both 
Shakespeare and the ancient Greek tragedians portrayed intellectual ambition as a 
cause of disaster. The belief that the desire for knowledge must ultimately lead to 
perdition has persisted throughout history, enduring the Renaissance, the Age of 
Enlightenment, and even challenges current scientific, philosophical, and political 
advances. We should not be surprised that the idea of an “artificial” intelligence 
provokes so much controversy in both academic and popular circles.

Indeed, rather than dispelling this ancient fear of the consequences of intellectual 
ambition, modern technology has only made those consequences seem likely, even 
imminent. The legends of Prometheus, Eve, and Faustus have been retold in the 
language of a technological society. In her introduction to Frankenstein, subtitled, 
not surprisingly, The Modern Prometheus, Mary Shelley writes:

Many and long were the conversations between Lord Byron and Shelley to which I was a 
devout and silent listener. During one of these, various philosophical doctrines were dis-
cussed, and among others the nature of the principle of life, and whether there was any 
probability of its ever being discovered and communicated. They talked of the experiments 
of Dr. Darwin (I speak not of what the doctor really did or said that he did, but, as more to 
my purpose, of what was then spoken of as having been done by him), who preserved a 
piece of vermicelli in a glass case till by some extraordinary means it began to move with a 
voluntary motion. Not thus, after all, would life be given. Perhaps a corpse would be reani-
mated; galvanism had given token of such things: perhaps the component parts of a creature 
might be manufactured, brought together, and endued with vital warmth.

Mary Shelley shows us the extent to which scientific advances including the 
works of Darwin and the discovery of electricity had convinced even nonscientists 
that the workings of nature were not divine secrets but could be broken down and 
understood. Frankenstein’s monster is not the product of shamanistic incantations 
or unspeakable transactions with the underworld: It is assembled from separately 
“manufactured” components and infused with the vital force of electricity. Although 
nineteenth-century science was inadequate to realize the goal of understanding and 
creating a fully intelligent agent, it affirmed the notion that the mysteries of life and 
intellect might be brought into the light of scientific analysis.

2.2  �Early Greek Thought

By the time Mary Shelley combined modern science with the Promethean myth, the 
philosophical foundations for understanding our world had been developing for sev-
eral thousand years. Western philosophy began in the eastern Mediterranean around 
the sixth century BCE. The Greek inhabitants of the Ionian Islands were located 
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along major trade routes placing them in contact with a variety of cultures and civi-
lizations, including the Babylonian, Persian, Indian, Egyptian, and Cretan. These 
contacts involved an exchange of ideas as well as trade. Amidst this diversity of 
cultural perspectives, intelligent people could no longer assume the correctness of 
their own inherited belief systems. The first philosophers were challenged to dis-
cover a source of knowledge more universal than that of their own personal, cul-
tural, or religious perspectives.

These early philosophers were strongly influenced by their observations of natu-
ral processes and astronomical events. Thales of Miletus, in about 585 BCE, is said 
to have successfully predicted a solar eclipse. He proposed the theory that every-
thing is water and that the diversity of phenomena can be explained by the variety 
of forms that water takes in different situations. His followers, Anaximander, and 
Anaximenes of Miletus also studied astronomy and developed geometric models of 
remarkable clarity and precision. Like Thales, they also constructed explanations of 
the physical universe based on a few simple principles such as the separation of hot 
and cold and the condensation of air. The point is not that they got many of their 
answers wrong but rather that they were beginning a scientific tradition of observa-
tion, generation of explanations, and revision of explanations in the light of further 
observation.

Pythagoras, Heraclitus, and Parmenides rejected the explanation of phenomena 
proposed by the Milesian school. Each of them proposed theories that interpreted 
the changing phenomena of nature as superficial or illusory. Pythagoras of Samos, 
about 570 BCE, saw in mathematics and music the sources of ultimate revelation. 
He held that music and mathematics reveal the unchangeable harmony of the cos-
mos, a mystery hidden below the surface of perceptual phenomena.

Heraclitus of Ephesus, about 500 BCE, held that the flux of appearance is gov-
erned by a hidden structure or logos, which is only accessible to those who have 
trained themselves to “listen.” An important aspect of this structure is the unity of 
opposites, where opposites require one another and continually flow into and replace 
each other. Parmenides of Elea, in about 450 BCE, argued that being is one and 
unchangeable and that multiplicity and change are illusory. His student Zeno devel-
oped a set of arguments or paradoxes designed to demonstrate that the concept of 
motion is self-contradictory. A common thread throughout this period is the conjec-
tured split between appearances and reality: the former characterized by diversity 
and change and the latter by unity and permanence.

A different response to this clash of theories came from the skeptics and sophists. 
The lesson drawn by the skeptics from this diversity of opinions was that truth was 
unknowable. Xenophanes of Colophon, around 575 BCE, argued that even if the 
truth were fully stated, it could not be known. That is, if the truth were ever to 
appear among the spectrum of diverse opinions, there would be nothing to distin-
guish it from other views and therefore no reason to choose it.

Sextus Empiricus, a later codifier of skepticism, elaborated Xenophanes’ claim 
into an argument known as the criteriological regress. Suppose you present a propo-
sition that you claim to be true. I can then ask you by what criterion should I judge 
this to be true. If you provide me with a criterion of truth, I can then ask you to 
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provide a criterion by which I should judge your criterion of truth. If you provide 
me a criterion for judging that criterion for truth, I can ask again why I should accept 
it. By what criterion is it a valid criterion? And so on. You will run out of criteria 
before I run out of questions. Therefore, if one ever accepts a proposition as true, 
that acceptance can never rest on a valid epistemological foundation.

2.3  �The Later Greeks: Plato, Euclid, and Aristotle

Socrates and his student Plato acknowledged the force of this skeptical argument 
but contested its ultimate conclusion. Socrates agreed with the skeptics that knowl-
edge of the cosmos and the ultimate nature of things is unattainable. Wisdom, he 
argued, consists precisely in attaining an accurate view of our own ignorance along 
with a critical ability to deconstruct false beliefs in others and in ourselves. Socrates 
suggests know thyself, or in Greek, γνοθι σε αυτον. This critical self-penetrating 
self-knowledge, he claimed, would lead to the pursuit of virtue. A deep recognition 
of our own ignorance regarding the outcome of material goals leaves only virtue as 
an end worth pursuing in itself.

Plato (1961, translation) acknowledged the problem of truth validation as defined 
by the skeptics. But, by turning the skeptics’ arguments back against them, Plato 
agreed that learning or the acquisition of new knowledge was impossible. If we did 
not already know that a proposition presented to us was true, we would have no 
reason to accept it; it could be acquired, at best, as a belief held on the authority of 
another.

But learning in some sense is possible. In his dialogue, the Meno, we are pre-
sented with the example of a student, a slave of Meno, who is lead through the proof 
of a theorem in geometry. Meno starts the discussion as a skeptic, asking:

And how can you inquire, Socrates, into that which you do not already know? What will 
you put forth as the subject of the inquiry? And if you find out what you want, how will you 
ever know that this is what you did not know?

As a result of answering a series of well-chosen questions, Meno’s slave ends up 
learning the geometry theorem. He has not merely memorized it, but he has recog-
nized its truth beyond doubt. Given the problem of truth validation, how is this 
possible?

Plato’s answer is that it is only possible in the case of a certain kind of knowl-
edge: the knowledge of formal properties of essences. With such knowledge, we 
have, under the right conditions, the experience of a luminous self-evidence. This 
can only be explained, Plato continues, if learning is actually recollection: a remem-
brance of knowledge that we already dimly possess. If this is the nature of learning, 
then the problem of truth validation is solved.

The theory of learning as recollection has extraordinary consequences: When did 
we originally acquire this knowledge that is now recollected? Since it was not in this 
lifetime, it must have been in a previous existence. Furthermore, it must have been 

2.3  The Later Greeks: Plato, Euclid, and Aristotle



30

in a different kind of existence; otherwise, the same problem of truth validation 
would have made learning impossible. Based on this and related arguments, Plato 
hypothesizes that each of us has a soul distinct from our body, a soul that survives 
from lifetime to lifetime. Plato does not say that knowledge is unattainable but that 
during each lifetime we continue to struggle to attain it.

To explain the process of recollection, we must acknowledge that the soul was at 
one time in direct contact with a world of forms or essences. Indeed, Plato argues, 
only these forms or essences can be truly known and only they have true being. The 
world of our knowing through our senses is “a shadowy world,” a world in which 
the forms are only dimly reflected. Even the beauty perceived in our lover is but a 
shadowy reflection of the form of beauty itself. (This imagery—shadowy, dimly—is 
taken from the cave scene in Plato’s Republic).

Plato’s rejection of the veridicality of sense objects and his attribution of ultimate 
reality to forms or essences is called idealism. His dismissal of sense perception and 
his identification of mathematics and formal reasoning as the primary sources of 
knowledge is called rationalism. His identification of the soul as a separate entity, 
distinct from and independent of its physical embodiment, is called dualism. 
Although Plato’s versions of these positions may seem extreme and implausible to 
our modern mind, each position has repeatedly reappeared in differing forms and 
guises throughout the history of Western thought.

In Egypt, Euclid of Alexandria, a mathematician who is said to have worked with 
several students of Plato, described in about 290 BCE, what was to be called his 
Elements. The Elements was perhaps the first creation of a mathematical system 
based on a set of axioms or assumptions about phenomena in the world. Euclid then 
used these axioms to support a complex mathematical system of theorems and 
proofs that we now call Euclidian Geometry. In the nineteenth century, other math-
ematicians created new geometries, often called non-Euclidean, from different sets 
of foundational axioms. Euclid’s axiom/theorem approach to building mathematical 
systems was a critical addition to the growth of modern mathematics.

Aristotle was Plato’s student but rejected Plato’s postulation of a world of perfect 
forms. Aristotle’s epistemology is a blend of the rationalist and empiricist positions. 
As an empiricist, Aristotle attributes to perception and observation an essential role 
in the acquisition of knowledge. However, Aristotle’s emphasis on the role of ratio-
nal methods, such as mathematics and logic in organizing and interpreting observa-
tions, makes his position a highly sophisticated form of empiricism.

Aristotle argued that knowledge could not have arisen from the senses alone. 
Some perceptions, such as rainbows and mirages, are deceptive and misleading. If 
knowledge depended on perception alone, what could we do when perceptions con-
flict? How would we recognize which perception is veridical? This problem is simi-
lar to Xenophanes’ and Plato’s skeptical conundrum: if the truth were in fact 
presented, how would we recognize it? How could it be distinguished from the full 
spectrum of opinions?

The development of systematic knowledge, επιστεμε, or science, requires the 
contribution of reason. Aristotle proposed a scientific method: the organized gather-
ing of observations and measurements followed by the creation of a relational 
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network or “taxonomic” classification. Rational methods, including categorization, 
interpretation, and reasoning followed after the data were appropriately classified. 
Through the use of logic particular concepts and laws are subsumed under more 
general ones, while their content or consequences can still be recovered through 
deduction.

Aristotle taught that physical objects had both a matter and a form. Thus, a mar-
ble statue might have the form of some ruler. The artist gives form to the material 
substance of the statue. Only the form is knowable, but the form requires matter for 
its embodiment. Through perception, the form of the object is delivered into our 
sense organs; it becomes literally present in these organs. This matter/form distinc-
tion provides a philosophical basis for modern notions such as symbolic computing 
and data abstraction.

In computing, we are manipulating patterns that are the forms of electromagnetic 
material, with the changes in form of this material representing aspects of the solu-
tion process. Abstracting the form from the medium of its representation not only 
allows these forms to be manipulated computationally but also provides the promise 
of a theory of data structures, the heart of modern computer science, and as we will 
see, supports the creation of an “artificial” intelligence.

In his Metaphysics, beginning with the statement that all people by nature desire 
to know, Aristotle developed a science of things that never change, including his 
cosmology and theology. In his Logic, Aristotle referred to deductive reasoning as 
his instrument, organon, because he felt that the study of thought itself was at the 
basis of all knowledge.

Aristotle investigated whether certain propositions can be said to be “true” 
because they are related to other things that are known to be “true.” For example, if 
we know that “all men are mortal” and that “Socrates is a man,” then we can con-
clude: “Socrates is mortal.” This argument is an example of what Aristotle referred 
to as a syllogism using the deductive form modus ponens. Although the full formal 
axiomatization of logical reasoning needed another 2000 years for its flowering in 
the works of Gottlob Frege, Bertrand Russell, Kurt Gödel, Alan Turing, Alfred 
Tarski, and others, its roots may be traced back to Aristotle.

Finally, Aristotle’s empiricist compromise contains lingering residues of ratio-
nalism and dualism. Aristotle’s ontology, his science of existing things, presents the 
notion of a chain of being, ranging in perfection from our world, the most material, 
least perfect, and changeable to that of the non-material divine, the most perfect, 
and unchangeable. Aristotle’s cosmology reflected this ontology, ranging from the 
earth and human realm outwards through a sequence of concentric spheres, to a fifth 
sphere, the quintessence, the realm of pure being: thought thinking itself, form with-
out matter.
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2.4  �Post-medieval or Modern Philosophy

Renaissance thought, building on the Greek tradition, continued the evolution of the 
scientific tradition. The hypothesis-test-revise methodology proved a powerful way 
of thinking about humanity and its relation to the natural world. Science began to 
flourish in chemistry, biology, medicine, physics, astronomy, and more: the scien-
tific revolution had begun! Most of the modern social and physical sciences found 
their origin in the notion that processes, whether natural or artificial, could be math-
ematically analyzed and understood. In particular, scientists and philosophers real-
ized that even thought and how knowledge was represented and manipulated in the 
human mind was a difficult but essential subject for scientific study.

Perhaps the major event in the development of the modern worldview was the 
Copernican revolution, the replacement of the ancient Earth-centered model of the 
universe with the idea that the Earth and other planets are actually in orbits around 
the sun. After centuries of an “obvious” order, in which the scientific explanation of 
the nature of the cosmos was consistent with the teachings of religion and common 
sense, a drastically different and not at all obvious model was proposed to explain 
the motions of heavenly bodies. Again, as suggested by many earlier philosophers, 
our ideas about the world were seen as fundamentally distinct from that world’s 
appearance.

This split between the human mind and its surrounding reality, between ideas 
about things and things themselves, is essential to the modern study of the mind and 
its organization. This breach was widened by the writings of Galileo whose scien-
tific observations further contradicted the “obvious” truths about the natural world. 
Galileo’s development of mathematics as a tool for describing that world empha-
sized the distinction between the world and our ideas about it. It is out of this breach 
that the modern notion of the mind evolved: introspection became a common motif 
in the literature, and mathematics and the systematic application of the scientific 
method rivaled the senses as tools for human understanding of the world.

In 1620, Francis Bacon’s Novum Organun offered a set of search techniques for 
this emerging scientific methodology. Based on the Aristotelian and Platonic idea 
that the form of an entity was equivalent to the sum of its necessary and sufficient 
features, Bacon articulated an algorithm for determining the essence of an entity. 
First, he made an organized collection of all instances of the entity, enumerating the 
features of each in a table. Then, he collected a similar list of negative instances of 
the entity, focusing especially on near instances, that is, those that deviated from the 
form of the entity by single features. Then, Bacon attempts—this step is not totally 
clear—to make a systematic list of all the features essential to the entity, that is, 
those that are common to all positive instances of the entity and missing from the 
negative instances.

Although the Chinese created the first calculating machine, the abacus, in the 
twenty-sixth century BCE, further mechanization of algebraic processes awaited 
the skills of the seventeenth-century Europeans. In 1614, the Scots mathematician, 
John Napier, created logarithms. These mathematical transformations allowed 
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multiplication and the use of exponents to be reduced to addition and multiplication. 
Napier also created his bones that were used to represent overflow or “carry” values 
for arithmetic operations. Wilhelm Schickard (1592–1635), a mathematician and 
clergyman of Tübingen Germany, used Napier’s bones in his invention of a 
Calculating Clock for performing addition and subtraction. This machine recorded 
the overflow from its calculations by the chiming of a clock.

Another famous calculating machine was the Pascaline that Blaise Pascal, the 
French philosopher and mathematician, created in 1642. Although the mechanisms 
of Schickard and Pascal were limited to addition and subtraction—including carries 
and borrows—they showed that processes that previously were thought to require 
human thought and skill could be fully automated. As Pascal later stated in his 
Pensees (1670), “The arithmetical machine produces effects which approach nearer 
to thought than all the actions of animals.”

Pascal’s successes with calculating machines inspired Gottfried Wilhelm von 
Leibniz in 1694 to complete a working machine that became known as the Leibniz 
Wheel. It integrated a moveable carriage and hand crank to drive wheels and cylin-
ders that performed the more complex operations of multiplication and division. 
Leibniz was also fascinated by the possibility of an automated logic for the mechan-
ical proofs of propositions.

Using Francis Bacon’s earlier entity specification algorithm, where concepts 
were characterized as the collection of their necessary and sufficient features, 
Leibniz conjectured the creation of a machine that could calculate with these fea-
tures to produce logically correct concepts. Leibniz (1887) also envisioned a 
machine, reflecting modern ideas of deductive inference and proof, by which the 
production of scientific knowledge could become automated, the creation of a cal-
culus for reasoning.

René Descartes (1680), often called the father of modern philosophy, was a 
mathematician, and like Plato, a rationalist. For Descartes, only mathematical con-
cepts, his clear and distinct ideas, were considered veridical and acceptable as a 
basis for understanding reality.

Descartes published his Meditations in 1637, wherein he established the modern 
epistemological project: to reconstruct the foundations of knowledge starting from 
his epoche, or doubt, and the full suspension of judgment. Descartes asks: How can 
I know that my beliefs about the world are true? There is an important difference 
between Descartes’ epoche and doubt regarding a particular belief. Making further 
observations or bringing to bear additional evidence often resolves a particular 
doubt. General doubt, the epoche, calls into question the value of all evidence, both 
perceptual and rational. Descartes invites us to envision a clever but evil god who 
deceives us at every turn. Given this possibility, is there any belief or insight about 
which we could not be mistaken?

Descartes asks the questions: In accepting systematic doubt, what can I hold 
onto? What cannot be doubted? His answer is that only his own existence cannot be 
questioned. Cogito ergo sum. A consequence of this epistemic retreat, however, is 
that the only existence that he is aware of is a disembodied thinking being. Only this 
aspect of existence is presented and verified in his self-consciousness.
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From this minimalist foundation, Descartes attempts to reconstruct all knowl-
edge and reality. His reconstruction is implausible, however, and depends on a 
series of “proofs” for the existence of god. Descartes’ proofs are deductive but cir-
cular, with his notion of clear and distinct ideas used in the proof of the veridicality 
of clear and distinct ideas. With god’s existence established, Descartes appeals to 
the benevolence and veracity of the deity to save a portion of his former beliefs. A 
benevolent deity, he argues, would not allow him to be mistaken about ideas that, 
like those of mathematics, are perceived clearly and distinctly. Thus, finally, 
Descartes’ belief in an external world is reconstituted through the ideas of mathe-
matics and analytic geometry.

For Descartes, as for Plato, rationalism leads to dualism. Descartes thinking 
being, his res cogitans, is disembodied and cut off from interaction with an external 
and physical world, the res extensa. His problem, then, is to reestablish the possibil-
ity of a mental/physical interaction. Descartes posited this “connection” as some-
how involving the pituitary gland, a part of the cortex whose functions at that time 
were little understood. An important component of the study of philosophy since 
Descartes has focused on how to put the material and immaterial parts of the human 
system back together.

We can make two observations here: first, the schism between the mind and the 
physical world had become so complete that the process of thinking could be dis-
cussed in isolation from any specific sensory input or worldly subject matter. 
Second, the connection between the mind and the physical world was so tenuous 
that it required the intervention of a benign god to support reliable knowledge of the 
physical world.

Why have we included this mind/body discussion in a book analyzing epistemol-
ogy from an artificial intelligence perspective? There are (at least) three conse-
quences essential to our enterprise:

	1.	 By separating the mind from the physical world, Descartes and related thinkers conjectured that 
the structure of ideas about the world was not necessarily the same as the structure of their 
subject matter. This schism underlies the methodologies of many AI practitioners, epistemolo-
gists, and psychologists, as well as much of modern literature. According to Descartes, mental 
processes have an existence of their own, obey their own laws, and can be studied in and of 
themselves.

	2.	 Once the mind and the body are separated, philosophers found it necessary to find ways to 
reconnect the two. Interaction between Descartes’ res cogitans and res extensa is essential for 
human existence. This is an important concern for programs that intend to reflect 
“intelligence.”

	3.	 The Cartesian mind/body assumption also supports the disengagement of the cognitive subject 
from the community of knowers and separates the individual from the social milieu. In this 
sense, the individual is seen as “watching” reality move by understanding and criticizing as a 
detached observer. As we note in Chap. 7, the very concepts with which thoughts are framed 
and rooted are part of a shared language and tradition. The individual cannot escape intersub-
jective and societal aspects of knowledge and truth.

Gottfried Wilhelm von Leibniz represents the extreme position in a rationalist 
world view. Like Descartes before him, Leibniz takes mathematics as the sole model 
and ideal for knowledge. He was the co-inventor of calculus along with Isaac 
Newton. Leibniz proposed a universal characteristic, a language of primitives from 
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which, he suggested, all concepts and properties could be defined. Leibniz further 
proposed a mathematical calculus for constructing true propositions from this lan-
guage. Interestingly, several AI researchers, including Roger Schank (1980), have 
adopted similar semantic, or meaning, systems for understanding human language.

Like Descartes, Leibniz questions the reality of physical causality and the inter-
action of objects in the world. The ultimate description of world events is in terms 
of noninteracting monads: each monad governed solely by its own internal laws of 
development. Interaction is explained and supported by the veracity and benevo-
lence of the creator god. Once again, divine intervention is required to support an 
embodied world. Leibniz described this linkage as the principle of preestablished 
harmony.

The most widely accepted response to the problems implicit in the rationalist 
enterprise, and the one that provides an essential foundation for the study of AI, is 
that the mind and the body are not fundamentally different entities at all. From this 
view, mental processes are indeed achieved by physical systems such as brains or 
computers. Mental processes, like physical processes, can be characterized through 
formal specifications. As stated in the Leviathan by the seventeenth-century English 
philosopher Thomas Hobbes (1651), “By ratiocination, I mean computation.”

2.5  �The British Empiricists: Hobbes, Locke, and Hume

The British empiricists, beginning with John Locke’s (1689) Essay Concerning 
Human Understanding, rejected rationalism as a theory of knowledge. Differing 
from Descartes and Leibniz, Locke argues that we are born with no innate ideas, a 
tabula rasa. Locke then argues that all ideas come through our experiences in the 
world. The empiricist tradition holds that knowledge must be explained through 
introspective but empirical psychology. Empiricists distinguish two different types 
of mental phenomena: direct perceptual experience, on the one hand, and thought, 
memory, and imagination on the other. Each empiricist thinker, of course, uses 
slightly different terms for this distinction.

The eighteenth-century Scottish philosopher David Hume, for example, distin-
guishes between impressions and ideas. Impressions are lively and vivid and not 
subject to voluntary control. This involuntary character suggests that they may in 
some way reflect the effect of an external object on the subject’s awareness. Ideas, 
on the other hand, are less vivid and detailed and more amenable to the subject’s 
voluntary control.

Given this distinction between impressions and ideas, how then does knowledge 
arise? For Hobbes, Locke, and Hume, the basic explanatory mechanism is associa-
tion. Certain properties are repeatedly experienced together in our impressions. This 
repeated association creates a disposition in the mind to associate their correspond-
ing ideas. The fundamental limitation of this account of knowledge is revealed by 
David Hume’s skepticism. Hume’s purely descriptive account of the origin of ideas 
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cannot, by his own admission, justify his belief in causality. Indeed, even the use of 
logic and induction cannot be rationally supported in this empiricist epistemology.

The characterization of knowledge as association plays a significant role in mod-
ern theories of human memory organization. We will see this in AI research that 
created semantic networks, models for memory organization, data structures for 
human language understanding, and more (Chap. 5). The associational approach to 
machine learning may be seen in different architectures for neural networks and 
algorithms supporting deep learning. The empiricists’ attempt to interpret knowl-
edge as habitual associations based on the repetition of certain elements of experi-
ence also influenced the behaviorist tradition in psychology.

2.6  �Bridging the Empiricist/Rationalist Chasm: 
Baruch Spinoza

In 1632, Baruch Spinoza was born into the Jewish community of Amsterdam. This 
group had left Portugal and Spain because of the fifteenth-century expulsion of the 
Jews and the subsequent Inquisition. In the decade of Spinoza’s birth, John Locke 
and Isaac Newton were also born, Descartes was writing his Meditations, and 
Galileo was placed under house arrest for his views on cosmology. Although a ratio-
nalist inspired by Descartes, Spinoza disagreed with Descartes’mind–body dualism. 
He felt that God or Nature was a being of infinite attributes and that thought and 
extension were only two of these. Spinoza felt that the physical and mental worlds 
were causally interrelated and the attributes of one substance.

Spinoza, whose philosophical approach is called neutral monism, was thus one 
of the earliest of modern thinkers to blend together components of the empiricist 
and rationalist traditions. Spinoza rejected the existence and immortality of the 
human soul. Thought and body, Descartes’ res cogitans and res extensa, had to col-
laborate and interact; in fact, he suggested, they were causally interconnected com-
ponents of one unified system. Spinoza extended his theory of substance with a 
pantheistic god, not ruling over the world by providence or changeable through 
prayer or sacrifice. Rather, God is the deterministic system of which everything in 
nature is a component.

Spinoza’s Tractatus Theologico-Politicus, published in 1670, proposed that the 
study of philosophy and its epistemic foundations supported piety and peaceful 
coexistence. He condemned the current political establishments that used ignorance 
and religious superstition to control the body politic. For these opinions, as well as 
his contention that the bible was nothing more than the creation of humans, Spinoza 
was both excommunicated from the Jewish community and condemned by the 
Christian. Most of his works were published posthumously.

Perhaps Spinoza’s most important philosophical work, his Ethics, was published 
in 1677. The Ethics was written as a set of axioms that offered a foundation for his 
philosophical stance along with sets of follow-on theorems and corollaries that this 
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axiom base supported. We take a similar approach in Chap. 7, proposing sets of 
assumptions and conjectures as a foundation for a modern epistemology.

2.7  �Bridging the Empiricist/Rationalist Chasm: 
Immanuel Kant

Immanuel Kant, a German philosopher trained in the rationalist tradition, was 
strongly influenced by the British empiricists. Reading David Hume, Kant 
(1781/1964) remarked, awakened him from his dogmatic slumbers. In response to 
Hume, Kant developed his critical philosophy: an attempted synthesis of rational-
ism and empiricism. Knowledge contains two components for Kant, an a priori 
component coming from previous experience and understanding and an a posteriori 
component arising from the present. Experience itself is meaningful to a subject 
only through the active contribution of the subject. Without a unifying form imposed 
by the subject, the world would offer nothing more than passing sensations.

For Kant, the subject’s contribution begins at the sensory level. Space and time, 
Kant argues, are forms of experience that unify perceptual representations and give 
them meaningful relationships with each other. The framework of space and time 
could not have been learned from experience, since this framework is a condition 
for the possibility of experience.

According to Kant, the human subject makes a second contribution at the level 
of judgment. Passing images or representations are bound together and taken as 
diverse appearances of an object. Without the active synthesis of representations, 
the experience of objects would not be possible. This synthesis that transforms pass-
ing sensations into appearances of an object gives mental life its intentional charac-
ter. It makes representations more than mere affectations of the mind; it allows them 
to refer to an object outside the mind. For example, Kant says:

Suppose a person is walking toward me, approaching from a distance. I experience a series 
of images growing increasingly large. First, perhaps, I recognize the age and gender of this 
person. Then, when they are close enough, I see their hair and eye color. Finally, I recognize 
this person, an occasional acquaintance.

What is required to turn this series of images into the experience of a person with 
whom I am acquainted? Kant believes that what is required is that they all be taken 
as images of the same re-identifiable object, an object which perhaps I experienced 
yesterday and could potentially experience tomorrow. Note that this synthesis 
requires work and an active constructive judgment. The same object actually 
changes in appearance due to perceptual factors, such as distance, profile, and light-
ing, and also changes over a longer period of time as a result, for example, of a 
haircut, glasses, a change in emotional state, or even aging.

Kant argues against pure empiricism and for an a priori component to experi-
ence. The framework of space and time, the concept of reidentifiable objects and 
properties could not have been learned from experience, since they are 
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preconditions of experience. Meaningful experience would not be possible without 
these unifying structures.

According to Kant, understanding utilizes the synthesis required to construct the 
experience of objects. Understanding enables the higher level synthesis of knowl-
edge, constructing generalizations across objects and domains, generating scientific 
laws, and the structure of scientific theories. Reason contributes the a priori form of 
these syntheses, while their matter comes from experience. Both reason and under-
standing ultimately rely on the same a priori principles.

Kant notes that perceptual experience is an a priori experience of objects in space 
and time, without any voluntary act or conscious intervention of the subject. He 
explains this by arguing that the same a priori principles of synthesis that inform 
understanding at the level of conscious reflection must also operate in perception at 
an unconscious level. He attributes this to the work of the transcendental imagina-
tion, an active faculty governed by what he called schemata, that is, by a priori 
patterns that determine how perceptual elements are brought together and organized.

Kant’s concept of an active subject whose schemata organize experience has had 
an important influence on twentieth- and twenty-first-century thought. Philosophers, 
including Peirce, Husserl, Kuhn, and others, and psychologists, such as Bartlett and 
Piaget, have been influenced by Kant’s notion of an active epistemic subject. They 
agree with Kant that experience is constructed in accordance with certain organiz-
ing forms or schemata and that this constructive activity takes place below the level 
of conscious awareness.

Those modern thinkers depart from Kant on the question of whether the form of 
this constructive process is fixed. For Kant, only one set of organizing forms or 
schemata is possible, and its nature is determined by a transcendental logic. For 
modern thinkers, alternative schemata are possible, and their forms can be com-
pared, at least to some extent, with respect to their effectiveness in organizing an 
individual or a community’s practices and interactions with the natural and social 
environment.

Kant’s a priori schemata and a posteriori perception of information will offer 
important content to our later presentation. In Chap. 8, we describe Bayes’ and 
Pearl’s models of probabilistic reasoning, specifically how a human’s current under-
standing of the world enables their interpretation of new information. As we will 
see, Bayes’ representation with Pearl’s algorithms offers a sufficient epistemic 
model of how new information can be interpreted, both in the present and dynami-
cally, across time, in the context of a world of a priori expectations.

2.8  �American Pragmatism: Peirce, James, and Dewey

Pragmatism may be described as a philosophy that assesses the truth or meaning of 
theories or beliefs in terms of the success of their practical application. American 
pragmatism, as proposed by William James (1902) and Charles Sanders Peirce 
(1931–1958), expands the parameters needed to constitute an epistemology. 
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Empiricism and rationalism can be seen as self-based characterizations of knowing, 
particularly as epistemology seems to be the product of internalized thought experi-
ments. Pragmatism asks what an action or stance will “effect” or “do” in a specific 
situation. In short, pragmatism asserts that the meaning, as well as an ethical valence 
of a word or action is dependent on its externalization in an active and situated world.

In Pragmatism, James (1981) contends that “27” may mean “one dollar too few” 
or equally “a board one inch too long” … He asserts:

What shall we call a thing anyhow? It seems quite arbitrary, for we carve out everything, 
just as we carve out constellations, to suit our human purposes.

Further, James claims:

We break the flux of sensible reality into things, then, at our will. We create the subjects of 
our true as well as of our false propositions. We create our predicates also. Many of the 
predicates of things express only the relations of the things to us and to our feelings. Such 
predicates, of course, are human additions.

Peirce (1931–1958, vol. 1, paragraph 132), in How to Make our Ideas Clear, 
describes his Pragmatic Maxim as:

Consider what effects, which might conceivably have practical bearings, we conceive the 
object of our conception to have. Then our conception of these effects is the whole of our 
conception of the object.

Further, in How to Make our Ideas Clear, Peirce (1931–1958, vol. 1, paragraph 138) 
clarifies what he means by truth and reality:

The opinion which is fated to be ultimately agreed to by all who investigate, is what we 
mean by the truth, and the object represented in this opinion is the real. This is the way I 
would explain reality.

James (1909) has a similar conception of truth:

Ideas … become true just in so far as they help us to get into satisfactory relation with other 
parts of our experience.

Pragmatism, then, purports to ground all thoughts, words, and actions in their 
expected consequences. An example of this epistemological stance, from James’ 
(1902) Varieties of Religious Experience, is that the truth, as well as any imputed 
value of a particular religious stance, is what that stance does for an individual’s life. 
For example, does the disposition help with an addiction problem or encourage the 
performance of charitable acts?

This form of pragmatism allows little critique, however, as one person’s religious 
values can directly contradict those of others. For instance, various “inquisitions” or 
“fundamentalist actions” are often justified in the name of some religion. An impor-
tant consequence of the pragmatist philosophy was John Dewey’s (1916), writings 
that had an important impact on twentieth-century education in both the US and 
worldwide.

American Pragmatism offers an important critique of epistemology as well as of 
modern AI. For epistemology:
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	1.	 The rationalist and empiricist epistemic traditions tend to be matters of individual, or self, 
accountability; for example, how do my ideas relate to my perceptions? What is (my) truth? 
The pragmatist forces meaning and truth to require an external dimension, to be a function of 
results in an interpreting context.

	2.	 The weak side of pragmatism is that there is no universally accepted notion of meaning or truth 
within this external interpretive context. One agent’s action can have multiple effects depending 
on its contexts, and multiple agents can have differing interpretations for a single action.

Many aspects of modern AI have a pragmatic focus: intelligent programs are 
about what they can do in their situated environment. Stuart Russell (2019), in his 
discussion on the nature of intelligence claims:

Before we can understand how to create intelligence it helps to understand what it is. The 
answer is not to be found in IQ tests, or even in Turing tests, but in a simple relationship 
between what we perceive, what we want, and what we do. Roughly speaking, an entity is 
intelligent to the extent that what it does is likely to achieve what it wants, given what it has 
perceived.

The Russell description of intelligence falls within the scope of point 2, above. 
When the “success” of a running AI program is the main measure of its “quality,” 
other important aspects are easily overlooked: How does the AI program generalize 
to new, related situations? Is there any quantitative measure of success for the pro-
gram’s results, such as a mathematical guarantee of optimal convergence? Did the 
response of the program address all its user’s concerns?

Computer programs meant to communicate with humans demonstrate the diffi-
culty reflecting a pragmatist stance, namely, understanding why the human requests 
specific information. When asking a web bot sponsored by an airline company “Do 
you go to Seattle?” the intelligent answer is not simply “yes.” A more appropriate 
response might be “What day do you want to fly to Seattle?” Full “success” for the 
inquirer likely includes the purchase of an airline ticket.

When interacting with human users, the program must come to understand the 
pragmatic intent of the conversation. Many question-answering bots are coming to 
have such sophisticated understanding of customers’ queries, as, for example, bots 
for airlines’  ticket sales and for a bank’s  wealth management services. IBM’s 
Watson, once company-specific information is added to its knowledge base, can 
also perform goal-oriented transactions. In Sect. 8.3, we demonstrate how such a 
conversation system can work using probabilistic finite state machine technology.

American pragmatism, with its commitment to actions having “meaning” by 
how their results are externalized in some context, also captures the spirit of the 
European existentialist tradition of Kierkegaard, Nietzshe, and Sartre. From this 
perspective, a person “actualizes” himself or herself in internal and external activi-
ties. There is a direct statement of this in James’ 1902 Varieties of Religious 
Experience:

In our cognitive as well as our active life we are creative… The world stands really mal-
leable, waiting to receive its final touches at our hands. Like the kingdom of heaven, it 
suffers human violence willingly. Man engenders truths upon it.

Driven by existentialist standards and lack of commonly accepted “objective” 
constraints, pragmatism approaches a postmodern version of contingency, 
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skepticism, and relativism. Our own conjectures on knowledge, meaning, and truth, 
presented in Sects. 7.3 and 7.4, are extensions of the pragmatists’ approach to these 
issues. American Pragmatism has seen a strong revival near the end of the twentieth 
century, with philosophers including Hilary Putnam, W.V.O. Quine, and Richard 
Rorty. We take up the pragmatist tradition again in Sect. 9.5.

2.9  �The Mathematical Foundations for Computation

Logical positivism, sometimes called “scientific philosophy,” is another tradition 
that emerged in Europe in the late nineteenth and the early decades of the twentieth 
century. Logical positivism, influenced by Wittgenstein’s (1922) Tractatus Logico-
Philosophicus, Carnap’s (1928) The Logical Structure of the World, and others, pro-
duced many of the philosophers and mathematicians who provided a foundation for 
the sciences of computation and artificial intelligence. These include Russell, 
Whitehead, Frege, Gödel, Tarski, Post, and Turing.

Once thinking had come to be regarded as a form of computation (Hobbes), its 
formalization and eventual mechanization were obvious next steps. As already 
noted, Gottfried Wilhelm von Leibniz (1887) in his Calculus Philosophicus, intro-
duced, after Aristotle, the first system of formal logic. Leibniz also proposed a 
machine for automating its tasks. The steps and stages of this mechanical solution 
can be represented as movement through the states of a tree or graph. Leonhard 
Euler (1735), with his analysis of the bridges joining the riverbanks and islands of 
the city of Königsberg, introduced graph theory, a representation that can capture 
many structures and relationships in the world.

The formalization of graph theory also supported the possibility of state-space 
search, a major conceptual tool of artificial intelligence. The nodes of a state-space 
graph represent possible stages of a problem solution and the arcs of the graph rep-
resent decisions, moves in a game, or other steps within a solution, as we saw in 
Sect. 1.3. By describing the entire space of problem solutions, state-space graphs 
provide a powerful tool for measuring the structure and complexity of problems and 
analyzing the efficiency, correctness, as well as generality of solution strategies. For 
an introduction to graph theory and state-space search, including Euler’s solution of 
the Königsberg bridge problem, see Sect. 4.1.

Charles Babbage, the nineteenth-century mathematician first introduced in Sect. 
1.2, was one of the originators of the science of operations research as well as the 
designer of the first programmable mechanical computing machines. Babbage may 
also be considered an early practitioner of artificial intelligence (Morrison and 
Morrison 1961). Babbage’s difference engine was a special-purpose machine for 
computing the values of certain polynomial functions and was the forerunner of his 
analytical engine. The analytical engine, designed but not successfully constructed 
during his lifetime, was a general-purpose programmable computing machine that 
presaged many of the architectural assumptions underlying the modern computer.
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Ada Lovelace (1961), Babbage’s friend, supporter, and collaborator, described 
the analytical engine:

We may say most aptly that the Analytical Engine weaves algebraical patterns just as the 
Jacquard loom weaves flowers and leaves. Here, it seems to us, resides much more of origi-
nality than the difference engine can be fairly entitled to claim.

Babbage’s inspiration was his desire to apply the technology of his day to liber-
ate humans from the drudgery of making arithmetic calculations. In this sentiment, 
as well as with his conception of computers as mechanical devices, Babbage was 
thinking in purely nineteenth-century terms. His analytical engine, however, also 
included many modern notions, such as the separation of memory and processor, 
the store and the mill in Babbage’s terms, the concept of a digital rather than an 
analog machine, and programmability based on the execution of a series of opera-
tions encoded on punched pasteboard cards.

The most striking feature of Ada Lovelace’s description, and Babbage’s work in 
general, is its treatment of the “patterns” of algebraic relationships. These entities 
may be studied, characterized, and finally implemented and manipulated mechani-
cally without concern for the particular values that are finally passed through the 
mill of the calculating machine. This is an example of the “abstraction and manipu-
lation of form” first described by Aristotle and later by Leibniz.

The goal of creating a formal language for thought also appears in the work of 
George Boole (1847, 1854), another nineteenth-century mathematician whose work 
must be included in any discussion of the roots of artificial intelligence. Although he 
made contributions to a number of areas of mathematics, his best-known work was 
in the mathematical formalization of the laws of logic, an accomplishment that 
forms the very heart of modern computer science.

Although Boole’s role in the creation of Boolean algebra and the design of logic 
circuitry is well known, Boole’s own goals in developing his system seem closer to 
those of many contemporary AI researchers. Boole (1854), in the first chapter of An 
Investigation of the Laws of Thought, on which are founded the Mathematical 
Theories of Logic and Probabilities, described his goals as:

… to investigate the fundamental laws of those operations of the mind by which reasoning 
is performed: to give expression to them in the symbolical language of a Calculus, and upon 
this foundation to establish the science of logic and instruct its method; … and finally to 
collect from the various elements of truth brought to view in the course of these inquiries 
some probable intimations concerning the nature and constitution of the human mind.

The importance of Boole’s accomplishment is in the extraordinary power and 
simplicity of the system he devised: three operations, “AND,” denoted by ∗ or ∧; 
“OR” denoted by + or ∨; and “NOT,” denoted by ¬ or not, formed the heart of his 
logical calculus. These operations have remained the basis for all subsequent devel-
opments in formal logic, including the hardware design of modern computers.

While keeping the meaning of these symbols nearly identical to the correspond-
ing algebraic operations, Boole noted “the Symbols of logic are further subject to a 
special law, to which the symbols of quantity, as such, are not subject.” This law 
states that for any X, an element in the algebra, X ∗ X = X, or that once something 
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is known to be true, repetition cannot augment that knowledge. This led to the char-
acteristic restriction of Boolean values to the only two numbers that can satisfy this 
equation: 1 and 0. The standard definitions of Boolean multiplication and addition 
follow from this insight.

Boole’s system not only provided the basis for binary arithmetic but also demon-
strated that an extremely simple formal system was adequate to capture the full 
power of logic. This assumption, and the system Boole developed to demonstrate it, 
forms the basis of all modern efforts to formalize logic, from Russell and Whitehead’s 
Principia Mathematica (1950), through the work of Turing and Gödel, up to mod-
ern automated reasoning systems.

Gottlob Frege, in his Foundations of Arithmetic (Frege 1879, 1884), created a 
mathematical specification language for describing the basis of arithmetic in a clear 
and precise fashion. With this language, Frege formalized many of the issues first 
addressed by Aristotle’s Logic. Frege’s language, now called the first-order predi-
cate calculus, offers a tool for describing the propositions and truth-value assign-
ments that make up the elements of mathematical reasoning and describes the 
axiomatic basis of “meaning” for these expressions.

The predicate calculus, which includes predicate symbols, a theory of functions, 
and quantified variables, was intended to be a language for describing the founda-
tions of mathematics. It also plays an important role in creating a theory of repre-
sentation for AI, as seen in Sect. 1.3. The first-order predicate calculus offers the 
tools necessary for automating reasoning: a language for expressions, a theory for 
assumptions related to the meaning of expressions, and a logically sound calculus 
for inferring new true expressions. It also creates a language for expressing the 
knowledge and reasoning of modern expert systems, as we see in Sect. 4.1.

Alfred North Whitehead and Bertrand Russell’s (1950) research is particularly 
important to the foundations of AI, in that their stated goal was to derive the whole 
of mathematics through formal operations on a collection of axioms. Although 
many mathematical systems have been constructed from basic axioms, what is 
interesting is Russell and Whitehead’s commitment to mathematics as a purely for-
mal system. This meant that axioms and theorems would be treated as strings of 
characters: proofs would proceed solely through the application of well-defined 
rules for manipulating these strings. There would be no reliance on intuition or the 
possible “meaning” of theorems as a basis for proofs.

What “meaning” the theorems and axioms of the system might have in relation 
to some AI application domain would be independent of their logical derivations. 
This treatment of mathematical reasoning in purely formal, and hence mechani-
cal terms, provided an essential basis for its automation on physical computers. The 
logical syntax and formal rules of inference developed by Russell and Whitehead 
are still a basis for automatic theorem-proving systems as well as for the theoretical 
foundations of artificial intelligence. Automated reasoning, of course, is the answer 
to Leibniz’s “mathematical calculus” described in Sect. 2.4.

Alfred Tarski (1944, 1956) is another mathematician whose work is essential to 
the foundations of AI. Tarski created a theory of reference, wherein the well-formed 
formulae of Frege or Russell and Whitehead can be said to refer, in a precise 
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fashion, to a physical world. This insight underlies most theories of formal seman-
tics. In his paper, The Semantic Conception of Truth and the Foundation of 
Semantics, Tarski describes his theory of reference and truth–value relationships. 
Modern computer scientists have related this theory to programming languages and 
other specifications for computing.

The formalization of science and mathematics in the eighteenth-, nineteenth-, 
and early twentieth centuries created the intellectual prerequisite for the study of 
artificial intelligence. It was not until the mid-twentieth century, however, and the 
introduction of the digital computer that AI became a viable scientific discipline. By 
the end of the 1940s, electronic digital computers had demonstrated their potential 
to provide the memory and processing power required to build intelligent programs. 
It was then possible to implement formal reasoning systems on a computer and 
empirically test their sufficiency for exhibiting intelligence. An essential component 
of the science of artificial intelligence is this commitment to computers for creating, 
testing, and revising “intelligent” programs.

Digital computers are not merely a vehicle for testing theories of intelligence. 
Their architecture also suggests a specific paradigm for such theories: intelligence 
is a form of information processing. The notion of search as a problem-solving 
methodology, for example, owes more to the sequential nature of computer opera-
tion than it does to any biological model of intelligence. Most AI programs repre-
sent knowledge in some formal language that is then manipulated by algorithms, 
honoring the separation of data and program fundamental to the von Neumann style 
of computing.

Formal logic has emerged as an important representational technique for AI 
research, just as graph theory plays an indispensable role in the analysis of problem 
spaces as well as provides a basis for semantic networks and similar models of 
semantic meaning. These tools and formalisms are discussed in detail in Chaps. 4 
and 5; we mention them here to emphasize the symbiotic relationship between the 
digital computer and the mathematical underpinnings of artificial intelligence.

We often forget that the tools we create for our own purposes tend to shape our 
conception of the world through their structure and limitations. This interaction is 
an essential aspect of the evolution of human knowledge: A tool, and programs are 
only tools, is developed to solve a particular problem. As it is used and refined, the 
tool itself suggests other applications, leading to new questions and, ultimately, to 
the development of new tools.

2.10  �The Turing Test and the Birth of AI

In 1950, the British mathematician Alan Turing published Computing Machinery 
and Intelligence, one of the earliest papers to address the question of whether “intel-
ligence” might be possible using the technology of the digital computer. Turing’s 
ideas remain timely in both their promise for the successes of what would become 
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the AI research community and in his assessment of the arguments against the pos-
sibility of creating an intelligent computing mechanism.

Turing, known mainly for his design of the universal computing machine and his 
contributions to the theory of computability, Sect. 1.2, considered the question of 
whether or not a machine could actually be made to think. Turing noted that there 
were fundamental ambiguities in the question itself: What is thinking? What is a 
machine? Since these concerns precluded any rational answer, Turing proposed that 
the question of “machine intelligence” be replaced by a better-defined empiri-
cal test.

The Turing test measures the performance of an allegedly intelligent machine 
against that of a human being, arguably our best and only standard for intelligent 
behavior. The test, which Turing called the imitation game, places the machine and 
a human counterpart in rooms apart from a second human being, referred to as the 
interrogator, see Fig. 2.1. The interrogator is not able to see or speak directly to 
either of them, does not know which entity is actually the machine and may com-
municate with them solely by the use of a text-based device such as a terminal. The 
interrogator is asked to distinguish the computer from the human solely based on 
their answers to questions asked using this device. If the interrogator cannot distin-
guish the machine from the human, then, Turing argues, the machine must be 
assumed to be intelligent.

By isolating the interrogator from both the machine and the other human partici-
pant, the test ensures that the interrogator will not be biased by the appearance of the 
machine or any mechanical property of its voice. The interrogator is free, however, 
to ask any question, no matter how devious or indirect, in an effort to uncover the 
computer’s identity. For example, the interrogator may ask both subjects to perform 
a rather involved arithmetic calculation, assuming that the computer will be more 
likely to get it correct than the human. To counter this strategy, the computer will 
need to know when it should fail to get a correct answer to such problems in order 
to seem more like a human. To discover the human’s identity, the interrogator may 
ask for a response to a poem; this strategy will require that the computer have 
knowledge concerning the emotional makeup of human beings.

Fig. 2.1  A form of the 
Turing test, where the 
interrogator asks questions 
and then is asked to 
determine whether a 
computer or human 
answered
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The important features of Turing’s test are:

	1.	 It attempts to give an objective notion of intelligence, i.e., the behavior of a 
known intelligent entity in response to a particular set of questions. This pro-
vides a standard for determining intelligence that avoids the inevitable debates 
over its “true” nature.

	2.	 It prevents us from being sidetracked by confusing and currently unanswerable 
questions such as whether or not the computer uses the appropriate internal pro-
cesses or whether or not the machine is actually conscious of its actions.

	3.	 It eliminates any bias in favor of living organisms by forcing the interrogator to 
focus solely on the content of the answers to questions.

Because of these advantages, the Turing test provides a basis for many of the 
schemes actually used to evaluate modern AI programs. A program that has poten-
tially achieved intelligence in some area of expertise may be evaluated by compar-
ing its performance on a given set of problems to that of a human expert. This 
evaluation technique is just a variation of the Turing test: A group of humans are 
asked to blindly compare the performance of a computer and a human being on a 
particular set of problems. This methodology has become an essential tool in both 
the development and the verification of modern expert systems (Luger 2009a).

The Turing test, despite its intuitive appeal, is vulnerable to a number of justifi-
able criticisms. One of the most important of these is aimed at its bias toward purely 
symbolic problem-solving tasks. It does not test abilities requiring perceptual skill 
or manual dexterity, even though these are important components of human 
intelligence.

From another viewpoint, it is sometimes suggested that the Turing test need-
lessly constrains machine intelligence to fit a human mold. Perhaps machine intel-
ligence is simply different from human intelligence and trying to evaluate it in 
human terms is a fundamental mistake. Do we really wish a machine would do 
mathematics as slowly and inaccurately as a human? Shouldn’t an intelligent 
machine capitalize on its own assets, such as a large, fast, reliable memory, rather 
than trying to emulate human cognition? We discuss these issues again in Sect. 9.5.

A number of AI practitioners see responding to the full challenge of Turing’s test 
as a mistake and a major distraction to the more important work at hand: developing 
general theories to explain the mechanisms of intelligence in humans and machines 
and applying those theories to the development of tools to solve specific, practical 
problems. Although agreeing with these concerns, we still see Turing’s test as an 
important component in the verification and validation of modern AI software.

Turing also addressed the very feasibility of constructing an intelligent program 
on a digital computer. By thinking in terms of a specific model of computation, an 
electronic discrete state computing machine, he made some well-founded conjec-
tures concerning the storage capacity, program complexity, and basic design phi-
losophy required for such a system. Finally, he addressed a number of moral, 
philosophical, and scientific objections to the possibility of constructing such a pro-
gram. The reader is referred to Turing’s (1950) article for a perceptive and still rel-
evant summary of the debate over the possibility of intelligent machines.
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Two of the objections cited by Turing are worth considering further. Lady 
Lovelace’s Objection, first stated by Ada Lovelace, argues that computers can only 
do as they are told and consequently cannot perform original, hence, intelligent 
actions. This objection has become a reassuring if somewhat dubious part of con-
temporary technological folklore. Expert systems, presented in Sect. 4.1, especially 
in the area of diagnostic reasoning, have reached conclusions unanticipated by their 
designers. A number of researchers feel that human creativity can be expressed in a 
computer program as we see in detail in Part II.

The second objection, the Argument from Informality of Behavior, asserts the 
impossibility of creating a set of rules that will tell an individual exactly what to do 
under every possible set of circumstances. Certainly, the flexibility that enables a 
biological intelligence to respond to an almost infinite range of situations in a rea-
sonable if not necessarily optimal fashion is a hallmark of intelligent behavior.

Although it is true that the control structures used in most traditional computer 
programs do not demonstrate great flexibility or originality, it is not true that all 
programs must be written in this fashion. Much of the work in modern AI has been 
to develop programming languages, representations, and tools such as production 
systems, object-based models, neural network representations, and mechanisms for 
deep learning, all discussed later in the book, that attempt to overcome this 
deficiency.

Many modern AI programs consist of a collection of modular components or 
rules of behavior that do not execute in a rigid order but rather are invoked as needed 
in response to a particular problem instance. Pattern matchers allow general rules to 
apply over a range of instances. These systems have an extreme flexibility that 
enables relatively small programs to exhibit a vast range of possible behaviors in 
response to differing problems and situations.

Whether these systems can ultimately be made to exhibit the flexibility shown by 
a living organism is still the subject of much debate. Herbert Simon, Nobel laureate 
in economics and ACM Turing award recipient, argues that much of the originality 
and variability of behavior shown by living creatures is due to the richness of their 
environment rather than in the complexity of their own internal programs.

In The Sciences of the Artificial, Simon (1981) describes an ant progressing cir-
cuitously along an uneven and cluttered stretch of ground. Although the ant’s path 
seems quite complex, Simon argues that the ant’s goal is very simple: to return to its 
colony as quickly as possible. Simon claims that the twists and turns in the ant’s 
path are caused by the obstacles it encounters on its way. Simon concludes that

An ant, viewed as a behaving system, is quite simple. The apparent complexity of its behav-
ior over time is largely a reflection of the complexity of the environment in which it 
finds itself.

This idea, if ultimately proven to apply to organisms of higher intelligence as 
well as to such simple creatures as insects, constitutes a powerful argument that 
such systems are relatively simple and, consequently, comprehensible. If one applies 
this idea to humans, it becomes a strong argument for the importance of culture in 
the forming of intelligence. Rather than growing in darkness and isolation, intelli-
gence depends on interactions within a suitably rich environment.

2.10  The Turing Test and the Birth of AI
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2.11  �In Summary

Early Greek philosophical positions and the emergence of methods for scientific 
enquiry portend well for later more sophisticated approaches to scientific reasoning. 
The skeptic tradition is important for infusing the thinking world with systematic 
doubt: what one perceives is not always what is real. Truth is an elusive goal. The 
roots of empiricism, rationalism, and pragmatism provide epistemic support for 
much of our modern work in artificial intelligence.

Further, although previous centuries saw the emergence and formalization of 
philosophy, science, and mathematics, it was not until the creation of the computer 
that artificial intelligence became a viable scientific discipline. By the late 1940s, 
electronic digital computers had demonstrated their potential to provide the mem-
ory and processing power required for building intelligent programs. It was now 
possible to implement formal reasoning systems and to test empirically their suffi-
ciency for progressively approximating intelligence.

Further Thoughts and Readings  Most of the philosophic tradition supporting 
work in artificial intelligence is very accessible. To read important contributions 
consider (see the Bibliography for full reference details):

Plato’s Dialogues (1968 translation), especially the Republic (2008 translation), and the 
Apology of Socrates.
Descartes’ Meditations (1680).
Hume’s writing (1739/1978, 1748/1975).
Hobbes’ Leviathan (1651).
Spinoza’s Ethics (1677).
Kant’s Critique of Pure Reason (1781/1964).
The writings of James (1981), Dewey (1916), and Peirce (1931–1958). Peirce’s refer-
ence is to a posthumously published collection of his writings.
Alan Turing’s (1950) paper Computing Machinery and Intelligence.

I enjoyed reading Anthony Gotlieb’s summaries of western philosophical traditions, 
and some of his insights have found their way into this chapter:

The Dream of Reason: A History of Western Philosophy from the Greeks to the 
Renaissance (2000).
The Dream of Enlightenment: The Rise of Modern Philosophy (2016).

I am indebted to Prof. Russell Goodman and Drs. Bill Stubblefield and Carl Stern 
for their assistance in the creation of this chapter. Many of these ideas were pre-
sented in (Luger 1995) Cognitive Science: The Science of Intelligent Systems.

2  Historical Foundations
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Chapter 3
Modern AI and How We Got Here

We propose that a 2 month, 10 man (sic) study of artificial 
intelligence be carried out during the summer of 1956 at 
Dartmouth College in Hanover, New Hampshire. The study is to 
proceed on the basis of the conjecture that every aspect of 
learning or any other feature of intelligence can in principle be 
so precisely described that a machine can be made to simulate 
it. An attempt will be made to find how to make machines use 
language, form abstractions and concepts, solve kinds of 
problems now reserved for humans, and improve themselves. 
We think that a significant advance can be made in one or more 
of these problems if a carefully selected group of scientists work 
on it together for a summer.
August 31, 1955
J. MCCARTHY, Dartmouth College
M. L. MINSKY, Harvard University
N. ROCHESTER, I.B.M. Corporation
C.E. SHANNON, Bell Telephone Laboratories

Proposal for the 1956 Dartmouth Summer research project on 
artificial intelligence. (url 3.1)
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In Chap. 2, we gave a brief historical perspective on philosophical, mathematical, 
and engineering issues that led to the creation of the digital computer, the birth of 
artificial intelligence, and the promise for a modern epistemology. We concluded 
Chap. 2 with Alan Turing’s test for determining when a computer program might be 
considered intelligent. Because of this test and his earlier foundational work in the 
science of computing, Alan Turing is seen as the father of artificial intelligence. In 
this chapter, we discuss AI’s first workshop at Dartmouth College in the summer of 
1956, summarize several early AI research projects, and describe the origins of the 
Cognitive Science discipline. We begin this chapter with several recent successes of 
modern AI.

3.1  �Three Success Stories in Recent AI

Several recent projects have added greatly to the ethos of the artificial intelligence 
enterprise. It is deceptive, however, to circumscribe artificial intelligence with these 
three well-known stories. AI is much bigger and more pervasive than these projects 
might suggest. The notoriety of IBM’s and Google’s programs is also deceptive 
because extensive exposure and advertising alone do not measure their scientific 
validity. Nonetheless, these results are both impressive and important.

3.1.1  �Deep Blue at IBM (Hsu 2002; Levy and Newborn 1991; 
url 3.2)

IBM developed Deep Blue, a chess-playing program, in the late 1980s and early 
1990s. Deep Blue is the first computer chess program that won a game, in February 
1996, playing against a world grandmaster champion, Garry Kasparov. In May 
1997, Deep Blue completed a full chess match, also against Kasparov, winning 3.5 
to 2.5. These games were played under the constraints of normal professional chess 
competitions.

Research in game-playing technology had been part of AI from the beginning 
including Arthur Samuel’s 1959 checker playing program described further in Sect. 
3.2.3. IBM supported Samuel’s early work as well as early chess research by Hans 
Berliner. Carnegie Institute of Technology, now Carnegie Mellon University, was 
also an early supporter of computer game playing and Berliner went to CMU to 
complete his PhD researching and building chess programs. After completing his 
degree in 1974, he joined the CMU faculty and continued his work on computer 
gaming. In 1979, his Backgammon program, BFG, was the first computer program 
to beat a reigning world champion.

At Carnegie, Berliner led the development of the chess-playing program, HiTech. 
In the early 1980s, Feng-hsiung Hsu, also at Carnegie, developed the chess 
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programs ChipTest and Deep Thought. These programs could explore nearly half a 
billion chess positions for each move in tournament play. When IBM decided to 
develop the Deep Blue program, they hired many of the chess researchers working 
at Carnegie, including Hsu’s research group and Berliner’s student, Murray 
Campbell.

At the core of Deep Blue is a board evaluation function. This procedure measures 
the “goodness” of any possible chess position. Board evaluation considers four 
measures, first, the pieces each player has, for example, a pawn =1, a rook = 5, 
queen = 9, etc. Second, it considers a player’s position, such as how many locations 
each piece can safely attack. Third, it considers the safety of the king, and finally, it 
has a measure for a player’s overall control of the board.

Deep Blue’s parallel search algorithm can generate up to 200,000,000 board 
positions a second. IBM researchers developed a system called selective extensions 
for considering board situations. This allows the computer to selectively choose 
“promising” board positions for a deeper search. Because the exhaustive search of 
chess positions is computationally intractable, see Sect. 1.3, selective extensions 
allow the computer to search deeper into the space of possible good moves.

Although Deep Blue does not search exhaustively, using a 32-node IBM high-
performance computer with multiple processors, it pursues multiple move possibili-
ties at the same time. Each of the 32 nodes contains eight dedicated chess evaluators, 
for a total of 256 processors. The net result is a highly parallel system able to calcu-
late 60 billion possible moves within 3 min, the time allotted for each move in tra-
ditional chess. Other hardware/software details of the Deep Blue chess-playing 
program are in the literature (Hsu 2002, Levy and Newborn 1991, url 3.2). We pres-
ent game graphs and intelligent search algorithms in Sect. 4.1.

3.1.2  �IBM’s Watson (Baker 2011, Ferrucci et al. 2010, 2013, 
url 3.3)

AI researchers have focused on computer-based question answering since the 
mid-1960s. Very early programs, such as Eliza (Weizenbaum 1966), responded to 
questions by matching words from the question to preprogrammed responses. 
Semantic networks, described in more detail in Sect. 5.1, were often used as data 
structures to capture meaning relationships. Researchers could ask this semantic 
medium to answer questions posed in English such as “What color is a snowman?” 
Later, Schank and Abelson (1977) created a representation called scripts to capture 
semantic meaning in archetypical situations such as a child’s birthday party or eat-
ing in a restaurant, as described further in Sect. 5.1.2.

With Watson, named after IBM’s first president Thomas J. Watson, the question-
answering challenge was reversed: Watson was given an answer and asked to pro-
duce the appropriate question requiring that answer. Watson was designed to be a 
contestant of the televised quiz show, Jeopardy!, where an answer for a question is 
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presented in English and three competitors try to be the first to give the correct ques-
tion supporting that answer. At IBM, David Ferrucci was the principal investigator 
of the Watson project. The idea was to let Watson have access to collected stored 
information for its search. Watson did not have a direct link to the internet during its 
competitions but did have access to over 200 million pages of structured and 
unstructured data, including all of Wikipedia.

IBM claims that “more than 100 different techniques are used to analyze natural 
language, identify sources, find and generate hypotheses, find and score evidence, 
and merge and rank hypotheses” to produce its response to each set of clues. In test-
ing, Watson consistently outperformed its human competition but had problems 
with questions where the clues contained very few words. In 2011, Watson com-
peted against two former Jeopardy! winners and beat them both to claim a one-
million-dollar prize.

In 2013, IBM turned Watson to commercial applications, including making treat-
ment decisions for lung cancer therapies. In succeeding years, the Watson technol-
ogy has been applied to many other government, commercial, and industrial venues, 
where human language-based question answering is appropriate.

3.1.3  �Google and AlphaGo (Silver et al. 2017, url 3.4)

Go, invented about 2500 years ago in China, is a two-person board game played on 
a 19 × 19 grid. Each player has a set of stones. Stones are usually black or white and 
placed, one per turn, on the intersecting lines of the grid. The goal in the game is to 
encircle the other player’s stones and by so doing capture that territory. The Go win-
ner is the player that controls most of the board when the game is ended.

The complexity of Go is far greater than that of chess, with a larger board and 
many more possible choices for each player’s turn to place a stone. This complexity 
constrained the use of traditional AI game-playing technologies, including tree 
search, alpha–beta pruning, and multiple heuristics, topics to be introduced in Sect. 
4.1. Because of complexity issues, even after the success of IBM’s Deep Blue, it 
was thought that a computer Go program would never defeat top human players.

AlphaGo is a computer program developed by Google’s DeepMind group in 
London. The project was set up in 2014. The task was to see if a multilayered neural 
network, a technique called deep learning, to be described in Sect. 5.3, could learn 
to play Go. When playing against humans, AlphaGo used value networks to evalu-
ate board positions and policy networks to choose next moves. Value and policy 
networks are instances of multilayer deep learning networks with supervised train-
ing. AlphaGo used reinforcement learning, described further in Sect. 5.3, when 
playing against a version of itself.

In October 2015, AlphaGo became the first computer program to beat a top-
ranked human player without any handicap and on a full 19 × 19 board. In March 
2016, it beat Lee Sedol, a 9 dan (highest ranked) human Go player, 4 to 1 in a Go 
competition. In 2017, AlphaGo beat the world number one Go player Ke Jie in a 
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three-game match. As a result of its successes, AlphaGo was itself awarded the 9 
dan ranking by both the Korea Baduk and the Chinese Weiqi associations. After the 
match with Ke Jie, AlphaGo was retired and Google’s DeepMind research group 
continued research in other AI problem domains.

IBM’s chess-playing research was discontinued shortly after Deep Blue’s suc-
cesses and more recent research in computer game playing has moved to Google. In 
Sect. 5.3 on neural networks and deep learning, we present further detail describing 
Google’s game-playing programs and how they have surpassed the DeepMind 
effort. Google’s AlphaZero program uses deep learning methodology, coupled with 
reinforcement learning, to play chess, go, and other games, given only the rules for 
each game (Silver et al. 2018).

Research in computers’ understanding and use of human language, called natural 
language processing, or NLP, has had an important history in AI. As mentioned in 
Sect. 3.1.2, this began with simple word matching in questions to produce prepro-
grammed answers. Watson demonstrated a major advance in NLP with question–
answer relationships determined from extensive search through databases and 
linked web pages. But these early approaches did not address the notion of the 
user’s intent in asking a question. The answer to “Do you have a watch?” is not the 
usual “yes” but to give the current time of day. We show examples of modern NLP 
web bots able to address why a user asked a question in Sects. 5.3 and 8.3.

Finally, although these three research projects received much notoriety, there are 
hundreds of other successes that the AI community has produced. Among these are 
improved health care delivery, self-driving vehicles, control of deep space travel, 
and robot technologies that can search the solar system for extraterrestrial life and 
guide neurosurgeons in complex surgery. Many of these topics will be seen in sub-
sequent chapters.

We next go back to the middle of the last century to review the origins of the mod-
ern AI enterprise. 

3.2  �Very Early AI and the 1956 Dartmouth Summer 
Research Project

Alan Turing, in lectures at Manchester University in 1946 (unpublished) and for the 
London Mathematical Society in 1947 (Woodger 1986), laid out the foundations for 
implementing intelligence on a digital computer. This was even prior to his 1950 pro-
posal of the Turing Test, Sect. 2.10, for determining whether a computer’s actions 
could be seen as intelligent. The first modern workshop/conference for AI practitio-
ners was held at Dartmouth College in the summer of 1956. The introduction for the 
proposal to fund this workshop was presented as the introductory quotation for this 
chapter. This workshop, where the name artificial intelligence, suggested earlier by 
John McCarthy, was adopted brought together many of the then active researchers 
focused on the integration of computation and intelligence.

3.2  Very Early AI and the 1956 Dartmouth Summer Research Project
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By the mid-1950s, however, there were already a number of research groups 
building computer programs that captured aspects of human intelligence and skill. 
We briefly describe three of these and then present the list of topics addressed by the 
1956 Dartmouth summer workshop.

3.2.1  �The Logic Theorist (Newell and Simon 1956; Newell 
et al. 1958)

In 1955, Allen Newell, J.C.  Shaw, and Herbert Simon at Carnegie Institute of 
Technology created the Logic Theorist, a program designed to solve problems in 
propositional logic. Propositional, or variable-free logic, was first proposed by the 
Stoics in the third-century BCE and reinvented by Abelard in the twelfth century. It 
was finally formalized by Leibniz, Boole, and Frege as described in Sect. 2.9.

A major goal of the Newell, Shaw, and Simon effort was to solve the problems 
that Albert North Whitehead and Bertrand Russell had proved in their major work, 
the Principia Mathematica (1950). The logic Theorist eventually was able to solve 
about 75% of these problems.

An interesting component of the Logic Theorist project was that the researchers 
examined non-mathematically skilled subjects to see how these naive humans might 
go about solving problems in logic. Components of the strategies the humans used, 
for example, “difference reduction” and “means-ends analysis,” were built into the 
Logic Theorist’s search algorithms. Recreating search strategies of humans to run 
on a computer was an early example of work in Cognitive Science, to be seen in 
Sect. 3.5.

3.2.2  �Geometry Theorem Proving (Gelernter 1959; Gelernter 
and Rochester 1958)

In 1954, Herbert Gelernter and Nathaniel Rochester established a research program 
at IBM focused on the issues of intelligent behavior and computer learning. One of 
the products of this research was a computer program that was able to prove theo-
rems in plane geometry at the secondary school level. An important component of 
Gelernter’s work was to establish appropriate heuristics to cutoff possible next 
moves by the computer that would likely not be profitable. One of the heuristics 
implemented in their program was George Polya’s suggestion for solving problems 
by working backward from the problem’s possible solution (Polya 1945).
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3.2.3  �A Program that Plays Checkers (Samuel 1959)

The first program to play checkers was written by Christopher Strachey, the British 
computer scientist and pioneer in computer language design, in 1950–1951 for the 
Ferranti Mark 1 computer at the University of Manchester (url 3.5). In 1952, Arthur 
Samuel, while working at IBM, designed a checker program that could search from 
the current board position several levels deep in the space to make next move rec-
ommendations. Eventually, a mini-max algorithm (von Neumann 1928; described 
by Luger 2009a, Sect. 4.4) was added to give the program the best opportunity to do 
the worst damage to its opponent.

In 1955, Samuel added an early form of reinforcement learning, Sect. 5.3, to his 
checker-playing program, and the program was demonstrated on television in 1956. 
Learning was accomplished by adding a set of adjustable “weighting” parameters to 
the components of his position evaluation procedure. When checker moves, once 
selected, turned out to be good for improving the play, these parameters would be 
rewarded. Samuel and his colleagues played many games against the computer and 
also let the program play against itself. Samuel commented that letting the program 
play a weak human competitor damaged the quality of the computer’s play!

3.2.4  �The Dartmouth Summer Workshop in 1956

There were a number of other early research programs in domains that would later 
be considered part of artificial intelligence, including a chess-playing program built 
by J. Kister and colleagues in 1956 at Los Alamos National Laboratories. Many of 
these early researchers were on the list of people called to attend the Dartmouth 
Summer Workshop in 1956. The topics proposed for discussion at this summer 
workshop, as quoted from the original proposal for that workshop, url 3.1, were:

	1.	 Automatic Computers
If a machine can do a job, then an automatic calculator can be programmed to 

simulate the machine. The speeds and memory capacities of present computers 
may be insufficient to simulate many of the higher functions of the human brain, 
but the major obstacle is not lack of machine capacity, but our inability to write 
programs taking full advantage of what we have.

	2.	 How Can a Computer be Programmed to Use a Language
It may be speculated that a large part of human thought consists of manipulat-

ing words according to rules of reasoning and rules of conjecture. From this 
point of view, forming a generalization consists of admitting a new word and 
some rules whereby sentences containing it imply and are implied by others. 
This idea has never been very precisely formulated nor have examples been 
worked out.

	3.	 Neuron Nets

3.2  Very Early AI and the 1956 Dartmouth Summer Research Project
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How can a set of (hypothetical) neurons be arranged so as to form concepts. 
Considerable theoretical and experimental works have been done on this prob-
lem by Uttley, Rashevsky, and his group; by Farley and Clark; by Pitts and 
McCulloch; and by Minsky, Rochester, Holland, and others. Partial results have 
been obtained but the problem needs more theoretical work.

	4.	 Theory of the Size of a Calculation
If we are given a well-defined problem, i.e., one for which it is possible to test 

mechanically whether or not a proposed answer is a valid answer, one way of 
solving it is to try all possible answers. This method is inefficient, and to exclude 
it, one must have some criterion for the efficiency of a calculation. Some consid-
eration will show that to get a measure of the efficiency of a calculation, it is 
necessary to have on hand a method of measuring the complexity of calculating 
devices which in turn can be done if one has a theory of the complexity of func-
tions. Some partial results addressing this problem have been obtained by 
Shannon and also by McCarthy.

	5.	 Self-improvement
Probably a truly intelligent machine will carry out activities that may best be 

described as self-improvement. Some schemes for doing this have been pro-
posed and are worth further study. It seems likely that this question can be stud-
ied abstractly as well.

	6.	 Abstractions
A number of types of “abstraction” can be distinctly defined and several oth-

ers less distinctly. A direct attempt to classify these and to describe machine 
methods of forming abstractions from sensory and other data would seem 
worthwhile.

	7.	 Randomness and Creativity
A fairly attractive and yet clearly incomplete conjecture is that the difference 

between creative thinking and unimaginative competent thinking lies in the 
injection of … some randomness. The randomness must be guided by intuition 
to be efficient. In other words, the educated guess or the hunch includes con-
trolled randomness in otherwise orderly thinking.

Many of the topics proposed for this first summer workshop, including complex-
ity theory, methodologies for abstraction, computer language design, improving 
hardware/software speed, and machine learning, make up the focus of modern com-
puter science. In fact, many of the defining characteristics of computer science, as 
we know it today, have their roots in the research methodologies that evolved from 
work in artificial intelligence.

Considering point 2 above, building high-level programming languages, a pow-
erful new computational tool, the Lisp language, emerged at about this time. Lisp 
(the name stands for LISt Processor) was built under the direction of John McCarthy, 
one of the original proposers of the Dartmouth workshop. Lisp addressed several of 
the topics of the workshop, supporting data abstraction and the ability to create 
relationships that could themselves be manipulated by other structures of the lan-
guage. Lisp gave artificial intelligence a highly expressive language, rich in its 
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ability to capture abstractions, as well as a language that could evaluate (interpret) 
other expressions written in the Lisp language.

The availability of the Lisp programming language did shape much of the early 
development of AI, including use of the predicate calculus and semantic networks 
as representational media. It also supported building search algorithms to explore 
the efficacy of different logic or inheritance alternatives. The Prolog language 
developed in the mid-1970s, (the name stands for PROgramming in LOGic) was 
based on the first-order predicate logic, also offered AI developers a powerful com-
putational tool.

Several of the topics for the Dartmouth workshop considered artificial intelli-
gence in terms of human thinking and problem-solving, especially point 3, research 
on Neuron Nets. In fact, the expression “Neuron Nets” itself reflects the results of 
mid-1940s research at MIT by W. S. McCulloch and W. Pitts (1943) showing how 
the human neuronal system could compute and and or as well as other propositional 
calculus relationships. D. O. Hebb (1949), also at MIT, demonstrated how human 
neurons could “learn” through conditioning, i.e., repeated use of neuronal pathways.

There are now many other approaches, besides Hebb’s, to computer “self-
improvement” or learning, and they are important components of modern AI. These 
include supervised and unsupervised classification using neural networks. Deep 
learning, seen in Google’s AlphaGo program of Sect. 3.1.3, uses multiple hidden 
layers in neural networks to find abstract patterns and relationships. See Sect. 5.2 
for further detail.

The appreciation of “Randomness and Creativity” also has made its mark on 
modern artificial intelligence. We see this especially in the areas of genetic algo-
rithms and artificial life, where random factors are often added to search exploration 
strategies in an attempt to expand the consideration of possible solutions; see Sects. 
6.2 and 6.3 for further detail. It is still conjectured that creativity might be the result 
of injecting some randomness into so-called “normal” thinking.

In the mid-1940s, Max Black (1946) proposed a problem that required 
“Randomness and Creativity” for finding a solution. This problem also posed a seri-
ous challenge to AI’s traditional search-based methods. The problem, often called 
the mutilated chessboard, is described in Fig. 3.1.

Suppose a standard 8 × 8 chessboard has its two diametrically opposite corners removed; in 
Fig. 3.1 the upper left and lower right corners are removed, leaving 62 squares for the board. 
Suppose a domino will cover exactly two squares of that chessboard. Is it possible to place 
31 dominoes on the chessboard so that all 62 squares of the board are covered?

We might attempt to solve this problem by trying all possible placements of 
dominos on the board. This approach is an obvious search-based attempt, a natural 
consequence of representing the board as a set of black and white squares. The 
complexity of such a search is enormous, even when we discontinue partial solu-
tions that leave single squares isolated. We might also try solving the problem for a 
smaller board, say a 3 × 3 or 4 × 4, and see what happens.

A more sophisticated solution, relying on a more complex representational 
scheme, notes that every placement of a domino must cover both a black and a white 
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square. This truncated board has 32 black squares but only 30 white squares; thus, 
the desired placement is not going to be possible.

This example raises a serious question for computer-based reasoning systems: 
Do we have representations that allow problem solvers to access knowledge with 
appropriate degrees of flexibility and creativity? How can a particular representa-
tion automatically change its structure when it fails or as more information is 
learned about the problem? This topic offers a continuing challenge for AI.

We next consider possible definitions for artificial intelligence.

3.3  �Artificial Intelligence: Attempted Definitions

The word artificial is derived from two Latin words: first the noun, ars/artis means 
“skilled effort,” such as that of the artist or artisan, and second, the verb facere “to 
make.” The literal meaning, then, of artificial intelligence is that something, namely, 
intelligence, is made by skilled effort.

It is appropriate to make the first definition of Artificial Intelligence to be that 
described near the end of the Dartmouth summer workshop proposal (url 3.1):

For the present purpose the artificial intelligence problem is taken to be that of making a 
machine behave in ways that would be called intelligent if a human were so behaving.

This definition could be seen as directly related to Turing’s test, Sect. 2.10. If 
observers are not able to determine whether they are interacting with a human or 
with a computer, the software on the computer must be seen as intelligent. However, 
it is important to understand how the workshop attendees thought to actualize their 
definition of AI as computer programs. To appreciate this, we quote another seg-
ment of the workshop proposal, cited at the beginning of this Chapter (url3.1). Here 
the claim is that the mechanisms of intelligence can be sufficiently understood to be 
automated:

Fig. 3.1  The mutilated 
chessboard problem where 
the top left and lower right 
corner squares of the 
chessboard are removed. 
One domino, the grayed 
area upper right, covers 
exactly two adjacent 
squares on the board. The 
task is to cover the 
remaining 62 squares with 
31 dominoes
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The (workshop) study is to proceed on the basis of the conjecture that every aspect of learn-
ing or any other feature of intelligence can in principle be so precisely described that a 
machine can be made to simulate it.

This definition still suffers from the fact that human intelligence itself is not very 
well defined or understood. Most of us are certain that we know intelligent behavior 
when we see it. It remains doubtful, however, that we could come close to defining 
intelligence in specific enough detail to help in designing an intelligent computer 
program. How could our detailed solution algorithm still capture the vitality and 
complexity of the human mind?

And thus, the task of defining the full field of artificial intelligence becomes one 
of defining intelligence itself: is intelligence a single faculty, or is it just a name for 
a collection of distinct but interrelated abilities, Minsky’s (1985) Society of Mind? 
To what extent can intelligence be learned as opposed to it just being a fixed disposi-
tion? Exactly what does happen when learning occurs? What is creativity? What is 
intuition? Can intelligence be inferred from observable behavior, or does it require 
evidence of a particular internal mechanism? How is knowledge represented in the 
nerve tissue of a living being, and what lessons does this have for the design of intel-
ligent machines? What is self-awareness and what role does awareness play in 
human or machine intelligence?

As a result of the daunting task of building a general intelligence, AI researchers 
often assume the roles of engineers fashioning particular intelligent artifacts. These 
programs come in the form of diagnostic, prognostic, or visualization tools that 
enable their human users to perform complex tasks. Examples of this include hid-
den Markov and deep learning models for language understanding, automated rea-
soning systems for proving new theorems in mathematics, dynamic Bayesian 
networks for tracking signals across cortical networks, and visualization of patterns 
of gene expression data. Many of these technologies are considered in later chapters.

Furthermore, is it necessary to pattern an intelligent computer program after 
what is known about human intelligence or is a strict “engineering” approach to the 
problem sufficient? Is it even possible to achieve general intelligence on a computer, 
or does an intelligent entity require the richness of sensation and experience that 
might be found only in a biological existence, as critics have suggested (Dreyfus 
1972, 1992)?

These are unanswered questions, and all of them have helped to shape the prob-
lems and solution methodologies that constitute the core of modern AI. In fact, part 
of the appeal of artificial intelligence is that it offers a unique and powerful tool for 
exploring exactly these questions. AI offers a medium and a testbed for theories of 
intelligence: Such theories may be stated in the language of computer programs and 
consequently tested and verified through the execution of these programs on an 
actual computer. We continue this discussion in Sect. 3.4, The Birth of Cognitive 
Science.

Our initial definitions of artificial intelligence fall short of unambiguously defin-
ing the field. If anything, it has only led to further questions and the paradoxical 
notion of a field of study whose major goals include its own definition. But this 
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difficulty in arriving at a precise definition of AI is entirely appropriate. Artificial 
intelligence is still a young discipline, and its structure, concerns, and methods are 
less clearly defined than those of more mature sciences such as physics.

In more recent years, artificial intelligence is often seen and taught as a compo-
nent of the discipline of computer science. From this perspective, a generic defini-
tion of AI might be: Artificial intelligence is defined as that branch of computer 
science that is concerned with the automation of intelligent behavior. This definition 
is appropriate in that it emphasizes that AI is currently a part of the study of com-
puter science and, as such, must be based on sound theoretical and applied princi-
ples of that field. These principles include the data structures used in knowledge 
representation, the algorithms needed to apply that knowledge, and the languages 
and programming techniques used in their implementation. Artificial intelligence 
has always been more concerned with expanding the capabilities of computer sci-
ence than with defining its limits. Keeping this exploration grounded in sound theo-
retical principles is one of the challenges facing AI researchers.

Because of its scope and ambition, artificial intelligence defies any simple defini-
tion. For the time being, we will simply say it is the collection of problems and 
methodologies studied by artificial intelligence researchers. This definition may 
seem silly and meaningless, but it makes an important point that artificial intelli-
gence, like every science, is a human and evolving endeavor, and perhaps is best 
understood in that context.

3.4  �AI: Early Years

In this section, we present different “philosophies” of problem-solving taken by the 
AI community in its earliest years. We briefly describe two: first, the divide between 
the so-called “neat” and “scruffy” approaches to AI. Second, we ask whether the AI 
enterprise should be to create programs that emulate human intelligence or, ignor-
ing how humans solve problems, to simply use good engineering practice to obtain 
“intelligent” results. There might also be a middle alternative that uses successful 
human approaches to solving problems to suggest related engineering decisions. 
Section 3.5, The Birth of Cognitive Science, introduces the use of AI technologies 
to better understand human skilled behavior.

3.4.1  �The Neats and Scruffies

Describing groups of AI program designers as neats or scruffies was an interesting 
part of the early AI world view. The neats were program builders that often crafted 
their products with mathematics-based languages and representational tools, such 
as the first-order predicate calculus. Although the Prolog programming language 
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was ideally suited to this task, it is straightforward to make logic structures in other 
languages, especially Lisp, and in the early days, Lisp was the language of choice.

In these early decades of AI work, an important component of the neats’ approach 
was the logicist worldview. From this perspective, any program, including those 
intended to capture commonsense reasoning, could be built with mathematics-based 
representations and reasoning (McCarthy 1968; McCarthy and Hayes 1969). The 
logicist view was correct in this claim, given the Church-Turing thesis, Sect. 1.2, 
which suggests that a logic-based language does not offer any limit on what that 
language can compute.

The neats used logic-based schemes, including if-then rules, to represent knowl-
edge in specific domains. They also used the reasoning methods of logic, including 
modus ponens and resolution, the reasoning engine of the Prolog language, within 
the program itself. In several applications, e.g., the STRIPS planner for scheduling 
the moves of a robot (Fikes and Nilsson 1971) and the MECHO solver for address-
ing problems in applied mathematics (Bundy et al. 1979; Bundy 1983), the pro-
gram’s control scheme was implemented using rules of logic. Early AI textbooks 
representing the neats’ worldview include those of Nils Nilsson (1971, 1980).

The scruffies felt that mathematics-based programming and design tools were 
not a prerequisite for building intelligent programs. Their philosophy was to “just 
build it,” and the result, a program that performs actions that normal people would 
call intelligent, will speak for itself. Quality software design techniques were used, 
however, as no serious AI programmer has ever believed that a big messy and 
unstructured program could be successful, extendable, maintainable, or necessarily 
reflect intelligence.

The hallmark of the scruffy group was that good programs were built using dis-
ciplined engineering practice, and that mathematics-based software tools were not 
required to create successful AI programs. An early AI textbook representing the 
scruffy worldview is that of Patrick Henry Winston (1977). An interesting conjec-
ture is that the scruffy approach to solution building emerged from the even earlier 
hacker zeitgeist that was so important in developing the 1950s and 1960s program-
ming technology at MIT and elsewhere (Levy 2010). In those days, the hackers 
were the good guys!

3.4.2  �AI: Based on “Emulating Humans” or “Just Good 
Engineering?”

Another question, orthogonal to the early neat/scruffy worldviews, is whether AI 
program designers should strive for “human emulation,” that is, being aware of and 
consciously imitating how humans address problem-solving tasks, or whether they 
should adopt a skilled engineering perspective. Should the AI practitioner, neat or 
scruffy, rely on understanding human information processing or could she simply 
use sound software practice to produce intelligent solutions to problems? For 
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example, to get a computer to “understand” human language is it best to use psycho-
linguistic knowledge? Is a clever parser all that is needed? How about a probabilis-
tic match on a large database, or corpus, of human language fragments? What about 
some of the newer language models created using deep learning? The AI commu-
nity remains divided on these issues.

In many situations, the issue of creating human-type intelligence rarely comes 
up, for example, in developing proofs for theorems in mathematics (Wos 1988, 
1995) or building control systems for robotic arms or deep-space vehicles (Williams 
and Nayak 1996, 1997). Even in these areas, however, human-generated common-
sense heuristics including striving for simplicity, breaking a problem into sub-
problems, reducing structures to canonical forms, and analogy-based reasoning are 
often important components of success.

IBM’s Deep Blue chess-playing program, discussed in Sect. 3.1, is an example 
of good engineering in that it searched a huge array of chessboard positions far 
faster than a human grandmaster ever could (200 million board positions each sec-
ond). Deep Blue’s designers have commented, however, that when the exhaustive 
chess-search space is considered, a space so large that it never could be fully 
searched, it was critical to draw from the decision-making expertise of the human 
grandmaster to guide the search (Hsu 2002; Levy and Newborn 1991).

Expert system technology, described in detail in Sect. 4.1, offers an intermediate 
position between the engineering and the human emulation approaches to AI.  In 
these programs, the human knowledge engineer usually gathers knowledge from the 
human domain expert through interviews, focus groups, or other methods. The com-
putational processes then used to run the expert system employ decision tree tech-
nology, a production system, or some other algorithmic control strategy. When 
expert systems are thought to be sufficiently engineered and ready for human use, 
the transparency of their reasoning and the quality and justifications for their 
answers are often compared to those of human experts solving problems in similar 
situations. An example of this was MYCIN (Buchanan and Shortliffe 1984), the 
expert system developed at Stanford to diagnose symptoms of meningitis. MYCIN 
was evaluated with a form of the Turing test.

A large fraction of the AI research community, however, remains committed to 
understanding how humans process information while problem-solving. They feel 
that this knowledge is also important in good human–computer interface design, 
creating solutions that are transparent and understandable. Further, they feel that 
many of the artificial intelligence representational techniques could be used to shed 
understanding on the cognitive processes that humans used in problem-solving. 
This philosophy was the enabling force behind the creation, in the late 1970s, of the 
cognitive science community described in Sect. 3.5.

But long before the founding of the cognitive science consortium, human emula-
tion was an important component of AI research. We noted this previously with 
Alan Turing’s lectures at the University of Manchester and for the London 
Mathematical Society (Woodger 1986) in the late 1940s.  A  further example of 
human emulation, mentioned in Sect. 3.2.1, was the Logic Theorist research of 
Newell, Shaw, and Simon (1958), who analyzed human subjects solving logic 
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problems. The models derived from this analysis, e.g., GPS and including means-
ends analysis, became important tools for information-processing psychologists, 
also described in Sect. 3.5.

Research groups focused on understanding how humans solve problems were 
aware of the differences between the computer and the human memory systems. 
Although computers are able to store great quantities of information, usually located 
with various memory access algorithms, humans “associated” fewer concepts in 
their memories but often in a very “useful” fashion for retrieval. For example, 
Collins and Quillian (1969) created a set of reaction-time studies in an attempt to 
determine how information was associated with human memory.

Collins and Quillian asked human subjects a series of questions such as whether 
a canary can sing, can fly, or has skin. They then used the subjects’ response times 
in answering each question to conjecture how this information might be associated 
in human memory. This research was the beginning of the semantic network tradi-
tion in AI and led to many successful programs for understanding human language 
(Quillian 1967; Shapiro 1971; Wilks 1972) and other aspects of human performance 
(Anderson and Bower 1973; Norman et al. 1975). Section 5.1 has further discussion 
of these association-based representations.

Schank (1982) and his research group at Yale University (Schank and Colby 
1973; Schank and Abelson 1977) attempted to systematize semantic networks into 
a language called conceptual dependencies that they used for understanding stories, 
interpreting language-based concepts, and supporting computer translation between 
languages. Schank’s language of concepts and relationships was an attempt to cap-
ture the semantic meaning that supported human language expressions.

The object-oriented design and programming languages are perhaps the final 
embodiment of the semantic network and association-based AI representations. The 
first of these languages was Smalltalk, built at Xerox PARC in the early 1970s, a 
language designed for teaching children to program. These early languages with 
inheritance relationships and program procedures embedded in “objects” led to sub-
sequent generations of object-oriented languages.

Logo, created by Seymour Papert at MIT (1980), was another early computer 
language. Logo was intended to assist children learning mathematical concepts. In 
a real-time interactive environment, a robotic “turtle” would draw patterns as it 
moved around on the floor. These patterns could be geometric objects including 
circles, squares, or “stair steps.” Logo also made it possible to create patterns such 
as trees that used recursive procedures, where a program is built that refers back to 
itself, and in the process constructs multiple patterns with similar structure.

The intuition supporting the Logo learning process was that the programmers, 
usually children, could begin to understand mathematical concepts and structures as 
they built and then revised their programs to reflect those structures. For example, if 
the turtle did not draw an intended pattern, then the child had not defined the pattern 
properly in his/her program. This approach to building programs is an early exam-
ple of the iterative refinement methodology, where programmers come to under-
stand their world by continuing to reshape their programs until the result is good 
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enough for all the pragmatic purposes its designer had intended, with the Logo 
program, when the turtle drew the desired pattern.

To discover useful algorithms for solving algebra “word problems,” Carnegie 
Mellon University conducted research into how middle and high school students 
performed this task. Hayes and Simon (1974), Simon (1975), and Simon and Hayes 
(1976) tested whether algebra students could properly classify sets of word prob-
lems into appropriate groups. They found that students did successfully group prob-
lems, e.g., “distance, rate, time,” or “work” problems. The students had also learned 
different problem-solving techniques (algorithms) to cope with each specific type of 
problem.

In the early 1970s, research at the University of Pennsylvania by Goldin and 
Luger (1975) asked how the structure of a problem or puzzle could affect human 
problem-solving performance. Problem structure was represented by a problem’s 
state-space graph, an AI model for problem analysis described in Sect. 4.1. The 
four-ring Tower of Hanoi problem, for example, had a state space that reflected the 
problem’s subproblem breakdown as well as its symmetry structure. It was found, 
through carefully tracking naive subjects trying to learn the Tower of Hanoi puzzle, 
that their learning behavior did reflect that problem’s structure.

For example, in the four-ring Tower of Hanoi problem, there are three three-ring 
subproblems. Once the subject learned how to solve one of these three-ring sub-
problems, she was usually able to apply this learning to any other three-ring sub-
problems she encountered. Similar results came with problem symmetries. Once a 
substructure of the problem was learned, the results were applied to other symmet-
ric situations found in the problem. Continuing this approach, researchers in the AI 
Department at the University of Edinburgh (Luger 1978; Luger and Bauer 1978) 
tested for transfer learning in similarly structured problems. It was found that naive 
subjects learned to solve new problems faster if these problems had a structure simi-
lar to problems they had already learned. Interestingly, subjects were often unaware 
of the similar structures of these testing tasks. Transfer effects in related problems 
were also studied at CMU (Simon and Hayes 1976).

The projects and researchers just mentioned were among the group that came 
together to become the cognitive science community. Cognitive science did not sim-
ply emerge from human emulation projects in the AI community but rather joined 
with components of the already existing cognitive psychology and information pro-
cessing psychology communities.

3.5  �The Birth of Cognitive Science

Cognitive psychology offered an important reaction to the early twentieth-century 
behaviorist tradition in psychology. Behaviorism suggested that the human response 
system could be fully understood by describing external responses to specific stim-
uli. Cognitive psychologists contended that the human system actually processed 
information when operating in the world, rather than simply responded to stimuli. 
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Information processing psychology became an important component of the cogni-
tive psychologists’ worldview, as it gave a language and medium for understanding 
information processing in humans.

In the mid-nineteenth century, Broca’s and Wernicke’s identification of compo-
nents of the cortex responsible for language comprehension and production had 
suggested the importance of cortical analysis as a component of understanding 
human intelligence. Plato, Descartes, and other earlier philosophers, as discussed in 
Chap. 2, had already seen the brain as the enabler of complex reasoning schemes. 
The modern cognitive revolution began in the 1930s with researchers including 
Bartlett (1932), Piaget (1954) and others in Europe, and Bruner, Goodnow, and 
Austin (1956), Miller, Galanter, and Pribram (1960), and others in America. These 
researchers ushered in the modern revolution in psychology.

In the late 1950s, Noam Chomsky (1959) reviewed B.F. Skinner’s book Verbal 
Behavior (1957), which at that time dominated the field of psychology. While 
behaviorists focused on functional relations between stimulus and response, with-
out the need for “internal” processes, Chomsky’s “cognitive” argument was that a 
theory such as his generative grammar with ordered internal representations was 
needed to explain human language.

With the arrival of the digital computer in the 1950s, many of the constructs 
needed to enable computation, such as control processes, buffers, registers, and 
memory devices, were explored as potential “models” for the intermediate struc-
tures for decision-making in human information processing. This approach of using 
well-understood concepts and tools from early computation to elucidate aspects of 
human problem-solving performance was called Information Processing Psychology 
(Miller et al. 1960; Miller 2003; Proctor and Vu 2006).

It is only natural that information-processing models of human performance 
would expand with the representational media and algorithms proffered by the arti-
ficial intelligence community. Research at Carnegie Institute, for example, used 
production rule systems and problem behavior graphs to represent the search strate-
gies of expert chess players (Newell and Simon 1972). Using these representations, 
they could identify strategies such as iterative deepening and saw this approach as 
a method supporting the use of limited memory as part of intelligent search.

The British psychologist and philosopher, Christopher Longuet-Higgins, first 
used the term cognitive science in 1973. He used the term in discussing the Lighthill 
report on the then-current credibility of AI research in Britain. In the late 1970s, the 
journal Cognitive Science and the Society for Cognitive Science were created. The 
first meeting of the Cognitive Science Society was in 1979 at the University of 
California, San Diego.

We next mention several early research projects within the cognitive science 
community, projects that also relate to the major themes of later chapters: First, the 
symbol-based research at Carnegie Mellon University; second, the parallel distrib-
uted processing, or neural networks, research that came to a renewed importance in 
the mid-1980s at the University of California, San Diego, and finally, several cogni-
tive science projects supporting a constructivist epistemology.

3.5  The Birth of Cognitive Science



66

Although early work at Carnegie Institute was an important contribution to infor-
mation processing psychology, the later research at Carnegie Mellon University, led 
by Newell, Simon, and their colleagues and students vastly extended our knowledge 
of how humans solved problems. The CMU research group conducted experiments 
involving master chess players and experts who solved other types of manipulation 
problems and puzzles. Their research produced two notable results: first, a book 
entitled Human Problem Solving (1972), and second, the Association of Computing 
Machinery’s (ACM’s) 1976 Turing Award given to Allen Newell and Herbert Simon.

In accepting the Turing Award, Newell and Simon wrote a seminal paper called 
“Computer Science as Empirical Inquiry: Symbols and Search” (1976). In this and 
other papers, they claimed:

The necessary and sufficient condition for a physical system to exhibit general intelligent 
action is that it be a physical symbol system.

Sufficient means that intelligence can be achieved by any appropriately organized physi-
cal symbol system.

Necessary means that any agent that exhibits general intelligence must be an instance of 
a physical symbol system. The necessity of the physical symbol system hypothesis requires 
that the intelligent agent, whether human, space alien, or computer, achieve intelligence 
through the physical implementation of operations on symbol structures.

General intelligent action means the same scope of action seen in human action. Within 
physical limits, the system exhibits behavior appropriate to its ends and adaptive to the 
demands of its environment.

This conjecture became known as the physical symbol system hypothesis. The 
software architecture developed at CMU and elsewhere that embodied this hypoth-
esis was based on the production system, an interpretation of the Post rule system 
seen in Sect. 1.2. In the 1990s, Newell (1990) and his colleagues extended the pro-
duction system so that with reinforcement learning it could automatically create 
new rules and add them to production memory. This project is called SOAR, the 
State, Operator, And Result, architecture. At that time, the Newell and Simon 
research group was the leading proponent in the cognitive science community for 
using the physical symbol system technology. This symbol system approach to AI 
is described further in Chap. 4.

Many philosophers, psychologists, and AI researchers have proposed arguments 
to support or refute the physical symbol system hypothesis. Its boldest claim is the 
“necessary and sufficient” argument. Although the “necessary” component of the 
argument is often considered not provable, the “sufficient” component has been 
supported by much of the research effort of the cognitive science community, where 
the requirement of having computational models to support conjectures related to 
human intelligent activity is paramount.

Besides the physical symbol system approach to understanding human behavior, 
connectionist networks also came to maturity as a supporting technology for the 
cognitive science enterprise. Work on “Neuron Nets” had flourished in the late 
1940s and 1950s and perhaps the product most indicative of its success was the 
perceptron, built at the Cornell Aeronautical Laboratory by Frank Rosenblatt 
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(1958). The original Perceptron was a 20 × 20 array of photocells that could be 
trained (using supervised learning, see Sect. 5.2) to recognize images. Interestingly, 
Rosenblatt’s 1958 results were published in the journal Psychology Review.

Although the Perceptron originally showed promise, it was soon proven to have 
limitations solving certain classes of problems. The book Perceptrons written by 
Marvin Minsky and Seymour Papert (1969) demonstrated fundamental limitations 
of the Perceptron technology, including being unable to solve the exclusive-or prob-
lem. (In Sect. 5.2, we present a solution to the exclusive-or problem using a percep-
tron network with one hidden layer). The result of the perceptron book, as well as 
other political decisions in AI funding made at that time, put neural network research 
into background mode for the next several decades.

The physics, mathematics, and other communities, however, continued to 
research various types of connectionist systems, including competitive, reinforce-
ment, and attractor networks, even while these were out of favor in the AI commu-
nity. In the late 1980s, connectionist research again became mainstream with the 
creation of the Boltzmann machine and backpropagation (Hecht-Nielsen 1989, 
1990). These algorithms demonstrated how the weights of nodes in a multilayer 
network could be appropriately conditioned, based on the expected output of the 
network.

Possibly the most important research heralding the revival of connectionism was 
that of David Rumelhart and James McClelland. In 1986, they, along with their 
research group, wrote a two-volume set of books called Parallel Distributed 
Processing: Explorations in the Microstructure of Cognition. This research demon-
strated the utility of neural networks for solving cognitive tasks, including several in 
the area of human language analysis. Parallel distributed processing (PDP) models 
of many aspects of human perception, including vision and speech, led more 
recently to the analysis of very large data sets, using deep learning, i.e., neural net-
works with multiple hidden layers. We present connectionist networks and deep 
learning approaches to AI in Chap. 5.

In the mid-twentieth century, Jean Piaget and his colleagues at the University of 
Geneva described a fundamentally new understanding of how children, actively 
experimenting within their environment, came to understand and know their world. 
Piaget called this staged developmental learning genetic epistemology. (I was fortu-
nate to attend one of Piaget’s lectures in the early 1970s at Temple University in 
Philadelphia and later presented my own PhD research (Luger and Goldin 1973) at 
Piaget’s institute, the Center for Genetic Epistemology, in Geneva in 1975).

Piaget’s insights inspired a flood of research from both the cognitive psychology 
and the cognitive science communities. T.G.R. Bower at Harvard University, and 
later a Professor of Psychology at the University of Edinburgh, studied children in 
their earliest stages of development. An important development stage empirically 
tested by Bower (1977) was called object permanence. Children just months old can 
lose interest in an object when it goes out of sight as though it no longer exists. 
Months later, when the child actively looks for an object that she has lost sight of, 
she has reached the stage of object permanence. At the University of Edinburgh, 
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Luger (1981), Luger et al. (1983) created sets of production rules that simulated a 
child’s actions at each stage of her development in achieving object permanence.

 Other cognitive science research in the AI Department of the University of 
Edinburgh in the mid 1970s included a production system-based analysis of chil-
dren performing seriation tasks. A seriation task is asking the child, when presented 
with a set of blocks, to order them by size (Young 1976). (More recently McGonigle 
and his colleagues (2002) in the Psychology Department at the University of 
Edinburgh trained primates to seriate objects!). Young and O’Shea (1981) used sets 
of production rules to analyze the errors children made when learning to subtract.

During the late 1970s and early 1980s, there was a considerable effort at Carnegie 
Mellon University by Allen Newell, Herbert A.  Simon, and their colleagues to 
model Piagetian developmental learning skills in children. The production system 
was the modeling system of choice. Individual production rules could embody par-
ticular skills while groups of skills could be wrapped into new rules.

At CMU Wallace, Klahr, and Bluff (1987) created a production system-based 
model of children’s cognitive development called BAIRN. BAIRN organizes 
knowledge into structures called nodes. Each node is made up of a set of produc-
tions. A node is schema-like in that, when triggered, it produces specific actions. 
Their program was able to account for many aspects of children’s developmental 
stages in the conservation of number, or how different groupings of objects does not 
change the number of objects. Klahr, Langley, and Neches (1987) collected papers 
on a number of CMU research projects, including BAIRN, in Production System 
Models of Learning and Development. Chapter 1 of this collection offers motivation 
for using production rules to model developmental learning.

At MIT, Gary Drescher (1991) created an artificial cognitive system able to dem-
onstrate Piaget’s object permanence. In his book, Made Up Minds: A Constructivist 
Approach to Artificial Intelligence, Drescher addresses two fundamental issues: 
how a child can interpret experiences well enough to learn from them, and how a 
child can form concepts from learned experiences. Drescher implements a schema 
mechanism that receives information from a body that it controls. From this interac-
tion with its world, the mechanism discovers regularities and, based on these, con-
structs new concepts. This constructivist engine uses knowledge it acquires to guide 
future action that results in acquiring further knowledge.

In the late 1970s, Alan Bundy and his research group (Bundy et al. 1979; Bundy 
1983), at the Artificial Intelligence Department of the University of Edinburgh, cre-
ated a program called MECHO, for MECHanics Oracle. MECHO was designed to 
solve applied mathematics problems including “pulley” or “blocks sliding on 
inclined planes” problems. To build this problem-solver, the researchers asked 
British university students who had completed the applied mathematics course to 
solve particular problems. The research demonstrated (Luger 1981) that when a 
problem was proposed, the human solver would utilize already learned knowledge 
and assumptions about that type of problem.

This prior knowledge acquired in mathematics classes included: if no coefficient 
of friction was mentioned in the problem statement, that system was assumed to be 
frictionless and if no other angle was given for a hanging object, it would hang 
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vertically. The successful human solver also had learned equations appropriate for 
different problem situations. The research group called this a priori knowledge, and 
the successful students used “schemas,” a term used by the British psychologist 
Bartlett (1932) in his research on human understanding of story narratives. The term 
schema, representing the collected expectations for known situations, also refers 
back to Kant as mentioned in Sect. 2.7. Building Prolog representations to capture 
the schema knowledge of the skilled human was an important component of the 
success of the MECHO project (Bundy 1983; Luger 1981).

Section 3.5 described the origins and early research projects of the cognitive sci-
ence community. Their goal was to demonstrate the sufficiency of computational 
models to characterize the activity of the human cognitive system. The journal of 
the  Cognitive Science Society  and the proceedings of their annual conferences 
reflect the growth and maturity of the modern cognitive scienc project. In the final 
section of this chapter, we introduce four  current artificial intelligence research 
themes: the underlying technologies that have been used to create successful AI 
results. These themes are demonstrated in more detail in Chaps. 4–6, and 8.

3.6  �General Themes in AI Practice: The Symbolic, 
Connectionist, Genetic/Emergent, and Stochastic

In the previous section, we described the cognitive scientist as an active research 
participant in the task of understanding human information processing. In this final 
section, we step back to the original AI enterprise and summarize continuing 
research according to four themes: the symbolic, the subsymbolic or connectionist, 
the genetic or emergent, and the stochastic technologies. Each of these approaches 
to AI has had its important flourishing periods, and we introduce them briefly. In 
Chaps. 4–6, and 8, we consider each in more detail. We also discuss their supporting 
epistemic assumptions, often responsible for their successes and failures.

“Neuron Nets” were an early and important concern of AI research. But as a 
result of the Perceptrons book (Minsky and Papert 1969) and the politics of early 
funding, the symbolic approach to AI became the predominant research theme from 
the 1960s through much of the 1980s. Symbol-based AI is often considered first-
generation AI and sometimes called GOFAI or good old-fashioned AI 
(Haugeland 1985).

Symbol-based AI, as we have seen in several examples already, requires that 
explicit symbols and sets of symbols reflect the world of things and relationships 
within the problem domain. Several forms of representation are available, espe-
cially the predicate and the propositional calculi as well as association-based repre-
sentations including semantic networks. The AI practitioner Brian Cantwell Smith 
(1985) offered a characterization of the symbolic approach referred to as the knowl-
edge representation hypothesis:
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Any mechanically embodied intelligent process will be comprised of structural ingredients 
that (a) we as external observers naturally take to represent a propositional account of the 
knowledge that the overall process exhibits, and (b) independent of such external semanti-
cal attribution, play a formal role in engendering the behavior that manifests that knowledge.

Examples of the symbol-based approach to AI include many game-playing pro-
grams including chess and checkers; expert systems, where knowledge is encoded 
in explicit rule relationships; and control systems for robotics and directing craft for 
exploring deep space. The explicit-symbol system approach has been highly suc-
cessful, although its critics point out, and as we will see further in Chap. 4, the 
resulting programs can be inflexible. For example, how can an explicit symbol sys-
tem adjust when the problem situation changes over time and is no longer exactly as 
encoded in the original program? Or how can such a system compute useful results 
from incomplete or imprecise information?

The second approach to developing AI technology, the connectionist or subsym-
bolic, began with conjectures in the late 1940s by Warren McCulloch, a neuroscien-
tist, Walter Pitts, a logician, and Donald Hebb, a psychologist. The basis for neural 
network computing is the artificial neuron, an example of which may be seen in 
Fig. 3.2. The artificial neuron consists of Input signals xi and often a bias that comes 
from the environment or other neurons. There is also a set of weights, wi. that 
enhance or weaken the strengths of the input values. Each neuron also has an activa-
tion level, Σwixi, the value of net: the summed strengths of the input times weight 
measures. Finally, there is a threshold function f that computes the neuron’s output 
by determining whether the neuron’s activation level is above or below a predeter-
mined threshold.

In addition to the properties of individual neurons, a neural network is also char-
acterized by global properties including the topology of the network, that is, the 
pattern of connections between the individual neurons and the layers of neurons. A 
further property is the learning algorithm, several of which are described in more 
detail in Chap. 5. Finally, there is the encoding scheme supporting the interpretation 
of both problem data by the network and the output results from the network pro-
cessing. The encoding determines how an application situation is presented to the 
nodes of the network as well as how the results from the network are interpreted 
back into the application domain.

There are two primary approaches to neural network learning: supervised and 
unsupervised. In supervised learning, during the training period for the network, an 
oracle analyzes each output value of the network, given the input data. The oracle 
then either strengthens the weights that supported the correct output or weakens the 
weights supporting incorrect results. The most common approach, as seen in the 
backpropagation algorithm of Sect. 5.2.2, is to ignore correct results and to weaken 
the weights supporting incorrect results.

In unsupervised learning, there is no feedback to the input weights wi, given the 
output values. In fact, some algorithms do not require weights at all. Output values 
are calculated by the structure of the data itself interacting with the network or com-
bine with other outputs as they self-organize into useful clusters. This approach can 
be seen with some classifier systems.

3  Modern AI and How We Got Here
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With the advent of very high-performance computing and parallel algorithms for 
computing neural network architectures, it has now become common to have net-
works with multiple internal layers and complete networks passing data off to other 
networks. This approach, sometimes referred to as deep learning, has brought an 
entirely new dimension to the power and possibilities of connectionist computing. 
This is the type of computation that made the AlphaGo success possible, as seen in 
Sect. 3.1.3. Further examples of the connectionist and deep learning approaches are 
presented in Chap. 5.

A third theme of current artificial intelligence problem-solving is the genetic and 
emergent approach. John Holland of the University of Michigan, a primary designer 
of genetic algorithms, was an influential attendee of the 1956 Dartmouth summer 
workshop. Holland’s algorithms are a natural extension of the “Randomness and 
Creativity” goal of that workshop. Genetic algorithms, seen in more detail in Chap. 
6, use operators such as mutation, inversion, and crossover to produce potential 
solutions for problems. Using a fitness function, once possible solutions are 

Fig. 3.2  (Above). A single artificial neuron whose input values, multiplied by trained weights, 
produce a value, net. Using some function, f(net) produces an output value that may, in turn, be an 
input for other neurons. (Below) A supervised learning network where input values move forward 
through the nodes of the network. During training, the network weights are differentially “pun-
ished” for incorrect responses to input values as is discussed in more detail in Sect. 5.2.
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generated, the best of these are selected and used to create the next generation of 
possible solutions.

The history of evolutionary programming actually goes back to the creation of 
computers. In 1949, John von Neumann asked what levels of organizational com-
plexity were necessary for self-replication. John von Neumann’s goal according to 
Burks (1971) was:

… not trying to simulate the self-reproduction of a natural system at the level of genetics or 
biochemistry. He wished to abstract from the natural self-reproduction problem its logi-
cal form.

Chapter 6 goes further into the genetic and emergent approaches to AI. We dem-
onstrate several simple problems solved by genetic algorithms, consider genetic 
programming, and see examples from artificial life, or a-life, research.

The final theme for contemporary AI is the probabilistic, often referred to as the 
stochastic, approach to model building. In the mid-eighteenth century, a Church of 
England clergyman, Thomas Bayes (1763), proposed a formula for relating infor-
mation already learned, the prior, to data newly observed, the posterior. As we see 
in detail in Chap. 8, Bayes’ theorem can be seen as a computational implementation 
of Kant’s schemata. Because of complexity issues, the computation of full Bayesian 
relationships can be prohibitive in many situations, where there are multiple hypoth-
eses and large amounts of supporting data. Nonetheless, Bayes’ theorem was used 
in several early expert systems, for example, in searching for mineral deposits and 
in diagnostic systems for internal medicine.

Judea Pearl’s 1988 book, Probabilistic Reasoning in Intelligent Systems: 
Networks of Plausible Inference, introduced the Bayesian belief network, or BBN, 
technology. The BBN is a reasoning graph with the assumptions that the network is 
directed, reflecting causal relationships, and acyclic, with no loops, i.e., no nodes 
with links back to themselves. With the creation of the BBN, several computation-
ally efficient algorithms became available for reasoning. To describe events over 
time, dynamic Bayesian networks, or DBNs, offer a representation able to character-
ize how complex systems can be modeled and understood as they change. Pearl 
(2000) also wrote Causality: Models, Reasoning, and Inference, in which his do-
calculus offered a mathematical framework for building models in which this 
network-based representation supported reasoning about possible causal relation-
ships or “what if” scenarios. For his research in probabilistic reasoning, Judea Pearl 
received the Association for Computing Machinery’s Turing Award in 2011.

The stochastic approach is used extensively in machine learning and robotics. It 
is especially important for human language processing, leading to important results 
in computer-based speech and written language understanding. In Chaps. 8 and 9, 
we present both Bayes theorem and Bayesian belief networks. Finally, in Chap. 9, 
we demonstrate how these stochastic representations and reasoning schemes are 
sufficient to capture critical components of human perception and reasoning.

3  Modern AI and How We Got Here
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3.7  �In Summary

It is difficult to fully define the artificial intelligence project. The general goal that 
AI strives toward might be described as the task of shedding light on the nature and 
use of human intelligence by creating artifacts and processes that reflect that intel-
ligence. It seems futile, and perhaps wrongheaded, to limit what might be called AI.

Artificial intelligence’s products are increasingly part of the human landscape. 
One important, if often overlooked, contribution is to modern computer science. As 
we have seen, many of the insights and goals of the Dartmouth workshop of 1956, 
as they have evolved and continue to generate new technology, are now studied as 
core components of modern computing. In recognition of this, two of the 1956 
Dartmouth Summer Workshop contributors, Marvin Minsky in 1969 and John 
McCarthy in 1971, were awarded the prestigious ACM Turing Award. Finally, the 
emergence of research in cognitive science can be seen as an important outgrowth 
of research in cognitive psychology supported by the methods, tools, and models 
developed by the AI community.

Part II presents further detail and examples of modern AI. In Chap. 4, we con-
sider the symbol-based approach to artificial intelligence. We see in symbol-based 
systems an implicit rationalist perspective that helps explain the strengths and limi-
tations of this first-generation approach to AI.  In Chap. 5, we present neural, or 
connectionist networks. In Chap. 6, we describe genetic algorithms, genetic pro-
gramming, and artificial life.

Further Thoughts and Readings  There are a number of articles, with full publi-
cation details found in the Bibliography, that further describe the three successful AI 
research projects mentioned at the beginning of the chapter. These include:

Hsu, Feng-hsiung (2002): “Behind Deep Blue: Building the Computer that Defeated the 
World Chess Champion.”
Ferrucci, D., et al. (2010): “Building Watson: An Overview of the DeepQA Project.”
Silver, D. S., et al. (2017): “Mastering the Game of Go without Human Knowledge.”

The original proposal for the Dartmouth 1956 Summer Workshop is here: url 3.1.
Two books containing early research papers from the AI community:

Feigenbaum, E. and Feldman, J. editors, (1963): Computers and Thought.
Luger, G., editor, (1995): Computation and Intelligence: Collected Readings.

The 1975 Turing Award address by Newell and Simon:

Newell, A. and Simon, H.A. (1976): “Computer Science as Empirical Inquiry: Symbols and 
Search.”

This two-volume series began the major breakthrough in neural net research in the 
late1980s:

Rumelhart, D.E., McClelland, J.L., and The PDP Research Group (1986a). Parallel 
Distributed Processing.
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Three books demonstrating Piaget’s developmental stages and the cognitive science 
community’s response:

Piaget, J. (1970): Structuralism.
Klahr, D., Langley, P., and Neches, R, editors, (1987): Production System Models of 
Learning and Development.
Drescher, G.L., (1991): Made-Up Minds: A Constructivist Approach to Artificial Intelligence

Finally, further references for the histories of AI and Cognitive Science are:

McCorduck, P. (2004): Machines Who Think.
Boden, M. (2006): Mind as Machine: A History of Cognitive Science.

The figures of this chapter were created for my own teaching requirements at the 
University of New Mexico (UNM). Several were used in my AI and Cognitive 
Science books.
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Part II, Chapters 4, 5, and 6, introduces three of the four main paradigms supporting 
research and development in the artificial intelligence community over the past 
60-plus years: the symbol-based, the neural network or connectionist, and the 
genetic or emergent. In each of these chapters, we present introductory-level exam-
ples and describe their applications. These sample programs are included to demon-
strate the different representational approaches to AI. We also describe several of 
the more recent research and advanced projects in these areas. We end each chapter 
by critiquing the strengths and the limitations of that paradigm.

Part II
Modern AI: Structures and Strategies for 

Complex Problem-Solving
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Chapter 4
Symbol-Based AI and Its Rationalist 
Presuppositions

Two roads diverged in a yellow wood
And sorry I could not travel both
And be one traveler, long I stood
And looked down one as far as I could
To where it bent in the undergrowth;
Then took the other…

—ROBERT FROST, “The Road Not Taken”

I been searchin’…Searchin’ … Oh yeah,
Searchin’ every which-a-way…

—LIEBER AND STOLLER
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In the next three chapters, Part II, we describe a number of approaches specific to AI 
problem-solving and consider how they reflect the rationalist, empiricist, and prag-
matic philosophical positions. In this chapter, we consider artificial intelligence 
tools and techniques that can be critiqued from a rationalist perspective.
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4.1  �The Rationalist Worldview: State-Space Search

A rationalist worldview can be described as a philosophical position where, in the 
acquisition and justification of knowledge, there is a bias toward utilization of 
unaided reason over sense experience (Blackburn 2008). Rene Descartes, as men-
tioned in Chap. 2, was arguably the most influential rationalist philosopher after 
Plato, and one of the first thinkers to propose a near axiomatic foundation for his 
worldview. Leibniz, as also noted, was committed to a similar perspective.

Descartes’ mind/body dualism was an excellent basis for his later creation of 
logic systems, including an analytic geometry, where mathematical relationships 
could provide the constraints for describing the physical world. It was a natural 
further step for Newton to model the orbits of planets in the language of elliptical 
relationships determined by distances, masses, and velocities. Descartes’ clear and 
distinct ideas themselves became the sine qua non for understanding and describing 
“the real.” His physical, res extensa, and nonphysical, res cogitans, dualism sup-
ports the body/soul or mind/matter biases of much of modern life, literature, and 
religion. (How else can the spirit is willing, but the flesh is weak be understood?)

Most early work in artificial intelligence can be described as a search through the 
“states” of a problem using well-defined rules to change states. This approach is 
sometimes referred to as GOFAI, or good old-fashioned AI. State-space search in AI 
began in the 1940s and1950s and continues to the present. Its most important years 
were between 1955 and the release of the Parallel Distributed Processing volumes 
of McClelland & Rumelhart in 1986. State-space work in AI still remains very suc-
cessful, e.g., IBM’s Deep Blue, Sect. 3.1.1, and with other examples we see later in 
this chapter.

4.1.1  �Graph Theory: The Origins of the State Space

At the core of state-space search is graph theory: the ability to represent problem 
situations and solutions as paths through the states of a graph. To make these ideas 
clearer, we consider graph theory and its use in representing problems.

A graph consists of a set of nodes and a set of arcs or links connecting pairs of 
these nodes. In the state-space model of problem-solving, the nodes of a graph are 
taken to represent discrete states in a problem-solving process, such as the results of 
applying logic rules or a player’s legal moves on a game board. The arcs of the 
graph represent the transitions between states. In expert systems, states describe the 
knowledge of a problem situation at some stage of a reasoning process. Expert 
knowledge, often in the form of if … then rules, supports the generation of new 
information and the act of applying that rule is represented as an arc between states 
of knowledge about the problem, as we see in Sect. 4.1.3.

Graph theory is often the best tool for reasoning about objects or situations and 
their relationships with each other. As first noted in Sect. 2.9, in the early eighteenth 
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century the Swiss mathematician Leonhard Euler created graph theory in his effort 
to address the Bridges of Königsberg problem. The city of Königsberg occupied 
both banks and two islands of the Pregel river. Seven bridges connected the islands 
and the two riverbanks of the city, as shown in Fig. 4.1.

The bridges of Königsberg problem asks if it is possible to walk through all parts 
of the city while crossing each bridge exactly once. Although the residents had 
failed to find such a walk and doubted that it was possible, no one was able to prove 
its impossibility. Devising an early form of graph theory, Euler created an alterna-
tive representation for the physical map, presented in Fig. 4.2. The riverbanks (rb1 
and rb2) and islands (i1 and i2) are described by the nodes of a graph; the seven 
bridges are represented by labeled arcs between the nodes (b1, b2, …, b7). The 
graph representation preserves the essential structure of the city and its bridges 
while ignoring extraneous features such as bridge lengths, city distances, and the 
order of bridges in the walk.

In showing that the walk was impossible, Euler focused on the degree of the 
nodes of the graph, observing that a node could have either an even or odd degree. 
An even degree node had an even number of arcs joining it to neighboring nodes, 
while an odd degree node had an odd number. With the exception of the beginning 
and ending nodes of the walk, the journey would have to leave each node exactly as 
many times as it entered that node. Thus, nodes of odd degree could be used only as 
the beginning or ending of the walk because these nodes could be crossed only a 
certain number of times before they proved to be a dead end, where the traveler 
could not exit the node without using a previously traveled arc.

Euler noted that unless a graph contained either zero or two nodes of odd degree, 
the walk was impossible. If there were two odd-degree nodes, the walk could start 
at the first and end at the second; if there were no nodes of odd degree, the walk 
could begin and end at the same node. The walk is not possible for graphs with more 

Fig. 4.1  The City of Königsberg with its seven bridges on the Pregel river

4.1  The Rationalist Worldview: State-Space Search



80

than two nodes of odd degree, as is the case with the city of Königsberg, where all 
the nodes are odd. This problem is now called finding an Euler path through a 
graph. A related problem, called finding an Euler circuit, requires the Euler path to 
begin and end at the same location.

To summarize, a graph is a set of nodes or states and a set of arcs that connect 
the nodes. A labeled graph has one or more descriptors (labels) attached to each 
node that distinguish that node from any other node in the graph. A graph is directed 
if arcs have an associated direction, as in selecting a move to change the state of a 
game. The arcs in a directed graph are usually drawn with arrowheads to indicate 
the direction of movement. Arcs that can be crossed in either direction may have 
two arrowheads attached but more often have no direction indicators at all. Figure 4.2 
is an example of a labeled graph where arcs can be crossed in either direction. A 
path in a graph links a sequence of nodes through their connecting arcs. The path is 
described by the list of the nodes in the order they occur in the path.

4.1.2  �Searching the State Space

In a state-space graph, the node descriptors identify states in the problem-solving 
process. We saw the state space of the tic-tac-toe problem in Fig. 1.7. Once the state-
space graph for a problem is created, the question arises of how to search that space 
looking for possible solutions. There are a number of ways to search and we next 
describe three. For full detail on these graph search strategies, see Luger (2009b, 
Sect. 3.2.3).

The first search, called left-to-right backtrack, selects the first option, the left-
most state leaving the top state, A, of the graph; see Fig. 4.3. This left-most option 
is B. Continuing, the search selects the left-most option from B, namely, E. Only 

Fig. 4.2  A graph 
representing the city of 
Königsberg and its seven 
bridges
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after a dead end, state H in Fig. 4.3 with no new states to visit, does the search go 
back to the most recently visited state and looks for its left-most alternative; in this 
example, state I. Since I is also a dead end, the search backtracks until it finds state 
F and proceeds from there. This procedure, going as deep as possible and then back-
ing up when a dead end is encountered, will eventually, depending on complexity 
issues and keeping track of the already visited states, search the entire graph. In 
Fig.  4.3, the numbers next to each state indicate the order in which that state is 
visited.

The second search, left-to-right depth-first search, is similar to backtrack except 
that two lists of states are used to organize the search. The Open list records all the 
possible next states, with the left-most state on the list considered next. The Closed 
list contains states already visited. Depth-first search, see Fig. 4.4, considers all the 
possible next states from the start state A and places them in order, B C D, on the 
Open list. Depth-first search then selects the left-most state, B, and leaves the non-
selected states C and D on Open. Continuing, depth-first takes the left-most of state 
B’s options, in this case only, F, and puts the remaining states on the left end of 
Open: E F C D. The search continues, and after five iterations of depth-first search, 
Fig. 4.4 shows the Open and Closed lists.

The third strategy, called breadth-first search, Fig. 4.5, again uses the Open and 
Closed lists, this time placing the nonselected states, in order, at the right end of 
Open. Breadth-first search takes the first state A and looks at all of its next states, 
B, C, and D, putting them in that order on Open. Breath-first then takes the left-
most state on Open, B, and considers its next states, only F, placing F at the right 
end of Open. Breadth-first search then selects the left-most state on Open, C, and 
puts all its possible next states, G and H in order, on the right end of Open. The 
search continues in this fashion until a solution is found or the entire graph is 
searched. Breadth-first search, although it can be computationally expensive, guar-
antees finding the shortest solution path, if a solution exists, and if all visited states 
are recorded to prevent cycles in the search. Figure 4.5 shows this search.

Fig. 4.3  Backtrack search. 
The numbers next to each 
state indicate the order in 
which that state is 
considered
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There are two components required for successful depth-first and breadth-first 
search. First, as noted above, is to keep track of every state visited so that later it can 
be eliminated as a possible next state. The second concern is complexity: the size of 
the graph to be searched determines how long it will take, and whether it is even 
possible to search the full space. Chess and Go, for example, have state space sizes 
that, as noted earlier, can never be exhaustively searched.

Best-first or heuristic search takes the “best” next state from each state consid-
ered in the state-space graph. Consider, for example, the game of tic-tac-toe, Fig. 
1.7. The costs for an exhaustive search for tic-tac-toe are high but not insurmount-
able. Each of the nine first moves has eight possible continuations, which in turn 
have seven continuations, and so on through all possible board placements. Thus, 
the total number of states for exhaustive search as 9 × 8 × 7 × ··· × 1 or 9!, called 9 
factorial, which is 362,880 paths.

Symmetry reduction decreases this search space. Many problem configurations 
are actually equivalent under symmetric operations of the game board. Using state 
symmetry, there are not nine possible first moves but actually three: move to a cor-
ner, to the center of a side, or to the center of the grid. The use of symmetry on the 
second level further reduces the number of paths through the space to 12 × 7!, as 
seen in Fig. 4.6. Symmetries such as this may be described as invariants, and when 
they exist, they can be used to reduce the search.

Fig. 4.4  The first five states of depth-first search. The order of states already visited, the Closed 
list, is: A B E K S, with S a dead end; L F C D are on Open
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A best-first search heuristic can, in the tic-tac-toe example, eliminate search 
almost entirely. If you are first move and play  x, plan to go to the state in which x 
has the most possible winning opportunities. The first three states in the tic-tac-toe 
game are measured in Fig. 4.7. The best-first algorithm selects and moves to the 
state with the highest number of opportunities. In the case of states with equal num-
bers of potential wins, take the first such state found. In our example, x takes the 
center of the grid. Note that not only are the other two alternatives eliminated but so 
will be all their descendants. Two-thirds of the full space is pruned away with the 
very first move, as seen in Fig. 4.8.

After the first move, the opponent, o, can choose either of the two moves as seen 
in Fig. 4.8. Whichever state is chosen, the “most winning opportunities” heuristic is 
applied again to select among the possible next moves. As search continues, each 
move evaluates the children of a single node. Figure 4.8 shows the reduced search 
after three steps in the game, where each state is marked with its “most wins” value. 
It can be seen that for the first two moves of the x player, only seven states are con-
sidered, considerably less than the 72 considered in the exhaustive search. For the 
full game, “most possible wins” search has even larger savings when compared to 
exhaustive search.

Traditional approaches to making plans for a robot’s actions offer another exam-
ple of using the state-space technology. Sets of descriptions, often given by logic-
based specifications, are used to characterize possible states of the world. An 
automated reasoning system is then often used to decide which next state to take. 
Suppose we have a robot arm that is asked to move blocks around on a table. 
Consider the state space of Fig. 4.9. The start state is described by the nine specifi-
cations: ontable(a), ontable(c), ontable(d), on(b,a), on (e,d), cleartop(b), 
cleartop(c), cleartop(e), and gripping(), indicating the robot arm is not holding 
any block.

Fig. 4.5  Breadth-first search after five iterations. The order of the first five states visited, the 
Closed list, is: A B C D E and then F G H I J K L make up the Open list
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Suppose that the goal of the robot’s task is to create a stack of blocks with block 
e on the table along with blocks d, c, and b and block a on the top of block e. That 
goal state can be described by the logic specifications: ontable(e), on(d,e), 
on(c,d), on(b,c), on(a,b), and gripping(). The search space would start as shown 
in Fig. 4.9, with the operators changing the states of the system until the goal state 
is found. The operators would have rules such as: to pick up a block, first remove 
any blocks stacked on top of it. For example, to pick up block d in the start state, 
block e must first be removed. Creating the ordered set of actions here that can 
make a goal situation possible is called planning. Further, a heuristic that deter-
mines which new state has a description closest to the goal’s description can 

Fig. 4.6  The first three moves in the tic-tac-toe game where the state space is reduced by symmetry

Fig. 4.7  The “most wins” strategy applied to the first moves in tic-tac-toe
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radically simplify the search. Full details on how the logic rules are used to create 
the state space can be found in Luger (Luger 2009b, Sect. 8.4).

The blocks world example just described is what AI researchers often call a toy 
problem, designed primarily to demonstrate how planning should work in more dif-
ficult situations. This state-space planning technology does scale up for many more 
complex challenges. An example is the design of the controls for Livingstone, 
NASA’s deep-space vehicle; different “states” of the propulsion system are pre-
sented in Fig. 4.10.

Williams and Nayak (1996, 1997) created a model of the propulsion system for 
the space vehicle and a set of logic-based reasoning rules to address possible adverse 
situations, such as a blocked valve or a disabled thruster. The spacecraft’s computer 
controller will address these failings by changing the state of the propulsion system. 
As seen in Fig. 4.10, different control operations can take the space vehicle to dif-
ferent states of the thrusters.

Fig. 4.8  The state space for tic-tac-toe was reduced by using best-first search. The “most wins” 
strategy is used, with the bold arrows indicating the best moves
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The Williams and Nayak (1996, 1997) models for controlling deep-space vehi-
cles were successful. This type of program might not be expected to operate well, 
however, in a world of constantly changing and less predictable states, such as that 
of a robot in unexpected situations or the constraints seen with self-driving cars 
(Brooks 1986, 1991; Thrun et al. 2007; Russell 2019).

4.1.3  �An Example of State-Space Search: The Expert System

A final example of state-space problem-solving is the rule-based expert system. 
Production system problem-solving, described in Sects. 1.2.2 and 3.5, is an often-
used architecture for rule-based expert systems. Newell and Simon developed the 
production system to model human performance in problem-solving, Sect. 3.5. 
Edward Feigenbaum, Herb Simon’s PhD student at CMU, joined the faculty at 
Stanford University in 1965 as one of the founders of the Computer Science 

Fig. 4.9  The “start” state and possible next moves in the graph for the block-moving robot arm
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Department. Feigenbaum led the development of early expert systems, including 
MYCIN for the diagnosis of meningitis and DENDRAL for the discovery of struc-
ture in chemical compounds. For this pioneering work, Ed Feigenbaum is considered 
the “Father of Expert Systems” and was awarded the ACM Turing award in 1994.

In the production system, Fig. 4.11, the knowledge base is represented as a set of 
if … then … rules. The premises of the rules, the if portion, corresponds to the condi-
tion, and the conclusion, the then portion, corresponds to a goal or action to be 
taken. Situation-specific data are kept in the working memory. The recognize-act 
cycle of the production system is either data-driven or goal-driven as we see next.

Many problem situations lend themselves to what is called forward or data-
driven search. In an interpretation problem, for example, the data for the problem 
are initially given. It is the task of the program to determine the best hypothesis to 
explain the data. This suggests a forward reasoning process, where the facts are 
placed in working memory and the system then searches, using its if … then … 
rules, for possible next states in the process of determining a best possible solution.

In a goal-driven expert system, the problem’s goal description is placed in work-
ing memory. The program then finds an if … then … rule whose conclusion matches 
that goal and places its premises in working memory. This action corresponds to 
working back from the problem’s goal to supporting subgoals. The process continues 
in the next iteration, with these sub-goals becoming the new goals to match against 
the rules’ conclusions. This process continues until sufficient subgoals in working 
memory are found to be true, indicating that the original goal has been satisfied.

In an expert system, if a rule’s premises cannot be determined to be true by given 
facts or using rules in the knowledge base, it is common to ask the human user for help. 
Some expert systems specify certain subgoals that are to be solved by the user. Others 
simply ask the user about any subgoals that fail to match rules in the knowledge base.

Fig. 4.10  The configuration of the propulsion system and possible next states dependent on the 
logic-based decision rules. The circled valves are opened/closed to produce the possible next 
states. This figure adapted from Williams and Nayak (1996)
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Consider an example of a goal-driven expert system with user queries when no 
rule conclusion is matched. This is not a full diagnostic system, as it contains only 
four simple rules for the analysis of automotive problems. It is intended to demon-
strate the search of the goal-driven expert system, the integration of new data, and 
the use of explanation facilities. Consider the rules:

Rule 1:
If
  the engine is getting gas, and
  the engine will turn over,
then
  the problem is spark plugs.

Rule 2:
if
  the engine does not turn over, and
  the lights do not come onthen
  the problem is battery or cables.

Rule 3:
if
  the engine does not turn over, and
  the lights do come onthen
  the problem is the starter motor.

Rule 4:
if
  there is gas in the fuel tank, and
  there is gas in the carburetor
then
  the engine is getting gas.

To begin, in goal-driven mode, the top-level goal of determining the problem 
with the vehicle must match the then component of a rule. To do this, “the problem 
is X” is put as a pattern in working memory, as seen in Fig. 4.11. X is a variable that 
can match with any phrase, as an example, X can be the problem is battery or cables; 
variable X will be linked to the solution when the problem is solved.

Fig. 4.11  The production 
system at the start of the 
automobile diagnosis 
example, with the goal 
what is the problem in 
working memory

4  Symbol-Based AI and Its Rationalist Presuppositions



89

Three rules match this expression in working memory: Rule 1, Rule 2, and Rule 
3. If we resolve this rule conflict in favor of the first rule found, then Rule 1 is used. 
This causes X to be bound to the value spark plugs, and the premises of Rule 1 are 
placed in the working memory as in Fig.  4.12. The program has thus chosen to 
explore the possible hypothesis that the spark plugs are bad.

Another view is that the program has selected one or branch in an and/or graph. 
An and/or graph is a graph where some links between states are “or” transitions and 
the system can go to either one state or the other. The “and” transitions, connected 
by an arc as seen in Fig. 4.14, indicate that all anded transitions must be followed. 
The and/or graph reflects the “and,” and the “or” of the if/then logic rule representa-
tions as can be seen for the four diagnostic rules presented earlier.

Note that there are two premises to rule 1, both of which must be satisfied to 
prove the conclusion true. These premises are the “and” branches of the search 
graph  of Fig.  4.14. This represents the decomposition of the problem:  to find 
whether the problem is spark plugs solve two subproblems, that is, find whether the 
engine is getting gas and whether the engine will turn over. The system then uses 
Rule 4, whose conclusion matches the engine is getting gas. This causes Rule 4’s 
premises to be placed at the top of the working memory, as in Fig. 4.13.

At this point, there are three entries in working memory that do not match with 
any rule conclusions. The expert system will, in this situation, ask the user directly 
about these three subgoals. If the user confirms that all three of these are true, the 
expert system will have successfully determined that the car will not start because 
the problem is the spark plugs. In finding this solution, the system has searched the 
leftmost branch of the and/or graph of Fig. 4.14.

This is, of course, a very simple example. Not only is its automotive knowledge 
limited at best, but it also ignores a number of important aspects of actual imple-
mentations including that the rules are phrased in English rather than in a computer 

Fig. 4.12  The state of the production system after Rule 1 is used
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language. On finding a solution, an actual expert system will tell the user its diagno-
sis, although our example simply stops. If it had failed to determine that the spark 
plugs were bad, our expert system would have needed to back up to the top level and 
try Rule 2 next. Despite its simplicity, however, this example underscores the impor-
tance of production system-based search and its representation by the and/or graph 
as a foundation for expert system technology.

An important advantage of this expert system technology is its transparency in 
reasoning. First, all the rules are considered independent of each other, so in debug-
ging an expert system, rules can simply be removed and replaced by “better” rules. 
This is an important example of the iterative refinement process mentioned in  
Chap. 1: when the program produces results that are “wrong” in some sense, replace 
them with better rules. The designer corrects his or her understanding of a problem 
by continuous improvement in the rules that generate solutions.

A second advantage of the expert system is the transparency of the reasoning 
process. For example, suppose the automotive expert system has an explanation 
facility, and assume that the consultation has reached the stage represented by the 
working memory configuration in Fig. 4.13. The dialogue begins by asking the user 
about the goals in working memory. User responses are in bold type.

gas in fuel tank?
yes
gas in carburetor?
yes
engine will turn over?
why

Fig. 4.13  The state of the production system after Rule 4 is used. Note that the newest results are 
placed on the top of older information in working memory
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Here the user enters a “why” query, i.e., the user asks: “why do you want to know 
whether the engine will turn over?” The system responds with a literal presentation 
of the rule under question:

It has been established that:
the engine is getting gas,
therefore if
the engine will turn over,
then the problem is spark plugs.

Because the user answered “yes” to the first two questions, Rule 4 is satisfied, 
verifying the first premise of Rule 1. When the “why” query was made, the system 
was trying to solve the second premise of Rule 1. Note that the explanation for the 

Fig. 4.14  The and/or graph that the expert system searches in determining that the problem is with 
the spark plugs. The “and” constraints are linked by an arc
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system’s behavior is simply a restatement of the current rule under consideration, as 
this offers an explanation for why the program wants to know whether the engine 
will turn over. In the response to the “why” query, the system states that it has con-
cluded that the engine is getting gas.

Suppose the user then asks:

how the engine is getting gas

The system will respond to “how” it concluded that the engine is getting gas. The 
response is a trace of the reasoning that led to this conclusion, working back from 
the goal along the rules that support it to the user responses:

This follows from rule 4:
if
  gas in fuel tank, and
  gas in carburetor
then
  engine is getting gas  gas in fuel tank was given by the user
  gas in carburetor was given by the user

Once again, the production system architecture provides an essential basis for 
these explanations. Each cycle of the control loop selects and uses another rule. The 
program may be stopped after each cycle and inspected. Because each rule repre-
sents a complete chunk of problem-solving knowledge, the current rule provides a 
context for the explanation. To summarize, the expert system answers “why” que-
ries by showing the current rule that it is attempting to use; it answers “how” queries 
by showing the user the reasoning that led to that goal or subgoal.

We have just presented several examples using the symbol system approach to 
building AI programs. In the next section, we summarize further important exam-
ples of this technology. In Sect. 4.3, we critique the symbol-based approach, dis-
cussing its strengths and limitations from an epistemic perspective.

4.2  �Symbol-Based AI: Continuing Important Contributions

Graphs, search, heuristics, and knowledge encoded in rules are all components of 
the symbol-based approach to AI. This technology of explicitly representing knowl-
edge continues to be successful when addressing new challenges. In this section, we 
describe several AI programs indicative of the promising future for symbol-based AI.

Galileo’s tool was his telescope. Without it, he was unable to see images of the 
planets, the moons of planets, and characterize their relationships. To the twenty-
first century scientist, the computer offers such a supporting visualization tool. In 
our case, besides “seeing” previously unseen objects as Galileo did, we can also 
understand previously unrecognized relationships in large amounts of data, for 
example, patterns in DNA that are related to disease states.

A major tool for pattern recognition and analysis is the creation of machine 
learning algorithms. These techniques are made feasible with the speeds offered by 
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modern computing and the storage afforded by the “cloud” and server farms. As an 
example, consider a relatively recent journal article by Marechal (2008) with key-
words: chemogenomics, bioinformatics, biomarker, chemical genetics, cheminfor-
matics, and machine learning. The article explores the interactions between 
functioning biological systems with the injection of molecular-level chemical 
agents. Computing enables this research with useful patterns identified using 
machine learning.

Many AI machine-learning algorithms are symbol-based, and we next describe a 
subset of these. We consider association-based or deep learning algorithms, in 
Chap. 5, and probabilistic learning in Chaps. 8 and 9. Symbol-based learning is built 
on the assumption that patterns in data can be described and can be explicitly repre-
sented and searched. Examples include the inductive building of decision trees, data 
classifiers, pattern recognition and identification, template-based learning, and more.

4.2.1  �Machine Learning: Data Mining

One of the huge success stories of symbol-based AI, which also can present a dis-
tressing threat to human privacy and choice, is data mining technology. Decision 
tree analysis programs, such as ID3 (Quinlan 1986), are used on large sets of human 
data. The analysis of purchasing patterns, for example, is often used to predict a 
person’s future needs and choices. We next demonstrate the ID3 algorithm analysis 
of a small sample of data.

Suppose a bank or department store wants to analyze the credit risk for new cus-
tomer applications whose annual income is $50,000 or below. To proceed, the bank 
or store considers earlier records of customers in this same income group. It asks the 
new group of applicants for financial details to support their credit applications. The 
goal of the ID3 algorithm is to build up a profile of known customers’ data in order 
to determine the risk for new customers that want credit. As an example, Table 4.1 
presents the data of 14 earlier customers.

Table 4.1  The data of 14 lower income people that have already applied for credit

NO. RISK CREDIT HISTORY DEBT COLLATERAL INCOME

1. High Bad High None $0 to $15k
2. High Unknown High None $15 to $35k
3. Moderate Unknown Low None $15 to $35k
4. High Unknown Low None $0 to $15k
5. Low Unknown Low None Over $35k
6. Low Unknown Low Adequate Over $35k
7. High Bad Low None $0 to $15k
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In Figs. 4.15 and 4.16, ID3 uses information theory (Shannon 1948) to build a 
decision tree that analyses the previous customers’ data to determine credit 
RISK. The algorithm, using Shannon’s formula, considers each of the four informa-
tion sources, CREDIT HISTORY, DEBT, COLLATERAL, and INCOME, to deter-
mine which piece of information best divides the population in the question of 
credit RISK. INCOME does this best, see the partial decision tree of Fig. 4.15.

Since the group in the left-most branch of Fig. 4.15 all have high-risk credit, that 
part of the search is finished: If you make $15,000 or less in income, your credit 
rating is high RISK. The algorithm then considers the group on the middle branch 
to see which factor divides these people best for credit RISK and that factor is 
CREDIT HISTORY.  The search continues until the decision tree of Fig.  4.16 is 
produced. Note that in Fig. 4.16 the COLLATERAL factor is not important. This 
helps minimize the amount of information needed for analysis of new customers in 
this group applying for credit: their amount of COLLATERAL is not useful for 
determining RISK.  Full details of this algorithm are available (Luger 2009b,  
Sect. 10.3.2).

Fig. 4.15  The partial decision tree built using the INCOME factor. The example numbers at the 
end of each branch refer to the data of Table 4.1

Fig. 4.16  The final decision tree produced from the data of Table 4.1 that is to be used for assess-
ing the credit risk of new lower income customers
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What we have just demonstrated is a very simple example of an important and 
powerful machine learning algorithm. This technology is now ubiquitous, used 
everywhere from your local department store when you use personal identification 
to apply for credit, to utilizing personal data from social media. Data from social 
media are easy to collect, as people describe their recent purchases, their likes and 
dislikes, and often political choices. Internet trolls also propose questionnaires and 
surveys to obtain information that they then use for purposes usually not disclosed 
to the user.

What does technology such as ID3 and other classifier algorithms say about indi-
viduals? It is important to understand that these classifiers say nothing deterministic 
about a particular individual. They do suggest what people in different groupings or 
classes tend to do. A particular person earning under $15,000 may, in fact, be an 
excellent credit risk; what the algorithm says is that this general group of earners 
tends not to be a good risk.

To address this uncertainty issue, many approaches to machine learning contain 
“confidence” or “likelihood” measures such as the Stanford certainty factor algebra 
used with MYCIN (Buchanan and Shortliffe 1984) and a number of early expert 
systems. This confidence measure offers support for heuristic search, for instance, 
examining most likely answers before all other possible answers are considered.

We see more certainty measures in later chapters: weighting values in connec-
tionist networks, Chap. 5, and probability measures in Bayesian systems, Chap. 8. 
A large percentage of current machine learning algorithms are a combination of 
symbol-based, deep learning, and probabilistic systems.

4.2.2  �Modeling the Physical Environment

Although the ID3 and other machine learning algorithms captured relational infor-
mation “hidden” within collections of data, other symbol-based AI algorithms were 
designed to represent aspects of physical reality itself. Prospector (Duda et al. 1979) 
was created at SRI International as a consultation system for mineral exploration. 
The knowledge built into the program was a network of inference rules in the form 
of a production system that captured geologic information related to the discovery 
of minerals.

Prospector’s rules represented the diagnostic skills of mineral exploration 
experts. It was intended to help the geologist identify the physical characteristics of 
a particular site that would correlate with the presence of mineral deposits. It was 
claimed to have predicted the existence of a previously unknown deposit of molyb-
denum in Washington State (Duda et al. 1979). Prospector’s knowledge base was 
extensible in that it could be continually improved as its designers added new 
knowledge for other minerals.

Herb Simon, Pat Langley, and colleagues at Carnegie Mellon University 
(Bradshaw et al. 1983; Langley et al. 1987b) created the BACON programs, named 
after Francis Bacon the sixteenth-century philosopher and scientist. The goal of this 
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project was to build a program that could discover the mathematical laws, based on 
observed data, that describe the motions of the planets.

The BACON task was to discover the functional relationship existing between 
pairs, or within sets, of numbers. In pairs of numbers, is it possible to describe one 
number as some mathematical function of the other? As an example, taken from 
the BACON research (Langley et  al. 1987b), consider observers finding data 
describing planetary motion; Table 4.2 shows an example of this. The second col-
umn, D, shows the distance in astronomical units of each planet in column 1 from 
the sun. The third column, P, shows the period, a measure of each planet’s orbit. 
The goal of the BACON project was to discover the functional relationship between 
D and P.

The fourth, fifth, and sixth columns of Table 4.2 show the different relation-
ships explored by BACON to capture the distance of a planet from the sun and 
the time, or period, of its orbit. BACON discovers D3/P2 as the best approxima-
tion for this relationship, and this is, in fact, Kepler’s third law of planetary 
motion. BACON’s work was extended in further research to discover other laws 
of physics including Ohm’s laws for electric circuits. A number of heuristics 
used to determine these mathematical relationships are described in Langley 
et al. (1987b).

The development of AI models for complex physical environments has always 
been a challenge that has produced many successful results. We presented the 
Williams and Nayak models for controlling vehicles in deep space in Sect. 4.1. In 
Chap. 8, we will see symbol-based models combined with probabilistic relation-
ships to control the focus of particle beam accelerators and for monitoring the gen-
eration of electric power from sodium-cooled nuclear reactors.

4.2.3  �Expertise: Wherever It Is Needed

An early use of symbol-based learning was in medical diagnostics with the recogni-
tion and treatment of meningitis with the Stanford Medical School based program, 
MYCIN (Buchanan and Shortliffe 1984). This early diagnostic system was 

Table 4.2  The observations of planetary data and Bacon’s discovery of D3/P2

Planet D P D/P D2/P D3/P2

Mercury 0.382 0.241 1.607 0.622 1.0
Venus 0.724 0.616 1.175 0.852 1.0
Earth 1.0 1.0 1.0 1.0 1.0
Mars 1.524 1.881 0.810 1.234 1.0
Jupiter 5.199 11.855 0.439 2.280 1.0
Saturn 0.539 29.459 0.324 3.088 1.0

This is the approximation of the relationship between a planet’s distance from the sun, D, and its 
orbital period, P. Table is adapted from Langley et al. (1987b)
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important both for demonstrating the utility of the rule-based approach but also 
because its performance was shown to be equal to that of human medical diagnostic 
experts.

Medical expertise is often needed where there are few medical professionals 
available. Examples include the analysis of common clinical problems in third-
world countries or in any situation where advice is needed for complex medical care 
delivery. Computer-based recommendation systems are ubiquitous in medical care, 
including the analysis of allergies, warnings on possible side effects of combining 
multiple prescriptions, and guidance systems that assist in complex surgeries.

Expert system-based diagnosis and recommendations have moved to almost all 
areas of medicine. Wearable devices give individual health updates in normal living 
as well as warning advice in areas of critical health monitoring, such as diabetes. 
Computer-based medical analysis including supporting lab testing for breast cancer 
and medical screening for disease states are now so common that they are no longer 
even seen as the products of artificial intelligence technology.

An important result of the early expert diagnostic programs is the ubiquitous 
presence of online medical analysis and recommendation systems. These programs 
include “Symptom Checkers” from WebMD, Isabel Healthcare, NetDoctor, and the 
Mayo Clinic (url 4.1). Further, there are also online health checkup programs 
including Symptomate and WebMD. (url 4.1). There are also computer programs 
for nutrition counseling, lactation services, and psychiatric therapy. One advice 
website claims that it deals with a medical question every 9 s (url 4.1).

There are many further examples of the use of computer-based diagnostic and 
recommendation systems. We describe five:

	1.	 Oil well (mudding) advising, where the boring equipment and the compounds 
inserted at the drilling sites are automatically determined with no need for the 
presence of the geological/petroleum expert.

	2.	 In automotive diagnosis, most service technicians plug your car into a high-end 
computer diagnostic system for analysis and recommendations.

	3.	 For hardware and software troubleshooting, advisors, even if they handle simple 
questions directly, have as backup a computer-based advising system.

	4.	 For complex advice and recommendation situations. As an example, a health 
insurance company with thousands of pages of different policy options based on 
age, sex, state of residence, and coverage, can use intelligent retrieval and recom-
mendation programs. Similarly, financial advice and investment programs now 
assist both customers and financial advisors in finding appropriate options for 
customers.

	5.	 Computer-based open-ended question answering programs help customers find 
information about important life choices, for example, answering concerns about 
joining the US Army (url 4.2).

The delivery of online diagnosis and remediation advice just discussed is but one 
of many complex technology areas where expert advice is available. Although many 
of the areas we mention started out as dedicated symbol-based expert systems, their 
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knowledge is now so imbedded in diagnostic equipment and recommendation sys-
tems that they are simply seen as important assistive technology.

The current research projects also focus on issues including keeping online cus-
tomers happy in their communication with automated advisors. How is the conver-
sation going? Are the customers frustrated with the computer-based response 
system? How can the computer tell when it is best to connect the user with an actual 
human expert? Addressing such issues helps keep the online customer satisfied 
(Freeman et al. 2019).

Since no organism can cope with infinite diversity, one of the 
most basic functions of all organisms is the cutting up of the 
environment into classifications by which non-identical stimuli 
can be treated as equivalent…

—ELEANOR ROSCH (1978)

4.3  �Strengths and Limitations of the Symbol 
System Perspective

First-generation AI, or good old-fashioned AI, GOFAI, as several commentators 
have described it, continues to be successful. Although many critics have called 
symbol-based AI a failure (Dreyfus 1992; Searle 1980, 1990; Smith 2019), it has 
performed well in situations appropriate for its use, many of which were presented 
in this chapter. Perhaps its critics are concerned because the symbol-based approach 
to AI could not produce artificial general intelligence, but this was not the goal of 
AI engineers.

Through continued use, however, the AI community has come to better under-
stand both the strengths and the limitations of symbol-based AI. In this final section, 
we consider these issues. First, we note again that abstraction is the general process 
for creating symbol-based representations and for modeling changing time and rule 
applications as steps through a graph. Second, we present an issue related to the first 
point, the generalization problem. Finally, in asking why the AI community has not 
yet built a system with general intelligence, we discuss issues including symbol 
grounding, limited semantic transparency, and human intelligence as “embodied.”

4.3.1  �Symbol-Based Models and Abstraction

The abstractive process is at the core of the explicit symbol system approach to 
artificial intelligence. Symbols are identified to represent shared properties of mul-
tiple objects, structures, or situations. This abstractive process is much like that 
witnessed in Plato’s cave (2008), where individual differences are ignored in the 
process of seeking pure forms. The symbol-based approach to AI assigns symbols 
to these abstracted entities and then uses algorithms to reason about their further 
properties and relationships.
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A simple example is presented in Fig. 4.6, where different tic-tac-toe board posi-
tions, equivalent by symmetry, are represented by one state and used to create an 
efficient search for a solution. Another example was seen in Fig. 4.10, where the 
continuous processes of a vehicle traveling in outer space were abstracted into dis-
crete states of the propulsion system. Changes in that system as time progressed 
were then represented by state transitions in the graph of possible next states for the 
propulsion system.

Another sophisticated use of abstraction is seen in the rule-based programs of 
Figs. 4.11, 4.12, 4.13, and 4.14, where human knowledge in complex environments 
is captured as a set of if-then rules that can be “run” in a computational environ-
ment. There are two issues here: First, can complex human knowledge and skills be 
represented as sets of pattern-action rules? Second, can the actions of skilled human 
problem-solving be captured by an organized sequence of applying rules that change 
“knowledge” states in a graph?

To take the knowledge-based approach to AI seriously, one must question what 
aspects of human knowledge are amenable to a condition-action reduction. When 
can the situations for the use of knowledge be represented by the conditions of 
rules? Is it possible to reduce skilled human action to explicit computational speci-
fications? If human skill is used across time, for example in the improvisations of a 
talented musician, is this expressible by sequences of rules? Can various sensory 
modalities, such as the perception-based diagnostic skills of a physician, be reduced 
to a set of if-then rules?

The question is not whether rule-based-systems work. They have been very suc-
cessful in a wide variety of applications and are now so commonly used that they are 
not always seen as part of the AI enterprise. The issue is to examine the edge cases 
to determine when the abstractions required to characterize complex situations and 
related actions are optimal for symbol-based representations.

In game playing, it may seem appropriate to describe positions as states of a 
graph and legal moves as state transitions. However, in creating a winning search 
strategy, it can be extremely difficult to represent a “sacrifice,” where one player 
intends to lose a board position or piece in order to gain a longer term advantage 
over an opponent. In the Deep Blue chess program, described in Sect. 3.1.1, it 
proved necessary to program in higher level search strategies to both produce 
expert-level chess and to address the complexities of exhaustive search.

The clearest articulation of the symbol-based approach to problem-solving was 
Newell and Simon’s research (1963, 1972, 1976) and their articulation of the physi-
cal symbol system hypothesis, presented in Chap. 3. Their production system archi-
tecture, augmented by an automated “learning” module called SOAR (Newell 
1990), is arguably the closest that symbol-based AI has come to proposing a general 
“intelligent system.” SOAR learns new rule pattern relationships within a problem 
domain and adds these rules to the current set of productions.

The abstractive process necessary to support symbol-based problem-solving of 
necessity ignores aspects of reality. This omitted reality can in the long term doom 
a computational project. Abstraction is, however, as Eleanor Rosch contends in the 
introductory quote of this section, our only method of coping with infinite diversity.
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4.3.2  �The Generalization Problem and Overlearning

The generalization problem is a crucial component of abstraction. Without an 
appropriate bias or extensive built-in knowledge, the process of abstraction can be 
totally misled in its attempt to find appropriate patterns in noisy, sparse, or even bad 
data. The generalization problem is difficult, important, and remains an open issue 
in artificial intelligence. Let’s consider two classic problems in science.

First, consider Newton’s second law of motion, force = mass × acceleration, or 
f = m × a. In a practical sense, the law says the acceleration of an object is directly 
related to the force applied to the object and inversely related to its mass. Or alter-
natively, the more mass a system has, the less acceleration it will have, given a 
constant amount of applied force. The consistency of Newton’s formulation is 
remarkable, both in our normal lives and in the motions of the planets in space. 
However, as an object gets accelerated to extreme velocities, as a particle, for exam-
ple, in a particle beam accelerator, it was discovered that the particle’s mass 
increased. Thus, the f = m  ×  a generalization is not supported at extreme 
accelerations.

A second example comes from the discovery by astronomers of perturbations in 
the orbit of the planet Uranus. Scientists, in light of this new data, did not reject the 
laws of Newton and Kepler. Rather they used the perturbation data to postulate the 
existence, and consequent effect, of another body in orbit. Later, of course, the 
planet Neptune was discovered.

The point of these two examples is that all generalizations must at some time and 
in particular situations be “accepted” or “affirmed.” As we suggest in later chapters, 
these generalizations are utilized by science and society when they are determined 
to be useful for some practical purpose. These generalizations may not be useful for 
other purposes, however, and must be reconsidered for new situations. Finally, as 
both examples show, when generalizations fail to fit new situations, the science 
itself is not discarded. Scientists make adjustments to equations or conjecture new 
relationships between variables. We discuss this methodology further in the con-
cluding chapters.

We next offer an example of trying to determine appropriate generalizations. 
Suppose we are trying to find a functional relationship in two dimensions to describe 
a set of data collected from experiments. In Fig. 4.17, we present six points from a 
two-dimensional data set of experiments. To understand the problem of overlearn-
ing, we wish to discover a function that describes/explains not just these six points 
but also future data that might be collected from these experiments.

The lines across this set of points in Fig. 4.17 represent functions created to cap-
ture this generalization. Remember that once the relation function is determined, we 
will want to present it with new and not previously seen data points. The first func-
tion, f1, might represent a fairly accurate least mean squares fit to the six data points. 
With further training, the system might produce function f2, which seems an even 
“better” fit to the data. Further exploration produces a function f3 that exactly fits the 

4  Symbol-Based AI and Its Rationalist Presuppositions



101

given data but may offer terrible generalizations for further sets of data. This phe-
nomenon is referred to as overtraining or overlearning a set of data.

One of the strengths of successful machine learning algorithms is that in many 
application domains they produce effective generalizations, that is, functional 
approximations that fit the training data well and also handle new data adequately. 
However, identifying the point where an automated learning algorithm passes from 
an undertrained to an overtrained state is nontrivial.

We conclude this chapter by addressing several further issues relating to symbol 
selection and the process of abstraction. When AI program designers use represen-
tations, whether symbols, nodes of networks, or any other construct for capturing 
“reality,” they are attributing some “meaning” to these constructs. What is the nature 
of this “meaning” and how does an eventual solution then reflect back on the context 
that generated it?

4.3.3  �Why Are There No Truly Intelligent 
Symbol-Based Systems?

There are many criticisms that can be leveled at symbol-based AI and the physical 
symbol system characterization of intelligence. The most salient criticisms, besides 
the limitations which abstraction entails, include the issues of semantic meaning or 
the grounding (Harnad 1990) of the symbols that are used by an intelligent program. 
Attempts to capture “meaning” with search through a pre-interpreted state space 
and to find “purpose” implicit in the use of heuristics to direct that search offers a 
questionable epistemic foundation for capturing intelligence. The notion of mean-
ing in traditional AI is, at best, very weak.

Alfred Tarski’s possible world semantics (1944, 1956) offers one approach to the 
attribution of meaning. Tarski’s “meaning” is a product of formal logic, including 
the propositional and predicate logics. The goal of his semantics is to demonstrate 
that when certain conditions are met, logical reasoning rules, such as modus ponens, 
modus tollens, resolution and others, produce guaranteed correct results.

Fig. 4.17  Six data points 
and three functions that try 
to capture their two-
dimensional relationship
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The possible worlds semantics assigns items from an application domain or pos-
sible world to symbols from a set of symbols such as names or numbers. It assigns 
variables to subsets of the sets of symbols. The results of actions, functions, are 
mapped to symbols within the set of symbols that reflect the result of these actions. 
For example, a number of men and women could each be represented by a symbol, 
such as their name. A variable, for example M, could represent all males in a situa-
tion. A function, such as produce_child(tom, susan, mary), could reflect the fact that 
Tom and Susan produce a child named Mary. Finally, predicate relationships, such 
as married (tom, susan), will have either true or false truth-values. With this appa-
ratus in place, Tarski then formulates proofs that various reasoning rules always 
produce true results, given premises that are true.

Moving toward a more mathematics-based semantics, such as the Tarskian pos-
sible worlds approach, seems wrongheaded. It reinforces the rationalist project of 
replacing the flexible and evolving intelligence of an embodied agent with a world 
where clear and distinct ideas are always directly accessible and the results of rea-
soning. Although Tarski’s semantics captures well a small and important component 
of human reasoning, such as the NASA deep-space propulsion engine of Sect. 4.1.3, 
thinking that this approach generalizes to all reasoning is delusional. Where are the 
insights of the artist or poet, or what Peirce (1958) calls the abductive inference of 
the trained doctor, determining the best explanation for a possible illness, given a 
particular set of symptoms?

A related issue, the grounding of meaning, has forever frustrated both the propo-
nents and the critics of the AI and cognitive science enterprises. The grounding 
problem asks how particular symbols can be said to have meaning (Harnad 1990). 
Searle (1980) makes just this point in his discussion of the so-called Chinese Room. 
Searle places himself in a room intended for translating Chinese sentences into 
English. Searle receives a set of Chinese symbols, looks the symbols up in a large 
Chinese symbol cataloging system, and then reports back the appropriately linked 
sets of English symbols. Searle claims that although he himself knows absolutely no 
Chinese, his “system” can be seen as a Chinese-to-English translation machine.

There is a problem here. Workers in the research areas of machine translation and 
natural language understanding have argued that the Searle “translation machine,” 
blindly linking one set of symbols to other symbols, produces minimal quality 
results. The fact remains, however, that many current intelligent systems have a very 
limited ability to interpret sets of symbols in a “meaningful” fashion. Would anyone 
be impressed if his or her computer printed out “I love you?” The problem, as the 
philosopher John Haugeland (1985, 1997) suggests, is that “computers just don’t 
give a damn.”

In fact, computers don’t “know” or “do” anything besides producing the product 
of their program designers’ instructions. A program’s “recommendation” for medi-
cal therapy is simply a set of symbols representing the prior thoughts of its program-
mer. In itself, the running program understands nothing about medicine, health, 
illness, or death. It does not even know that it is a program!
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In the areas of human language understanding, Lakoff and Johnson (1999) argue 
that the ability to create, use, exchange, and interpret meaning symbols comes from 
a human’s embodiment within an evolving social context. This context is physical, 
social, and “right-now”; it supports and enables the human ability to survive, evolve, 
and reproduce. It makes possible a world of analogical reasoning, the use and appre-
ciation of humor, and the experiences of music and art. Our current generation of 
symbol-based AI tools and techniques is very far away from being able to encode 
and utilize any equivalent “meaning” system. We address these issues further in 
Chap. 7.

As a result of this weak semantic encoding, the traditional AI search/heuristic 
methodology explores states and contexts of states that are pre-interpreted. This 
means that an AI program’s creator “imputes” or “lays on” to the symbols of the 
program various contexts of semantic meaning. A direct result of this pre-interpreted 
encoding is that intelligence-rich tasks, including learning and language, can only 
produce some computed function of that interpretation. Thus, many AI systems 
have very limited abilities to evolve new meaning associations as they explore their 
environments. Even areas of symbol/search-based successes remain brittle, without 
multiple interpretations, and often have only limited ability to recover from their 
failures.

4.4  �In Summary

Much of the early research in artificial intelligence may be characterized as symbol-
based and search-enabled problem-solving. We presented graph theory as the basis 
of state-space search and described several basic algorithms for searching state-
space graphs. The physical symbol system hypothesis of Newell and Simon, dis-
cussed in Sect. 3.4, can be seen as a motivation and supporting epistemology for 
using this approach.

Across its brief history, the artificial intelligence research community has 
explored the ramifications of the physical symbol system hypothesis and has devel-
oped its own challenges to that previously dominant view. As we see in Chaps. 5 and 
6, models of computing based on the architecture of the animal brain as well as on 
the processes of biological evolution can also provide useful frameworks for under-
standing intelligence. In Chap. 5, we present the association-based tradition in psy-
chology and the artificial intelligence representational response of semantic and 
connectionist networks. In Chap. 6, we present the genetic, evolutionary, and emer-
gent approaches to representing intelligence.

Further Thoughts and Readings  Complete references for the suggested readings 
may be found in the Bibliography. Allen Newell and Herbert Simon at Carnegie 
Mellon University were in many ways the intellectual leaders of the “symbol-
system” approach to AI: 
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Newell, A. and Simon, H.A. (1976). Computer Science as Empirical Inquiry: Symbols 
and Search.
Simon, H.A. (1981). The Sciences of the Artificial.
Newell, A. (1990). Unified Theories of Cognition.

There were many arguments pro and con over the early symbol-system approach to 
AI.  Two among many of the protagonists are John Searle and John Haugeland. 
Brian Cantwell Smith offers a more current critique:

Searle, J.R. (1980). Minds, Brains and Programs.
Searle, J.R. (1990). Is the Brain’s Mind a Computer Program?
Haugeland, J. (1985). Artificial Intelligence: the Very Idea.
Haugeland, J. ed. (1997). Mind Design: Philosophy, Psychology, Artificial Intelligence.
Smith, B.C. (2019). The Promise of Artificial Intelligence: Reckoning and Judgment.

Figure 4.11 was adapted from Williams and Nayak (1996). All other figures of this 
chapter were created for my own teaching requirements at the University of New 
Mexico. Several were used earlier in my AI and Cognitive Science books.

Programming Support  For those wishing to build computer programs that reflect 
many of the representations and search algorithms described in this chapter, the 
textbook AI Algorithms, Data Structures, and Idioms in Prolog, Lisp, and Java 
(Luger 2009b), is available on my website (url 4.3). Programs are presented there in 
what is called a shell form, where representations are proposed, and control algo-
rithms are given. It is left to the programmer to produce the knowledge supporting 
the search, e.g., the rules of the Missionaries and Cannibals problem, and to choose 
and deploy a control strategy, e.g., heuristic search. There are also several control 
structures for building planning algorithms, rule-based expert systems, and machine 
learning programs. The programmer adds the domain knowledge appropriate for the 
application and can also refine the search strategies.
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Chapter 5
Association and Connectionist Approaches 
to AI

A cat that once sat on a hot stove will never again sit on a hot 
stove, or on a cold one either…

—MARK TWAIN

Everything is vague to a degree you do not realize till you have 
tried to make it precise…

—BERTRAND RUSSELL

Contents

5.1  �The Behaviorist Tradition and Implementation of Semantic Graphs�   106
5.1.1  �Foundations for Graphical Representations of Meaning�   106
5.1.2  �Semantic Networks�   109
5.1.3  �More Modern Uses of Association-Based Semantic Networks�   112

5.2  �Neural or Connectionist Networks�   114
5.2.1  �Early Research: McCulloch, Pitts, and Hebb�   114
5.2.2  �Backpropagation Networks�   122

5.3  �Neural Networks and Deep Learning�   127
5.3.1  �AlphaGo Zero and Alpha Zero�   129
5.3.2  �Robot Navigation: PRM-RL�   131
5.3.3  �Deep Learning and Video Games�   131
5.3.4  �Deep Learning and Natural Language Processing�   133

5.4  �Epistemic Issues and Association-Based Representations�   135
5.4.1  �Inductive Bias, Transparency, and Generalization�   135
5.4.2  �Neural Networks and Symbol Systems�   137
5.4.3  �Why Have We Not Built a Brain?�   139

5.5  �In Summary�   140

In Chap. 4, we presented symbol-based AI and described many of its successes. We 
also noted several limitations, including the necessary use of the abstractive process 
to create symbolic representations. Abstraction identifies and tokenizes, represent-
ing with specific symbols, similar objects, and properties. Associationist theories of 
meaning, following the empiricist tradition in philosophy, define objects in terms of 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-71873-2_5&domain=pdf
https://doi.org/10.1007/978-3-030-71873-2_5#DOI


106

networks of relations to other objects. When a human perceives an object, it is 
mapped into a concept. This concept is part of the human’s entire knowledge of the 
world and is connected through appropriate relationships with other concepts. The 
resulting network constitutes an understanding of the properties and behaviors of 
objects.  Chapter 5 presents this associationist approach to artificial intelligence 
problem solving.

5.1  �The Behaviorist Tradition and Implementation 
of Semantic Graphs

It was quite natural, historically, that early association-based representation had an 
explicit symbol-system beginning. Semantic and early neural networks both require 
fixed symbolic data for input values. Semantic networks also captured semantic 
associations using explicit symbol-based graph-like links. The reason semantic net-
works are presented in this chapter is because they were designed explicitly to cap-
ture the meaning relationships that enable intelligence. Section 5.1 has three parts. 
The first presents the philosophical and psychological foundations for association-
based networks. In the second, we describe the early use of semantic networks. 
Finally, we present more recent applications of this technology.

5.1.1  �Foundations for Graphical Representations of Meaning

Rationalist representations emerged from the efforts of philosophers and mathema-
ticians to characterize the principles of correct reasoning. An alternative line of 
research comes from the efforts of psychologists, philosophers, neuroscientists, and 
linguists to describe the nature of human memory and understanding. This approach 
is concerned with the ways in which humans actually acquire, associate, and utilize 
knowledge and has proved particularly useful to the AI application areas of natural 
language understanding and pattern-oriented problem-solving.

Association-based network representations have almost as long a history as has 
logic. In the third century BCE, the Greek philosopher Porphyry (1887, translation) 
created tree-based type hierarchies (with their roots at the top!) to describe the rela-
tions that would become components of Aristotle’s categories. Gottlob Frege 
(1879), see Sect. 2.9, developed a tree notation for logic expressions. Perhaps the 
earliest person to have a direct influence on contemporary semantic networks was 
Charles S. Peirce’s system of graphs developed in the nineteenth century (Roberts 
1973). Peirce’s theory had the power of the predicate calculus, with an axiomatic 
basis and formal rules for reasoning.

Graphs have long been used in psychology to represent structures of concepts 
and associations. Selz (1913, 1922) was a pioneer in this work, using graphs to 
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represent concept hierarchies and the inheritance of properties, for example, that all 
women inherit properties of being human and all humans the properties of mam-
mals. He also developed a theory of schematic anticipation that influenced later AI 
work in frames and schemata. In more recent AI research, Anderson and Bower 
(1973), Norman et al. (1975), and others used networks to model human memory 
and performance.

Associationist theories of meaning, following the empiricist tradition in philoso-
phy, define objects in terms of networks of relations to other objects. When a human 
perceives an object, it is mapped into a concept. This concept is part of the human’s 
entire knowledge of the world and is connected through appropriate relationships 
with other concepts. The resulting network constitutes an understanding of the 
properties and behaviors of objects. For example, through experience, we may asso-
ciate the concept of snow with cold, white, snowman, slippery, and ice. The genera-
tion of statements such as “snow is white” and “the snowman is white” emerge from 
this network of meaning associations.

There is psychological evidence that, in addition to their ability to associate con-
cepts, humans also organize their knowledge hierarchically, with information kept 
at appropriate levels within the taxonomy. Collins and Quillian (1969), Fig. 5.1, 
modeled human information storage and management using a semantic network. 
The structure of this hierarchy was derived from the laboratory testing of human 
subjects. The subjects were asked questions about different properties of birds, such 
as, “Is a canary a bird?” or “Can a canary sing?” or “Can a canary fly?”

As obvious as the answers to these questions may seem, reaction time studies 
indicated that it took longer for subjects to answer, “Can a canary fly?” than to 
answer, “Can a canary sing?” Collins and Quillian explain this difference by argu-
ing that people store information at its most generally usable level. Instead of trying 
to recall that canaries fly, robins fly, and swallows fly, the property of flying is stored 
with the concept “Bird.” The test subjects knew that canaries, swallows, and robins 
are all birds and that birds usually can fly. More general properties such as eating, 
breathing, and moving are stored at the “Animal” level. Thus, trying to recall 
whether a canary can breathe should take longer than recalling whether a canary is 
yellow or can fly. Note also that answering a false sentence, e.g., “Does a canary 
have gills?” takes even longer suggesting that the entire hierarchy is searched for an 
answer that is not found.

The fastest human recall was for the traits more specific to the bird, i.e., that it 
can sing or is yellow. Handling exceptions also seemed to be done at the most spe-
cific level. For example, when subjects were asked whether an ostrich could fly, the 
answer was produced faster than when they were asked whether an ostrich could 
breathe. Thus, the hierarchy ostrich → bird → animal seems not to be traversed to 
get the exception information: It is stored directly with ostrich. This type of knowl-
edge organization has been formalized in computer-based representation systems, 
including families of object-oriented languages.

Graphs, introduced in Sect. 4.1, provide a means for explicitly representing rela-
tions using arcs and nodes and provide an ideal vehicle for formalizing association-
based theories of knowledge. A semantic network represents knowledge as a graph, 
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with the nodes corresponding to facts or concepts and the arcs to relations or asso-
ciations between these concepts. Both nodes and links are generally labeled. An 
example semantic network describing the properties of “snow”, “snowman”, and 
“ice” appears in Fig. 5.2. We next describe the evolution and use of the semantic 
network representation.

Fig. 5.1  A semantic network, taken from the Collins and Quillian (1969) research, and a record of 
response times for human information retrieval. In the bottom figure, the X-axis indicates the steps 
searched on the (upper) inheritance tree to make a response; the Y-axis measures the reaction time 
for the response
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5.1.2  �Semantic Networks

A major component of semantic network research was done to support computer-
based human language understanding. Comprehending human language requires 
understanding human intentions, beliefs, hypothetical reasoning, plans, and goals. 
Human language also assumes an understanding of common sense, the ways in 
which physical objects behave, the interactions that occur between humans, the 
ways in which human institutions are organized, and much more. Because of these 
constraints, computer-based human language understanding has been a major driv-
ing force for research in association-based representations.

Fig. 5.2  A semantic network representation for properties related to snow, ice, and snowman
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The first computer implementations of semantic networks were developed in the 
early 1960s for use in machine translation. Masterman (1961) defined a set of 100 
primitive concept types and then used these to create a dictionary of 15,000 con-
cepts. Wilks (1972) continued to build on Masterman’s work in semantic network-
based natural language systems. Shapiro’s (1971) MIND program was the first 
implementation of a propositional calculus-based semantic network. Other early AI 
workers exploring network representations include Ceccato (1961), Raphael (1968), 
Reitman (1965), and Simmons (1966).

An influential program, illustrating many features of early semantic networks, 
was written by Quillian (1967). As seen in Fig. 5.3, Quillian defined English words 
in much the same way that a dictionary does: a word is described in terms of other 
words, and the components of that description are again described in the same fash-
ion. Rather than formally defining words in terms of basic atoms of meaning, each 
description simply leads to other descriptions in an unstructured and sometimes 
circular fashion. In looking up a word, we traverse this relational network until we 
are satisfied that we understand the meaning of that word.

Each node in Quillian’s network corresponds to a word concept, with associative 
links to other word concepts that form its definition. The knowledge base is orga-
nized into planes, where each plane is a graph that defines a single word. Figure 5.3 
illustrates three planes that capture three different definitions of the word “plant”: 
(1) a living organism; (2) a place where people work; and (3) the act of putting a 
seed in the ground to grow.

Quillian’s program uses this knowledge to find relationships between pairs of 
English words. Given two words, it searches the graphs outward from each word in 
a breadth-first fashion, looking for a common concept or intersection node. The 
paths to this node then reflect the relationship between the word concepts. As an 
example, Fig. 5.4 shows the intersection paths between “cry” and “comfort”. Using 
this path, the program concludes that: “cry 2” is, among other things, to make a sad 
sound. To “comfort 3” can be to “make 2” someone less sad. The numbers in the 
response indicate that the program has been selected from among different mean-
ings of these words.

Quillian (1967) suggests that the network approach to semantics might provide a 
natural language understanding system with the ability to:

	1.	 Determine the meaning of a body of English text by building up collections of 
these intersection nodes.

	2.	 Choose between multiple definitions of words by finding the meanings with the 
shortest intersection path to other words in the sentence. For example, in Fig. 5.3, 
the meaning for “plant,” in “Tom went home to water his new plant” is based on 
the intersection of the word concepts “water” and “plant.”

	3.	 Answer a flexible range of user queries based on the associations found between 
words of a query and the word concepts within the system.

After Quillian, researchers including Robert Simmons (1966), Charles Fillmore 
(1968, 1985), and Roger Schank and Larry Tesler (1969) addressed the need to 
establish a more precise set of semantic links to better capture human language use. 
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Simmons focused on the case structure of English verbs. In this verb-oriented 
approach, based on work by Fillmore, network links define the roles played by 
nouns and noun phrases in the action of the verb. Case relationships include agent, 
object, instrument, location, and time. A sentence is represented as a verb node with 
case links to nodes representing the participants in the action. This structure is 
called a case frame. In parsing a sentence, the program finds the verb and retrieves 
from its knowledge base the case frame for that verb. It then binds the values for 
agent, object, etc. to the appropriate nodes of this case frame.

Perhaps the most ambitious attempt to capture the deep semantic structure of 
language is Schank and Tesler’s (1969) conceptual dependency theory. This theory 
offers a set of four primitives from which the world of meaning is built: actions, 
objects, modifiers of actions, and modifiers of objects. All possible action words are 
assumed to reduce to one of Schanks’ primitive actions.

In succeeding decades, the semantic network approach became even more struc-
tured. For example, Frame systems were created at MIT by Marvin Minsky (1975). 
Roger Schank and his colleagues developed scripts (Schank and Abelson 1977), a 

Fig. 5.3  Three “planes” representing the different definitions of “plant” (Quillian 1967)
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network of associations that described well-understood events, such as a child’s 
birthday party or going to a restaurant and ordering food. Schank’s research group 
also created memory organization packets (Schank 1980) and case-based reasoning 
(Kolodner 1993), each a  product of the semantic network approach to 
representation.

In 2003, Alan Kay was given the ACM Turing Award for his pioneering work in 
object-oriented design and programming languages. The product of Kay’s research 
was a computer language, SmallTalk, that implemented many aspects of semantic 
network representations (Goldberg and Kay 1976), a precursor of many modern 
computer interface designs. For more detail and examples of semantic networks, 
scripts, and frames see Luger (2009b, Sect. 7.1).

5.1.3  �More Modern Uses of Association-Based 
Semantic Networks

Semantic networks have matured in several directions from their early uses, for 
example, with John Sowa’s (1984) theory of conceptual graphs. Sowa systematized 
the semantic network by describing two components of different types: concepts 
and relations between concepts. These two entities can only be connected to each 
other (this is called a bipartite relation) in the conceptual graph, see Fig. 5.5.

Fig. 5.4  An example of an intersection path between the concepts of “cry” and “comfort” 
(Quillian 1967)
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As seen in Fig.  5.5, concepts can also have hierarchical relationships, where 
Mary and John are instances of person. Sowa’s conceptual graph representation has 
been used quite successfully to represent human language expressions. Sowa 
(1984), as Shapiro (1971) before him, also demonstrated how the semantic net-
work representation can be designed to be equivalent to the predicate calculus.

Two other outgrowths of the early semantic networks research are the WordNet 
and FrameNet representations. WordNet was created at Princeton University by 
George Miller and colleagues (Miller et  al. 1990). It is a database of English-
language words collected into sets of synonyms, called synsets, along with short 
definitions and examples of how that word is used. WordNet can be seen as both a 
dictionary and a thesaurus. The synsets are connected to other synsets by their 
semantic relationships. WordNet, public domain software, is used in situations 
including language-based information systems, word-sense clarification, informa-
tion retrieval, text classification and summarization, and language translation.

Charles Fillmore (1985), the creator of frame semantics, and colleagues at the 
International Science Institute (ISI), at the University of California, Berkeley, built the 
FrameNet repository (Goddard 2011). A semantic frame is a conceptual structure 
describing events and relationships, including required participants. The FrameNet 
database contains over 1200 semantic frames, 13,000-word units, and more than 
200,000 sentences. FrameNet is used in both linguistics analysis and language process-
ing for tasks including question answering, paraphrasing, and information retrieval.

As an example of how WordNet and FrameNet might be used, consider an airline 
company developing an on-line customer advisor for purchasing travel tickets. 
When interacting with the customer, the advisor might hear any number of state-
ments including: “I’ve got to get to Seattle,” “John needs to fly to Seattle,” “Can I 
travel to Seattle? I need a ticket,” or “Do you fly to Seattle?” All these queries trig-
ger a frame, having a template pattern: “customer” … travel to … “airport.”

The particular passenger’s name will then be bound to customer, airport will be 
bound to SEATAC, and the computer service advisor will continue using the frame 
semantics of … travel to … to query the customer for the time and date of flying, 
and, of course, the credit card information to pay for the trip. In this example, the 
template “customer” … travel to … “airport” would be from a collection of 
FrameNet-like templates created by the airline. The different word sets, “got to get 
to,” “need a ticket to,” “fly to,” etc., can be seen as WordNet synsets for the concept 
of “travel to”.

Fig. 5.5  Adapted from Sowa (1984). A conceptual graph for “Mary gave John the book”
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We next describe a different approach to association-based representations, neu-
ral or connectionist networks, and their use in deep learning.

5.2  �Neural or Connectionist Networks

Section 5.2 has three parts. First, we describe early research in the area called “neu-
ron nets” by the 1956 Dartmouth Workshop, including the work at MIT of 
McCulloch, Pitts, and Hebb. In the second section, we introduce backpropagation, 
the algorithmic advance that led to the widespread use of multi-layered neural net-
works. Finally, we describe more current uses, including deep learning.

5.2.1  �Early Research: McCulloch, Pitts, and Hebb

Neural network architectures are often thought to be a recent development, but they 
have their origins in 1940s work in computing, psychology, and neuroscience. In the 
1940s, both cellular automata and neurally inspired approaches to computation fas-
cinated John von Neumann. Work in neural learning, especially that of Warren 
McCulloch and Walter Pitts (1943) and Donald Hebb (1949), influenced psycho-
logical theories of animal behavior as noted in Sect. 3.2. Finally, the 1956 Dartmouth 
AI workshop cited neuron nets as an important research task.

Neural Networks, often characterized as neurally-inspired computation, or par-
allel distributed processing (PDP), like semantic networks, de-emphasize the 
explicit use of symbols and logic-based reasoning. Neural network approaches are 
designed to capture relations and associations in an application domain and inter-
pret new situations in the context of previously learned relational patterns.

The neural net philosophy conjectures that intelligence arises in systems of sim-
ple interacting components, the biological or artificial neurons. This happens 
through a process of learning or adaptation by which the connections between com-
ponents are adjusted as patterns in the world are processed. Computation in these 
systems is distributed across collections, or layers, of neurons. Problem-solving is 
parallel in the sense that all the neurons within the collection or layer process their 
inputs simultaneously and independently. These systems also tend to degrade grace-
fully because information and processing are distributed across nodes and layers 
and not localized to any single component of the network.

In connectionist models, however, there is a strong representational bias both in 
the creation of input parameters and in the interpretation of output values. To build 
a neural network, the designer must create a scheme for encoding patterns in the 
world as numerical or neural-based analog measures to be interpreted by the net-
work. The choice of an encoding scheme plays a crucial role in the eventual success 
or failure of learning in the network. Patterns from a domain are encoded as numeri-
cal vectors. The connections between components are also represented by numerical 
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values. Finally, the transformation of patterns is the result of numerical operations, 
usually, matrix multiplications and nonlinear mappings. These choices, necessary in 
the design and building of connectionist architectures, constitute the inductive bias 
of the system.

The algorithms and architectures that implement connectionist techniques are 
usually trained or conditioned rather than explicitly programmed. This fact is a 
major strength of the approach, as an appropriately designed network architecture 
and learning algorithm can often capture invariances in the world, even in the form 
of strange attractors, without being explicitly programmed to recognize them.

The tasks for which the neural/connectionist approach is well-suited include:

classification, deciding categories or groups to which input values belong;
pattern recognition, identifying structure or patterns in data;
memory recall, including the problem of content addressable memory;
prediction, such as identifying a disease from symptoms, causes from effects;
optimization, finding the “best” organization of constraints;
control, deciding between alternative choices in complex situations, and
noise filtering or separating signal from the background as the network factors out the 
irrelevant components of a complex signal.

The basis of a network is the artificial neuron, introduced in Sect. 3.6, and shown 
in Fig. 5.6:

The minimal components of the artificial neuron are: 

	1.	 Input signals Xi. These signals may come from the environment or the activation 
of other neurons. Different models vary in the allowable range of the input val-
ues; typically, inputs are discrete, from the sets {0, 1} or {−1, 1}.

	2.	 A set of real-valued weights, wi. These values describe connection strengths.
	3.	 An activation level, Σwixi. The neuron’s activation level is determined by the 

cumulative strength of its input signals where each input signal is scaled (multi-
plied) by the connection weight associated with that input. The activation level is 
computed by taking the sum of the weighted inputs, that is, Σwixi. The Greek 
sigma, Σ, indicates that these values are added.

Fig. 5.6  An artificial neuron with input vector xi, weights wi for each input, and a threshold func-
tion f that determines the neurons’ output value
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	4.	 A threshold or a bounded non-linear mapping function, f. The threshold function 
computes the neuron’s output by seeing if it is above an activation level. The 
nonlinear mapping function produces either an on/off or a graded response for 
that neuron. See Fig. 5.9 for three different threshold functions.

The architecture of the neural network is described by properties including:

	1.	 The network topology. The topology of the network is the pattern of connections 
between the individual neurons. This topology is a primary source of the net’s 
inductive bias.

	2.	 The learning algorithm used. A number of algorithms for learning are discussed 
in this section.

	3.	 The encoding scheme. This encoding includes the interpretation placed on the 
data to the network, the input vector, and the results of its processing.

An early example of neural computing is the McCulloch and Pitts (1943) neu-
rons. The inputs to the McCulloch−Pitts neuron are either true, +1, or false, −1. The 
activation function multiplies each input by its corresponding weight and adds the 
results; if this sum is greater than or equal to zero, the neuron returns 1, true, other-
wise, −1, false. McCulloch and Pitts showed how these neurons could be con-
structed to compute any logical function.

Figure 5.7 shows McCulloch-Pitts neurons for computing the logical functions 
and (∧) and or (˅). The and neuron, on the left, has three inputs: x and y are the 
values to be conjoined; the third input, sometimes called a bias, has a constant value 
of +1. The input data and bias have weights of +1, +1, and −2, respectively. Thus, 
for any input values of x and y, the neuron computes x + y −2. Table 5.1 shows that 
if this value is less than 0, it returns −1, false, otherwise a 1, true. The or neuron, b 
on the right of Fig. 5.7, illustrates the neuron computing x v y. The weighted sum of 
input data for the v neuron is greater than or equal to 0 unless both x and y equal −1 
(are false).

Although McCulloch and Pitts demonstrated the power of neural computation, 
interest in neural network research only began to flourish with the development of 
practical learning algorithms. Early learning models drew heavily on the work of 
the psychologist Donald Hebb (1949), who speculated that learning occurred in 
brains through the modification of synapses. Hebb stated:

Fig. 5.7  McCulloch-Pitts neurons for functions and, on the left, and or, on the right
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When an axon of cell A is near enough to excite a cell B and repeatedly or persistently takes 
place in firing it, some growth process or metabolic change takes place in one or both cells 
such that A’s efficiency, as one of the cells firing B, is increased.

Neural physiological research has confirmed Hebb’s idea that temporal proxim-
ity of the firing of connected neurons can modify their synaptic strength, albeit in a 
more complex fashion than Hebb’s intuition of “increase in efficiency.” We next 
demonstrate Hebbian learning, which belongs to the coincidence class of learning 
laws. This learning produces weight changes in response to localized events in neu-
ral processing. We describe the learning laws of this category by their local time and 
space properties.

Fig. 5.9  An analysis of thresholding functions that produce realistic and useful error/success 
measurers

Fig. 5.8  An example of a Hebbian network, with no extra-network supervision, that learns a 
response for an unconditioned stimulus. ∆W adjusts the weights at each iteration of the data 
through the network
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Hebbian learning has been used in a number of network architectures. The effect 
of strengthening the connection between two neurons, when one contributes to the 
firing of another, may be simulated mathematically by adjusting the weight on their 
connection by multiplying a constant by the sign of the product of their output val-
ues. For example, suppose neurons i and j are connected so that the output of i is an 
input of j. We can define the weight adjustment, indicated by the Greek delta, ∆, on 
the connection between them, ∆W, as the sign of c * (Oi * Oj), where c is a constant 
controlling the rate of learning.

In Table 5.2, Oi is the sign of the output value of neuron i, and Oj the sign of 
output j. From the first line of the table, when both Oi and Oj are positive, the weight 
change, ∆W, is positive when the learning rate c is positive. The result strengthens 
the connection between i and j when neuron i contributes to neuron j’s activation.

In the second and third rows of Table 5.2, i and j have opposite signs. Since their 
signs differ, Hebb’s model inhibits i’s contribution to j’s output value, when the 
learning rate c is positive. Therefore, the weight of the connection is adjusted by a 
negative amount. Finally, in the fourth row, i and j again have the same sign, −, so 
the strength of their connection is increased when the learning rate is positive. This 
weight adjustment mechanism, sometimes called rewarding temporal behavior, has 
the effect of reinforcing the path between neurons when they have similar signals 
and inhibiting them otherwise.

Neural network learning may be unsupervised, supervised, or some hybrid com-
bination of the two. The examples seen so far in Sect. 5.2 are unsupervised, as the 
network and its weights transformed input signals to the desired output values. We 
next consider an example of unsupervised Hebbian learning where each output has 
a weight adjustment factor. Then, in Sect. 5.2.2, we present an example of super-
vised learning that uses the backpropagation algorithm.

In unsupervised learning, a critic is not available to provide the “correct” output 
value. As a result, the weights must be modified across multiple iterations, solely as 
a function of the input and output values of the neuron. The training of the Hebbian 
network of Fig.  5.8 has the effect of strengthening the network’s responses to 

Table 5.2  The signs (±) of 
inputs and the product of 
signs of node output values 

Oi Oj Oi*Oj

+ + +

+ − −
− + −
− − +

Table 5.1  The McCulloch-Pitts model for computing the logical and of Fig. 5.7a

x y x + y − 2 Output

1 1 0 1
1 0 −1 −1
0 1 −1 −1
0 0 −2 −1

5  Association and Connectionist Approaches to AI



119

patterns that it has already seen and interpreting new patterns properly. Figure 5.8 
demonstrates how Hebbian techniques can be used to model conditioned response 
learning, where an arbitrarily selected stimulus can be used to condition a desired 
response.

Pavlov’s classic 1890s experiment offers an example of a conditioned response. 
A dog is brought food at the same time that a bell is rung. The dog salivates in 
expectation of his meal. The unconditioned response of the salivating animal is the 
presence of food. After a number of instances where the arrival of food is accompa-
nied by the ringing bell, the bell is rung without any food. The dog salivates. The 
ringing bell produces the conditioned response in the dog!

The network shown in Fig. 5.8 demonstrates how a Hebbian network can transfer 
a response from a primary or unconditioned stimulus to a conditioned stimulus. In 
Pavlov’s experiments, the dog’s salivation response to food is transferred to the bell. 
The weight adjustment, ∆W, at each iteration of the network is described by the 
equation: 

	
W c f X W X� � � � �, .

	

In this equation, c is the learning constant, a small positive decimal, whose use 
modulates the extent of the learning at each step, as described later in Fig. 5.9. f(X, 
W) is the network’s output at each iteration, and X is the input vector at that iteration.

The network of Fig. 5.8 has two layers, an input layer with six nodes and an 
output layer with one node. The output layer returns either +1, signifying that the 
output neuron has fired, or a −1, that it has not fired. The feedback (Supervise) 
monitoring the network, ∆W, takes each output of the network and multiplies it by 
the input vector and the learning constant to produce the set of weights for the input 
vector at the next iteration of the network.

We set the learning constant to the small positive real number, 0.2. In this exam-
ple, we train the network on the pattern [1, −1, 1, −1, 1–1] which joins the two 
patterns, [1, −1, 1] and [−1, 1, −1]. The pattern [1, −1, 1] represents the uncondi-
tioned stimulus and [−1, 1, −1] represents the new stimulus.

Assume that the network already responds positively to the unconditioned stimu-
lus but is neutral with respect to the new stimulus. We simulate the positive response 
of the network to the unconditioned stimulus with the weight vector [1, −1, 1], 
exactly matching the input pattern, while the neutral response of the network to the 
new stimulus is simulated by the weight vector [0, 0, 0]. Joining these two weight 
vectors gives the initial weight vector for the network, [1, −1, 1, 0, 0, 0].

The network is next trained on the input pattern hoping to induce a configuration 
of weights that will produce a positive network response to the new stimulus. The 
first iteration of the network produces the result: 

	

W X� � �� � � � � �� � � �� � � � �� � � �� �
� � �� � � � � � � � � � � �
1 1 1 1 1 1 0 1 0 1
0 1 1 1 1 3,aand

	

	
f sign3 3 1� � � � � � .
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Now the Hebbian network creates the new weight vector W2: 

	
W 2 1 110 0 0 0 2 1 1 11 11 1� �� � � � � � � � � �� �, , , , , . , , , , ,

	

	
� �� � � � � �� �1 110 0 0 0 2 0 2 0 2 0 2 0 2 0 2, , , , , . , . , . , . , . , .

	

	
� � � �� �1 2 1 2 1 2 0 2 0 2 0 2. , . , . , . , . , . .

	

Next, the adjusted network sees the original input pattern with the new weights: 

	

W X� � �� � � � � �� � � �� � � � � �� � � �� �
� � � �� � �

1 2 1 1 2 1 1 2 1 0 2 1 0 2 1
0 2 1
. . . . .
. 11 2 1 2 1 2 0 2 0 2 0 2. . . . . .� � � � � � � � � �� � � � � � � �

	

	 = 4 2. ,and 	

	
sign 4 2 1.� � � .

	

Now the Hebbian network creates the new weight vector W3: 

	
W 3 1 2 1 2 1 2 0 2 0 2 0 2 0 2 1 1 11 11 1� � � �� � � � � � � � � �� �. , . , . , . , . , . . , , , ,

	

	
� � � �� � � � � �� �1 2 1 2 1 2 0 2 0 2 0 2 0 2 0 2 0 2 0 2 0 2 0 2. , . , . , . , . , . . , . , . , . , . , .

	

	
� � � �� �1 4 1 4 1 4 0 4 0 4 0 4. , . , . , . , . , . .

	

It can now be seen that the weight vector product, W * X, will continue to grow 
in the positive direction, with the value of each element of the weight vector increas-
ing by 0.2 in the + or – direction, at each training cycle. After ten more iterations of 
Hebbian training the weight vector will be: 

	
W 13 3 4 3 4 3 4 2 4 2 4 2 4� � � �� �. , . , . , . , . , . .

	

We now use this trained weight vector to test the network’s response to the two 
partial patterns. We would like to see if the network continues to respond to the 
unconditioned stimulus positively and, more importantly, if the network has now 
acquired a positive response to the new conditioned stimulus. We test the network 
first on the unconditioned stimulus [1, −1, 1]. We fill out the last three arguments of 
the input vector with random 1, and −1 assignments; for example, we test the net-
work on the vector [1, −1, 1, 1, 1, −1]: 

	

sign W X sign�� � � �� � � � � �� � � �� � � � �� ��
� �� � �

3 4 1 3 4 1 3 4 1 2 4 1
2 4 1

. . . .
. �� � �� ��2 4 1.

	

	
� � � � � �� � � � � � �sign sign3 4 3 4 3 4 2 4 2 4 2 4 12 6 1. . . . . . . .
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The network still responds positively to the original unconditioned stimulus. We 
next do a second test using the original unconditioned stimulus and a different ran-
dom vector in the last three positions [1, −1, 1, 1, −1, −1]: 

	
sign W X�� � 	

	
� �� � � � � �� � � �� � � � �� � � � �� � � � � �� �sign 3 4 1 3 4 1 3 4 1 2 4 1 2 4 1 2 4 1. . . . . .�� �

	

	
� � � � � �� � � � � � �sign sign3 4 3 4 3 4 2 4 2 4 2 4 7 8 1. . . . . . . .

	

The second vector also produces a positive network response. With these two 
examples, the network’s sensitivity to the original stimulus has been strengthened 
due to repeated exposure to that stimulus.

We next test the network’s response to the new stimulus pattern, [−1, 1, −1], 
encoded in the last three positions of the input vector. We fill the first three vector 
positions with random assignments from the set {1, −1} and test the network on the 
vector [1, 1, 1, −1, 1, −1]: 

	

sign W X sign�� � � �� � � � � �� � � �� � � � �� ��
� �� � �

3 4 1 3 4 1 3 4 1 2 4 1
2 4 1

. . . .
. �� � �� ��2 4 1.

	

	
� � � � � �� �sign 3 4 3 4 3 4 2 4 2 4 2 4. . . . . .

	

	
� � � � �sign 10 6 1. .

	

The pattern of the secondary stimulus is also recognized!
We do one final experiment, with the vector patterns slightly degraded. This 

could represent the stimulus situation where the input signals are altered, perhaps 
because a new food and/or a different sounding bell is used. We test the network on 
the input vector [1, −1, −1, 1, 1, −1], where the first three parameters are one digit 
off the original unconditioned stimulus and the last three parameters are one digit 
off the conditioned stimulus: 

	

sign W X sign�� � � �� � � � � �� � � �� � � � �� ��
� �� � �

3 4 1 3 4 1 3 4 1 2 4 1
2 4 1

. . . .
. �� � �� ��2 4 1. .

	

	
� � � � � �� � � � � � �sign sign3 4 3 4 3 4 2 4 2 4 2 4 5 8 1. . . . . . . .

	

Even this partially degraded stimulus is recognized!
What has the Hebbian learning model produced? We created an association 

between a new stimulus and an old response by repeatedly presenting the old and 
new stimuli together. The network learns to transfer its response to the new stimulus 
without any external supervision. This strengthened sensitivity also allows the 
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network to respond in the same way to a slightly degraded version of the stimulus. 
This was accomplished by using Hebbian coincidence learning to increase the 
strength of the network’s response to the total pattern. This had the effect of increas-
ing the strength to an individual component of the pattern: an example of self-orga-
nization emerging from the use of Hebb’s rule.

5.2.2  �Backpropagation Networks

Early neural networks, inspired by the research of Hebb and others, were intended 
to characterize aspects of human cortical activity. McCulloch and Pitts (1943) 
extended these arguments to show that networks of neurons could compute any 
Boolean function and suggested further that their networks were equivalent to 
Turing’s machine.

In 1958, the neurobiologist Frank Rosenblatt (1958) continued in this tradition of 
neural emulation with his creation of the perceptron, a family on networks designed 
for more general problems in pattern recognition. Rosenblatt’s 1958 paper was 
titled The Perceptron: A Probabilistic Model for Information Storage and 
Organization in the Brain. Encouraged by early successes, perceptrons were touted 
to soon be able to see images, beat humans at chess, and produce new copies of 
themselves (Olazaran 1996).

A decade later, Minsky and Papert’s book Perceptrons (1969) described limita-
tions within these early families of neural networks. For example, Perceptrons 
showed constraints on what a single layer perceptron network could compute. One 
problem that could not be solved by the current single-layer networks was the exclu-
sive-or, considered later in this section. Olazaran (1996), a historian of the “percep-
tron controversy,” has suggested that the limitations implied in the Perceptrons book 
helped produce a shift in research funding toward the newer and then very promis-
ing work in symbol-based AI, presented in Chap. 4.

After the perceptron controversy, research work did continue in the neural net-
work tradition, with new architectures developed by engineers, physicists, and oth-
ers (Grossberg 1982; Hecht-Nielsen 1990; Hopfield 1984; Luger 2009b, Chap. 11). 
In the mid-1980s, new research within the AI tradition produced Boltzmann 
machines (Hinton and Sejnowski 1983) and backpropagation networks (Rumelhart 
et  al. 1986a). These architectures addressed the limitations suggested by the 
Perceptrons book and returned research in neural networks to be a critical force in 
the then current AI world view.

We next describe supervised learning in a backpropagation network. The neu-
rons in the networks of the 1980s, seen previously in the multilayer perceptron of 
Fig. 3.2, are connected in layers, with units within layer n passing their activations 
only to neurons in layer n + 1. Multilayer signal processing means that errors deep 
in the network can spread and evolve in complex, unanticipated ways throughout 
the connected layers. Thus, the analysis of the source of final output error back into 
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the network is complex. Backpropagation is an algorithm for apportioning this 
blame and adjusting the network’s weights accordingly.

The approach taken by the backpropagation algorithm is to start at the output 
layer and propagate output error backward through the hidden layers. For output 
nodes, this is easily computed as the difference between the desired and the actual 
output values. For nodes in the hidden layers, it is considerably more difficult to 
determine the portion of the error for which each node is responsible.

In all our previous examples, the learning measure for each neuron has been 
discrete and limited to either a 1 or −1; it has not been a continuous function where 
there can be a more useful measure of error or success. Figure 5.9 shows several 
thresholding functions that produce useful measures of error. The linear bipolar 
threshold function, Fig. 5.9a, is similar to that used by the perceptron. Two continu-
ous sigmoidal functions are shown in Fig. 5.9b, and c. These functions are called 
sigmoidal because their graph is an “S” shaped curve.

A common sigmoidal activation function, Fig. 5.9c, called the logistic function, 
is given by the equation: 

	
f xwnet e .net

i i� � � �� � �� �1 1/ ,� wherenet �
	

As in previously defined functions, xi is the input online i, wi, wi is the weight 
online i, and λ, a “squashing parameter” used to fine-tune the sigmoidal curve. As λ 
gets large, the sigmoid approaches a linear threshold function over {0,1}; as it gets 
closer to 1, it approaches a straight line.

These sigmoidal activation functions plot the input values, on the x-axis, to pro-
duce the scaled activation level or output of the neuron as  f(x). The sigmoidal acti-
vation function is continuous and thus differentiable, which allows a more precise 
measure of error. Similar to the hard limiting threshold function, the sigmoidal acti-
vation function maps most values into regions close to their limiting values, in the 
sigmoidal case, 0 or 1. However, there is a region of rapid but continuous transition 
between 0 and 1. In a sense, it approximates a thresholding behavior while provid-
ing a continuous output function. The use of λ in the exponent adjusts the slope of 
the sigmoid shape in the transition region. A weighted bias shifts the function along 
the x-axis.

The historical emergence of networks with continuous activation functions sug-
gested new approaches to error reduction learning. The Widrow and Hoff (1960) 
learning rule is independent of the activation function, minimizing the squared error 
between the desired output value and the network activation, neti = WXi. Perhaps 
the most important learning rule for continuous activation functions is the delta rule 
(Rumelhart et al. 1986a) and its extension to the backpropagation algorithm.

Intuitively, backpropagation is based on the idea of an error surface, as illustrated 
in Fig. 5.10. This error surface represents cumulative error over a data set as a func-
tion of network weights. Each network weight configuration is represented by a 
point on the surface as seen in Fig. 5.10 for a two-dimensional space. In realistic 
situations, the error search will be on much higher dimensioned space, where the 
dimension of the error surface is the number of weights on a particular layer plus the 
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error measure. On this n-dimensional error surface, given the set of weights, the 
learning algorithm must find the direction on this surface that most rapidly reduces 
the error for each dimension. This is called gradient descent learning because the 
gradient is a measure of slope, as a function of a direction (a partial derivitive), for 
a point on the surface.

The logistic function, described above, is used for three reasons: First, the sig-
moid’s continuous shape has a derivative, or measurable change in the curve, at 
every point on the curve. This is necessary for error estimation and attribution. 
Second, since the value of the derivative is greatest where the sigmoidal function is 
changing most rapidly, the assignment of the most error is attributed to those nodes 
whose activation was least certain. Finally, the derivative of the logistic function, f ′, 
is easily computed by a subtraction and multiplication: 

	
�� � � �� �� � � � � � � � �� �� �� �f f fnet e net net .net1 1 1/ � �

	

A complete derivation of the delta rule with further examples of backpropagation 
training may be found in Luger (2009b, Sect. 11.2.3).

We next demonstrate the backpropagation algorithm solving one of the classic 
problems in neural net lore. As previously noted, in the mid-1960s when perceptron 
learning was the generally accepted neural network paradigm, Minsky and Papert 
wrote Perceptrons (1969). Among the limitations claimed in this book was that the 
perceptron algorithm could not solve the exclusive-or problem.

The exclusive-or (XOR) function in logic produces true when either of its two 
input values is true and false when both input values are either true or false. It was 
not until the creation of the Boltzmann machine (Hinton and Sejnowski 1983), the 
generalized delta rule, and the backpropagation algorithm that the exclusive-or 
problem was solved.

Figure 5.11 shows a network with two input nodes, one hidden node, and one 
output node. The network also has two bias nodes, the first connected to the hidden 
node and the second to the output node. The net values for the hidden and output 

Fig. 5.10  An error surface 
in two dimensions. The 
dimension of a problem’s 
error space is the number 
of weights involved plus 
the error measure. The 
learning constant c controls 
the step size taken on the 
error surface before the 
next iteration of network 
learning. The goal is to 
find the value of W1 where 
E is at a minimum
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nodes are calculated in the usual manner, as the vector product of the input values 
times their trained weights. The bias is added to this sum. The weights and the 
biases are trained using the backpropagation algorithm with the sigmoidal activa-
tion function. Note that the input nodes are also directly linked, with trained weights, 
to the output node. This additional linking can often let the network designer get a 
network with fewer nodes in the hidden layer and quicker convergence. There is 
nothing unique about the network of Fig. 5.11; any number of different networks 
could be used to compute a solution to the XOR problem.

This randomly initialized network was trained with multiple instances of the four 
patterns that represent the truth-values of the exclusive-or function. We use the sym-
bol “→” to indicate that the value of the function is 0 or 1. These four values, as just 
described, are: 

	
00 0 10 1 01 1 11 0, , , , .� � � � � � � � � � � �; ; ;

	

A total of 1400 training cycles, using these four instances produced the following 
values, rounded to the nearest tenth, for the weight parameters of Fig. 5.11: 

	 W W W W W WH H O OH H OB ;1 2 1 27 0 2 6 5 0 11 0 7 0 7 0� � � � � � � � � �. ; . ; . ; . ; . ; . 	

	 WO .2 4 0� � . 	

With input values (0, 0), the output of the hidden node is: 

	
f 0 7 0 0 7 0 1 2 6 2 6 1� �� � � � �� � � �� � � � � �. . . .f .

	

The output of the output node for (0, 0) is:  

	
f f0 5 0 0 4 0 1 11 0 1 7 0 4 0 0� �� � � � �� � � � �� � � � � �� � � �� � �. . . . . .

	

With input values (1, 0), the output of the hidden node is: 

Fig. 5.11  One backpropagation neural network that solves the exclusive-or problem. The Wij are 
the weights, and I the input nodes, H the hidden node, and O the output node
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f f1 7 0 0 7 0 1 2 6 4 4 0� �� � � � �� � � �� � � �� � �. . . . .

	

The output of the output node for (1, 0) is: 

	
f f1 5 0 0 4 0 0 11 0 1 7 0 2 0 1� �� � � � �� � � � �� � � � � �� � � � � �. . . . . .

	

The input value of (0, 1) is similar. Finally, we check the network with input 
values of (1, 1). The output of the hidden node is:

	
f f1 7 0 1 7 0 1 2 6 11 4 0� �� � � � �� � � �� � � �� � �. . . . .

	

The output of the output node for (1, 1) is: 

	
f f1 5 0 1 4 0 0 11 0 1 7 0 2 0 0� �� � � � �� � � � �� � � � � �� � � �� � �. . . . . .

	

The result demonstrates that the feedforward network of Fig. 5.11, using back-
propagation learning, made a nonlinear separation of exclusive-or data points. The 
threshold function f is sigmoidal of Fig. 5.9c, the learned biases have translated it 
very slightly along the positive direction of the x-axis.

In concluding this example, it is important to understand what the backpropaga-
tion algorithm produced. The search space for the exclusive-or network has eight 
dimensions, represented by the seven weights of Fig. 5.11 plus the error of the out-
put. Each of the seven weights was initialized with random values. When the initial 
output was produced and its error determined, backpropagation adjusted each of the 
seven weights to decrease this error. The seven weights are adjusted again with each 
iteration of the algorithm, moving toward values that minimize the error for com-
puting the exclusive-or function. After 1400 iterations, the search found values for 
each of the seven weights that let the error approach zero.

Finally, an observation. The exclusive-or network was trained to satisfy four 
exact patterns, the results of applying the exclusive-or function to true/false pairs. In 
modern deep learning situations training to solve exact situations is rarely the case. 
Take, for example, a program that scans X-ray images to detect disease situations. 
Another example is a network that scans metal welds looking for bad metal binding. 
Such systems are called classifiers, and they examine new, previously unseen, situ-
ations to determine if there are potential problems.

Classifiers are usually trained on labeled data. For example, a radiologist might 
have thousands of X-rays that capture tumors and others that are tumor-free. 
Likewise, the welder may have thousands of examples of acceptable and unaccept-
able welds. Once these networks are trained, however, they will be consider-
ing totally new situations, examples they have never considered before. The classifier 
must decide each new situation and label it as either good or not. This is the situa-
tion for deep learning classifiers, which we consider next.
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5.3  �Neural Networks and Deep Learning

In Sect. 5.2, we presented many of the early and classic projects in building neural 
networks. These projects included the development of McCulloch-Pitts neurons, a 
Hebbian learning network, a multilayer perceptron network, and a backpropagation 
weight adjustment algorithm that solved the exclusive-or problem.

With the successes of the backpropagation algorithm and the availability and 
affordability of vastly increased computing resources, the challenge turned to build-
ing networks with both more and larger hidden layers. Rina Dechter (1986) first 
named this project deep learning. The approach is also called hierarchical learning 
or deep structural learning.

When using multiple layer neural networks, the intuition is that each layer of the 
network converges to “generalizations” or “concepts” from previous layers that are 
then analyzed and refined by the next processing layer. Thus, nodes at deeper layers 
in the network can be seen to correspond to levels of abstractions and compositions 
of earlier layers that refine the original input into useful results. Although it is not 
always clear what these “concepts” might be, they often lead to successful solu-
tions. We have more discussion on this “black-box” aspect of neural networks in 
Sect. 5.4.

As deep neural networks became more ubiquitous, it was proven that, given 
enough nodes in a layer and a sufficient number of hidden layers with appropriate 
connectivity, these networks were Turing machine equivalent (Kolmogorov 1957; 
Hecht-Nielsen 1989; Siegelman and Sontag 1991). This equivalence means that 
appropriately designed networks can approximate arbitrarily mappings between 
any set of inputs and outputs. Networks can model any complex non-linear func-
tion, that is, any polynomial function.

But in practice, discovering appropriate networks for solving tasks has often 
proven to be quite difficult. Finding the optimum set of network nodes and layers, 
as well as determining hyper-parameters such as activation functions and learning 
rates appropriate  for a complex task, seemed to limit the utility of deep network 
problem-solving. Three researchers working independently but often together 
developed conceptual foundations, obtained surprising results through experiments, 
and made important engineering advances that led to breakthrough insights support-
ing the development of deep learning networks.

In 2018, Yoshua Bengio, Geoffrey Hinton, and Yann LaCun were given the 
Association for Computing Machinery’s Turing Award for their conceptual and 
engineering breakthroughs that made deep learning a critical component of modern 
computing. In the 1990s, LeCun and Bengio (1995) created probabilistic models of 
sequences, combining neural networks with probabilistic techniques such as hidden 
Markov models (Sect. 8.2). This technology was later used for machine reading 
of handwritten checks. Later Benjio et al. (2003) introduced high-dimensional word 
embeddings that represented word meanings (Sect. 5.3.4). Since 2010, Bengio’s 
research included generative adversarial networks or GANs (Goodfellow et  al. 
2014) that supported quantitative improvements in computer vision technology.
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In 1983, Geoffrey Hinton and his colleague Terrance Sejnowski (1983) proposed 
the Boltzmann machine, an algorithm for distributing errors back across the hidden 
nodes of the multi-layer perceptron. The Boltzmann machine was also the precursor 
of the backpropagation algorithm seen in the previous section. Hinton (Rumelhart 
et al. 1986a), along with his colleagues David Rumelhart and Ronald Williams, also 
created the backpropagation algorithm. In 2017, Hinton and his colleagues 
(Krizhevsky et al. 2017) offered improvements to convolution-based networks that 
supported the analysis of objects in a visual field.

In the 1980s, Yann LeCun (1989) showed how to make deep learning more effi-
cient by adopting technologies such as convolution layers in networks. His research 
also helped improve the efficiency of the backpropagation algorithm. LaCun showed 
how different network modules could be used efficiently in problem-solving. He 
and his colleagues also demonstrated how hierarchical features could be learned by 
networks as well as how the information in symbol structures such as graphs could 
be integrated into networks.

The research of Bengio, Hinton, and LaCun produced many of the engineering 
breakthroughs that made modern deep learning models successful. We next describe 
the importance of convolution components in networks. As just noted, Geoffrey 
Hinton and his colleagues (Bishop 2006; Hinton, et  al. 2006; Krizhevsky et  al. 
2017) applied convolutional networks to image-processing tasks. The network they 
created, AlexNet, won the ImageNet Large Scale Visual Recognition Challenge in 
2012 with a score more than 10% better than any competitor.

A network layer is called convolutional when  it is based on the mathematical 
notion of an operation of two functions that produces a third function which 
expresses how the shape of one is modified by the other. Convolution refers both to 
the resulting function and to the process of computing it. Convolution produces fil-
ters that can identify edges and other detail that support image recognition. The 
design of convolutional neural networks was inspired by the research of neuroscien-
tists Hubel and Wiesel (1959) and evolved from earlier networks designed by 
Fukushima (1980) and LeCun (1989).

AlexNet contains 5 convolutional network layers and 3 fully connected layers to 
process each 227 by 227 pixel, or “picture element,” image. The network contains 
6.3 million parameters and requires 1.1 billion computations to process each image. 
AlexNet takes 90 runs of the full data set on two GPX580 GPUs to converge. This 
training process can take 5 or 6 days. (See url 5.3 for further information on convo-
lutional network processing of visual images.)

In fact, the training costs of applying error reduction algorithms to large numbers 
of nonlinear processing units in these hidden layered architectures are immense and 
often not possible on “normal” stand-alone computing devices. As an example, it is 
estimated that in 2018 the computation cost for training the AlphaGo Zero program, 
Sect. 5.3.1, was about $25 M. The hardware for training AlphaGo Zero consisted of 
19 central processors using 64 graphics processors (url 5.4). These costs ignore the 
Google DeepMind research team’s salaries and workspace expenses.

A further example of a cost estimate for training a deep learning language model 
such as Google’s BERT (Devlin et al. 2019, Sect. 5.3.4) is just over $60 k (url 5.5). 
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The larger computational cost for training large networks made deep learning pro-
hibitive until large server farms, cloud computing, and other cluster-based environ-
ments became generally available. Many industry and university research groups do 
build their own deep learning models but, more often, use a pretrained model from 
a public domain library. These pretrained models allow the programming team to 
replace the output layer of the trained network with their own specific output 
requirements. As a result, models can be run on almost any reasonably robust work-
station with acceptable times and costs.

The AlphaGo program, introduced in Sect. 3.1, used deep learning along with 
reinforcement learning (Sutton and Barto 2018). We have previously described two 
techniques that support neural network algorithms, supervised and unsupervised 
learning. In supervised learning, as seen with backpropagation, the error of output 
values is used to condition the weights that produced that error. Unsupervised learn-
ing classifies data according to intrinsic properties of the data itself.

Reinforcement learning takes a third approach. Given a decision at any learning 
cycle where there is no immediate error estimate, the program takes the resulting 
action and tests it in the environment, for example, in a board game. The reinforce-
ment learner then records the new state of the environment along with a measure of 
the success or failure of that new state. Samuel’s (1959) checker playing program, 
Sect. 3.2.3, where the “weights” on parameters that led to selecting the next board 
positions were conditioned by the results of their choices, is an early use of rein-
forcement learning in computer game playing. Reinforcement is part of an associa-
tionist or behaviorist approach to learning in that it remembers and rewards states 
that are on paths that are components of useful solutions.

Figure 5.12 gives an example of a task appropriate for reinforcement learning. 
When most of us learned to play tic-tac-toe, we worked to discover intermediate 
states in the game that would lead to a successful outcome. We learned that the 
middle board position was a best-first move because it was on more possible win-
ning paths, see Fig. 4.7. We learned that a “fork” position, the bottom game position 
of Fig. 5.12 where x’s opponent can only block one of two winning patterns, was a 
desirable intermediate state. The reinforcement algorithm learns these and similar 
patterns through playing and analyzing the intermediate results of steps within games.

Deep learning techniques have been applied to tasks in visual pattern recogni-
tion, classification,  natural language processing, bioinformatics, drug research, 
toxicology, and many other information processing domains. We next describe in 
more detail four interesting applications that use deep learning technology.

5.3.1  �AlphaGo Zero and Alpha Zero

AlphaGo Zero is a later version of the original AlphaGo program, Sect. 3.1.3, cre-
ated by Google’s DeepMind research group. Its major strength was that it taught 
itself how to play go without any experience against human players. It was simply 
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given the rules of the game and then started playing against a version of itself. After 
40 days and 29 million games, the program proved to be better than all earlier ver-
sions of AlphaGo (Silver et al. 2017). This result is interesting, in that it demon-
strates that knowing only the rules of a game and playing against itself, the program 
quickly learns to exceed the best human players.

AlphaZero, also created by Google’s DeepMind research group, takes the deep 
learning coupled with reinforcement learning algorithms a very important step 
beyond AlphaGo Zero. The neural net reinforcement learning architecture is made 
general enough to play several different games.

AlphaZero, besides playing go, plays chess and shogi as well. It was able to 
outperform all chess and shogi programs and a version of AlphaGo Zero with only 
3 days of training (url: 5.6). AlphaZero also, given only the rules of go, learned 
skilled performance by repeatedly playing against itself. Choosing a next move 
AlphaZero searched 1000 times fewer states than did its computer-based opponents 
(url: 5.6).

Fig. 5.12  A sequence of 
tic-tac-toe moves with 
dashed lines represents 
possible choices of the 
player with the first move. 
Solid lines indicate the 
move selected. 
Reinforcement learning 
rewards decisions that are 
part of successful move 
patterns
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5.3.2  �Robot Navigation: PRM-RL

We saw earlier, Sect. 4.1.2, how AI planning and robotics programs used the state 
space and search to discover paths that allowed a robot to accomplish a task. Modern 
robotics has taken these earlier search-based approaches to entirely new levels, 
including using deep learning coupled with reinforcement learning to support 
exploring environments. At Google Brain, Faust and her colleagues (2018) created 
a robot navigation system called PRM-RL that uses probabilistic roadmaps and 
reinforcement learning to find paths in complex environments.

A probabilistic roadmap planner (Kavraki et al. 1996) has two phases: First, a 
graph-based map is built that approximates the movements that the robot can make 
within its environment. To build this roadmap, the planning algorithm first con-
structs a set of possible partial paths by considering links between accessible loca-
tions it discovers in the environment. In the second phase, the actual goal for the 
robot is linked to the graph and the algorithm determines the shortest path to 
that goal.

The reinforcement learning component of PRM-RL is trained to execute point-
to-point tasks and to learn constraints, system dynamics, and sensor noise indepen-
dent of the ultimate task environment of the robot. In the testing environment, the 
PRM-RL program builds a roadmap using reinforcement learning to determine con-
nectivity. The reinforcement learning algorithm joins two configuration points only 
when the search finds point-to-point connectivity between them that avoids all 
obstacles. Figure 5.13a shows the training map within a 23 × 18 m building floor 
plan. Figure 5.13b shows the testing environment, a 134 × 93 m floor plan of a 
building.

All these approaches are, as mentioned earlier, computer time and cost-intensive. 
Because of this complexity, a major challenge to deep reinforcement learning is 
analyzing frequently long successful search paths and identifying appropriate states 
within that search to “reinforce.” It is also very impressive that Google’s PRM-RL 
robot can be trained in one environment and then transfer that learning to a new and 
different situation, as seen in Fig. 5.13.

5.3.3  �Deep Learning and Video Games

Deep learning algorithms that play video games use similar approaches to those of 
Google’s AlphaZero. The input values for the network are the game’s pixelated 
video screen and the current game score. There is no model for the game situation 
as would be needed in a symbol-based approach. For example, the symbolic 
approach would represent the agent that is playing and learning the game, the target 
goals, and the tools or weapons for achieving these goals, as well as rules for attack, 
defense, escape, and so on.
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Given only the current pixelated screen and current game score, reinforcement 
learning analyzes the state of the player and the game choices available. In video 
games, these choices can be very large, estimated at about 1050, while the maximum 
number of choices a Go player has is about 102. The video game choices are in 
multiple categories, including movement, weapon use, and defensive strategies. The 
reinforcement algorithm has probabilistic estimates of the quality of each of these 
choices, given the current state of the game. These probabilistic measures are deter-
mined by the previous successes of making that choice, given that state.

When the reinforcement learning begins, there is very little reward information 
and the agent’s moves will seem very exploratory and erratic. As multiple games are 
played, the reward algorithm gets more “success” information, the agent’s choices 
improve, and eventually so does winning. The learning process for a video game-
playing computer requires multiple millions of games of a program playing against 
a version of itself and can cost several millions of 2018-dollars.

Deep learning video game programs including Google’s DeepMind’s AlphaStar 
program playing StarCraft II (Gristo 2019; Arulkumaran et al. 2020) have success-
fully outperformed humans in single-player games. AlphaStar achieved Grandmaster 
status in August 2019. A single agent game program, with full explanations and 
code that uses Q-leaning, a model-independent reinforcement learning algorithm, to 
play the video game Snake can be found at url 5.7.

Many interesting video games require teamwork. Jaderberg et al. (2019) designed 
a program that plays Quake III Arena in Capture the Flag mode. Its agents learn and 
act independently to cooperate and compete with other agents. Again, the reinforce-
ment learner uses only the pixelated screen images and the game score as input. The 
population of reinforcement learning agents is trained independently and in parallel. 
Each agent learns its own internal reward pattern to support its active interactions 
within the game environment.

Fig. 5.13  (a) Is the training environment for the robot and (b) the testing environment. The heavier 
line indicates the actual path taken by the robot. Adapted from (Faust et al. 2018)
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5.3.4  �Deep Learning and Natural Language Processing

From the early 1990s until about 2015, the traditional computer methods used to 
understand human language, summarize documents, answer questions, and to trans-
late speech and text from one language to another were probabilistic. We see exam-
ples of this probabilistic approach in Sect. 8.3. More recently, alternative 
technologies, including deep learning, address these same human language tasks.

How do you offer human language input values to a neural network? Earlier, 
Sejnowski and Rosenberg (1987) created a neural net program called NETtalk that 
could read a sequence of letters from English text and learn appropriate pronuncia-
tion and emphasis for that text. Although this worked well for English pronuncia-
tion, their approach did not scale to determining document similarity or other more 
complex tasks such as translation between languages.

In 1988, Scott Deerwester and his colleagues (1990) patented a technique called 
latent semantic analysis (LSA). The insight behind LSA was that similar documents 
are likely to contain similar sets of words. The task of calculating sets of similar 
words is accomplished using a very large matrix. Each column in the matrix repre-
sents a document, while each row gives the number of times each individual word 
of that document is used, alphabetically ordered.

The row–column intersection point of the matrix gives the number, normalized, 
with emphasis for rarer words, of times that word appeared in the document of that 
column. Before the matrix is created, common words, often called stop words, e.g., 
a, the, to, and, for, etc., are removed from consideration. Since these common words 
appear in almost all documents, removing them improves document comparisons. 
The matrix, however, remains very large for most interesting tasks and is sparse, 
having zero for a large number its elements.

Various mathematical techniques may be used to simplify this matrix, for exam-
ple, singular value decomposition can reduce the number of rows while preserving 
the integrity of document similarity. Finally, each column of the matrix is seen as a 
one-dimensioned vector representing a particular document. When these document 
vectors are positioned in a multiple dimensioned space, the distance between the 
vectors, often represented as the cosine of the angle between them, is used to deter-
mine the similarity of any two of the documents.

There are related language tasks, such as to determine when two words may have 
similar meanings (Mikolov et al. 2013). For example, word2vec creates a vector, 
called an embedding, for individual words. These vectors are made up of the words 
in a fixed size “window” of words surrounding that word in a document. It is then 
assumed that words surrounded by similar words are closer in meaning than those 
words that are not. This word similarity technology, where different words are 
determined to have roughly equivalent meanings, can then be used to reduce the 
total number of different words in a document vector.

A language model characterizes how the components of a language work 
together in communication. These models capture relationships including noun–
verb agreement, proper use of adjective and adverbs, how clusters of words are 
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often used together, and much more. Many deep learning–based language models 
are currently available, with perhaps two, Google’s BERT (Devlin et al. 2019) and 
OpenAI’s GPT-3 (Brown et al. 2020), most widely used.

Deep learning neural language models are trained networks that capture the rela-
tionships between words in a language. There are a number of regimens for training 
these models. One more traditional approach asks, given the n words that precede 
an unknown token word, what is the most likely word that token would be. Google’s 
BERT (Devlin et al. 2019), also considers the n words that follow that unknown 
token to determine what word is most likely to precede these n words.

Training takes place by giving these learning networks an extremely large num-
ber of sentences, for example, all of the Wikipedia corpus. As of December 2020, 
this corpus had more than six million articles with almost four billion words. Other 
large corpora include the Google Books Corpus, the International Corpus of 
English, and the Oxford English Corpus. The original BERT training took about 
4 days on four cloud TPUs. A TPU is a tensor processing unit, a special-purpose 
processor built by Google for training the very large vectors used with deep neural 
networks. Google search engines are currently supported by the BERT technology.

OpenAI has taken the BERT approach to language models one important step 
further. After creating a standard language model similar to BERT, GPT-3, the 
Generative Pre-Trained Transformer number 3 (Brown et al. 2020) adds a second, 
task-specific, training set. The primary training is task-agnostic and is just a general-
purpose language model similar to BERT. With the addition of task-specific train-
ing, GPT-3 can focus on targeted applications. For example, if the task-specific 
training is the writing of a specific author, the user can request what that author 
thinks about a particular topic. GPT-3’s response, in the words and style of that 
author, is often cogent and believable.

GPT-3 is, at the present time, the most powerful language model yet created. 
Differing from BERT, it uses only next word prediction to build its model. GPT-3 is 
an autoregressive language model that has more than 175 billion parameters, the 
values the network tries to optimize during training, and has been estimated to cost 
about $4.6 million to train. A strength of GPT-3 is that with minor secondary train-
ing for specific tasks, such as the sentences of a particular author, it performs well 
on tasks related to that secondary training. Examples include translation between 
languages, question answering, giving the meaning for novel words, and even per-
forming simple arithmetic. GPT-3 has also produced impressive answers for the 
Turing test described in Sect. 2.10.

Although BERT and GPT-3 produce impressive language models successful at 
multiple tasks, they only reflect the patterns found in human language. There is no 
semantics in the human sense, as we discuss in Sect. 5.4 and Part III, only the pre-
sentation of the patterns of words found in human communication. As Will Douglas 
Haven (2020a) claims in an MIT Technology Review, GPT-3 is completely mind-
less, capable of producing total nonsense, and even at times racist and sexist 
utterances.

We have only touched the surface of how deep learning has assisted in human 
language analysis. There are successes if further language tasks, including finding 
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documents that are similar such as patents (Helmers et al. 2019), producing docu-
ment translations (Wu et al. 2016), and for answering questions about speech and 
text (Zaman and Mishu 2017).

These four applications of deep learning technology offer a very small sample 
from this research domain. There are now many other network architectures avail-
able for solving problems. Among these are Hopfield networks with auto-associative 
memories, Kohonen networks that learn prototypes, and bi-directional associative 
memories or BAM networks. A discussion of these and other architectures can be 
found in Hecht-Nielsen (1990). Ian Goodfellow and colleagues (2014) have an 
important deep learning textbook. A summary of many deep learning applications 
can be found in Samek et al. (2019). We conclude this chapter by considering epis-
temic issues related to association-based representations and the connectionist 
technology.

5.4  �Epistemic Issues and Association-Based Representations

This chapter presented two approaches to building association-based representa-
tions for AI problem-solving, semantic networks and neural or connectionist net-
works. Both approaches have matured since their introduction and have successfully 
met many challenges.

There remain, however, epistemic issues. We next describe three: the inductive 
biases implicit in semantic and neural networks, the need for transparency and 
accountability for network results, and issues related to the generalization of suc-
cessful solutions to related domains. Second, we compare the associationist systems 
of this chapter with the symbol-based problem-solving of Chap. 4. Finally, we ask 
why, given the current state of neural network technology, researchers have not yet 
built the equivalent of an animal brain.

5.4.1  �Inductive Bias, Transparency, and Generalization

Although the semantic and neural network technologies have been very successful, 
significant research questions remain. These issues must not be seen as negative 
criticism of associative representations but as how continuing research can make 
them even more useful.

The design of a semantic or neural network is a function of the expectations of 
the builder, the problems to be addressed, and the data available for training and 
using that network. The design of the network offers both support for and limita-
tions on possible results. For example, appropriate selection of hyperparameters 
mediates finding solutions. Hyperparameters include the overall network architec-
ture, i.e., the number and sizes of the network’s layers. They also include the learn-
ing rate, Sect. 5.2.2, the batch or amount of data in training sets, and the number of 
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epochs, or times the full data set is used in training, and even the random values 
selected for initializing the weights.

There are often few guidelines for making decisions on architectures or other 
hyperparameters in building one’s own network for complex tasks. “Best” engineer-
ing decisions are often based on training times and having data sufficient for conver-
gence. In natural language situations, e.g., using Google’s BERT (Devlin et  al. 
2019), the networks are pretrained for release to users who are able to use the trained 
BERT for their own specific tasks.

Researchers at Google (D’Amour et al. 2020) have noted that many pretrained 
language and other models used in deep learning have failed when applied to novel 
situations that the model is intended to represent. These researchers have also shown 
that some of these same models come to different convergence points when training 
begins with different random variables or when other model meta-parameters, such 
as learning rate or training schedule, are changed.

This type of hyperparameter-based failure phenomenon has also been noted by 
Heaven (2020b) and is attributed to the underspecification of these trained models. 
Underspecification means that the model does not exhaustively capture (learn) the 
details of the intended situation, and thus, there might well be infinitely more mod-
els that could do as well or better. In a GPT-3 environment, even with 175 billion 
parameters, underfitting, when it is understood, is not a fatal flaw. But users must be 
aware that even this large a model can still underfit the situation that it is trying to 
represent and explain.

Another interesting aspect of deep neural network training is that the error mini-
mization search only considers spaces represented by continuous functions. This is 
just an obvious consequence of using the backpropagation algorithm and related 
error minimization techniques in multidimensional search spaces. As yet machine 
learning algorithms have little ability to jump to alternative contexts or new models 
of an environment. We address this topic again in Sects. 9.2 and 9.3.

An example of the limitations of error minimization search on continuous func-
tion models is to ask the question whether our algorithms are even searching the 
appropriate space: Exactly what hill are we climbing? For example, as pointed out 
by Bender and Koller (2020), using BERT or GPT-3 to find similar documents by 
comparing noun-phrase, word, or even the patterns of characters of these documents 
can be misleading, if not wrongheaded. No patterns discovered in the text can cap-
ture the semantics, meaning, or truths intended by these documents’ creators. 
Meaning and truth, as we see in Chap. 7, are referential tools of a purpose-driven 
agent and not equivalent to patterns of symbols. There may be co-relations between 
documents, of course, as described in Sect. 5.3 on deep learning and natural lan-
guage understanding, but patterns in text may coorelate with do not imply that there 
are similar patterns in the meanings of documents.

As the deep learning technology enters human society to provide critical ser-
vices, it will need to be accepted and trusted by its users. The human must be able 
to understand the reasoning of the program, that is, its results must be transparent. 
For the Alpha Zero game programs of Sect. 5.3.1, this transparency is 
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straightforward: a reinforcement-conditioned data structure selects sequences of 
optimal moves in the game tree. This is a fully transparent explanation. Similarly, 
using Google’s BERT, or other pre-trained networks, to determine the similarity of 
word patterns in different documents is a transparent process.

When deep learning produces results that impact human values or decision mak-
ing, however, the transparency of the decision process becomes even more impor-
tant. These human-critical decisions can relate to health care, home and work 
environments, facial recognition, privacy, financial credit, and much more. One 
interesting approach is that of Ribeiro et al. (2016), where a second layer learning 
process, called model agnostic interpretability, attempts to further analyze and 
explain the results of earlier applied deep learning algorithms. Research addresses 
transparency issues in vision systems (Iyer et al. 2018) and in medical information 
processing (Chen and Lu 2018). From the AI Lab at MIT, Gilpin et al. (2019) cri-
tique the entire process of deep learning transparency in their article, Explaining 
Explanations: An Approach to Evaluating Interpretability of Machine Learning. We 
discuss the issue of transparency in AI programs further in Sect. 7.1.

For deep learning networks, the generalization problem asks how one successful 
solution process can be extended to other related problems. A number of researchers 
are considering this issue. As we have seen in the game playing of Sect. 5.3, tree 
search, supported by decision policies from reinforcement learning, constitutes a 
general-purpose decision-making approach that can be applied in many different 
environments. We saw these techniques applied not just to board games but to robot 
path planning and video games as well.

At Berkeley, the research of Finn and her colleagues (2017) explores relaxation 
in training of the top-level weights of a model’s parameters so that when trained 
with new examples from a related domain, learning continues to succeed. This 
model-agnostic approach can be applied in any gradient descent domain, Sect. 5.2.2.

Animals and humans seem to have the ability to continually acquire and integrate 
knowledge throughout their lifetimes. This lifelong learning remains a challenge for 
deep learning networks. Parisi et al. (2019) summarize this challenge and review the 
literature related to continual learning. Incremental learning, another approach to 
lifelong learning, is also an area of continuing research. Castro et al. (2018) examine 
catastrophic forgetting, a decrease in the overall performance of a successful system 
as new classes of data are incrementally added. Castro and colleagues address this 
by adding new data along with small data samples from previous training, allowing 
the learner to incrementally learn new classes.

5.4.2  �Neural Networks and Symbol Systems

In this brief section, we continue discussing the symbol-based-connectionist contro-
versy. As we have shown, a significant alternative to the explicit symbol-based 
approach of Chap. 4 is the neural networks technology. Because the “knowledge” in 
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a neural network is distributed across the structures of that network, it is often dif-
ficult, if not impossible, to isolate individual concepts to specific nodes and weights 
of the network. In fact, any portion of the network may be instrumental in the rep-
resentation of different concepts.

Neural network architectures shift the emphasis of AI away from the problems of 
symbolic representation and logic-based reasoning to learning by association and 
adaptation. Neural networks do not require that the world be cast as an explicit 
symbolic model. Rather, the network is shaped by its interactions with the world, 
reflected through its training experience. This approach has made a number of con-
tributions to our understanding of intelligence. Neural networks offer a plausible 
model of the mechanisms underlying the physical embodiment of mental processes 
and a viable account of learning and development. They demonstrate how simple 
and local adaptations can shape a complex system in response to data.

Neural nets, precisely because they are so different, can answer a number of 
questions that challenge the expressive abilities of symbol-based AI. An important 
class of such questions concerns visual, auditory, and tactile perception. Nature is 
not so generous as to deliver our perceptions to a processing system as neat bundles 
of predicate calculus expressions. Neural networks offer a model of how we might 
recognize “meaningful” patterns in the chaos of sensory stimuli.

Because their representation is distributed, neural networks are often more robust 
than their symbolic counterparts. A properly trained neural network can effectively 
categorize novel instances, exhibiting a human-like perception of similarity rather 
than strict logical necessity. Similarly, the loss of a few neurons need not seriously 
compromise the performance of a large neural network. This often results from the 
redundancy inherent in most neural network models.

Perhaps the most appealing aspect of connectionist networks is their ability to 
learn. Rather than constructing a detailed symbolic model of the world, neural net-
works rely on the plasticity of their own structure to adapt directly to external expe-
riences. They do not construct a model of the world so much as they are shaped by 
their experience within the world. Learning is one of the most important aspects of 
intelligence. It is also the problems of learning that raises some of the hardest and 
most interesting questions for further research.

A number of researchers continue to ask how the symbolic and connectionist 
representational modalities might converge. See, for example, Hinton (2007), 
Friston (2009), and Mao et al. (2019). For those who feel uncomfortable with two 
seemingly incommensurable models of intelligence, the science of physics func-
tions well with the intuitively contradictory notion that light is sometimes best 
understood as a wave and sometimes as a particle. Perhaps both viewpoints may 
well be subsumed by some higher order theory. Most importantly, however, both 
approaches deny philosophical dualism and place the foundations of intelligence in 
the structure and function of physically realized devices.
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5.4.3  �Why Have We Not Built a Brain?

The current generation of engineered connectionist systems bares very little resem-
blance to the human neuronal system. Because the topic of neural plausibility is a 
critical research issue, we begin with that question and then consider human devel-
opment and learning. Research in cognitive neuroscience (Squire and Kosslyn 
1998; Gazzaniga 2014; Gazzaniga et al. 2018; Hugdahl and Davidson 2003) brings 
new insight into the understanding of human cognitive architecture. We describe 
briefly some findings and comment on how they relate to the AI enterprise. We con-
sider issues from three levels: first, the individual neuron; second, the level of neural 
architecture; and finally cognitive representation or the encoding problem.

First, at the level of the individual neuron, Shephard (2004) and Carlson (2010) 
identify multiple different types of neuronal architectures for cells, each of which is 
specialized as to its function and role within the larger neuronal system. These types 
include sensory receptor cells typically found in the skin and passing input informa-
tion to other cell structures, interneurons whose primary task is to communicate 
within cell clusters, principle neurons whose task is to communicate between cell 
clusters, and motor neurons whose task is system output.

Neural activity is electrical. Patterns of ions flowing into and out of the neuron 
determine whether a neuron is active or resting. The typical neuron has a resting 
charge of −70 mV. When a cell is active, certain chemicals are released from the 
axon terminal. These chemicals, neurotransmitters, influence the postsynaptic 
membrane, typically by fitting into specific receptor sites, initiating further ion 
flows. Ion flows, when they achieve a critical level, about −50  mV, produce an 
action potential, an all-or-none triggering mechanism indicating that the cell has 
fired. Thus, neurons communicate through sequences of binary codes.

Postsynaptic changes from the action potential are of two sorts, inhibitory, found 
mainly in interneuron cell structures, or excitatory. These positive and negative 
energy potentials are constantly being generated throughout the synapses in the 
dendritic system. Whenever the net effect of all these events is to alter the mem-
brane potentials of related neurons from −70 mV to about −50 mV, the threshold is 
crossed, and ion flows are again initiated into those cells’ axons.

On the level of neural architecture, there are approximately 1010 total neurons in 
the cerebral cortex, a thin convoluted sheet covering the entire cerebral hemisphere. 
Much of the cortex is folded in on itself, increasing the total surface area. From the 
computational perspective, we need to know not only the total number of synapses, 
but also the fan-in and fan-out parameters of neurons, that is, the measure of their 
interconnections. Shephard (2004) estimates both these numbers to be about 105.

Finally, aside from the differences in the cells and architectures of neural and 
computer systems, there is a deep problem of cognitive representation. We are igno-
rant, for example, of how even simple memories are encoded in the cortex. How is 
a face recognized, and how, with recognition of that face, one module of cortex is 
linked to other modules, such as the limbic system, that produce feelings of joy, 
sadness, or anger? We know a large amount about the physical/chemical aspects of 
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neural connectivity in the brain, but relatively little about how the neural system 
encodes and processes patterns within that brain.

The ability of connectionist networks to converge on a meaningful generaliza-
tion from a set of training data has proven sensitive to the number of artificial neu-
rons, the network topology, the training data, and the specific learning algorithms 
used. There is increasing evidence that human infants also inherit a range of “hard-
wired” cognitive biases that enable learning of languages and commonsense phys-
ics (Elman et  al. 1998). At birth, animal brains have highly structured neural 
networks evolved through evolutionary constraints and by prenatal experiences.

It follows that one of the more difficult questions facing researchers in both the 
neural network and the symbolic-learning computing communities is the role of 
innate knowledge in learning. Can effective learning ever occur on a tabula rasa, or 
blank slate, starting with no initial knowledge and learning entirely from experi-
ence? Or must learning start out with some prior bias or expectations? Research 
attempting to understand the role of inductive bias to both initial learning and inte-
grating new knowledge and relationships continues both in human and in computa-
tional systems. We discuss several further challenges to capturing human information 
processing with computational tools again in Sect. 9.5.

5.5  �In Summary

Association-based models of intelligence have taken two forms within the AI 
research community. The first, based on the behaviorist traditions of early twentieth-
century psychology, is the semantic network, used for answering questions and 
other natural language understanding tasks. These hierarchical and generalization-
based representations capture many of the assimilated world knowledge or sche-
mata that Kant and Bartlett have suggested as components of how humans interpret 
their world.

Neural or connectionist representations also capture important aspects of asso-
ciative learning. We saw early examples of neural networks inspired by both Hebb 
and by McCulloch and Pitts. We reviewed supervised learning using the backpropa-
gation algorithm and solved the XOR problem. We discussed issues related to larger 
systems with multiple hidden layers called deep learning networks. We discussed 
deep learning networks solving a variety of problems.

Finally, we described several responses to the mechanical implementation of 
association-based theories, including the problems of innate biases, the importance 
of transparency, and of creating generalizations. We discussed issues involved in 
building a human brain.

Further Thoughts and Readings  Complete references for the suggested readings 
may be found in the Bibliography.

Collins A. and Quillian, M.R. (1969). “Retrieval time from semantic memory.”
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Schank, R.C. and Colby, K.M., ed. (1973). Computer Models of Thought and Language.
Sowa, J.F. (1984). Conceptual Structures: Information Processing in Mind and Machine.

This volume had major influence in neural net research in the late1980s:

Rumelhart, D.E., McClelland, J.L., and The PDP Research Group. (1986a). Parallel 
Distributed Processing.

I thank Prof. Thomas Caudell and Dr. Chayan Chakrabarti for comments on this 
chapter.

We acknowledge Elsevier’s copyright for Figs. 5.1, 5.3, and 5.4 and thank them 
for permission for our reuse. Figure 5.1 is from Collins and Quillian (1969), and 
Figs.  5.3 and 5.4 from Quillian (1967). Figure 5.13 is adapted from Faust et  al. 
(2018). Many of the neural net examples and figures were first used in (Luger 1995). 
We thank Elsevier for permission for their reuse.

Programming Support  Computer code for building semantic network hierarchies 
and other object-oriented representation systems is available in Luger (2009b), AI 
Algorithms, Data Structures, and Idioms in Prolog, Lisp, and Java, see url 4.3. There 
are a number of neural network software building and visualization tools available, 
many found on the internet under “software for building neural networks.” A dem-
onstration of, and code to create a simple deep learning video game, snake, may be 
found at url 5.7.
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Chapter 6
Evolutionary Computation 
and Intelligence

What limit can we put to this power, acting during long ages 
and rigidly scrutinizing the whole constitution, structure, and 
habits of each creature—favoring the good and rejecting the 
bad? I can see no limit to this power in slowly and beautifully 
adapting each form to the most complex relations of life….

—CHARLES DARWIN, On the Origin of Species.
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6.1  �Introduction to Evolutionary Computation

Just as connectionist networks received much of their early support and inspiration 
from the goal of creating artificial neural systems, other biological analogs have 
influenced the design of search and learning algorithms in AI. This chapter consid-
ers algorithms patterned after the processes underlying evolution: shaping a popula-
tion of individuals through the survival and reproduction of its most fit members. 
The power of selection across a varying population of individuals is demonstrated 
in natural evolution with the emergence of species with increasing complexity. 
These selection processes are also replicated computationally with research, includ-
ing cellular automata, genetic algorithms, genetic programming, and artificial life.

Evolutionary computing simulates nature’s most elegant and powerful form of 
adaptation: the production of complex plant and animal life forms. Charles Darwin 
saw “...no limit to this power of slowly and beautifully adapting each form to the 
most complex relations of life...” Through this simple process of introducing varia-
tions into successive generations and selectively eliminating less-fit specimens, 
adaptations of increasing capability and diversity develop in a population. Evolution 
occurs in populations of embodied individuals, whose actions affect others and who 
are, in turn, affected by others. Thus, selective pressures come not only from the 
outside environment but also from interactions between members of a population. 
An ecosystem has many members, each with roles and skills appropriate to their 
own survival, but more importantly, whose cumulative behavior shapes and is 
shaped by the rest of the population.

Despite their simplicity, the processes underlying evolution have proven remark-
ably general. Biological evolution produces species by selecting among changes in 
the genome. Similarly, cultural evolution produces knowledge by operating on 
socially transmitted and modified units of information, sometimes referred to as 
memes (Dawkins 1976). Genetic algorithms and other evolutionary analogs produce 
increasingly capable solutions by operating on populations of candidate problem 
solutions.

The history of evolutionary computing goes back to the very beginning of com-
puters themselves. John von Neumann, in a series of lectures in 1949, explored the 
question of what level of organizational complexity was required for self-replication 
to occur (von Neumann and Burks 1966). Burks (1970) states von Neumann’s goal 
as “...not trying to simulate the self-reproduction of a natural system at the level of 
genetics and biochemistry.” Rather, von Neumann wished to “abstract from the 
natural self-reproduction problem its logical form.”

By removing chemical, biological, and mechanical details, von Neumann was 
able to represent the essential requirements for self-replication. Von Neumann 
designed, although it was only built in the 1990s, a self-reproducing automaton that 
consisted of a two-dimensional cellular arrangement that contained a large number 
of individual 29-state automata. The next state for each automaton was a function of 
its current state and the states of its four immediate neighbors. We see detailed 
examples of this neighbor-cell interaction phenomenon in Sect. 6.3.
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von Neumann designed his self-replicating machine, estimated to contain at least 
40,000 cells, to have the functionality of a Universal Turing Machine. Von 
Neumann’s computation device was construction universal, in that it was capable of 
reading an input tape, interpreting the data on the tape, and through the use of a 
construction arm, building the configuration described on the tape in an unoccupied 
part of the cellular space. By putting a description of the constructing automaton 
itself on the tape, von Neumann proposed the creation of a self-reproducing system 
(Arbib 1966).

Later, Codd (1968) reduced the number of states required for a computationally 
universal, self-reproducing automaton from 29 to 8 but required an estimated 
100,000,000 cells for the full design. Then, Devore simplified Codd’s machine to 
occupy only about 87,500 cells. In more modern times, Langton created a self-
replicating automaton, without computational universality, where each cell had only 
eight states and occupied just 100 cells (Langton 1995; Hightower 1992; Codd 
1992). It was not until the early 1990s that a Princeton University undergraduate 
student, Umberto Pesavento (1995), actually built von Neumann’s machine! Further 
descriptions of the research efforts on self-reproducing automata can be found in the 
proceedings of the a-life conferences (see alife.org/conferences).

Because of John von Neumann, the formal analysis of self-replicating machines 
has deep roots in the history of computation. It is also not surprising that the 1956 
Dartmouth summer workshop on artificial intelligence had self-improvement as one 
of its computational tasks, where research hoped to build intelligent machines that 
could, somehow, make themselves “better.” In Sect. 6.3, we extend, with more 
examples, the a-life research that von Neumann began.

But first, in Sect. 6.2, we describe a natural follow-on of the ideas in self-
organizing and reproducing machines, research in genetic algorithms (Holland 
1975). Like neural networks, genetic algorithms are based on a biological meta-
phor: They view computer-based search and learning as a competition among a 
population of evolving candidate solutions for a problem. A “fitness” function eval-
uates each solution to decide whether it will contribute to the next generation of 
solutions. Then, through operations analogous to gene transfer in sexual reproduc-
tion, the algorithm creates a new population of candidate solutions. We next describe 
genetic algorithms and genetic programming in more detail.

6.2  �The Genetic Algorithm and Examples

To solve problems, the genetic algorithm has three distinct stages: First, individual 
potential solutions for a problem are created. As we will see in our examples, these 
solutions are encoded in representations amenable to genetic operators. In the sec-
ond stage, a fitness function judges which individuals of this population are the 
“best” life forms, that is, most appropriate for the eventual problem solution. These 
successful individuals are favored for survival and are then used to produce the next 
generation of potential solutions, which are then produced by the genetic operators. 

6.2  The Genetic Algorithm and Examples
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This next generation is built from components of their parents, as we will see in 
examples. Eventually, a “best” solution for the problem is selected from the latest 
generation of possible solutions.

We now present a high-level description of the genetic algorithm. This descrip-
tion is called pseudo-code because it is not intended to be run on a computer, but, 
like a cooking recipe, to indicate each step to a solution and when it is to be taken:

Let P(t) be a list of n possible solutions, x1
t , at time t: 

          P(t)={x1
t, x2

t, ...xn
t}

          procedure genetic algorithm;
          begin
              set time t to be 0;
              initialize the population P(t);
               while the termination condition of the problem is not met do
              begin
                     evaluate fitness of each member of population P(t);
                    �select pairs, based on fitness, from population P(t);
            �        use genetic operators to produce children of the 

pairs;
                    replace, based on fitness, weakest members of P(t);
                     set new time to be t +1
              end
          end.

This pseudo-code algorithm offers a framework of genetic problem-solving; 
actual genetic algorithms implement that framework in different ways. Specific 
questions that need clarifying include: What percentage of the potential solution 
population is kept for producing the next generation? Which genetic operators are 
used to produce the next generation? How are the genetic operators applied? After 
applying the operators, can the best candidates from one generation be passed on to 
the next? Often, the procedure “replace the weakest candidates of a generation” is 
implemented by simply eliminating a fixed percentage of the weakest 
solution candidates.

More sophisticated genetic algorithms can order a population by fitness and then 
associate an “elimination probability” measure with each descendent. The probabil-
ity of elimination could be, for instance, an inverse function of its fitness. The 
replacement algorithm then uses this measure as a factor in selecting candidates to 
eliminate. Although the probability of elimination would be very low for the fittest 
members of the society, there is a chance that even the best individuals could be 
removed. The advantage of this scheme is that it may save some individuals whose 
overall fitness is poor but that include some genetic material, which can contribute 
to a more successful solution over generations. This algorithm is called Monte 
Carlo, fitness proportionate selection, or roulette wheel.
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We next describe and give examples of several genetic operators. First, we must 
select representations for solutions that are amenable to these genetic operators. A 
common approach is to represent each candidate solution as a series of binary inte-
gers, or bits. These are 0 and 1, plus we add the pattern #, to represent either a 0 or 
a 1. Thus, the pattern 1##00##1 represents all strings of eight bits that begin and end 
with 1 and that have two 0 s in the middle.

The genetic algorithm begins by creating, often randomly, a population of candi-
date solution patterns. Evaluation of a candidate assumes a fitness function that 
returns a measure of each candidate’s “quality” at a particular time. A common 
method for determining a candidate’s fitness is to test it on a set of problem situa-
tions and calculate the percentage of correct results. Using such a fitness function, 
the evaluation assigns each candidate a value that is the average fitness over all the 
problem situations. It is also common for the fitness measure to change across time 
periods so that it becomes a function of the stage of the overall problem solution.

After evaluating each candidate, the algorithm selects pairs of these candidates 
for a recombination procedure that produces the next generation. Recombination 
uses genetic operators to produce new solutions by combining components of their 
parents. As with natural evolution, the fitness of a candidate determines the extent 
to which it reproduces, with those candidates having the highest fitness given a 
greater probability of reproducing.

A number of genetic operators produce offspring that preserve features of their 
parents; the most common of these is crossover. Crossover takes two candidate 
solutions and divides them, swapping components to produce two new candidates. 
Figure 6.1 illustrates crossover on two bit string patterns of length 8. The operator 
splits the strings in the middle and forms two children whose initial segments come 
from one parent and the remainder comes from the other. Note that splitting the 
candidate solution in the middle is an arbitrary choice. This split may be at any point 
in the representation, and indeed, this splitting point can be randomly adjusted or 
changed during the solution process.

For example, suppose the task of a problem is to create a set of bit strings begin-
ning and ending with a 1. Both the parent strings in Fig. 6.1 would have performed 
relatively well on this task. However, the first offspring would be much better than 
either parent: It would not have any false results and would fail to match fewer 
strings that were actually in the solution class. Note also that its sibling is worse 
than either parent and will probably be eliminated over the next few generations.

Mutation is often considered the most important genetic operator. Mutation takes 
a single candidate and randomly changes some aspect of it. For example, mutation 

Fig. 6.1  Using the 
crossover genetic operator 
on two bit strings of length 
8. #, don’t care, indicates 
that either a 0 or 1 can be 
in that location
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may select a bit in the pattern and change it, switching a 1 to a 0 or #. Mutation is 
important because the initial population may exclude an essential component of a 
solution. In our example, if no member of the initial population has a 1 in the first 
position, then crossover, because it preserves the first four bits of the parent as the 
first four bits of the child, cannot produce an offspring that does. Mutation would be 
needed in this situation to change the values of these bits. Other genetic operators, 
for example, inversion, or reversing the order of bits, could also accomplish this task.

The genetic algorithm continues until some termination requirement is met, 
where one or more candidate’s solution’s fitness exceeds some threshold. In the next 
section, we present the genetic algorithm’s representations, operators, and fitness 
evaluations for the traveling salesperson problem. We then give examples of genetic 
programming.

6.2.1  �The Traveling Salesperson Problem

The Traveling Salesperson problem, or TSP, is a classic problem in computer 
science. The statement of the problem is simple:

A salesperson is required to visit N cities as part of a sales route. There is a cost, e.g., mile-
age or air fare, associated with each pair of cities on the route. Find the least cost path to 
start at one city, visit all the other cities exactly once, and return to the starting city.

The state-space search, Sect. 4.1, for the TSP has N!, or N × (N − 1) × (N − 2) … 
× 1 states, where N is the number of cities to be visited. For a large number of cities, 
exhaustive search is impossible; heuristic approaches are often used to discover a 
good enough, but perhaps not optimal, solution.

The TSP has some important applications, including circuit board drilling, X-ray 
crystallography, and routing in VLSI fabrication. Some of these problems require 
visiting tens of thousands of points (cities) with a minimum cost path. One question 
for the analysis of the TSP class of problems is whether it is worth running an 
expensive computer for many hours to get a near-optimal solution or run a cheap 
computer for a few minutes to get “good enough” results. The TSP is a complex 
problem and an excellent test bed for evaluating different search strategies.

How might we use a genetic algorithm to solve this problem? First, we must 
choose a representation for the path of cities visited. We also have to create a set of 
genetic operators that produce new paths. The design of a fitness function, however, 
is very straightforward: All we need to do is to evaluate the cost of traveling on each 
path. We can then order the paths by their cost, the cheaper the better.

Let’s consider some obvious representations that turn out to have important ram-
ifications. Suppose we have nine cities to visit, 1, 2, ..., 9, and we make the repre-
sentation of a path to be the ordered listing of these nine integers. Next, we make 
each city a four-bit pattern, 0001, 0010, ..., 1001. Thus, the pattern:

	 000100100011010001010110011110001001 	
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represents a visit to each city in the order of its numbering. We have inserted 
spaces into the string only to make it easier to read. Next, consider the genetic 
operators. Crossover is definitely out, since the new string produced from two dif-
ferent parents would most probably not represent a path that visits each city exactly 
once. In fact, with crossover, some cities could be removed while others would be 
visited more than once.

For mutation, suppose the leftmost bit of the sixth city, 0110, is mutated to a 1. 
1110, or 14, is no longer a legitimate city. Inversion, and swapping cities, i.e., the 
four bits in the city pattern, within the path would be acceptable genetic operators 
but would these be powerful enough to obtain a satisfactory solution? One way to 
look at the search for the minimum path is to generate and evaluate all possible 
orderings, or permutations, of the N elements of the city list. The genetic operators 
must be able to produce all these permutations.

Another approach to the TSP is to ignore the bit pattern representation and give 
each city an alphabetic or numeric name, e.g., 1, 2, ..., 9; make the path through the 
cities an ordering of these nine digits, and then select appropriate genetic operators 
for producing new paths. Mutation, as long as it was a random exchange of two cit-
ies in the path, would work, but the crossover operator between two paths would be 
useless. The exchange of pieces of a path with other pieces of the same path, or any 
operator that shuffled the letters of the path, without removing, adding, or duplicat-
ing any cities, would also work. These approaches, however, make it difficult to 
combine into offspring the “better” elements of the two different parents’ paths 
between the cities.

A number of researchers, including Davis (1985) and Oliver et al. (1987), cre-
ated crossover operators that overcome these problems and support work with the 
ordered list of cities visited. For example, Davis has defined an operator called 
order crossover. Suppose we have nine cities, 1, 2, ..., 9, and the order of the inte-
gers represents the order of visited cities. Order crossover builds offspring by choos-
ing a subsequence of cities within the path of one parent. It also preserves the 
relative ordering of cities from the other parent. First, select two cut points, indi-
cated by a “||”, which are randomly inserted into the same location of each parent. 
The locations of the cut points are random, but once selected, the same locations 
must be used for both parents. For example, for two parents p1 and p2, with cut 
points after the third and seventh cities:

	
p1 192 4657 83= ( )|| || .

	

	
p2 459 1876 23= ( )|| || .

	

Two children, or new lists of cities to visit, c1 and c2 are produced in the follow-
ing way. First, the segments between cut points are copied into the offspring:

	
c1 4657= ( )x x x x x .|| ||

	

	
c2 1876= ( )x x x x x .|| ||
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Next, starting from the second cut point of one parent, the cities from the other 
parent are copied in the same order, omitting cities already present. When the end of 
the string is reached, continue on from the beginning. Thus, the sequence of cities 
from p2 is:

	 234591876. 	

Once cities 4, 6, 5, and 7 are removed, since they are already part of the first 
child, we get the shortened list 2, 3, 9, 1, and 8, which then makes up, preserving the 
ordering found in p2, the remaining cities to be visited by c1:

	
c1 239 4657 18= ( )|| || .

	

In a similar manner, we can create the second child c2:

	
c2 392 1876 45= ( )|| || .

	

To summarize, for the order crossover operator, pieces of a path are passed on 
from one parent, p1, to a child, c1, while the ordering of the remaining cities of the 
child c1 is inherited from the other parent, p2. This supports the obvious intuition 
that the ordering of cities will be important in generating the least costly path, and 
it is therefore crucial that pieces of this ordering information be passed on from fit 
parents to their children.

The order crossover algorithm also guarantees that the children will be legiti-
mate, visiting all cities exactly once. If we wished to add a mutation operator to this 
result, we would have to be careful, as noted earlier, to make it an exchange of cities 
within the path. The inversion operator, simply reversing the order of all the cities in 
the tour, would not work, as there is no new path when all cities are inverted. 
However, if a piece within the path is cut out and inverted and then replaced, it 
would be an acceptable use of inversion. For example, using the cut || indicator as 
before, the path:

	
c1 239 4657 18= ( )|| || ,

	

becomes, with inversion of the middle section,

	
c1 239 7564 18= ( )|| || .

	

A new mutation operator could be defined that randomly selected a city and 
placed it in a new randomly selected location in the path. This mutation operator 
could also operate on a piece of the path, for example, to take a subpath of three 
cities and place them in the same order in a new location within the path. Once 
appropriate genetic operators are chosen to produce children that preserve the con-
straint of visiting all cities, the genetic algorithm can be run. The fitness function, as 
noted above, is to evaluate the path costs for each child and then to decide which 
“cheapest” paths to keep for the next iteration of the algorithm.
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Genetic algorithms are used in a wide range of applications. They have also been 
applied to more complex representations, including if... then... production rules, to 
evolve rule sets adapted to interacting with an environment. An example of this 
approach is John Holland’s (1986) classifier systems. A further example, genetic 
programming, combines and mutates fragments of computer code in an attempt to 
evolve a program for solving problems, for example, to discover patterns in sets of 
data. We consider genetic programming next.

6.2.2  �Genetic Programming

Early research in genetic algorithms focused almost exclusively on lower-level rep-
resentations, such as strings of {0, 1, #}. In addition to supporting straightforward 
use of genetic operators, bit strings and similar lower level representations give 
genetic algorithms much of the power of other sub-symbolic approaches, such as 
connectionist networks. There are problems, however, such as the TSP, which have 
a more natural encoding at more complex representational levels. We can ask fur-
ther whether genetic operators can be defined for still richer representations, such as 
pieces of production rules or computer programs. An important aspect of such rep-
resentations is their ability to combine distinct, higher level pieces of knowledge 
through rules or function calls to meet the requirements of specific problems.

It is difficult to define genetic operators that capture the structure of rules or pro-
gram relationships as well as to have effective application of genetic operators that 
can be used with these representations. The suggestion of translating rules or pro-
grams into bit strings and then to use the standard genetic operators of crossover and 
mutation fails to produce useful results. As an alternative to representing potential 
solutions as bit strings, we next describe variations in genetic operators that are 
applied directly to pieces of computer programs.

Koza (1992, 1994) has suggested that a computer program might evolve through 
successive applications of genetic operators. In genetic programming, the structures 
adapted are hierarchically organized segments of computer programs. The learning 
algorithm maintains a population of candidate programs. The fitness of a program is 
measured by the ability to solve a set of tasks, and programs are modified by apply-
ing crossover and mutation to program subcomponents. Genetic programming 
searches a space of computer programs of varying size and complexity. The search 
space is the space of all possible computer programs composed of functions and 
terminal symbols appropriate to the problem domain. As with all genetic learning 
algorithms, this search is random, largely blind, and yet surprisingly effective.

Genetic programming starts with an initial population of randomly generated 
programs made up of appropriate program pieces. These pieces, suitable for a prob-
lem domain, may consist of standard mathematical functions, as well as logical and 
domain-specific procedures, and other related programming operations. Program 
components include data items of the usual types: boolean (true/false), integers, real 
numbers, vectors, and symbolic expressions.
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After initialization, the production of new programs comes with the application 
of genetic operators. Crossover, mutation, and other operators must be customized 
for the production of computer programs. The fitness of each new program is then 
determined by seeing how well it performs in a particular problem environment 
which will vary according to the problem domain. Any program that does well on 
this fitness task will survive to help produce the children of the next generation.

To summarize, genetic programming includes five components, many very simi-
lar to those of genetic algorithms:

	1.	 A set of structures that undergo transformation by genetic operators.
	2.	 A set of initial structures suited to a problem domain.
	3.	 A fitness measure, e.g., problems from the solution domain, to evaluate structures.
	4.	 A set of genetic operators to transform structures.
	5.	 A set of termination conditions.

In the following paragraphs, we address each of these topics. First, genetic pro-
gramming manipulates hierarchically organized program modules. The Lisp com-
puter language, created in the late 1950s by John McCarthy, one of the organizers 
of the 1956 AI Dartmouth summer workshop, is functional, Sect. 1.3. Lisp program 
components are symbol expressions or s-expressions. These symbol expressions 
have a natural representation as trees, Sect. 4.1, where the function is the root of the 
tree, and the arguments of the function, either terminating symbols or other func-
tions, descend from the root. Figures 6.2, 6.3, and 6.4 are examples of s-expressions 
represented as trees. Koza’s genetic operators manipulate these s-expressions. In 
particular, operators map tree structures of s-expressions into new trees or new Lisp 
program segments. Although s-expression manipulation is the basis for Koza’s early 
work, other researchers have applied genetic programming to different languages 
and paradigms.

Genetic programming constructs meaningful programs given that the atomic 
pieces and appropriate functions of the problem area are available. When setting up 
a domain for creating programs sufficient to address a set of problems, we must first 
analyze what terminal symbols are required. Then, we select program segments suf-
ficient for producing these terminals. As Koza notes (1992, p. 86) “... the user of 

+ +

* 6

a. c.b.

+

* 6

8 +

5 7

Fig. 6.2  The random generation of a program of Lisp s-expressions. The operator nodes, +, *, are 
from the set F of Lisp functions. The figure is adapted from Koza (1992)
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genetic programming should know ... that some composition of the functions and 
terminals he supplies can yield a solution of the problem.”

Thus, to create the structures for use by genetic operators, first create two sets: F, 
the set of functions, and T, the set of terminal values required for the domain. F can 
be as simple as {+, *, −, /} or may require more complex functions such as sin(X), 
cos(X), or matrix operations. T may be the integers, real numbers, matrices, or more 
complex expressions. The symbols in T must include all symbols that the functions 
defined in F can produce.

Next, a population of initial “programs” is generated by randomly selecting ele-
ments from the union of sets F and T. For example, if we begin by selecting an ele-
ment of T, we have a degenerate tree of a single root node. When we start with an 
element from F, say +, we get a root node of a tree with two potential children. 
Suppose the initialization then selects *, with two potential children from F, as the 
first child, and then terminal 6 from T as the second child. Another random selection 
might yield terminal 8 and then the function + from F.  Assume it concludes by 
selecting 5 and 7 from T.

The program we have randomly produced is represented in Fig. 6.2. Figure 6.2a 
gives the tree after the first selection of +, Fig. 6.2b after selecting terminal 6, and 
Fig. 6.2c the final program. A population of similar programs is created to initialize 

Fig. 6.3  Two programs, 
selected for fitness, are 
randomly chosen for 
crossover. The “|” 
represents the point 
selected for crossover. 
Figure adapted from Koza 
(1992)

Fig. 6.4  The child 
programs produced by the 
crossover operator are 
applied to Fig. 6.3. Figure 
adapted from Koza (1992)
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the genetic programming process. Sets of constraints, such as the maximum depth 
for programs to evolve, can help control population growth. A more complete 
description of these constraints, as well as different methods for generating initial 
populations, may be found in Koza (1992).

The discussion to this point addresses the issues of representation, s-expressions, 
and the set of tree structures necessary to initialize a situation for program evolu-
tion. Next, we require a fitness measure for populations of possible programs. The 
fitness measure is problem-dependent and usually consists of a set of tasks the 
evolved programs must be able to solve. The fitness measure itself is a function of 
how well each program does on these tasks.

One example fitness measure is called raw fitness. This score adds the differ-
ences between what a program produces and the results that the actual task of the 
problem required. Thus, raw fitness is the sum of errors across a set of tasks. Other 
fitness measures are also possible. Normalized fitness divides raw fitness by the total 
sum of possible errors which puts all fitness measures within the range of 0 to 1. 
Normalization can have an advantage when trying to select from a large population 
of programs. Fitness measures can also include an adjustment for the size of the 
program, for example, to reward smaller, more compact programs.

Genetic operators, besides transforming program trees, also include the exchange 
of structures between trees. Koza (1992) describes the primary transformations as 
reproduction and crossover. Reproduction simply selects programs from the present 
generation and copies them unchanged into the next generation. Crossover 
exchanges subtrees between the trees representing two programs.

For example, suppose we are working with the two parent programs of Fig. 6.3 
and that the random points indicated by || in parents a and b are selected for cross-
over. The resulting children are shown in Fig. 6.4. Crossover can also be used to 
transform a single parent by interchanging two subtrees from that parent. Two iden-
tical parents can create different children with randomly selected crossover points. 
The root of a program can also be selected as a crossover point.

There are a number of secondary, less used, genetic transforms of program trees. 
These include mutation, which simply introduces random changes in the structures 
of a program. For example, replacing a terminal value with another value or a func-
tion subtree. The permutation transform, similar to the inversion operator on strings, 
also works on single programs, exchanging terminal symbols, or subtrees.

The state of the solution is reflected by the current generation of programs. There 
is no record keeping for backtracking or any other method for skipping around the 
fitness landscape. From this viewpoint, genetic programming is much like a hill-
climbing algorithm (Pearl 1984), where the “best” children are selected at any time, 
regardless of what the ultimate best program might be. The genetic programming 
paradigm parallels nature in that the evolution of new programs is a continuing 
process. Nonetheless, lacking infinite time and computation, termination conditions 
are set. These are usually a function of both program fitness and computational 
resources.

The fact that genetic programming is a technique for the computational genera-
tion of computer programs also places it within the automated programming 
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research tradition. From the earliest days, AI practitioners have worked to create 
programs that automatically produce programs and solutions from fragmentary 
information. We saw this with John von Neumann’s research in Sect. 6.1. Genetic 
programming is another tool in this important research domain.

6.2.3  �An Example: Kepler’s Third Law of Planetary Motion

John Koza (1992, 1994) describes many applications of genetic programming that 
solve interesting problems, but most of his examples are rather large and too com-
plex for our present purposes. Melanie Mitchell (1996), however, has created an 
example that illustrates many of the concepts of genetic programming. Kepler’s 
Third Law of Planetary Motion describes the functional relationship between the 
orbit time period, P, of a planet and its average distance, A, from the sun.

Kepler’s Third Law with c, a constant, is: 

	 P cA2 3= . 	

If we assume that P is expressed in units of earth years, and A in units of earth’s 
average distance from the sun, then c = 1. The s-expression of this relationship is: 

	
P A AA= ∗ ∗( )( )( )sqrt .

	

Thus, the program we want to evolve for Kepler’s third Law is represented by the 
tree structure of Fig. 6.5. The selection of the set of terminal symbols in this exam-
ple is simple; it is the single real value given by A. The set of functions could be 
equally simple, say {+, −, *, /, sq., sqrt}.

We begin with a random population of programs. This population might include: 

	
∗ − ∗( )( )( )( ) =A A A Asqrt , .with fitness 1

	

Fig. 6.5  The target 
program for relating the 
orbit P to the period for 
Kepler’s Third Law. A is 
the average distance of the 
planet from the sun. Figure 
adapted from Mitchell 
(1996)
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/ / / / , .A AA AA( )( )( )( ) =with fitness 3

	

	
+ ∗( )( )( ) =A A Asqrt , .with fitness 0

	

As noted earlier in this section, the initial population often has a priori limits, 
both of size and search depth, given knowledge of the problem. These three exam-
ples are represented with the program trees of Fig. 6.6.

Next, we determine a suite of tests for the population of programs. Suppose we 
know some planetary data we want our evolved program to explain. For example, 
we have the planetary data in Table 6.1, taken from Urey (1982), which gives a set 
of data points that the evolving programs must explain.

Since the fitness measure is a function of the data points of Table 6.1, we will 
define fitness as the number of results from running each program that come within 
20% of these correct values. We used this definition to create the fitness measures 
for the three programs of Fig. 6.6. It remains for the reader to create more members 
of this initial population, to build crossover and mutation operators that can produce 
further generations of programs, and to determine termination conditions.

Fig. 6.6  Members of the initial set of random programs generated to solve the orbital/period 
problem. Figure adapted from Mitchell (1996)
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6.3  �Artificial Life: The Emergence of Complexity

Section 6.2 presented genetic algorithms and programming, one research direction 
that grew out of John von Neumann’s 1940s work in cellular automata, Sect. 6.1. A 
second major result of von Neumann’s effort is artificial life or a-life.

Artificial life programs demonstrate the emergence of “life forms” changing over 
time. The success of these programs is not shaped by a priori fitness functions, as 
seen in genetic algorithms and programs, but rather by the simple fact that they can 
survive and replicate. There is an inductive bias implicit in the design of the autom-
ata that supports a-life programs, but their success is their replication and endurance 
over time. On the darker side, we have all experienced the legacy of a-life in com-
puter viruses and worms that are able to work their way into foreign hosts, replicate 
themselves, often destroying information in memory, and then move on to infect 
other hosts.

The Game of Life, often called Life, is not to be confused with Milton Bradley’s 
board game, The Game of Life, created and patented in the 1860s. The computa-
tional Game of Life was originally created by the mathematician John Horton 
Conway and introduced to the larger community by Martin Gardner (1970, 1971) in 
Scientific American.

In the computational game, the birth, survival, or death of individuals is a func-
tion of their own state and the states of their near neighbors. Typically, a small 
number of rules, usually three or four, are sufficient to define the game. Despite this 
simplicity, experiments with the game have shown it to be capable of evolving struc-
tures of extraordinary complexity and ability, including self-replicating, multi-
cellular “organisms” (Poundstone 1985).

The Game of Life is most effectively demonstrated in computational visual sim-
ulations (url 6.1) with succeeding generations rapidly changing and evolving on a 
screen display. The Game of Life and von Neumann’s automata of Sect. 6.1 are 
examples of a model of computation called the finite-state machine or cellular 
automaton. Cellular automata exhibit interesting and emergent behaviors through 

Table 6.1  A set of observed 
planetary data, adapted from 
Urey (1982), used to 
determine the fitness of each 
evolved program 

Planet A (input) P (output)
Venus 0.72 0.61
Earth 1.0 1.0
Mars 1.52 1.87

Jupiter 5.2 11.9
Saturn 9.53 29.4
Uranus 19.1 83.5

A is Earth’s semi-major axis of orbit 
and P, the length of time for an orbit, 
is in units of earth-years
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interactions within a population. We explain these next, but begin with a 
definition:

A finite state machine or cellular automaton is a connected graph consisting of 
three components, sets S and I, and a transition function F:

	1.	 A finite set of states, S = s1, s2, s3, ... sn, each part of the connected graph.
	2.	 A finite set of input signals, I = i1, i2, i3, ... im called the input alphabet.
	3.	 F is a state transition function that, for each input signal from the set I, takes a 

state of S to its next state in the connected graph.

Figure 6.7a presents an example of a simple two-state finite state machine, and 
Fig. 6.7b describes the transition rules for Fig. 6.7a. The transition rules are given 
by the rows of Fig. 6.7b. For example, the row to the right of s0 says, when the pres-
ent state is s0 and 0 is the input signal, then s0 remains as s0. If 1 is the input, then 
s0 transitions to state s1. Thus any “next state” of the finite state machine of Fig. 6.7 
is the result of its present state and the input values for that state.

The cellular automata for artificial life, as we see next in Sect. 6.3.1, can be seen 
as a two-dimensional grid of states. Each state will receive its input signal at every 
discrete period of time, and so every state will be acting in parallel. The input to 
each state is a function of the value of the current state and all its “neighbors.” Thus, 
a state at time (t + 1) is a function of its present state and the state of its neighbors 
at time t. It is through these interactions with neighbors that collections of cellular 
automata achieve much richer behaviors than simple finite state machines. Because 
the next state for all states of the system is a function of its neighboring states, we 
can consider these state machines as examples of society-based adaptation.

For the societies described in this section, there is no explicit evaluation of the 
fitness of individual members. Survival results from interactions within the popula-
tion. Fitness is implicit in the survival of individuals from generation to generation. 
As occurs in natural evolution, adaptation is shaped by the actions of other co-
evolving members of the population.

A global or society-oriented viewpoint also supports an important perspective on 
learning: We no longer need to focus exclusively on the individual as learning but 
rather can see invariances and regularities emerging from within the society as a 
whole. This is an important aspect of the Crutchfield and Mitchell research (1995).

Finally, unlike supervised learning, evolution is not teleological or goal oriented. 
That is, the society of agents needn’t be seen as “going somewhere,” e.g., to some 
omega point (de Chardin 1955). There is supervised learning when using the explicit 
fitness measures of genetic algorithms and programs. But as Stephen Jay Gould 

Fig. 6.7  A connected 
graph representing a finite 
state machine. (a) Is the 
graph and (b) is the 
transition rules for (a)
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(1977, 1996) points out, evolution need not be viewed as making things “better,” 
rather it just favors survival. The only success is continued existence, and the pat-
terns that emerge are the patterns of an interacting society.

6.3.1  �Artificial Life

Consider the simple, potentially infinite, two-dimensional grid or game board of 
Fig. 6.8. Here one square, in black, is “alive,” having state value 1, with its eight 
neighbors indicated by gray shading. The four shaded states that share a boundary 
line with the black, alive state, are the direct neighbors. The board is transformed 
over time periods, where the state of each square at time t + 1 is a function of its 
own state value and the state values of its neighbors at time t.

Figure 6.9 describes an a-life example of a “blinking light.” Three simple rules 
drive evolution in this example: First, if any square, alive or not, has exactly three of 
its neighbors alive, it will survive at the next time period. Second, if any square has 
exactly two of its direct neighbors alive, it will survive in the next time period. 
Finally, for all other situations, the square will not be alive at the next time period. 
One interpretation of these rules is that, for each generation, life at any location is a 
result of its own situation as well as that of its neighbors during the previous genera-
tion. Specifically, at any time period, too dense a population of surrounding neigh-
bors, more than three, or too sparse a neighboring population, less than two, will not 
support life for the next generation.

Consider, as an example, the state of life for Fig. 6.9a. Here, two squares, indi-
cated by an x, have exactly three occupied neighbors. At the next life cycle, Fig. 6.8b 
will be produced. Here again there are two squares, indicated by y, with exactly 
three occupied neighbors. It can be seen that the state of the world will cycle back 
and forth between Fig. 6.9a, and Fig. 6.9b. Using the same transition rules as applied 

Fig. 6.8  The shaded 
region indicates the set of 
neighbors for the dark 
region in the Game of Life. 
The four neighbors sharing 
a boundary are the “direct” 
neighbors 

6.3  Artificial Life: The Emergence of Complexity



160

in Fig. 6.9, the reader can determine what the next states will be for Figs. 6.10a and 
b and can examine other possible “world” configurations.

One tool for understanding possible worlds is to simulate and analyze society-
based movement and interaction effects. We have several examples of this, includ-
ing the sequence of time cycles demonstrated in Fig. 6.11 that implements a glider. 
In five time steps, the glider sweeps across the game space as it cycles through a 
small number of patterns. Its action is simple as it moves to a new location one row 
further to the right and one row below on the grid.

Because of their ability to produce rich collective behaviors through the interac-
tions of simple cells, cellular automata have proven a powerful tool for studying the 
mathematics of the emergence of life from simple, inanimate components. Artificial 
life is defined as life made by human effort rather than by nature. As can be seen in 
the examples, artificial life has a strong “bottom-up” flavor; that is, the atoms of a 
life system are defined and assembled, and their physical interactions “emerge.” 
Regularities of this life form are captured by the rules of the finite state machine.

In the game of life, entities such as the glider persist until interacting with other 
members of their society. The result can be difficult to understand and predict. For 
example, in Fig. 6.12, two gliders emerge and engage. After four time periods, the 
glider moving down and to the left is “consumed” by the other glider. It is interest-
ing to note that our ontological descriptions, our use of terms such as “entity,” 
“blinking light,” “glider,” “consumed,” reflects our own anthropocentric biases on 
viewing life’s forms and interactions, whether artificial or not. It is very human, and 
expected of us, to give names to regularities that emerge within our social struc-
tures, as pointed out by William James (1902) and other pragmatists.

The “Game of Life” is an intuitive, highly descriptive example of cellular 
automata.

a. b.

X

X
Y Y

Fig. 6.9  A set of a-life 
neighbors that generate the 
“blinking light”

a. b.

Fig. 6.10  What happens to 
these a-life patterns at their 
next state when using the 
same next state rules as 
used with the “blinking 
light” of Fig. 6.9?
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Although we have presented the fundamentals of this technology, our visualiza-
tions of active parallel cellular automata are minimal! Computer-based simulations 
are best for appreciating the evolution and complexity of a-life forms (url 6.1). We 
next extend our discussion of cellular automata by discussing alternative perspec-
tives that have grown from the a-life tradition.

6.3.2  �Contemporary Approaches to A-Life

To conclude Sect. 6.3, we mention several research domains that use the technology 
of evolutionary computation to extend our understanding of ourselves and the 
world. The topics we mention are a small subset of the research in evolutionary 
computation. The a-life community has regular conferences and journals reflecting 
this diversity (Langton 1995).

�Synthetic Biological Models of Evolution

An important challenge for artificial life is to simulate the conditions of biological 
evolution itself through the interactions of finite state machines, defined by sets of 
states and transition rules. These automata are able to accept information from out-
side themselves, in particular from their closest neighbors. Their transition rules 
include instructions for birth, continuing in life, and dying. When a population of 
such automata is set loose in a domain and allowed to act as parallel asynchronous 
cooperating agents, we sometimes witness the evolution of seemingly independent 
“life forms.”

time 0 time 1 time 2 time 3 time 4

Fig. 6.11  A “glider” moves across the display

time 0 time 4time 3time 2time 1

Fig. 6.12  A “glider” is “consumed” by another entity
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One definition of synthetic biology is “An emerging discipline that uses engi-
neering principles to design and assemble biological components” (Wellhausen and 
Oye 2007). Applications of computational biology include building living cell 
structures that can perform analog and digital computing (Purcell and Lu 2014). 
One task for these computers is to control the transcription of synthetic DNA. Another 
task would be to act as biosensors, able to report the presence of heavy metals or 
toxins within a living organism. Other tasks for synthetic biology include building 
gene circuits, designing synthetic proteins, and perhaps even artificial living cells.

On a larger scale, the determined effort of many biologists and engineers is to fill 
in the gaps in knowledge of our actual evolution; there is continued speculation 
about rerunning the story of evolution itself. What might have happened if evolution 
began with different initial conditions? What if there were alternative intervening 
“accidents” within our physical and biological surroundings? What might have 
emerged? What would remain constant? The biological path that actually did occur 
on earth is one of many possible trajectories. These questions might be addressed if 
we could generate some of the different biological systems that might be possible.

How can a-life constructs be used in biology? For example, the set of living enti-
ties provided by nature, as complex and diverse as they may be, are dominated by 
accident and historical contingency. We trust that there are logical regularities at 
work in the creation of this set, but there need not be, and it is unlikely that we will 
discover many of the total possible regularities when we restrict our view to the set 
of biological entities that nature actually provides. It is critical to explore the full set 
of possible biological regularities, some of which may have been eliminated by 
historical or evolutionary accident. We can always wonder what the present world 
would be like had not the dinosaurs’ existence been peremptorily terminated. To 
have a theory of the actual, it is necessary to understand the limits of the possible.

�Artificial Chemistry

A-life technology is not just an artifact of computational or biological domains. 
Research scientists from areas as diverse as chemistry and pharmacology build syn-
thetic artifacts, many related to the knowledge of actual entities existing in our 
world. For example, in the field of chemistry, research into the constitution of matter 
and the many compounds that nature provide has led to the analysis of these com-
pounds, their constituent pieces, and their bonds.

This analysis and recombination have led to the creation of numerous com-
pounds that do not exist naturally. Our knowledge of the building blocks of nature 
has led us to our own synthetic versions, putting components of reality together in 
new and different patterns. It is through this careful analysis of natural chemical 
compounds that we come to some understanding of the set of possible compounds.

In a survey of work in artificial chemistry, Dittrich et al. (2001) describe research 
activities in three domains: modeling, information processing, and optimization. In 
modeling, the working hypothesis is that biotic phenomena can be described through 
the use of complex combinations of many interacting components. From this 
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viewpoint, living organisms have certain properties not because their components 
have these properties, but their overall functioning emerges through the organiza-
tion of these constituent components. Local interactions, under simple effective 
rules, produce global behavior. Dittrich et al. (2001) conjecture that models should 
lead to an explanation of the growth of evolutionary systems as well as support for 
the investigation of the theoretical conditions enabling the origin and evolution 
of life.

In the area of information processing, the computation properties supporting 
chemical systems are explored. For example, chemical reaction networks support 
the movement of bacteria. Other chemical properties support neuron growth within 
the development of the human brain. Actual chemical computing, it is conjectured, 
supports most aspects of both normal human growth as well as the creation of dis-
ease states. In optimization, artificial chemical systems search for solutions in com-
plex problem applications. Optimization search, actualized as artificial chemical 
systems, employs many of the evolutionary algorithms seen earlier in this chapter.

�Other Abstract Machines and Evolutionary Computation

The first and most noteworthy approach to evolutionary computing was John von 
Neumann’s construction universal machine, described in Sect. 6.1. von Neumann’s 
machine was created as a theoretical construct and only programmed on a computer 
in the 1990s. von Neumann’s machine was also proven to be able to compute any 
task that we currently know as computable.

Since von Neumann, a number of computer scientists, anthropologists, chemists, 
philosophers, and others have continued in this tradition. This is a natural expecta-
tion, since, in theory, the process of evolution is not restricted to taking place on 
earth or with a carbon basis. We briefly describe several of these efforts:

	1.	 Tierra. Tom Ray (1991) describes Tierra programming as “virtual computing 
with a Darwinian operating system.” Tierra’s architecture is designed so that 
machine codes are evolvable. The machine code can be mutated, by flipping bits 
at random, and recombined by swapping segments of code. The operating sys-
tem tracks the interactions that take place between individuals and maintains a 
“genebank” of successful, that is, surviving, genomes. Tierra’s different 
genotypes compete for CPU time, their energy resource, and for memory space, 
their material resource.

	2.	 Avida. Chris Adami and Titus Brown (1994) have created a Tierra-inspired arti-
ficial life system with local interactions in two-dimensional geometry. Avida is 
based on mechanisms similar to that of two-dimensional cellular automata. The 
special geometry is intended to support diversity and thus improve adaptation. 
Cells are bred with simple computing abilities. This computation supports adap-
tation’s relationships with mutation rate and with population size.

	3.	 Ulam. David and Elena Ackley (2016) describe Ulam as a programming lan-
guage designed to work on hardware where deterministic execution is not guar-
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anteed. Ulam’s programs are organized less like traditional algorithms and more 
like living processes using reproduction, swarming, growth, and healing. Ulam’s 
primary task is to provide a framework for envisioning, expressing, and reason-
ing about physically realizable dynamic behavior.

	4.	 OOCC. Inspired by the work of Fontana and Buss (1996) who built an artificial 
chemistry-based lambda-calculus, Lance Williams (2016) demonstrates parallel 
distributed spatially embedded self-replicating programs that resemble living 
cells. Williams uses compositional devices borrowed from the field of program-
ming languages as the basis for new artificial chemistry called Object-Oriented 
Combinator Chemistry. From object-oriented programming languages, Williams 
borrows the idea of association of programs with the data they act on and encap-
sulation of one object inside another (Paun 1998). From functional programming 
languages, he borrows the idea of combinators returning monadic types (Wadler 
1990). These combinators function as the building blocks of computer programs 
that mediate the behavior of computational elements. The result produces living 
processes that are similar to those described by Ackley and Ackley (2016) 
in Ulam.

Concluding this subsection, we offer several comments on the various forms of 
a-life presented. First, no evolutionary computation research to date has suggested 
how life itself might begin. Second, there is no demonstration of how, with increased 
complexity, new species might emerge. Finally, the question remains whether a-life 
computation is limited by our current understanding of what is computable.

�Psychological and Sociological Foundations for Life and Intelligence

The combination of a distributed, agent-based architecture and the adaptive pres-
sures of natural selection is a powerful model of the origins and operations of the 
mind. Evolutionary psychologists (Cosmides and Tooby 1992, 1994; Barkow et al. 
1992) have provided models of how natural selection has shaped the development 
of the innate structure and biases in the human mind. The basis of evolutionary 
psychology is a view of the mind as modular and as a system of interacting, highly 
specialized agent processors.

There is increasing evidence that human minds are highly modular. Fodor (1983) 
offers a philosophical argument for the modular structure of the mind. Minsky 
(1985) explores the ramifications of modular theories for human and artificial intel-
ligence. A modular architecture is important to theories of the evolution of the mind. 
It would be difficult to imagine how evolution could shape a single system as com-
plex as a mind. It is, however, plausible that evolution, working over millions of 
years, could successively shape individual, specialized cognitive skills. As evolu-
tion of the brain continues, it could also work on combinations of modules, forming 
the mechanisms that enable modules to interact, to share information, and to coop-
erate to perform increasingly complex cognitive tasks (Mithen 1996).
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Theories of neuronal selection (Edelman 1992) show how these same processes 
can account for the adaptation of the individual neural system. Neural Darwinism 
models the adaptation of neural systems in Darwinian terms: the strengthening of 
particular circuits in the brain and the weakening of others is a process of selection 
in response to the world. Learning requires the extraction of information from train-
ing data and using that information to build models of the world. Theories of neuro-
nal selection examine the effect of selective pressures on populations of neurons and 
their interactions. Edelman (1992, p. 81) states:

In considering brain science as a science of recognition I am implying that recognition is 
not an instructive process. No direct information transfer occurs, just as none occurs in 
evolutionary or immune processes. Instead, recognition is selective.

Collaborative agent components offer models of social cooperation as well. 
Using such approaches, economists have constructed informative, if not completely 
predictive, models of economic markets. Agent technologies have an increasing 
influence on the design of distributed computing systems, the construction of 
Internet search tools, and the implementation of cooperative work environments.

Modular collaborating processors have also exerted influence on theories of con-
sciousness. For example, Daniel Dennett (1991, 1995, 2006) has based an account 
of the function and structure of consciousness as an agent-based architecture of 
mind. He begins by arguing that it is incorrect to ask where consciousness is located 
in the mind/brain. Instead, his multiple draft theory of consciousness focuses on the 
role of consciousness in the interactions of different components within a distrib-
uted mental architecture.

In the course of perception, motor control, problem-solving, learning, and other 
mental activities, we form coalitions of interacting processes. These coalitions are 
highly dynamic and change in response to the needs of different situations. 
Consciousness, for Dennett, serves as a binding mechanism for these coalitions, 
supporting agent interaction and raising critical coalitions of agents to the fore-
ground of cognitive processing.

This chapter concludes with a discussion of the epistemic constraints of evolu-
tionary computation as well as some summary thoughts on Part II.

6.4  �Evolutionary Computation and Intelligence: 
Epistemic Issues

Genetic and emergent models of computation offer one of the most exciting 
approaches to understanding both human and artificial intelligence. These systems 
demonstrate that globally intelligent behavior can arise from the cooperation of 
large numbers of restricted, independent, and individual agents. Genetic and emer-
gent theories view complex results through the interrelationships of societies of 
relatively simple structures.
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John Holland (1995) offers an example of the emergence of a complex solution. 
By what mechanisms, Holland asks, is a large city such as New York supplied with 
bread each day? The fact that the city has adequate quantities of bread demonstrates 
the fundamental processes underlying the emergence of intelligence in an agent-
based system. It is unlikely that anyone could write a centralized planning program 
that would successfully supply New Yorkers with the rich variety of bread to which 
they are accustomed. Indeed, several unfortunate experiments with central planning 
have revealed the limitations of such approaches.

However, without a centralized planning algorithm that keeps New Yorkers sup-
plied with bread, the loosely coordinated efforts of the city’s many bakers, truckers, 
suppliers of raw materials, as well as its retailers and consumers solve the problem 
quite well. Again, as in all agent-based emergent systems, there is no central plan. 
No one baker has more than a very limited knowledge of what the city’s bread 
requirements might be. Each baker simply tries to optimize his or her own business 
opportunities. The solution to the global problem emerges from the collective activ-
ities of these independent and local agents.

By demonstrating how highly goal-directed, robust, nearly optimal behaviors 
can arise from the interactions of local individual agents, these models provide yet 
another answer to the old philosophical questions of the origins of mind. The central 
lesson of emergent approaches to intelligence is that full intelligence can and does 
arise from the interactions of many simple, individual, local, and embodied agent 
intelligence, as Minsky (1985) suggested in his book Society of Mind.

Another major feature of emergent models is their reliance on Darwinian selec-
tion as the basic mechanism that shapes the behavior of individuals. In the bakery 
example, it seems that each individual baker does not behave in a manner that is, in 
some sense, globally optimal. The source of their optimality is not of a central 
design; it is the simple fact that bakers who do a poor job of satisfying the needs of 
their local customers generally fail. It is through the tireless, persistent operations of 
these selective pressures that individual bakers arrive at the behaviors that lead to 
their individual survival as well as to a useful emergent collective behavior that, 
each day, supplies the bread needs of the city.

An important source of the power of evolutionary computation is the implicit 
parallelism inherent in evolutionary operators. In comparison with state-space 
search and an ordering algorithm for considering next states, search moves in paral-
lel, operating on entire families of potential solutions. By restricting the reproduc-
tion of weaker candidates, genetic algorithms may not only eliminate that solution 
but all of its descendants. For example, the string, 101#0##1, if broken at its mid-
point, can parent a whole family of strings of the form 101#____. If the parent is 
found to be unfit, its elimination can also remove all of these potential offspring and 
perhaps, the possibility of a solution as well. As seen in Fig. 6.12, two shapes that 
artificial life created in parallel can then interact and change each other.

Algorithms for evolutionary computation are now widely used in both applied 
problem-solving and in scientific modeling. There remains, however, interest in 
understanding their theoretical foundations, the practical implications of their 
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evolving forms, and the limits of their productive possibilities. Several questions 
that naturally arise include:

	1.	 How are the beginning forms for evolutionary computation created? Where do 
these entities come from?

	2.	 What does it mean for an evolutionary computational algorithm to perform well 
or poorly for a fixed problem type? Is there any mathematical or empirical under-
standing of its strengths and/or constraints?

	3.	 Is there any way to describe the differential effects of different genetic operators: 
crossover, mutation, inversion, etc., over time?

	4.	 Using finite state machines, what is the relationship between the choices, or 
inductive biases, implicit in building the automaton and what it is possible for the 
automaton to produce?

	5.	 Under what circumstances, i.e., what problems and what genetic operators, will 
genetic algorithms or artificial life technology perform better than traditional 
symbol-based or connectionist AI search methods? Aren’t all these computa-
tional tools within the limits of what is currently known to be computable?

	6.	 The inability of emergent computation to produce new species or categorically 
new skills, such as language use, is a very sober reminder that we have much to 
learn about the forces of evolution.

Agent-based and emergent approaches to computation have opened up a number 
of problems that must be solved if their promise is to be realized. As just noted, we 
have yet to fill in all the steps that have enabled the evolution of higher level cogni-
tive abilities such as language. Like paleontologists’ efforts to reconstruct the evolu-
tion of species, tracing the development of these higher level skills will take 
additional detailed work. We must both enumerate the processing modules that 
underlie the architecture of mind as well as trace their continuing evolution 
across time.

Another problem for agent-based theories is explaining the interactions between 
modules. Minds exhibit extensive, highly fluid interactions between cognitive 
domains: We can talk about things we see, indicating an interaction between visual 
and linguistic modules. We can construct buildings that enable a specific social pur-
pose, indicating an interaction between technical and social intelligence. Poets can 
construct tactile metaphors for visual scenes, indicating a fluid interaction between 
visual and tactile modules. Defining the representations and processes that enable 
these inter-module interactions is an active area of research (Karmiloff-Smith 1992; 
Mithen 1996; Lakoff and Johnson 1999).

Practical applications of agent-based technologies are also increasingly impor-
tant. Using computer simulations, it is possible to model complex systems that have 
no closed-form mathematical description and were heretofore impossible to study 
in this detail. Simulation-based techniques have been applied to a range of phenom-
ena, such as the adaptation of the human immune system and the control of complex 
processes, including particle beam accelerators, Klein et al. (2000) and see Sect. 
8.4, the behavior of global currency markets, and the study of weather systems. The 
representational and computational issues that must be solved to implement such 
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simulations continue to drive research in knowledge representations, algorithms, 
and even the design of computer hardware.

Further practical problems that agent architectures must deal with include proto-
cols for interagent communication, especially when local agents often have limited 
knowledge of the problem at large or indeed of what knowledge other agents might 
already possess. Furthermore, few algorithms exist for the decomposition of larger 
problems into coherent agent-oriented subproblems, or indeed how limited resources 
might be distributed among agents.

Perhaps the most exciting aspect of emergent theories of mind is their potential 
for placing mental activities within a unified model of the emergence of order from 
chaos. Even the brief overview provided in this section has cited work using emer-
gent theories to model a range of processes, from the evolution of the brain over 
time, to the forces that enable learning in individuals, and to the construction of 
economic and social models of behavior.

There is something extraordinarily appealing in the notion that the processes of 
emergent order, as shaped by forms of Darwinian evolution, can explain intelligent 
behavior at a variety of resolutions. Evolution has structured the interactions of 
individual neurons, the shaping of the modular structure of the brain, and the func-
tioning of economic markets and social systems.

6.5  �Some Summary Thoughts on Part II: Chaps. 4, 5, and 6

We conclude this chapter, and the middle third of this book, with some general 
thoughts on the artificial intelligence representations and search strategies just pre-
sented. We present two epistemic issues next, the rationalist’s inductive bias and the 
empiricist’s dilemma. These a priori assumptions are especially relevant in the con-
text of understanding the program designers’ pragmatic goals in building intelligent 
software.

6.5.1  �Inductive Bias: The Rationalist’s a priori

The AI community’s approaches to intelligence described in the last three chapters 
reflect the a priori biases of their creators. The problem of inductive bias is that the 
resulting representations and search strategies offer a medium for encoding an 
already interpreted world. This bias rarely offers mechanisms for questioning our 
interpretations, generating new viewpoints, or for backtracking and changing spe-
cific perspectives when they prove unproductive. This implicit bias leads to the 
rationalist epistemological trap of seeing in the world exactly and only what we 
expect or are conditioned to see.

The role of inductive bias must be made explicit in each learning paradigm. 
Furthermore, just because no inductive bias is acknowledged, doesn’t mean it 
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doesn’t exist and critically affect the parameters of learning. In symbol-based learn-
ing, the inductive bias is often obvious, for example, using a particular search space 
for a robot controller or a specific set of rules to do medical diagnosis.

Many aspects of connectionist and genetic learning also assume an inductive 
bias. For instance, the limitations of perceptron networks led to the introduction of 
hidden nodes. We may well ask what contribution the structuring of the  hidden 
nodes make in solution generation. One way of understanding the role of hidden 
nodes is that they add dimensions to the representation space.

As a simple example, we saw in Sect. 5.2 that the data points for the exclusive-or 
problem could not be separated by a straight line in two dimensions. The learned 
weight on the hidden node provides another dimension to the representation. In 
three dimensions, the points are separable using a two-dimensional plane. Given the 
two dimensions of the input space and the hidden node, the output layer of this net-
work can then be seen as an ordinary perceptron that is discovering a plane that 
separates the points in a three-dimensioned space.

Even the generalizations that produce functions can be seen from many different 
viewpoints. Statistical techniques, for example, have for a long time been able to 
discover data correlations. Iterative expansion of the Taylor series can be used to 
approximate most functions. Polynomial approximation algorithms have been used 
for over a century to approximate functions for fitting data points.

To summarize, the commitments made within a learning scheme, whether 
symbol-based, connectionist, emergent, or stochastic, to a very large extent mediate 
the results we can expect from the problem-solving effort. When we appreciate this 
synergistic effect in the process of designing computational problem-solvers we can 
both improve our success as well as interpret our failures more insightfully.

6.5.2  �The Empiricist’s Dilemma

Current approaches to machine learning, especially supervised learning, also pos-
sess a dominant inductive bias. Unsupervised learning, including many of the 
genetic and evolutionary approaches seen in this chapter, has to grapple with the 
opposite problem, sometimes called the empiricist’s dilemma. Predominant themes 
of these research areas include the beliefs that solutions will emerge, alternatives are 
evolved, and populations reflect the survival of the fittest. This is powerful stuff, 
especially situated in the context of parallel and distributed search power. But there 
is a problem: How can we know we are someplace when we are not sure where we 
are going? How do we accomplish a task if we are not sure what that task is?

Nonetheless, there remains great excitement about unsupervised and evolution-
ary models of learning. For example, creating networks based on exemplars or 
energy minimization can be seen as fixed-point attractors or basins for complex 
relational invariances. We watch as data points “settle” toward attractors and are 
tempted to see these new architectures as tools for modeling dynamic phenomena. 
What, we might ask, are the limits of computation in these paradigms?
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What is it then, that supervised, unsupervised, or hybrid learners, whether sym-
bolic, connectionist, genetic, or evolving finite state machines, can offer?

	1.	 One of the most attractive features of connectionist learning is that most models 
are data- or example-driven. That is, although their architectures are explicitly 
designed, they learn by example, generalizing from data in a particular problem 
domain. But the question still arises as to whether the data are sufficient or clean 
enough not to perturb the solution process. What are the roles of meta-parameters, 
such as the number and size of hidden layers and the learning constant, in net-
work learning?

	2.	 Genetic algorithms also support a powerful and flexible search of a problem 
space. Genetic search is driven both by the diversity enforced by mutation and by 
operators such as crossover and inversion, that preserve important aspects of 
parental information for succeeding generations. How can the program designer 
understand this diversity/preservation trade-off?

	3.	 Genetic algorithms and connectionist architectures may be viewed as instances 
of parallel and asynchronous processing. Do they indeed provide results through 
parallel asynchronous effort not possible with explicit sequential 
programming?

	4.	 Although the neural and/or sociological inspiration is not important for many 
modern practitioners of connectionist and genetic and emergent computation, 
these techniques do reflect many important aspects of natural evolution and 
selection. We saw in Chap. 5 models for error reduction learning with percep-
tron, backpropagation, and Hebbian models.

	5.	 Finally, all learning paradigms are tools for empirical enquiry. As we capture 
many of the invariants of our world, are our tools sufficiently expressive to ask 
further questions related to perception, understanding, and learning? How do 
they address the generalization problem seen in Sect. 4.3.2?

We continue discussing many of these themes in the final chapters.

6.6  �In Summary

The focus of this chapter was to present genetic and emergent computational mod-
els and algorithms for understanding the world. We considered genetic algorithms 
and programming, artificial life, and evolutionary programming techniques for rep-
resenting intelligent behavior. Section 6.5 discussed many of the strengths and limi-
tations of the symbolic, connectionist, and emergent approaches to computation-based 
problem-solving.

With this chapter, we finish the middle section of the book where we described 
and gave very simple examples of the symbol-based, connectionist, and emergent 
models of computation. Our goal with each approach was to demonstrate programs 
and to discuss the epistemic assumptions that both supported their successes as well 
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as limited their possible uses within the AI agenda. Of necessity, our presentation 
covered only a limited sample of these technologies.

In the final three chapters, we propose that a constructivist epistemology, cou-
pled with the stochastic experimental methods of modern science, offers the tools 
and techniques for continuing the exploration of a science of intelligent systems as 
well as affording us the ability to articulate a foundation for a modern 
epistemology.

Further Thoughts and Readings  The Bibliography offers full reference informa-
tion for the following reading suggestions.

There are several introductory readings on genetic algorithms and artificial life:

Holland (1995), Hidden Order: How Adaptation Builds Complexity.
Mitchell (1996), An Introduction to Genetic Algorithms.
�Koza (1994), Genetic Programming: On the Programming of Computers by Means of 
Natural Selection.
Gardner (1970, 1971), Mathematical Games.
�Luger (2009a). Artificial Intelligence: Structures and Strategies for Complex Problem 
Solving, Part IV.

Several classic readings the discussion on the constitution of the human mind:

Edelman (1992), Bright Air, Brilliant Fire: On the Matter of the Mind.
Fodor (1983), The Modularity of Mind.
Haugeland (1997), Mind Design: Philosophy, Psychology, Artificial Intelligence.
Minsky (1985), The Society of Mind.
Mithen (1996), The Prehistory of the Mind.

I am indebted to Prof. Lance Williams for comments on this chapter. The figures 
exemplifying genetic programming were adapted from Koza (1994). The artificial 
life examples were adapted from Luger (2009a).

Programming Ideas  The reader was offered several challenges in this chapter. 
One example is to use a programming language, or by hand, to work through the 
genetic programming discovery of Kepler’s Third Law, described in Sect. 6.2.3.

Follow the chapter’s references to obtain freely available computer code explor-
ing many of the topics and algorithms presented. Visualization is critical for appre-
ciating the complexities of evolutionary computation.

6.6  In Summary



Part III is the raison d’être for this book and also presents the fourth emphasis in 
current AI technology: probabilistic reasoning and dynamic modeling. In Chap. 7, a 
philosophical rapprochement is proposed between the different approaches AI has 
taken, which we describe as following  the rationalist, empiricist, and pragmatist 
philosophical traditions. Based on this constructivist synthesis, the chapter ends 
with a set of assumptions and follow-on conjectures that offer a basis for both cur-
rent AI research and modern epistemology.

Chapter 8 presents Bayes’ theorem along with a proof in a simple situation. The 
primary reason for introducing Bayes and the technology of Bayesian belief net-
works and hidden Markov models is to demonstrate a mathematics-based linkage 
between the a priori knowledge of the human subject and a posteriori information 
perceived at any particular time. We see this cognitive quest for equilibrium as a 
foundation for a modern epistemology. The final half of Chap. 8 describes a number 
of programs, supported by the Bayesian tradition, that capture and display these 
epistemic insights.

Chapter 9 summarizes our project and describes building and adapting models of 
the world through active exploration in the world. We describe the promising future 
of AI as it continues to use the scientific tradition to expand its horizons, explore our 
evolving environment, and build intelligent artifacts. We consider the neo-pragmatist 
thinking of Wittgenstein, Putnam, Kuhn, and Rorty, and insights from cognitive 
neuroscience that explore the nature of knowledge, meaning, and truth. We con-
clude with a critique of postmodern relativism and propose the epistemic stance we 
call an active, pragmatic, model-revising realism.

Part III
Toward an Active, Pragmatic, Model-

Revising Realism
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Chapter 7
A Constructivist Rapprochement 
and an Epistemic Stance

Theories are like nets: he who casts, captures…
—L. WITTGENSTEIN (quoting the poet Novalis)

The essential quality of a proof is to compel belief
—P. de FERMAT
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Part III has three chapters.  In Chap. 7, we propose a synthesis of the empiricist, 
rationalist, and pragmatist AI  worldviews  seen in Part II.  This synthesis is then 
reflected in a set of five assumptions that ground an epistemic stance. These assump-
tions support eight conjectures that together offer the components of a modern epis-
temology. In Chap. 8, we present Bayes’ theorem and probabilistic reasoning as 
sufficient examples of this synthesis. In Chap. 9, we offer several further AI exam-
ples and summarize our project, proposing an epistemology called an active, prag-
matic, model-revising realism.

7.1  �A Response to Empiricist, Rationalist, and Pragmatist AI

Computer programs, including those created by the AI community, are the product 
of human design. Program builders use computer language skills and a commitment 
to what is “real” in an application domain. Their goal is to produce programs that 
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are “good enough” to produce the desired solutions. This process often includes 
continued revision of the program itself as its designers come to better understand 
the problem.

The computer program itself offers a medium for appreciating this exploratory 
design challenge. We can critique a program’s use of symbols, associations of sym-
bols formed in data structures and networks. We can understand a program’s algo-
rithms and its embodiment of, and commitment to, a worldview. Allen Newell and 
Herbert A. Simon suggests exactly this in their Turing Award Lecture (1976):

Each new program that is built is an experiment. It poses a question to nature, and its behav-
ior offers clues to an answer. Neither machine nor programs are black boxes; they are arti-
facts that have been designed, both hardware and software, and we can open them up and 
look inside. We can relate their structure to their behavior, and we can draw many lessons 
from a single experiment.

Newell and Simon wrote their Turing Award address as symbol-based artificial 
intelligence was nearing its time of greatest influence. Throughout Chap. 4, we 
noted how programs using symbol-based technology are transparent, with their 
structure clearly related to their behavior. Examples included state-space search, 
game-playing, planning, and the expert systems technology.

As we noted in Sect. 5.4, researchers building deep learning programs, where 
neural networks with multiple hidden layers consider image classification, robotics, 
game playing, and other problem areas, continue to explore issues of transparency. 
We mentioned in Sect. 5.4 the importance of explanation, trust, and accountability 
from the human use viewpoint. Also critical from the program designer’s perspec-
tive is the ability to extend functionality, generalize results, and remove inappropri-
ate outcomes.

As examples of Newell and Simon’s structure–behavior relationship, the 
AlphaGo Zero (Silver et  al. 2017) and PRM-RL (Faust et  al. 2018) research at 
Google used a reinforcement learning structure to give transparency to solution path 
data. Micro-actions became integrated into coherent plans as the network searched 
the space of possible reward-based actions. Other research groups including 
Balestriero and Baraniuk (2018) and Wang et al. (2019) use affine spline operators 
in an attempt to capture the utility of hidden nodes in large networks. Research in 
networks for image classification explains and optimizes their results (van Noord 
and Postma 2016). Finally, as noted in Sect. 5.4, Riberio et al. (2016) created the 
LIME program that offers model-agnostic interpretations of results from any deep 
learning classifier.

In Chap. 6, we saw how evolutionary algorithms produced results through 
genetic operators. Each generation of possible solutions and the operators that pro-
duced them can be examined. In artificial life, the rules of the finite state machines 
produced specific observable results. The program’s structure–behavior relationship 
for evolutionary algorithms was specific and observable.

Although the search for more transparency and interpretability in deep learning net-
works a-life models continues as a research challenge, Newell and Simon’s description 
of the experimental nature of program building remains fundamentally correct. As a 
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result, we can, with confidence, continue to explore the ontological commitments and 
the epistemic stance of the AI program designers’ and builders’ world views.

We have found through the deconstruction of running programs that the purer 
forms of rationalism, although useful for conveying ideas that are indeed “clear and 
distinct,” often fail in situations of imprecision and uncertainty. The rationalists’ a 
priori assumptions are not always sufficient for addressing the complexity of evolv-
ing environments. Symbol grounding, or the concern of how abstract symbols can 
in important ways be “meaningful,” is also a challenge.

From the empiricist perspective, the association-based or behaviorist tradition 
has offered powerful tools for AI research. Example-driven learning can capture and 
classify relations in data that symbol-based AI programming often miss. But the 
empiricist perspective is not always appropriate for discovering higher level gener-
alizations and causal relationships between entities. The difficulty in clarification of 
the effects of an inductive bias implicit in connectionist and emergent computing 
can complicate their successes. Consequently, results are not always interpretable in 
the context of the networks that produce them, nor do they always support easy revi-
sions or extensions to new challenges.

A pragmatist viewpoint has been both a major asset and an underlying curse for 
AI. It is an asset in that it supports finding the “good enough” solution, where the 
“perfect” might be too costly or not attainable. It allows researchers to move for-
ward in their solution attempts even when there may be little mathematical or psy-
chological justification supporting their efforts. Finding processes that produce 
sufficiently successful results is a critical supporting philosophy for AI.

The curse of pragmatism is exactly what supports many of its benefits: How, 
precisely, does the “good enough” solution relate to the “ideal?” Without a mathe-
matical or psychological foundation, how can results be fully interpreted? How can 
different models be compared if research doesn’t have a definitive understanding of 
where it is heading, or for what “it works” actually implies?

We next motivate and then propose a foundation for a constructivist epistemol-
ogy. We see this epistemology both as a basis for continuing research and develop-
ment in artificial intelligence but even more as a sufficient model for our own human 
exploration, use of, and integration into our environment. In Chaps. 8 and 9 we 
present probabilistic models and reasoning. These examples demonstrate how 
actions in the world may be understood as agents, using their current knowledge and 
disposition, interpret and act on new information within an ever-evolving environ-
ment. Finally, we will see in Sect. 9.5 how this epistemic stance addresses the vari-
ous forms of skepticism noted in Chap. 2.

7.2  �The Constructivist Rapprochement

I contend that all human experiences are modulated by an expectation, a model if 
you will, that mediates between the agent and the so-called real perceived thing. 
Following Maturana and Verela (1987), human agents have no “direct access” to 
anything, including their own epistemic dialectic. Descartes’ (1637/1969) simple 
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stick-in-the-water example, where a stick standing in clear water and protruding 
above the water is seen as bent at the water’s surface, is one of many examples of 
arguments from illusion. The point of such arguments is that, with active explora-
tion driven by a practical purpose, such perceptions can be understood and inter-
preted according to their different contexts. Modern vision scientists’ analysis of 
perceptual data also demonstrates illusionary phenomena (Berlin and Kay 1999; 
Changizi et al. 2008; Brown 2011).

I view a constructivist epistemology as a rapprochement between the empiricist, 
rationalist, and pragmatist viewpoints. The constructivist hypothesizes that all 
human understanding is the result of an interaction between energy patterns in the 
world and mental categories imposed on the world by the perceiving subject. Kant, 
as discussed in Sect. 2.7, was an early proponent of human understanding being the 
interaction of mental categories and environment-based perceptions. Modern devel-
opmental psychologists also support this view (Piaget 1954, 1970; von Glasersfeld 
1978; Gopnik 2011a). Using Piaget’s terms, we humans assimilate external phe-
nomena according to our current understanding and accommodate our understand-
ing to phenomena that do not meet our prior expectations.

Constructivists have used the term schema to describe the a priori structure that 
mediates human’s experience of the world. The term schema is taken from the writ-
ing of the British psychologist Bartlett (1932), and its philosophical roots go back, 
as noted in Chap. 2, to Kant (1781/1964). From this viewpoint, observation is not 
passive and neutral but active and interpretative. There is also a pragmatic compo-
nent in human perception where, in a critical way, we are biased toward seeing what 
we need, want, and expect to see: what we are “looking for.” There are many current 
psychologists and philosophers that support and expand this pragmatic and goal-
based account of human perception (Glymour 2001; Gopnik et al. 2004; Gopnik 
2011a; Kushnir et al. 2010).

Perceived information, Kant’s a posteriori knowledge, rarely fits precisely into 
our preconceived and a priori schemata. From this tension to comprehend and act, 
the schema-based biases a subject uses to organize experience are strengthened, 
modified, or replaced. Attempts to accommodate in the context of unsuccessful 
interactions with the environment drive a process of cognitive equilibration. The 
constructivist epistemology is one of cognitive evolution and continuous model 
refinement. An important consequence of constructivism is that the interpretation of 
any perception-based situation involves the imposition of the observer’s unique 
concepts and categories on what is perceived. This constitutes an inductive bias.

When Piaget first proposed a constructivist approach to a child’s understanding 
of the world, he called it a genetic epistemology. When encountering new phenom-
ena, the lack of a comfortable fit of current schemata to the world “as it is” creates 
a cognitive tension. This tension drives a process of schema revision. Schema revi-
sion, Piaget’s accommodation, is the continued evolution of the agent’s understand-
ing towards equilibration.

I contend that schema revision and continued movement toward equilibration is 
a genetic predisposition of an agent for an accommodation to the constraints of self, 
society, and the world. Schema revision integrates these three forces and represents 
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an embodied predisposition for survival. Schema modification is both an a priori 
reflection of our genetics and an a posteriori function of society and the world. It 
reflects the embodiment of a survival-driven agent, of a being in space, time, and 
society.

There is a blending here of empiricist and rationalist traditions, mediated by the 
pragmatist requirement of agent survival. Because they are embodied, human agents 
cannot experience anything except that which first passes through their senses. As 
accommodating, humans survive through learning the general patterns implicit in 
sensory data. What is perceived is mediated by what is expected; what is expected 
is influenced by what is perceived: These two functions can only be understood in 
terms of each other. A Bayesian model-refinement representation, as presented in 
Chap. 8, offers an appropriate computational medium for integrating  the compo-
nents of this constructivist and model-revising epistemic stance.

We, as intelligent agents, are seldom consciously aware of the schemata that sup-
port our interactions with the world. The sources of bias and prejudice, both in sci-
ence and in society, are often based on our a priori schemata and expectations. 
These biases are constitutive of our equilibration with the world and are not usually 
an acknowledged component of our conscious mental life.

Interestingly enough, David Hume acknowledged this very dilemma in A Treatise 
on Human Nature (1739/1978) where he states:

All the sciences have a relation, greater or less, to human nature; and … however wide any 
of them may seem to run from it, they still return back by one passage or another. Even 
Mathematics, Natural Philosophy, and Natural Religion, are in some measure dependent on 
the science of MAN; since they lie under the cognizance of men and are judged of by their 
powers and faculties.

Further, we can ask why a constructivist epistemology might be useful in addressing 
the problem of understanding intelligence itself? How can an agent within an envi-
ronment understand its own understanding of that situation? I believe that a con-
structivist stance can also address this problem often called epistemological access.

For more than 150 years, there has been a struggle in both philosophy and psy-
chology between two factions: the logical positivist who proposes to infer mental 
phenomena from observable physical behavior and a more phenomenological 
approach that allows the use of first-person reporting to support understanding of 
cognitive phenomena. This factionalism exists because both modes of access require 
some form of model construction and inference.

In comparison to physical objects like chairs and doors, which often, naively, 
seem to be directly accessible, the mental states and dispositions of an agent seem 
to be particularly difficult to characterize. We contend that this dichotomy between 
direct access to physical phenomena and indirect access to mental phenomena is 
illusory. The constructivist analysis suggests that no experience of the external or 
the internal world is possible without the use of some model or schema for organiz-
ing that experience. In scientific enquiry, as well as in our normal human cognitive 
experiences, this implies that all access to phenomena is through exploration, 
approximation, and continued expectation refinement.
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I see five important components of this expectation-based model refinement. 
First, it is continuous and teleological or always working toward new goals and 
syntheses. Both philosophers and psychologists have pointed out the phenomenon 
of continuous active exploration even in very young children (Glymour 2001; 
Gopnik et  al. 2004; Gopnik 2011a, b). Second, new knowledge of the world is 
always encoded with the full emotional entailments of the survival-driven agent. 
Thus, learned knowledge always includes the fears, needs, satisfactions, and all 
other aspects of a learning agent’s survival and maturation.

Third, I contend that a sufficient encoding scheme for representing this complex 
information in agents are networks of multiple inheritance hierarchies. The inheri-
tance or association with multiple sources reflects how knowledge is embedded in 
emotion and other human survival energies, as just mentioned. Philosophers, includ-
ing Hume (1739/1978, 1748/1975), describe how knowledge is characterized as 
conditioned through experience-driven associations.

As pointed out in Chap. 5, psychologists including Collins and Quillian 
(1969) and Anderson and Bower (1973) demonstrate how semantic hierarchies 
are sufficient to account for aspects of human associative memory. Further, AI 
researchers, especially those involved in human information processing and lan-
guage understanding (Wilks 1972; Schank and Colby 1973; Stern and Luger 
1997), have suggested the use of multiple inheritance hierarchies as sufficient 
psycho/physical models for encoding knowledge, intention, meaning, and related 
actions.

The fourth component of expectation-based model refinement is that all 
knowledge of the world is best represented probabilistically. As just noted, we 
have no direct access to anything, so our perceptions of phenomena can be best 
seen as sampling from distributions of phenomena. New probabilistic relations 
are folded, or interpreted, into the present associational hierarchy described in 
point 3. As a result, learning is actively creating new probabilistic 
associations.

Finally, a form of the scientific method drives our understanding. We actively 
struggle to fit new perceptions into our current worldview, and when these do not 
fit, we continue our search for better integration. In Piaget’s terms, perception, as 
an accommodation of posterior information, moves the self towards equilibration. 
This accommodation, although the subject might not be fully aware of its 
expectation-revision process, is creative energy actively seeking stasis and 
equilibrium.

7.3  �Five Assumptions: A Foundation for an Epistemic Stance

In this section, we motivate the creation of assumptions intended to provide both 
a foundation and a communication language to support a science of epistemology. 
An assumption about phenomena is a statement taken without proof but supported 
by reflection and intuition. An assumption is a statement of “let’s assume that this 
is true.”
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In science, axioms and postulates are used to construct foundations for mathe-
matical systems. We take Hilbert’s (1902) position, where he makes no distinction 
between axioms and postulates. Hilbert uses the word axiom as a basis for his math-
ematical systems. Assumptions/axioms/postulates are, above all, pragmatic com-
mitments. They are about something: In our case, “assumptions” are about 
establishing a foundation for further reasoning in the arena of human knowledge.

It can be argued that the first set of assumptions that formed the basis of a math-
ematical system was that of Euclid. Euclid’s five axioms laid a foundation that still 
endures for traditional geometry, including Descartes’ algebraic geometry. It was 
necessary to revise these assumptions to describe and explain Einstein’s energy-
configured universe.

Consider Euclid’s first axiom/assumption that “it is possible to draw a straight 
line from any point to any other point.” This “draw a straight line” assumption 
entails some meaning for the notions of “straight,” “line,” as well as a meaning for 
“draw,” “point,” and “any other point.” These terms are mutually understood com-
ponents of purposeful human intention, understanding, communication, and even 
insight (Lonergan 1957). This action of understanding pragmatically affirms and 
accepts what is proposed as well as its implicit purpose.

Similarly, consider the first assumption we propose: “Survival is the motivation 
or driving force of all living agents.” It is assumed that “survival,” “motivation,” 
“living,” and “agent” are all understood and, when asserted together, and affirmed 
by individuals and society, establish a logical and useful basis for understanding 
what is real. In this sense, a system of assumptions is not “turtles, or definitions, all 
the way down” but is founded on the creation of a useful set of symbols and relation-
ships with their implied meanings. This act of a committed and purposeful insight 
or understanding answers the criteriological regress argument of Sextus Empiricus, 
the Greek skeptic mentioned in Sect. 2.2.

Ancient and medieval geometers questioned whether Euclid’s five-axiom set was 
necessary and sufficient to support all useful extensions of his geometry. Perhaps, 
they at one time thought, axiom five, the parallel lines axiom, could be deduced 
from the other four. In the nineteenth century, mathematicians, including Riemann, 
Gauss, Bolyai, and Lobachevsky, demonstrated that all five axioms were necessary. 
These mathematicians proposed new and different fifth axioms that, as a result, sup-
ported different, not Euclidean, realities.

Two of these geometries are important, the hyperbolic and the elliptic. In a 
hyperbolic geometry, an infinite number of lines pass through a point off a line l, 
and are parallel to, or do not cross, that line l. With an elliptic geometry, all lines 
through a point off line l intersect l. The development of non-Euclidian geometries 
offered an important medium for representing the new insights in the physics of the 
early twentieth century. For example, Einstein’s general theory of relativity describes 
space as not flat, or Euclidian, but as elliptically curved, or Riemannian, near areas 
where energy is present. Thus, Euclid’s fifth axiom was shown to be independent 
and could be purposely altered to capture relationships critical to the understanding 
of new realities, including modern physics.
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Given these revisions of Euclid’s original assumptions, it is interesting to ques-
tion how these assumptions themselves could be considered “wrong?” This very 
question is misguided, because, in themselves, assumptions or the axioms of sci-
ence are neither right nor wrong. They are either sufficient or not for describing 
aspects of a possible world. As we noted, a new formulation of assumptions was 
necessary to transition from a Newtonian to an Einsteinian understanding of the 
physical world.

A new language was also required to reflect the insights of Heisenberg’s (2000) 
probabilistic universe. The question to be asked about sets of assumptions is whether 
or not they are useful constructs as a language supporting the understanding of the 
phenomenal world. Finally, our set of assumptions suggests eight follow-on conjec-
tures that extend to an epistemic vision created for active consideration and possible 
affirmation.

7.4  �A Foundation for a Modern Epistemology

We now present the five assumptions, or suppositions, that support a worldview 
consistent with contemporary artificial intelligence technology and offer a basis for 
a modern epistemology.

Assumption 1  Survival is the motivation or driving force of all living humans.

The first assumption suggests that survival, either directly or indirectly, moti-
vates, underlies, and supports all individual human behavior. Individual humans 
may not always be aware of their source of motivation and continue their course of 
survival regardless of what they might “think” their motivations are. Behaviors such 
as eating and sex obviously support Assumption 1, and even leisure activities are an 
important component of a surviving ecosystem. Self-destructive behaviors, such as 
suicide, are the actions of unsuccessfully calibrated humans. We discuss this topic 
further in Sect. 9.5.

An alternative statement of Assumption 1 might replace survival with descrip-
tions supporting free energy or of entropy minimization (Friston 2009). Regardless 
of how survival is characterized, Assumption 1 offers a motivating epistemic force 
for each living human.

Assumption 2  Survival of society is essential for individual human survival.

Individuals and groups of cooperating agents both directly and indirectly under-
lie and support society’s survival. Individuals within societies need not be explicitly 
aware of their roles in this survival. This individual–society synergism is demon-
strated by, among many things, the fact that the normal human requires a lengthy 
time to reach maturity—about 25 years for full cortical growth. Thus, the presence 
and cooperation of other agents are essential. Obviously, agents need other agents 
to produce progeny.
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Assumption 3  Perception is the coupling of a perceiving human and a perceived 
stimulus.

The perceptual coupling phenomenon is not decomposable into constituent com-
ponents. In particular, for agent perception, there is no internal/external separation. 
There is simply the act of coupling itself. The notion of an internal or external 
“world,” and what these two different worlds might be, including the reification of 
qualia, is an arbitrary abstraction from the experience of perception. Assumption 3 
does not explain how the act of perception encodes signals in cortex. There are sev-
eral excellent theories on this including predictive coding, the free energy principle, 
and Bayesian models for brain function (von Helmholtz 1925; Rao and Ballard 
1999; Feldman and Friston 2010).

The act of perception, or agent-stimulus coupling, perturbs both the state of the 
agent and only approximates the perceived entity. As Heisenberg states in Physics 
and Philosophy (2000), “We have to remember that what we observe is not nature 
itself, but nature exposed to our method of questioning.” Thus, neither does the 
agent remain invariant across the act of perceptive coupling nor is the perceived 
stimulus a full reflection of the entity (see also Maturana and Varela 1987). There is 
no direct access to the essence, the being, of anything. For this and other reasons, 
we propose that the perception relationship is best described, measured, and under-
stood probabilistically. See Knill and Pouget (2004) The Bayesian Brain: The Role 
of Uncertainty in Neural Coding and Computation.

Assumption 4  Individual and collaborating humans create symbols/tokens to rep-
resent associated clusters of perceptions.

Eleanor Rosch (1978) claims that “Since no organism can cope with infinite 
diversity, one of the most basic functions of all organisms is the cutting up of the 
environment into classifications by which non-identical stimuli can be treated as 
equivalent…” Thus, agents make a purpose-driven commitment to specific symbol–
perception relations, e.g., denoting a class of perceived energy patterns as “red.”

This commitment to symbolic names is a function of the needs and goals of the 
agent and society. The “commitment to names” is an example of a pragmatist epis-
temic stance (James 1981, p. 114). The naming process also, and necessarily, leaves 
aspects of the perceived “object” unaccounted for. This “leftover” is called the 
empirical residue and often necessitates model revision, Conjecture 8.

There have been several interesting research projects from the cognitive and 
neuroscience traditions that conjecture how stimulus patterns are transduced to 
nerve and muscle activations within the human response system. These include 
McClelland and Rumelhart (1981), Rao and Ballard (1999), Hinton (2007), and 
Friston (2009).

Assumption 5  Assumption 4 is generalized when patterns of societies’ named per-
ceptions are further associated with symbols and patterns of symbols. These sys-
tems are called models.
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Assumption 5 is an extension and not independent of Assumption 4, where, 
recursively, symbols/tokens can be assigned to other sets of symbols. Thus, again, 
agents and society make purposeful commitments to relationships among sets of 
perception-linked symbols. The names of the relationships between symbols are 
often arbitrary, but the relationships are always utilitarian and purposeful, for exam-
ple, “creating” the set of integers or the square root of 2.

Given the imprecise relationships among perceptions, symbols, and sets of sym-
bols, or models, these are all best understood probabilistically. Bayes (1763), Pearl 
(2000), Knill and Pouget (2004), and others propose algebras, or languages, that 
reason with probabilistic relationships, see Conjecture 6 and Chaps. 8 and 9.

These five assumptions offer a foundation for understanding agents’ perceptions 
and the purposeful creation of symbols and structures of symbols or models. These 
assumptions also offer support for the following eight conjectures that make explicit 
a perspective on how intelligent agents perceive stimuli and interact in an ever-
evolving world.

Conjecture 1  All perception is purposeful.

Agent perception is a component of agent survival. Even agent dreams, reflec-
tion, and meditation are the attempted integration of perceptual information into 
long term, or more permanent memories to assist in the accommodation of new 
perceptions and survival; see also Clark (2015) and Friston (2009).

Conjecture 2  Symbols are created for practical use and thus are inherently 
purposeful.

The crux of Assumption 4 is that individuals and collaborating agents create 
symbols. Conjecture 1 asserts that all perception is purposeful, and therefore sym-
bols are purposeful. Symbols need not be verbal tokens. They can be written, ges-
tures, or even a pile of stones representing a number. Conjecture 2 asserts that, for 
agents, “things” represent “other things,” including and especially perceptions; see 
Clark (2013).

Conjecture 3  Systems of symbols, or models, reflect an agent’s commitment to per-
ceptions as well as to patterns and relationships between perceptions.

Conjecture 3 is supported by Conjecture 2 that symbols are created for purpose-
ful use and by Assumptions 4 and 5. Symbol systems, or models, do not exist inde-
pendent of use-based and agent-oriented interpretive contexts. Symbol systems are 
fundamentally about whatever aspects of reality they were designed to represent. 
This view is an important consequence of pragmatist thinking (James 1981). A 
problem with many modern computer-based representational systems is that they 
view symbols in the abstract and not for the purposes intended in their creation.

Conjecture 4  Both individuals and society commit themselves or have a survival-
based linkage to perception-based symbols and to symbol systems or models. The 
name for this commitment is for symbols and symbol systems to have “meaning” or 
to be “grounded.”
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Conjecture 4 is supported by Assumptions 2 and 5 as well as by Conjecture 3. 
Symbol systems are both individually and socially grounded, built by agreement, 
and used with a shared commitment. As a result, these systems form a communica-
tive medium, a language (Heisenberg 2000). This language is reflects the efforts of 
different communities sharing a common purpose, e.g., a particular science or reli-
gion. Thus, symbol systems are said to have meaning and be grounded both indi-
vidually and socially. This society-wide utilitarian focus does not change the fact 
that individual names for symbols and symbol systems are often arbitrary.

Conjecture 4 also suggests that there are many symbols that are only understood 
within the context of a particular knowledge system; these symbols include energy, 
entropy, correlation, causality, and diddy wa diddy, to name but a few. Agent com-
mitment to specific symbol systems and their associated purposes is called having 
knowledge of that system.

Conjecture 5  Both individual symbol–perception associations and symbol systems 
reflecting abstract relationships among symbols, or “knowledge,” are best charac-
terized probabilistically.

Conjecture 5 is supported by the fact that both individual symbol perception 
attributions, “this fire engine is red,” as well as patterns perceived in associations of 
perceptions, “the sun will rise tomorrow,” are best represented probabilistically as 
asserted by Assumption 3. Just as symbols are assigned to acts of perceptual cou-
pling, Assumption 4, systems of symbols may be assigned to perceived relation-
ships/associations between symbols, Assumption 5.

Mathematical systems, it can be conjectured, are born from regularities found 
within perceptual coupling-based symbol systems. For example, category theory is 
the study of mappings of abstract structured relationships with further abstract rela-
tionships (Awodey 2010). Mathematical systems generalize properties from the 
world of perception-based symbols and suggest how these systems might be inter-
preted. An example is the creation of non-Euclidian geometries long before Einstein 
showed how an elliptical geometry best captures the regularities of a curved space–
time–energy continuum.

Conjecture 6  Both agents and groups of agents make survival-based commitments 
to the symbols or knowledge systems of other agents or societies. The symbol 
describing this commitment of agents’ symbol or knowledge systems to another 
symbol or knowledge system is called an attribution of truth.

Conjecture 6 is supported by Assumptions 1 and 2, namely, that agent’s and 
society’s energies are focused on survival. The acknowledgment of energy related 
to an agent or society’s commitment to the utility of a particular symbol or a system 
of symbols supports the attribution of truth.

Truth represents a commitment to the ascribed relationship between different 
symbols and knowledge systems: These relationships can be between agent–agent, 
agent–society, or society–society symbol/knowledge systems. This affirmation of 
symbol correspondence can be as simple as agreeing that “this fire engine is red” or 
“this ice cream tastes good.” Of course, the correspondence can be as complex as 
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agreeing with the values and relationships of a country’s constitution or with the 
tenets of a religion’s set of values.

Individual agents and societies do not always share agreement on the meanings 
of perception-based symbols and/or symbol systems. Thus truth is the relationship 
between an agent’ s commitment to knowledge and another agent or society’s com-
mitment to that same piece of knowledge. Although all individual agent’s commit-
ments to creating knowledge are important, still each agent is ultimately represented 
within the distribution of a society’s commitment to that same knowledge.

Pilot said, “What is truth?” Well, truth is utilitarian, what an individual or a soci-
ety needs to make itself function. Is pi the ratio between the circumference and the 
diameter of a circle? The answer is “yes,” particularly for those needing this rela-
tionship to function as engineers or mathematicians. Humans, both individuals and 
groups, are willing to die for what they believe as truth, for example, the survival of 
their children or their society. Is there some “objective truth” beyond this? Perhaps 
none that we can know independently of our concepts and their relationships. There 
is further discussion of this neopragmatist notion of truth in Sect. 9.5.

Conjecture 7  Knowledge structures serve as fixed stochastic models when they are 
employed for purpose-based interpretations at any particular point in time.

Assumption 4 and Conjectures 2 and 3 support Conjecture 7. Knowledge sys-
tems are a collection of perception-related symbols and relationships. They can be 
seen as fixed for any particular point in time when they serve as a constituent of an 
interpretive context. By Assumption 4 and Conjecture 5, the “fixed” interpretive 
system is best understood probabilistically. Finally, and as already noted, knowl-
edge systems are primarily purposeful/utilitarian, and they can only be understood 
when deployed as a component of the act of interpretation.

The most important result of Conjecture 7 is that the agent and society use fixed 
probabilistic systems that mediate interpretation. When these interpretative sche-
mas occasionally fail to produce useful results, they must be revised. We discussed 
the Kantian and Piagetian modes of interpretation leading to equilibration in previ-
ous sections. We present more computational demonstrations of this phenomenon in 
Chaps. 8 and 9. The continuing movement of knowledge systems towards equilibra-
tion suggests a final conjecture.

Conjecture 8  Agents’ and societies’ knowledge systems are revised and reformu-
lated through a consistent and continuing model revision process.

Assumption 3, describing perceptual coupling, and Conjecture 1, that perception 
is purposive, both support Conjecture 8. The act of perception is never exhaustive, 
and there will always be aspects of the phenomena that are not captured in the act. 
As mentioned earlier, this remaining component of interpretation is called the 
empirical residue. Further, as agent’s and society’s purposes and needs change or 
are clarified, the currently used symbol systems are either reinforced or revised.

In physics, for example, when it was noticed that the mass of a particle increased 
as it was subjected to extreme acceleration, the symbol system afforded by 
Newtonian mechanics was no longer a sufficient model for explanation. Similarly, 
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the measurement indeterminism observed by Heisenberg, required a revision of the 
Einsteinian interpretative context. Both of these situations forced model revision 
and the creation of revised language structures to support these new and necessary 
purpose-driven interpretations (Einstein 1940; Heisenberg 2000).

Conjecture 8 also suggests that intelligent agents can reason about the entire 
process of creating symbol systems. For example, Gödel (1930) demonstrated that 
any system of first-order logic plus Peano’s axioms is incomplete. Thus, there are 
statements that can be formulated in that system that cannot be shown to be either 
true or false. Turing showed with the halting problem, Sect. 1.2, that statements 
could be undecidable using his machine. It may always be necessary to expand and 
revise formal systems and models for new interpretative contexts. For example, 
Bertrand Russell revised his first-order logic system and expanded it to include 
axioms for a meta-language of self-reference.

Finally, as seen through these last examples, the scientific method offers both a 
medium and method for model reformulation. When a purpose-driven explanation 
fails to satisfy its designers’ expectations, the methods of science offer suggestions 
for its revision. We see examples of this in the concluding chapters.

7.5  �In Summary

This chapter proposed a constructivist rapprochement to address the shortcomings 
found in the rationalist, empiricist, and pragmatist traditions. It was argued that a 
survival-based tension exists between the expectations of the perceiving agent and 
perceived information. The agent’s expectations can be characterized by Kant’s, 
Bartlett’s, or Piaget’s schemas that are either reinforced or recalibrated as new infor-
mation is perceived. Friston (2009) refers to this phenomenon as free energy mini-
mization; Piaget (1970) describes it as continuing to move towards a state of 
equilibration.

A set of five assumptions and 8 follow-on conjectures were proposed to capture 
this active subject perception dialectic. The set of conjectures included character-
izing the meta-concepts of knowledge, meaning, and truth.

In Chap. 8, we consider Bayes’ theorem and see how our constructivist synthesis 
is reflected in a number of AI programs. In Chap. 9, we conclude with further exam-
ples of model calibration and refinement.

Further Thoughts and Readings  This chapter sets the basis for a modern episte-
mology. We suggest supporting readings; full references are in the Bibliography.

For a philosophical approach to constructivism:

Bartlett (1932), Remembering.
Piaget (1970), Structuralism.
Glymour (2001), The Mind’s Arrows: Bayes Nets and Graphical Causal Models in 
Psychology.
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For children and developmental learning:

Piaget (1954), The Construction of Reality in the Child.
Gopnik et  al. (2004), “A Theory of Causal Learning in Children: Causal Maps and 
Bayes Nets.”
Gopnik, A. (2011b), “Probabilistic Models as Theories of Children’s Minds.”

An important case study of a physicist’s explanations of the language-based para-
digm shifts necessary to understand the modern world:

Heisenberg (2000), Physics and Philosophy.

There are computer models, especially from the cognitive science community, that 
attempt to capture aspects of a constructivist worldview. Several of these were 
described in Sect. 3.5 and more a represented in Sect. 9.3.

7  A Constructivist Rapprochement and an Epistemic Stance
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Chapter 8
Bayesian-Based Constructivist 
Computational Models

God does not play dice…
—ALBERT EINSTEIN (His response to the conjectures of 
Quantum Theory) 

God not only plays dice, but he sometimes throws them where 
they can’t be seen…

—STEPHEN HAWKING
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In this chapter, we introduce the fourth, and since the 1990s, arguably one of the 
most important components of AI research. This is called the probabilistic, or often 
the stochastic, approach to understanding our world. It is used in applications across 
the AI spectrum including understanding, generating, and translating human lan-
guages; it is used for machine learning, vision systems, and the control of robots and 
other complex processes.

This chapter has three parts. First, we present Bayes’ theorem and demonstrate 
how it works for the situation of a single hypothesis and a single piece of evidence. 
Although this is not a full proof of the theorem, it helps build an intuition and under-
standing of what probabilistic reasoning is about. Second, we offer Bayes’ formula 
with several extensions, including Bayesian belief networks (BBNs), as mathemat-
ics-based models sufficient to account for many aspects of the perception, reason-
ing, and diagnostic skills found in intelligent humans. Finally, we demonstrate the 
use of probabilistic models for diagnosing complex situations, including a program 
for the monitoring and control of nuclear power generation. The goal of this chapter 
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is to offer computational accountability and epistemic sufficiency for the construc-
tivist rapprochement and epistemic conjectures proposed in Chap. 7.

8.1  �The Derivation of a Bayesian Stance

Probabilistic modeling tools have supported significant components of AI research 
since the 1950s. Researchers at Bell Labs built a speech system that could recognize 
any of the ten digits spoken by a single speaker with accuracy in the high 90% range 
(Davis et al. 1952). Shortly after this Bledsoe and Browning (1959), built a proba-
bilistic letter recognition system that used a large dictionary to serve as the corpus 
for recognizing hand-written characters, given the likelihood of character sequences 
and particular characters. Later research addressed authorship attribution by look-
ing at the word patterns in anonymous literature and comparing these to similar 
patterns of known authors (Mosteller and Wallace 1963).

By the early 1990s, much of computation-based language understanding and 
generation in AI was accomplished using probabilistic techniques, including pars-
ing, part-of-speech tagging, reference resolution, and discourse processing. These 
techniques often used tools like greatest likelihood measures (Jurafsky and Martin 
2020) that we will describe in detail. Other areas of artificial intelligence, especially 
machine learning, became more Bayesian-based (Russell and Norvig 2010; Luger 
2009a). In many ways, these uses of stochastic technology for pattern recognition 
and learning were another instantiation of the constructivist tradition, as collected 
sets of patterns were used to condition the recognition of new patterns. We begin by 
asking how an epistemologist might build a model of a constructivist worldview.

Historically, an important response to David Hume’s skepticism was that of the 
English cleric, Thomas Bayes (1763). Bayes was challenged to defend the gospel 
and other believers’ accounts of Christ’s miracles in the light of Hume’s claims that 
such “accounts” could not attain the credibility of a “proof.” Bayes response, pub-
lished posthumously in the Transactions of the Royal Society, was a mathematics-
based demonstration of how an agent’s prior expectations can be related to their 
current perceptions. Bayes’ approach, although not supporting the creditability of 
miracles, has had an important effect on the design of probabilistic models. We 
develop Bayes’ insight next and  then conjecture, using several examples, how 
Bayes’ theorem can support a computational model of epistemological access.

Suppose a medical doctor is examining the symptoms of a patient to determine a 
possible infecting organism. In this example, there is a single symptom, evidence e, 
and a single hypothesized infecting agent, h. The doctor wishes to determine how 
the perception of a patient’s bad headache, for example, can indicate the presence of 
meningitis infection.

In Fig. 8.1, there are two sets: One set, e, contains all the people who have bad 
headaches, and the second set, h, contains all people that have the meningitis infec-
tion. We want to determine the probability that a person who has a bad headache 
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also has meningitis. We call this p(h|e), or “the probability p that a person has the 
disease h, given that he/she suffers headaches e, the evidence.”

To determine p(h|e), we need to determine the number of people having both the 
symptom and the disease and divide this number by the total number of people hav-
ing the symptom. We call this the posterior probability, or the probability that the 
new information the diagnostician obtains is indicative of the disease. Since each of 
the sets of people in the example of Fig. 8.1 may be divided by the total number of 
people considered, we represent each number as a probability. Thus, to represent the 
probability of the disease h given the symptom e as p(h|e):

	 p h e h e e p h e p e| / /� � � � � �� � � �,	
where “|” surrounding symbols, e.g., | e |, indicates the number of people in that set.

Similarly, we wish to determine the prior probability, or expectations of the 
diagnostician, given this situation. This prior information reflects the knowledge the 
diagnostician has accumulated in medical training and during past diagnostic expe-
riences. In this example, the probability that people with meningitis also have head-
aches, or the probability of evidence e, given the disease h, is p(e|h). As 
previously argued:

	 p e h e h h p e h p h| / /� � � � � �� � � �.	
The value of p(e ∩h) can now be determined by multiplying by p(h):

	 p e h p h p e h|� � � � � �� �.	
Finally, we can determine a measure for the probability of the hypothesized dis-

ease, h, given the evidence, e, in terms of the probability of the evidence given the 
hypothesized disease:

	 p h e p e h p e p e h p h p e| / | /� � � �� � � � � � � � � � �.	
This last formula is Bayes’ law for one piece of evidence and one disease.
Let’s review what Bayes’ formula accomplishes. It creates a relationship between 

the posterior probability of the disease given the symptom, p(h|e), and the prior 

disease h  symptom e h e

Fig. 8.1  A representation of the numbers of people having a symptom, e, and a disease, h. We 
want to measure the probability of a person having the disease given that he/she suffers the symp-
tom, i.e., the number of people in both sets e and h, or e ∩ h. We then divide this number by the 
total number of people in set e  
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knowledge of the symptom given the disease, p(e|h). In this example, the medical 
doctor’s experience over time supplies the prior knowledge of what should be 
expected when a new situation—the patient with a symptom—is encountered. The 
probability of the new person with symptom e having the hypothesized disease h is 
represented in terms of the collected knowledge obtained from previous situations, 
where the diagnosing doctor has seen that a diseased person had a symptom, p(e|h), 
and how often the disease itself occurs, p(h).

Consider the more general case with the same set-theoretic argument of the prob-
ability of a person having a possible disease given two symptoms, say of having 
meningitis while suffering from both a bad headache and a high fever. The probabil-
ity of meningitis given these two symptoms is a function of the prior knowledge of 
having the two symptoms at the same time as the disease and the probability of the 
disease itself.

We present the general form of Bayes’ rule for a particular hypothesis, hi, given 
a set of possibly multiple pieces of evidence, E:

	

p h E p E h p h p E p h Ei i i i| | / |� � � � � � � � � � �
is the probabilitya particularr hypothesis is truegiven evidence ., ,h Ei 	

	
p h hi i� � is the probability that can happen.

	

	
p E h E hi|� � is the probabilityof observingevidence when hypothesis ii is true. 	

	 p E� � is the probabilityof the evidence being true in the population.	
When extending Bayes rule from one to multiple pieces of evidence, the right-

hand side of the rule reflects the situation where a number of pieces of evidence 
co-occur with each hypothesis hi. We make two assumptions on this evidence. First, 
for each hypothesis hi, the pieces of evidence are independent. Second, the sum, or 
set union, of all the individual pieces of the evidence, ei, make up the full set of 
evidence, E, as seen in Fig. 8.2. 

Given these assumptions about the evidence occurring with each hypothesis, it is 
possible to directly calculate, when required in Bayes’ theorem, the probability of 
that evidence, given an hypothesis, p(E|hi):

	
p E hi p e e e hi p e hi p e hi p e hi| , , , | | | | .� � � �� � � � �� � ���� � �1 2 n 1 2 n 	

e1 e2 en. . .

Fig. 8.2  The set of all possible evidence, E, is assumed to be partitioned by the individual pieces 
of evidence, ei, for each hypothesis hi
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Under the independence assumption, the denominator of Bayes’, p(E), is then:

	 p E p E h p hi i i� � � � �� � �� | 	

In most realistic diagnostic situations, the assumed independence of the evi-
dence, given an hypothesis, is not supported. Some pieces of evidence may not be 
unrelated to others, such as the presence of individual words in a sentence. This 
violates the independence assumption for calculating p(E|hi). Making this indepen-
dence of evidence assumption, even when it is not justified, is called naive Bayes.

The general form of Bayes’ theorem offers a computational model for the prob-
ability of a particular situation happening, given a set of evidence clues. The right-
hand side of Bayes’ equation represents a schema describing how prior accumulated 
knowledge of phenomena can relate to the interpretation of a new situation, 
described by the left-hand side of the equation. This theorem itself can be seen as an 
example of Piaget’s assimilation, where new information is interpreted using the 
patterns created from prior experiences.

There are limitations to proposing Bayes’ theorem, as just presented, as an epis-
temic description of interpreting new data in the context of prior knowledge. First, 
the fact is that the epistemic subject is not a calculating machine. We simply do not 
have all the prior numerical values for calculating the hypotheses/evidence rela-
tions. In a complex situation such as medicine, where there can be hundreds of 
hypothesized diseases and thousands of symptoms, this calculation is impossible.

One response to the “requirement of extensive mathematics” criticism is that a 
Hebbian (1949) like conditioning occurs across time and expectations to the point 
where new posterior information triggers an already constituted expectation-based 
interpretation. This would be particularly true for the trained expert, such as a doc-
tor, working within her own area of expertise. Hume’s (1748/1975) suggestion that 
associations are built up over time from accumulated perceptual experience also 
describes this interpretation.

Further, in many applications, the probability of the occurrence of evidence 
across all hypotheses, p(E), the right-hand-side denominator of Bayes’ equation, is 
simply a normalizing factor, supporting the calculation of a probability measure in 
the range of 0 to 1. The same normalizing factor is utilized in determining the actual 
probability of each of the hi, given the evidence, and thus it can be ignored. When 
the denominator is simply ignored, the result is described as a determination of the 
most likely explanation, or greatest likelihood measure for any hypothesis hi, given 
the accumulation of evidence.

For example, if we wish to determine which of all the hi has the most support at 
any particular time, we can consider the largest p(E|hi) p(hi) and call this the 
argmax(hi) for the hypothesis hi. As just noted, this number is not a probability.

	
argmax h p E h p h hi i i i� � � � � �of for each .| ,

	

In a dynamic interpretation, as pieces of evidence change across time, we will 
call this argmax of hypotheses given a set of evidence at a particular time the 
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greatest likelihood of that hypothesis at that time. We show this relationship, an 
extension of the Bayesian maximum a posteriori (MAP) estimate, as a dynamic 
measure of time t:

	
gl h E argmax h p E h p h hi t i t i i i| | ,� � � � � � � � �of for each .

	

When there are multiple pieces of evidence at time t, that is Et = e1
t, e2

t, …, en
t, 

the naive Bayes independence assumption means that:

	
p E h p e e e h p e h p e h p e ht i

1
t

2
t

n
t i

1
t i

2
t i

n
t i| , , | | | |� � � �� � � � �� � �� � � ��. 	

This model is both intuitive and simple: the most likely interpretation of hi, given 
evidence E, at time t, is a function of which interpretation is most likely to produce 
that evidence at the time t and the probability of that interpretation itself occurring.

We can now ask how the argmax specification can produce a computational epis-
temic model of phenomena. First, we see that the argmax relationship offers a falsi-
fiable approach to explanation. If more data turns up at a particular time, an 
alternative hypothesis can attain a higher argmax value. Furthermore, when some 
data suggest an hypothesis, hi, it is usually only a subset of the full set of data that 
can support that hypothesis. Going back to our medical hypothesis, a bad headache 
can be suggestive of meningitis, but there is much more evidence gathered over time 
that is even more suggestive of this hypothesis, for example, fever, nausea, and the 
results of certain blood tests. As other data become available, it might also decrease 
the likelihood of a diagnosis of meningitis.

We view the evolving greatest likelihood relationship as a continuing tension 
between a set of possible hypotheses and the accumulating evidence collected 
across time. The presence of changing data supports the continuing revision of the 
greatest likelihood hypothesis, and, because data sets are not always complete, the 
possibility of a particular hypothesis motivates the search for data that can either 
support or falsify it. Thus, the greatest likelihood measure represents a dynamic 
equilibrium, evolving across time, of hypotheses suggesting supporting data as well 
as the presence of data supporting particular hypotheses. Piaget (1983) refers to this 
perception/response processing as finding equilibration.

When a data/hypothesis relationship is not “sufficiently strong” over any time 
period ti, and/or no particular data/hypothesis relationship seems to dominate, as 
measured by the values of argmax(hi) of p(Et|hi) p(hi), the search for better expla-
nations, based on revised models, becomes important. Two approaches often help in 
this task: First, to search for new relationships among the already known data/
hypothesis relationships—perhaps some important component of the possibility 
space is overlooked. For example, when the amount of energy required to accelerate 
a particle increases, as well as the mass of the particle, at extreme accelerations, 
Newton’s laws needed to be revised.

A second approach to model revision is to actively intervene in the data/hypoth-
esis relationships of the model. “Is there a new diagnosis if the patient’s headache 
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goes away?” “What has changed if a fever spikes?” “How should a parent respond 
when their 2-year-old throws food on the floor?” How evidence changes over time 
can suggest new hypotheses. These two techniques support model induction, the 
creation of new models to explain data. Model induction is an important component 
of current research in machine learning (Tian and Pearl 2001; Sakhanenko et al. 
2008; Rammohan 2010). This type of agent-based model revision demonstrates 
Piaget’s notion of accommodation and will be discussed further in Sect. 9.3.

In Sect. 8.2, we present Bayesian belief networks and show how these can, in a 
form called dynamic Bayesian networks, model changes in hypotheses, given the 
perception of new data across time. In Sect. 8.3, we discuss model revision and the 
use of contrapositive, or what if, reasoning as an epistemic tool for understanding 
complex tasks in a changing world.

8.2  �Bayesian Belief Networks, Perception, and Diagnosis

Data collection is often a limiting factor for using full Bayesian inference for diag-
noses in complex environments. To use Bayes’ theorem to calculate probabilities in 
medicine, for example, where there can be hundreds of possible diagnoses, and 
thousands of possible symptoms, the data collection problem becomes impossible 
(Luger 2009a, p. 185). As a result, for complex environments, the ability to perform 
full Bayesian inference can lose plausibility as an epistemic model.

The Bayesian belief network or BBN (Pearl 1988, 2000) is a graph whose links 
are conditional probabilities. The graph is acyclic, in that there are no link sequences 
from a node back to itself. It is also directed, in that links are conditioned probabili-
ties that are intended to represent causal relationships between the nodes. With these 
assumptions, it can be shown that BBN’s nodes are independent of all their non-
descendants, nodes that they are not directly or indirectly linked to, given knowl-
edge of their parents, that is, nodes linking to them.

Judea Pearl proposed the use of Bayesian belief networks, making the assump-
tion that their links reflected causal relationships. With the demonstrated indepen-
dence of states from their non-descendants, given knowledge of their parents, the 
use of Bayesian technology came to entirely new importance. First, the assumption 
of these networks being directed graphs that disallowed cycles was an improvement 
to the computational costs of reasoning with traditional Bayes (Luger 2009a, 
Sect. 9.3).

More importantly, the independence assumption that splits, or factors, the rea-
soning space into independent components makes the BBN a transparent represen-
tational model and captures causal relationships in a computationally useful format. 
We demonstrate, in our next examples, how the BBN supports both transparency 
and efficient reasoning.

We next illustrate the BBN diagnosing failures in discrete component semicon-
ductors (Stern and Luger 1997; Chakrabarti et al. 2005). The semiconductor failure 
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model determines the greatest likelihood for hypotheses, given sets of data. Consider 
the situation of Fig. 8.3 showing two different types of semiconductor failure.

The examples of Fig. 8.3 show a failure type called open, or the break in a wire 
connecting components to other parts of the system. For the diagnostic expert, the 
perceptual aspects of a break support a number of alternative hypotheses of how the 
break occurred. The search for the most likely explanation for an open failure broad-
ens the evidence search: How large is the break? Is there any discoloration related 
to the break? Were there any sounds or odors when it happened? What are the result-
ing conditions of the other components of the system?

Driven by the data search supporting multiple possible hypotheses that can 
explain the open, or break, the expert notes the bambooing effect in the discon-
nected wire in Fig. 8.3a. This suggests the greatest likelihood hypothesis that the 
open was created by metal crystallization and likely caused by a sequence of low-
frequency, high-current pulses. The greatest likely hypothesis for the wire break of 
Fig. 8.3b, where the wire’s end is seen as balled, is melting due to excessive current. 
Both of these diagnostic scenarios have been implemented by an expert system-like 
search through an hypothesis space (Stern and Luger 1997) as well as reflected in a 
Bayesian belief net (Chakrabarti et  al. 2005). Figure  8.4 presents the Bayesian 
belief net (BBN) capturing these and other related diagnostic situations for discrete 
component semiconductor failures.

The BBN, before new data are presented, represents the a priori state of the 
experts’ knowledge of this application domain, including the likelihood of the fail-
ures of the individual components. These networks of causal relationships are usu-
ally carefully crafted through many hours of working with human experts’ analysis 
of components and their known failures. As a result, the BBN captures the a priori 
expert knowledge implicit in a domain of interest. When new data are given to the 
BBN, e.g., the wire is “bambooed” or the color of the copper wire is normal, the 
belief network “infers” the most likely explanation for the break using its a priori 
model and given this new information.

Fig. 8.3  Two examples of discrete component semiconductors, each exhibiting the “open” failure 
(Luger et al. 2002; Chakrabarti et al. 2005)
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There are several BBN reasoning rules available for arriving at this best explana-
tion, including loopy belief propagation (Pearl 1988), discussed later. An important 
result of using the BBN technology is that as one hypothesis achieves its greatest 
likelihood, other related hypotheses are “explained away,” i.e., their likelihood mea-
sures decrease within the BBN. We will see further demonstrations of this phenom-
enon in our next example.

Finally, the BBN semiconductor example supports both Conjectures 7 and 8 of 
Sect. 7.4. Conjecture 7 states that a priori knowledge, data known at a particular 
time, supports purpose-driven diagnoses. Conjecture 8 claims that world knowledge 
is continuously reformulated through a model revision process. We next demon-
strate how, as data changes across time, different hypotheses can offer best explana-
tions. For this, our model must change its probabilities over time as new data is 
encountered.

A dynamic Bayesian network, or DBN, is a sequence of identical Bayesian net-
works whose network nodes are linked in the directed dimension of time. This rep-
resentation extends BBNs into multidimensional environments and preserves the 
same tractability in reasoning toward best explanations. With the factoring of the 
search space and the ability to address complexity issues, the dynamic Bayesian 
network becomes a potential model for exploring diagnostic situations across both 
changes of data and time. We next demonstrate the BBN and the DBN.

Figure 8.5 shows a BBN model for a typical traveling situation. Suppose you are 
driving your car in a familiar area where you are aware of the likelihood of traffic 

Fig. 8.4  A Bayesian belief network representing the causal relationships and data points implicit 
in the discrete component semiconductor domain. As data are discovered and presented to the 
BBN, probabilistic hypotheses change. Figure adapted from (Luger et al. 2002)
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slowdowns, road construction, and accidents. You are also aware that flashing lights 
often indicate emergency vehicles at an accident site and that orange traffic control 
barrels indicate construction work on the roadway. (Weighted orange barrels are 
often used in the United States to control traffic flow for road projects). We will 
name these situations T, C, A, L, and B, as seen in Fig. 8.5. The likelihoods, for the 
purpose of this example, are reflected in the partial probability table of Fig. 8.5, 
where the top row indicates that the probability of both construction, C, and bad 
traffic, T, being true, t, is 0.3.

For full Bayesian inference, this problem would require a 32-row probability 
table of 5 variables, each either true or false. In the separation, or factoring, that 
BBN reasoning supports (Pearl 2000), this becomes a 20-row table, where Flashing 
Lights is independent of Construction, Orange Barrels is independent of 
Accident, and Construction and Accident are also independent (Luger 2009a, 
Sect. 9.3). We present part of this table in Fig. 8.5.

Suppose that, as you drive along and without any observable reasons, the traffic 
begins to slow down; now Bad Traffic, T, becomes true, t. This new fact means that 
the probabilities of Fig. 8.5, Bad Traffic, is no longer false. The sum of the proba-
bilities for the first and third lines of the table in Fig. 8.5 goes from t = 0.4 to t = 
1.0. This new higher probability is then distributed proportionately across the prob-
abilities for Construction and Accident and, as a result, both situations become 
more likely.

Now suppose you drive along farther and notice Orange Barrels, B, along the 
road that blocks a lane of traffic. This means that on another probability table, not 
shown here, B is true, and in making its probabilities sum to 1.0, the probability of 
Construction, C, gets much higher, approaching 0.95. As the probability of 
Construction gets higher, with the absence of Flashing Lights, L, the probability 
of an Accident decreases. The most likely explanation for what you now experience 
is road Construction. The likelihood of an Accident goes down and is said to be 
explained away. The calculation of these higher probabilities as new data are 
encountered is called marginalization and, while not shown here, may be found in 
Luger and Chakrabarti (2008).

Figure 8.6 represents the changing dynamic Bayesian network for the driving 
example just described. The perceived information changes over the three time peri-
ods: driving normally, cars slowing down, and seeing orange traffic control barrels. 
At each new time with new information, the values reflecting the probabilities for 

Fig. 8.5  A Bayesian belief network (BBN) for the driving example and a partial table giving 
sample probability values for Construction, C, and Bad Traffic, T
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that time and situation change. These probability changes reflect the best explana-
tions for each new piece of information the diver perceives at each time period.

Finally, in Fig. 8.6, consider the state of the diagnostic expert at the point where 
Time = 2. Once traffic has slowed, the diagnostician may begin an active search for 
Orange Barrels or  Flashing Lights, to try to determine, before Time = 3, what 
might be the most likely explanation for the traffic slowdown. In this situation, the 
driver’s expectations motivate his/her active search for supporting information. 
These changing situations and their explanations support Conjecture 8 of Sect. 7.4.

In another example of using dynamic Bayesian networks, Chakrabarti et  al. 
(2007) analyze a continuous data stream from a set of distributed sensors. These 
sensors reflect the running “health” of the transmission of a US Navy helicopter 
rotor system. These data consist of temperature, vibration, pressure, and other mea-
surements reflecting the state of the various components of the helicopter’s trans-
mission. In the top portion of Fig. 8.7, the continuous data stream is broken into 
discrete and partial time slices.

Chakrabarti et al. (2007) used a Fourier transform to translate these signals into 
the frequency domain as shown on the left side of the second row of Fig. 8.7. These 
frequency readings were then compared across time periods to diagnose the health 
of the rotor system. The diagnostic model used for this analysis is the auto-regressive 
hidden Markov model (AR-HMM) of Fig. 8.8. The internal states St of the system 
are made up of the sequences of the segmented signals in the frequency domain. The 
observable states, Ot, are the health states of the helicopter rotor system at time t. 
The “health” recommendations, that the transmission is safe, unsafe, or faulty, are 
shown in Fig. 8.7, lower right.

The hidden Markov model (HMM) is an important probabilistic technique that 
can be seen as a variant of the dynamic BBN. In the HMM, we attribute values to 
states of the network that are themselves not directly observable; in this case, we 
cannot directly “see” the “health state” of the transmission. There are instruments in 
the helicopter for directly observing temperature, vibration, oil pressure, and other 
data of the running system. But there is no instrument that can directly tell the pilot 
the health of the system. The pilot, given all the other information, must make an 
estimate of this health value. Producing this  health information is the task of 
the HMM.

Fig. 8.6  An example of a dynamic Bayesian network where at each time period the driver per-
ceives new information and the DBN’s probabilities change, as described in the text, to reflect 
these changes
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In the helicopter example, the US Navy supplied data for model training pur-
poses. Data from a normally running transmission conditioned the model. Other 
sets of data containing faults, such as a transmission running after metal fatigue had 
broken the cogs of a gear assembly, were also used to train the model. After the 
model was conditioned on these tagged data sets, new untagged data, where the 
testers did not know whether the data was from a sound or faulty transmission, were 
tested. The model was asked to determine the health state of the rotor system, and if 
the data were from a faulty system, to determine when the unsafe state occurred. 
The HMM was able to successfully accomplish these tasks.

In Fig. 8.8, the processing states St of the A-RHMM capture the fused data from 
the transmission system and combine these to produce the most likely hypothesis, 
Ot, of the state of the system. This output is the observed state Ot at any time t. 

Fig. 8.7  Real-time data from the transmission system of a helicopter’s rotor system. The top com-
ponent of the figure presents the original data stream, left, and an enlarged time slice, right. The 
lower left figure is the result of Fourier analysis of the time slice data transformed into the fre-
quency domain. The lower right figure represents the “hidden” states of the rotor system 
(Chakrabarti et al. 2005, 2007)

Fig. 8.8  The data of Fig. 8.7 are processed using an auto-regressive hidden Markov model. States 
Ot represent the observable values at time t; these are {safe, unsafe, faulty}. The St states capture 
the processed signals from the rotor system at time t (Chakrabarti et al. 2007)
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Because the HMM is auto-regressive, the value of the output state Ot is also a proba-
bilistic function of the output state at the previous time, Ot-1.

The helicopter transmission model is not a “knowledge-based” program in the 
traditional sense of Chap. 4. In the knowledge-based system, specific rules relate the 
parameters of the model to each other, for example, “if a cog is broken in a gear then 
the vibration of the transmission increases” or “if the oil temperature increases then 
the oil circulation component has failed.” There are no such rules in this model, but 
rather the fusion of multiple perceptual sensor readings whose changes over time 
are indicative of the “health” of the overall system. Thus, the program can conclude 
“there is a problem here” without having any idea of exactly what the problem is. 
This is an important example of a complex perceptual system interpreting “danger” 
or “time to take action” without specific knowledge of why that action is necessary.

It bears repeating that the families of Bayesian network models we have demon-
strated in this section are data-driven, in the sense that the a priori knowledge of the 
network’s designers is reflected in the model itself. When training data are pre-
sented, the combination of data and model adjusts to produce the most likely inter-
pretation for each new piece of data. In many situations, probabilistic models can 
also ask for further information, given several possible explanations. Finally, when 
critical information is missing, perhaps from a sensor that is damaged, the network 
can also suggest that sensor’s most likely value, given the current state of the model 
and the perceived data (Pless and Luger 2003). We see further examples of this in 
Sect. 8.4.

This movement of Bayesian belief networks toward a steady state where sets of 
data are linked to their most likely explanations is similar to Piaget’s notion of 
equilibration seen in Sect. 7.2. For further details on algorithms that implement 
Bayesian belief networks, see Pearl (2000) and Chakrabarti et al. (2007). A Bayesian 
belief net interpreter, based on Pearl’s loopy belief net propagation algorithm, is 
available at url 8.2.

8.3  �Bayesian-Based Speech and Conversation Modeling

An area where the HMM technique is widely used is the computational analysis of 
human speech. To determine the most likely word that is spoken, given a stream of 
acoustic signals, the computer compares these signals to a collection, called a cor-
pus, where signal patterns and their associated words are stored. We humans have 
our own version of the HMM. We interpret other people’s words according to the 
sound patterns we hear, the gestures we see, and our current social context. Since we 
have no direct access to what is going on within another person’s head, we must 
make our best interpretation of what they are intending, given the observed expres-
sions. This is an ideal task for a hidden Markov model and is precisely what Piaget’s 
theory of interpretation suggests is happening.
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One intuition we often have is that speech recognition software systems must 
translate sound patterns into words for the speaker’s intentions to be understood. 
Paul De Palma (2010) and De Palma et al. (2012) made a different assumption and 
produced a program that, given human speech, converted these sound waves to pat-
terns of syllables. De Palma then determined, using the greatest likelihood measure, 
how syllable patterns can indicate the most likely concept intended by the speaker. 
In De Palma’s research, there was no transduction of sounds into words but rather 
the program interpreted voice patterns directly to the most likely concepts of the 
speaker, given the patterns of sounds produced.

Earlier we saw the maximum likelihood equation used to determine which 
hypothesis hi was most likely, given evidence at a particular time, Et.
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The De Palma (2010) and De Palma et al. (2012) research used standard lan-
guage software available from the SONIC group at the University of Colorado and 
a syllabifier from the National Institute of Standards and Technology to transduce 
voiced speech into a stream of syllables. Then, a corpus of acoustic data, where 
known syllable patterns were linked to concepts, was used to train the syllable lan-
guage model.

This corpus was taken from human users talking to human agents from a major 
airline call center. Most users were attempting to purchase tickets for air travel. A 
typical request might be: “I want to fly from Seattle to San Francisco” or “I need to 
get to Seattle.” Human agents created the tagged corpus where syllable patterns 
were linked to concepts. For example, the syllables of “want to fly to,” “travel to,” 
“get to,” and “buy a ticket to” were grouped into concepts, such as “customer”... 
travel to... “airport” Similarly, syllable patterns describing a city are clustered into 
an airport’s name.

There are a number of interesting aspects to the De Palma (2010) and De Palma 
et al. (2012) research. First, the number of words in the English language is much 
larger than the number of syllables. Therefore, it was predicted, and it turned out to 
be true, that the syllable error rate was much smaller than the word error rate in the 
sound decoding process. Second, in the context of people working with airline ser-
vice staff, it was straightforward to determine concepts, given syllable strings, e.g., 
“fly” has a specific intended meaning. Finally, it seems entirely reasonable that a 
human’s sound patterns should be at least as indicative of their intentions as are 
their words.
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We next consider programs that are intended to communicate with humans. In 
the simplest case, many computer programs answer questions, for example, 
Amazon’s Alexa, Apple’s Siri, or even IBM’s Watson. In more demanding situa-
tions, programs are intended to have a dialogue, i.e., a more complete and goal-
directed conversation with the human user. Typical examples of this task might be 
when a human goes on-line to change a password or, more interestingly, to get 
financial, insurance, medical, or hardware troubleshooting advice.

In these more complex situations, the responding program must have some 
notion of teleology or the implicit end purposes of the conversation. Chakrabarti 
and Luger (2015) have created such a system where probabilistic finite state 
machines, such as in Fig. 8.9, monitor whether the human agent’s implied goal is 
met by the computational dialogue system. Meanwhile, at each step in the commu-
nication, a data structure, called a goal-fulfillment map, Fig.  8.10, contains the 
knowledge necessary to answer particular questions.

This dialog management software demonstrates a method for combining knowl-
edge of the problem domain with the pragmatic constraints of a conversation. A 
good conversation depends on both a goal-directed underlying process and conver-
sation grounding in a set of facts about the knowledge supporting the task at hand. 
Chakrabarti’s approach combines content semantics, a knowledge-based system, 

Fig. 8.9  A probabilistic finite-state automaton for conversations used in the troubleshooting 
domain, from Chakrabarti and Luger (2015)
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with pragmatic semantics, in the form of a conversation engine that generates and 
monitors the conversation.

The knowledge engine employs specifically designed goal-fulfillment maps that 
encode the background knowledge needed to drive conversations. The conversation 
engine uses probabilistic finite state machines that model the different types of con-
versations. Chakrabarti and Luger (2015) used a form of the Turing test to validate 
the success of the resulting conversations. Grice’s (1981) maxims were used as 
measures of the conversation quality. Transcripts of computer-generated conversa-
tions and human-to-human dialogues in the same domain were judged by humans 
as roughly (~86%) equivalent, with the computational dialogue significantly (<0.05) 
more focused on the task or goal of the conversation.

To summarize, the probability-based schemas that represent the knowledge of 
particular problem domains are driven by the goal-fulfillment state machines in an 
attempt to both determine and satisfy the concerns of the customer that initiated the 
conversation. It is important to note that the schema knowledge is about understand-
ing and solving customer problems, and in this example, support Conjectures 4 and 

Fig. 8.10  A goal-fulfillment map that supports discussion of a financial transaction, from 
Chakrabarti and Luger (2015)
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5 from Sect. 7.4. Conversations are seen as speech actions (Searle 1969) focused on 
finding solutions.

The stochastic examples presented in this chapter are intended to demonstrate 
how the human agent can interpret perception-based patterns. Over time, experience 
in a world of perception-coupled intentions conditions the expectations of the 
human agent. Whether the conditioning model is Hebbian, Bayesian, or otherwise, 
the epistemic issue is that the human agent’s expectations are conditioned by these 
experiences over time. In our examples, we have attempted to demonstrate that 
probabilistic models are sufficient for capturing aspects of the phenomena of human 
interpretation.

The final section considers two probabilistic monitoring and diagnostic models 
in complex problem-solving applications.

8.4  �Diagnostic Reasoning in Complex Environments

We next describe two programs that use combinations of different AI software tools, 
including knowledge rules, neural networks, and dynamic Bayes, to address com-
plex problem situations. These examples demonstrate how constructing and training 
a program to “learn” about its world can then enable it to react appropriately in 
novel situations.

The first example of model learning comes from the domain of particle accelera-
tor beam tuning. A particle beam accelerator is a device that is used to transport 
highly charged particles from a source to a target. The beamline consists of a num-
ber of devices designed to either change the beam’s characteristics, its direction, 
size, or shape, or to monitor these characteristics.

The purpose of the particle accelerator is to steer, focus, and otherwise modify 
the beam of sub-atomic particles. The beam must be transported through a “pipe” to 
a specified location all the while maintaining desired characteristics of strength and 
focus. This final beam should reach the target with a set of characteristics deter-
mined by the task of the physicists employing the beam. Figure 8.11 shows a simple 
accelerator beamline, which includes trim magnets for steering, quadrupole mag-
nets for focusing, Faraday cups and stripline detectors for measuring current, and 
profile and popup monitors for measuring the size and position of the beam (Klein 
et al. 1999, 2000).

Accelerator beamlines are designed by placing these various components along 
the beampipe to produce specific effects. A good design will minimize the number 
of components necessary to maintain acceptable beam conditions while still allow-
ing freedom of control to achieve a range of target conditions. Unfortunately, actual 
systems rarely work exactly as designed. Problems arise from imperfect beam pro-
duction, remnant magnetic fields, poorly modeled beam behavior, misplaced or 
flawed control elements, and changes to the design and use of the beam facility once 
it has been built. Even with built-in diagnostic tools, the uncertainties of each situa-
tion can make beamline control difficult.
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Klein and his colleagues (1999, 2000) built an object-oriented control system 
that utilized AI tools, including connectionist networks, fuzzy reasoning, and teleo-
reactive, or goal-oriented, planning (Nilsson 1994). With this approach, they were 
able to successfully model and control particle beam environments at Brookhaven 
and Argonne National Laboratories. One of their major achievements shows the 
power of their modeling tools. The task was to discover the location of a trim mag-
net at the Argonne ATLAS facility.

Because of time, use, and the changing conditions of the Argonne facility itself, 
the precise location of the magnet was unknown. The fact that the exact location of 
a multi-hundred-pound magnet could not be determined is not as impossible as it 
might seem. Many of these magnets are not physically accessible, buried under the 
facility where, with earth movements and temperature variations, they can change 
their location, power, and field strength over time.

Klein et al.’s model refinement algorithm was able to re-establish the location 
and power parameters of the magnet. The model-based approach simply asked, over 
repeated trials on the beamline, what model or organization of components was 
most likely to account for the observed behavior. What is even more interesting to 
consider is that Klein and his colleagues may not have found the exact location of 
the magnet at all! But for all the practical purposes required by the experiments 
involved, the imputed location was a good enough fit. This is an important issue 
from an epistemic viewpoint: What is really “out there,” and in what sense can/do 
we know and use “it?”

Finally, one of Klein’s colleagues, Stern (Stern and Lee 2001), extended this 
model refinement approach. While working at the Stanford Linear Accelerator 
Center, SLAC, doing what they describe as model calibration, the research team 
was able to improve their understanding of and their models for the accelerator. 
They did this through the processes of using the accelerators’ current supposed 
models to get a more precise fit of these models to the actual accelerator hardware. 
Better calibration of the accelerator model itself makes it conform more closely to 
the physicists’ needs and expectations.

Our final example comes from the domain of building computational models to 
monitor potential problems in producing electric power using a sodium-cooled 
nuclear reactor. Nuclear accidents are rare, but their effects are extremely harmful 

Fig. 8.11  A graphic representation (Klein et al. 1999) of an accelerator beam or stripline. The 
magnets steer and focus the beam by guiding and changing the direction of the particles. Monitors, 
such as the Faraday cup, measure the beam’s strength and profile
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to people, the environment, and the economy. Jones et al. (2016) and Darling et al. 
(2018) have designed a computational monitoring system based on dynamic 
Bayesian networks to support the observations and knowledge of the human moni-
tors. There are several reasons for employing the DBN technology in this challeng-
ing environment.

First, the Bayesian network is composed of nodes and links that reflect expert 
human knowledge and judgment in the field of reactor physics. This fact is impor-
tant as the day-to-day monitors are usually not as skilled as the experts that designed 
the system. The probabilities of the DBN also reflect the results of multiple tests on 
individual components of the power system, such as sensors, as well as on simula-
tions of the full working environment. Thus, the resulting model contains both 
explicit human physics and engineering knowledge as well as a probabilistic account 
of the reactor’s running health.

Second, in the very complex environment of nuclear power generation, the DBN 
is able to produce faster than real-time analytic and diagnostic results. Kevin 
Murphy (2002) has described the transparent and tractable reasoning powers of 
DBN-based technology. As a result the human monitor is able to understand events 
as soon as, and often before, they actually happen. The monitor also receives from 
the model itself recommendations for remediating potential problems.

Figure 8.12 presents a schematic for a sodium-cooled nuclear reactor that pro-
duces electric power. The reactor system, and its model, have multiple sensors mon-
itoring the states of the pumps, the temperatures of the various vessels, the positions 
of the control rods, and the turbine speeds. The ten monitors of the state of the 
power generation system are represented by the rectangular boxes of Fig. 8.13. The 
circles of Fig. 8.13 represent the nodes of the DBN and the cylinders extending off 
the circles represent the values of each circle changing over time.

Training the dynamic Bayesian network takes place as the power generation sys-
tem runs across multiple scenarios and time cycles. Training on near-normal data 
establishes a state of equilibrium of the DBN model. The DBN model, in a near-
normal running situation, can also provide approximate values for missing sensor 
data from the system. The values proposed for missing information or damaged sen-
sors are what the model determines, using the expectation maximization algorithm to 
be most likely, given the current state of the running system (Pless and Luger 2001, 
2003). The algorithm used to determine these most likely values is Baum - Welch, a 
variant of expectation maximization (Dempster et al. 1977, Luger 2009a, Sect. 13.2). 

Once the DBN model was trained, the research group generated multiple acci-
dent sequences using their simulation system. In each scenario, for example, having 
differential pressures within the plants cooling system or performing control rod 
insertion, the model captured the state of the system as the “accident” evolved. This 
allowed visualization of all parameters related to each situation as well as presented 
options for remediation. The fact that these options could be realized faster than real 
time supported the human operators’ steps toward remediation.

An important component of the Darling et al. (2018) DBN nuclear power genera-
tion modeling project was that it supported what Pearl (2000) calls counterfactual 
reasoning. What this means is that the system can reason about situations that are 
not currently happening in the reactor. For example, in a danger situation, the DBN 
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Fig. 8.12  The schematic of a sodium-cooled nuclear power generation system (Darling et  al. 
2018). The various reservoirs, pumps, control rods, turbine, etc. have sensors reporting their states 
to the DBN, as seen in Fig. 8.13

Fig. 8.13  The dynamic Bayesian network model of the sodium-cooled nuclear reactor of Fig. 8.12. 
The ten rectangular boxes represent the monitors collecting sensor data from the reactor. The cir-
cles represent the nodes of the DBN, lines from the rectangles to the circles represent the connec-
tivity of the network, and the cylinders emanating from the nodes represent the nodes as they 
change over time
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model can be asked “What would be the result of inserting the control rods further 
into the sodium?” Similarly, when the coolant temperature is getting dangerously 
high, the monitor could ask “What if I added supplementary coolant to the current 
state of the system?” The result of such queries is that the model moves forward into 
future time predicting what the state of the system would be if these actions were 
actually taken. This prognostic information can be critical in determining an opti-
mal outcome, given a current danger state of the reactor.

This hypothetical reasoning is supported by the fact that the computational 
model offers an accurate reflection of the power-producing reactor. The knowledge-
based and probabilistic model allows monitors to try out different control strategies 
and get almost immediate feedback on what would happen, as well as the time 
sequence for it to occur. Examining these possible responses can direct the reactor 
monitors to make the most informed decisions at appropriate times. This trained 
computational model captures the human-like reasoning that an informed diagnos-
tic expert would offer in similar situations.

The research projects of this chapter are presented at a rather high level of detail, 
and further information may be found in the references for each project. As noted 
earlier, the reason for presenting these examples is to both demonstrate their suffi-
ciency as models of human perception, understanding, and decision-making in 
complex situations and also to offer concrete examples of the epistemic conjectures 
presented in Sect. 7.4.

8.5  �In Summary

Chapter 8 first considered Bayes’ theorem, its extensions, and several of its epis-
temic implications. In offering a demonstration of how Bayes works in simple situ-
ations, we develop the intuition of its importance: new information, the a posteriori, 
is interpreted in the context of already understood, the a priori, knowledge of a situ-
ation. This a priori knowledge can be understood as a form of Kant’s (1781/1964), 
Bartlett’s (1932), or Piaget’s (1970) schemata used in problem resolution.

We presented a number of research projects in the second, third, and fourth sec-
tions of the chapter. The goal of presenting these problem scenarios was to show 
how Bayesian systems are sufficient for characterizing important aspects of human 
perception and reasoning. The final example, monitoring sodium-cooled nuclear 
power generation, used a dynamic Bayesian network to show “what would happen 
if …” scenarios. Visualizing possible alternatives was a direct way to address poten-
tial problems. Many aspects of the program examples of this chapter reflect the 
conjectures supporting a modern epistemology presented in Sect. 7.4.

We begin the final chapter with a brief summary of the task of this monograph. 
We ask how, through active exploration, an agent can come to understand its envi-
ronment. We next question what happens when the state of the world no longer 
matches an agent’s expectations. As an example, we propose a Bayesian belief net 
explanation for the changes in the stages of early childhood development described 
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by Piaget (1983), Bower (1977), and others (Gopnik 2011a, b). We then make the 
case for the overall health, excitement, and promise of continuing research in artifi-
cial intelligence. We conclude by describing again our human-centric epistemic 
stance called an active, pragmatic, model-revising realism.

Further Thoughts and Readings  Pearl’s books have introduced probabilistic rea-
soning and the Bayesian belief network technology to modern AI (see the 
Bibliography for full reference details): 

Judea Pearl (1988), Probabilistic Reasoning in Intelligent Systems: Networks of Plausible 
Inference.
Judea Pearl (2000), Causality.

To understand the importance of probabilistic techniques in modern AI, here are 
several relevant textbook resources:

Jurafsky and Martin (2020), Speech and Language Processing, third ed.
Luger (2009a), Artificial Intelligence: Structures and Strategies for Complex Problem 
Solving.
Nilsson (1997), Artificial Intelligence: A New Synthesis.
Russell and Norvig, (2010), Artificial Intelligence: A Modern Approach, third ed.

See also Bayesian Epistemology in the Stanford Encyclopedia of Philosophy, at url 
8.1. Although based on Bayesian assumptions, it differs from what we propose.

Dr. Dan Pless created the BBN traffic example of Sect. 8.2. Many of my other 
PhD graduates, especially Dr. Chayan Chakrabarti, Dr. Michael Darling, Dr. 
Thomas Jones, Prof. Paul De Palma, and Dr. Roshan Rammohan, are responsible 
for building many of the probabilistic models for the applications presented in this 
chapter.

Figures 8.7 and 8.8 were developed for SBIR research sponsored by the US 
Navy. We thank Karger Publications, Basel, for permission to use Figs. 8.3, 8.4, and 
8.8. These appeared in Luger et al. (2002). Figures 8.9 and 8.10 are from the PhD 
dissertation at UNM of Dr. Chayan Chakrabarti. Figure 8.11 was developed for the 
US Dept of Energy, as part of an SBIR contract. We thank Sandia National 
Laboratories (DOE) for creating Figs. 8.12 and 8.13 as part of our research contract 
for monitoring sodium-cooled nuclear reactors. I created all other figures in this 
chapter to support my teaching needs at UNM.

Programming Support  There are a number of Bayesian belief net and hidden 
Markov model software products available on the internet. A probabilistic inter-
preter, called Generalized Loopy Logic, created by Dr. Daniel Pless as part of his 
PhD thesis can be found at url 8.2.
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Chapter 9
Toward an Active, Pragmatic, Model-
Revising Realism

There are more things on heaven and earth, Horatio, than are 
dreamt of in our philosophy…

—SHAKESPEARE, Hamlet (First Folio), 1623

The purpose of computing is insight, not numbers…
—RICHARD HAMMING, 1996 ACM Turing Award Winner
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Chapter 9 brings into focus the task of this book, using insights from the histories of 
philosophy and artificial intelligence as the foundation for a science of understand-
ing ourselves and the world. Section 9.1 briefly reviews the story to this point. 
Section 9.2 discusses model building through exploring the environment, and Sect. 
9.3 suggests several methods for the adaptation of models in light of new discover-
ies. Section 9.4 makes conjectures about the future of AI, and Sect. 9.5 offers 
thoughts on the construction of a modern epistemology. With an analysis of cate-
gory errors in computation, we see humans, with our life, intelligence, and respon-
sibilities as aessentially different than machines. 
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9.1  �A Summary of the Project

The first chapter addressed the notion of what it means to compute, presenting the 
Turing machine, the Post production system, and the Church-Turing thesis. We 
described an important limitation of computation with Turing’s undecidability 
proof. We also addressed the epistemic components of programming. For most AI 
technicians, programming is an interactive and iterative refinement process, where 
each new piece of computer code is an experiment in discovery. If that code is suc-
cessful, it is integrated into the larger program, and if it fails to express the program-
mer’s intentions, it is revised and retested.

This iterative refinement process was initially made possible through the expres-
sive powers of high-level computer languages including Lisp, Prolog, Logo, 
Smalltalk, ML, OCaml, and Scheme. In fact most modern languages support this 
active exploratory process. Above all, iterative refinement is an epistemic commit-
ment that supports the programmer as she continues to approximate her desired 
goals: revising her thoughts and code as she explores its use-based implications.

Chapter 2 offered a review of the philosophical traditions that led to the creation 
of the digital computer and our present understanding of the world. There were two 
important themes in Chap. 2. The first theme is skepticism that asks whether the 
world is actually knowable. Another view of this skepticism is the contention that 
what we think we know about ourselves and the world may never be proven to be 
correct. The second theme of Chap. 2 is the use of the scientific method as a strategy 
for understanding the natural world. Whether one thinks that reality is a form of 
water, or whether it is earth, air, fire, and water, or fashioned from some atomic 
substrate, these ideas are proposed as conjectures that can be refuted. In this refuta-
tion, there is always the promise of a new synthesis, which again can be questioned.

Chapter 3 included the early history of AI and the Dartmouth College Summer 
Workshop of 1956. This workshop gathered together the current AI practitioners, 
adopted the name artificial intelligence, and proposed topics suitable for ongoing 
research. As the discipline evolved, many philosophical issues, including the idea of 
trying to better understand how humans solved problems, came into play.

Part II, Chaps. 4 through 6, explored the main representational paradigms of 
research and development in artificial intelligence. We focused on early examples 
from each of the symbolic, connectionist, and evolutionary approaches to AI. The 
goal of these chapters was to represent each approach with examples of early suc-
cesses as well as to describe their recent products. At the end of each chapter, we 
summarized the strengths and limitations of that approach to artificial intelligence 
problem-solving. We also noted the effects on artificial intelligence projects of the 
rationalist, empiricist, and pragmatist philosophical traditions.

In Chap. 7, we proposed a constructivist epistemology as a synthesis of the philo-
sophical positions of empiricism, rationalism, and pragmatism. After presenting 
arguments to support this position, we offered five assumptions that give a basis for 
a  modern epistemological science and eight follow-on conjectures that support 
understanding ourselves and our environment.
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In Chap. 8, we presented Bayes’ rule and gave a suggestive proof using a single 
disease and symptom. The critical issue with Bayes’ formulation is to see a coherent 
mathematics-supported relationship between a priori knowledge, that is, what an 
agent already knows, and a posteriori information, new data currently perceived. 
This mathematical relationship can be computationally interpreted, especially as it 
is used across periods of time. The formula for Bayes’ rule can be seen as an inter-
preter for the schemas of Kant, Bartlett, Piaget as well as many AI practitioners. 
Section 8.2 described several AI programs that implemented this constructivist epis-
temic stance.

This final chapter concludes with optimistic support for the future of artificial 
intelligence research and development. Further, with an analysis of category errors 
in computation, we see humans, with our life, intelligence, and responsibilities as 
essentially different from machines. We conclude that AI can raise to, or even sur-
pass, many aspects of human intelligence but that human intelligence and decision-
making are different.

Through insights gained from our philosophical tradition and the AI endeavor, 
we suggest that humans are best served by adopting an epistemic stance based on 
pragmatism, relativism, and an unconditioned commitment to the scientific method 
that supports progressively comprehending and utilizing our ever-evolving 
life-environment.

9.2  �Model Building Through Exploration

We have described at length the AI program designer’s use of computer code to 
explore their world. An important contribution of the AI community is to have built 
automata that, through exploration, come to know and use their environments. We 
saw this happen virtually when, in Sect. 6.3, artificial life designers created entities 
able to survive, procreate, interact in communities, and explore their environments. 
The robotics community has designed and built many physical entities able to 
accomplish similar goals.

Early robots, similar to the tripods created by Aeschylus’ Hephaestus to serve the 
Olympian gods, were designed to perform specific tasks. These early robots have 
been so successful in tasks including production line assembly, automated welding, 
directing delicate surgeries, and controlling deep-space vehicles that most are no 
longer even considered to be a component of AI technology.

Shakey was the first mobile robot to be able to sense and reason about its sur-
roundings. Built in the late 1960s by the Stanford Research Institute, now SRI 
International, Shakey could follow commands that required making plans for move-
ment and performing simple tasks, such as rearranging objects. The Shakey project 
was funded by DARPA and Charles Rosen was the lead designer.

Shakey’s planning program was STRIPS, the STanford Research Institute 
Problem Solver (Fikes and Nilsson 1971, see Luger 2009a, Sect. 8.4.2). I first saw 
Shakey in action at the Third International Joint Conference on Artificial Intelligence 

9.2  Model Building Through Exploration



214

at Stanford University in 1973 where I presented my first AI paper in a symposium 
organized for graduate students to present their PhD research.

After Shakey, many different AI groups entered the robotics domain. The more 
famous include soccer-playing robots that formed the ROBO Cup annual soccer 
team competitions that began in 1996 (see url: 9.1). Also important are the groups 
at NASA that created the Mars rover Opportunity that traveled more than 28 miles 
on the surface of Mars before its demise in 2018. These efforts continue to this day 
with the design of autonomous vehicles.

For our story, however, we next take a slightly different tack and describe several 
early robotic programs that come to understand their world by actively exploring it. 
More than 30  years ago at MIT, Rodney Brooks and colleagues (1986, 1991) 
designed a robot explorer. Brooks’ goal was to search through and accomplish tasks 
in an environment without any prior knowledge or planning in that space. Brooks 
approach actually questioned the need for any centralized representational scheme. 
Brooks employed a subsumption architecture, see Fig. 9.1, to show how a general 
intelligent mechanism might evolve from lower supporting forms of intelligence.

Brooks suggests, and gives examples through his robotic creations, that intelli-
gent behavior does not come from disembodied theorem-prover-based planning 
systems like STRIPS, nor does it require a global memory and control. Intelligence, 
Brooks claims, is the product of the interaction between an appropriately designed 
system and its environment. Furthermore, Brooks espouses the view that intelligent 
behavior emerges from the interactions of architectures of organized simpler 
behaviors.

Figure 9.1 presents a three-layered subsumption architecture, where each layer is 
composed of finite-state machines, simple sets of condition → action production 
rules, run asynchronously. There is no central locus of control. Rather, each machine 
is data-driven by the information it perceives. The arrival of a message or the expira-
tion of a time period causes the various machines to change state.

Fig. 9.1  A three-layered subsumption architecture adapted from Brooks (1991). The three levels 
are defined by their EXPLORE, WANDER, and AVOID behaviors
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Brooks’ robot had a ring of 12 sonar sensors around it. Every second, these sen-
sors gave radial depth measurements. The lowest level layer of the subsumption 
architecture, AVOID, implements a behavior that keeps the robot from hitting 
objects, whether these are static or moving. The machine labeled sonar system emits 
an instantaneous signal that is passed on to collide and feel force, which in turn can 
generate halt messages for the finite-state machine in charge of running the robot 
forward. When feelforce is activated, it is able to generate either runaway or avoid 
instructions.

Brooks approach to robots learning about their environments was an important 
first step. AI researchers want robots to be able to enter new and possibly dangerous 
situations, to be able to explore them, and to draw some conclusions, such as “there 
is an injured human here.” However, as Brooks’ robot does not build a model of its 
world as it discovers new obstacles or passageways, it cannot take that next step. 
How would it know an “injured human?” How would it even recognize a place that 
it had previously explored? How can it learn anything? Finally, how could such a 
robot ever operate in a truly complex environment, e.g., having the knowledge that 
a taxi, Uber, or other driver needs to navigate a city such as London?

The following generations of robots began to overcome these issues by adding 
more memory and present state information to their exploring strategies. For exam-
ple, Lewis and Luger (2000) created a robot that, building on an architecture adopted 
from Hofstadter’s (1995) work, was able to map and remember wall and navigation 
pathways as it explored its environment as shown in Fig. 9.2.

Lewis’s robot maps possible wall structures using signals from adjacent sonar 
sensors. In Fig. 9.3, Lewis’s robot is able to recognize and travel a pathway through 
object structures in attempting to achieve a goal. The Brooks and Lewis examples 
are early attempts for robots to discover and cope with their environment by explor-
ing and building ever-improving models of that environment.

As we saw in Sect. 5.3.2, the Google Brain community (Faust et al. 2018) created 
a much more modern and powerful solution to this get-to-know-your-world-
through-exploration research. The robot system called PRM-RL used deep neural 
net learning coupled with reinforcement learning to discover goal-focused path 
components. The PRM-RL robot can then apply this “knowledge” to discover solu-
tion paths in entirely new environments.

The goal of this section was to demonstrate several AI problem solvers that used 
active search to build computational models that approximate the world that they 
explore. Brooks’ subsumption approach used a hierarchy of finite-state machines to 
explore its environment but had no memory to record its achievements. Lewis and 
his colleagues added limited memory structures to learn invariants of the explored 
world, including solid obstacles and passageways, and to reuse these discoveries 
later in their search. Finally, Faust and her colleagues used a probabilistic planning 
algorithm, along with reinforcement learning, to train a robot to discover new paths 
in previously unexplored territory.
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9.3  �Model Revision and Adaptation

In Sect. 3.5, based on the modeling traditions of the cognitive science community, 
we presented several programs that demonstrated the assimilation of new informa-
tion into appropriately conditioned cognitive systems. These programs presented 
mechanisms sufficient to describe many of the conservation tasks in children’s 
learning behavior described by Jean Piaget (1983) and other developmental 
psychologists.

At the Artificial Intelligence Department of the University of Edinburgh, Young 
(1976), using production rules, demonstrated children’s seriation skills. In seriation 

Fig. 9.2  Lewis (2001) created representational structures for barrier discovery and location. 
Feedback from the robot’s sonar sensors indicates the presence or absence of barriers

Fig. 9.3  The robot’s path, left, and map or model, right, for barriers and passageways learned from 
the use of its sonar sensors. Figure adapted from Lewis (2001)
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tasks, children are asked to organize blocks by their sizes, which requires under-
standing the relationship of partial and total orderings (Young 1976).

Also, at Edinburgh, Luger (1981) and Luger et al. (1983) created a production 
system accounting for object permanence in children, based on behaviors originally 
noted by the child psychologist T.G.R. Bower (1977). An object’s permanence is its 
continued existence across time despite being out of immediate sight. As mentioned 
in Sect. 3.4, Drescher’s (1991) program at MIT also demonstrated infants’ responses 
during the stages of object permanence. Finally, Wallace et al. (1987) developed the 
BAIRN program at Carnegie Mellon that used production rules to demonstrate 
number conservation.

The programs just mentioned described children within their different stages of 
development. There has been little accounting, however, for how children moved 
between these stages as they matured. Section 9.3 discusses the issue of model revi-
sion. What can be done when perception-based data cannot be interpreted by the 
present system’s a priori worldview? This is a difficult problem: how to make 
“adjustments” when new data cannot be interpreted, given the viewer’s current 
expectations for that data.

Figure 9.4 presents an overview of this. On the top row, a cognitive model either 
offers an interpretation of new data or it does not. Piaget has described these situa-
tions as instances of assimilation and accommodation. First, through assimilation, 
data fit expectations, possibly requiring adjusting its probabilistic measures. 
Otherwise, through accommodation, the model must reconfigure itself, possibly 
adding new components. The lower part of Fig. 9.4 presents the COSMOS architec-
ture (Sakhanenko et al. 2008) created to address both these tasks.

Fig. 9.4  Cognitive model use and failure, above; a model-calibration algorithm, below, for assimi-
lation and accommodation of new data. Adapted from (Sakhanenko et al. 2008)
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The COSMOS (Sakhanenko et al. 2008) model selection and model calibration 
algorithm was tested in complex environments including the flow of liquids through 
pumps, pipes, and filters. The model interprets real-time pressure measures, pipe 
flows, filter clogging, vibrations, and alignments. When new data arrive, the pro-
gram must decide if it fits within its current model of the world or whether it needs 
to select another model, such as adapting to a clogged filter, from its library 
of models.

Let’s consider a simple example of the model selection and calibration problem. 
Suppose we are building a program to monitor home burglar alarms. The probabi-
listic home burglar monitoring program is deployed in a specific location to be 
trained and tested in realistic situations. In particular, it monitors alarms for false-
positive predictions, where the alarm indicates a problem when no problem exists.

As this system is trained successfully during the winter months, the probabilistic 
values of the alarm reports are learned. The day-to-day deployment has produced 
data that conditions the system. After the training period, the data are assimilated 
into the model and the resulting trained program successfully monitors both false 
alarms and actual home break-ins.

Next, suppose that in the Spring months of the year, there are multiple fierce 
desiccating winds that shake the alarm sensors mounted on doors and windows and 
dry out their connections. As a result, when the monitoring program presents many 
more false alarms, it is necessary to readjust the probabilities of the model and to 
add new model parameters to reflect the Spring weather conditions. The result will 
be a new extended system that supports alarm monitoring in the Spring.

Further, when the alarm systems are then sold in a new city, it will be necessary 
to determine which models will best fit that situation. There may be other important 
disturbances, such as small earthquake tremors; as a result, more variables will need 
to be represented. Although the problem of model induction in general is intracta-
ble, in most situations, useful new models can be created. A search to discover new 
causal relationships among a models’ constraints can often be sufficient for this task.

The problem of model induction is an important component of current research 
in the development of probabilistic models. A description of this task says that, 
given new data, what is the most likely model that can explain that data? Judea Pearl 
and others (Pearl 2000; Tian and Pearl 2001), began this research. There are many 
exciting challenges for the use of model induction. These include, given fMRI data 
related to certain mental disorders, find the most likely set of cortical connections 
that can explain this data (Burge et al. 2007). Rammohan (2010) and Oyen (2013) 
created algorithms for investigating variables and its possible relationships in this 
structure search environment.

Deep learning coupled with reinforcement learning also offers technology for 
model building. We saw the DeepMind and Alpha Zero programs described in Sect. 
5.2. In these programs, the legal moves of the problem were used to search through 
the problem space to discover and reinforce partial solutions. The Faust et al. (2018) 
robotics project was also, using reinforcement learning, able to create successful 
paths for the robot to travel by discovering and linking smaller successful compo-
nents of paths. These examples of reinforcement learning showed how searching 
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and assembling partial components of solutions can lead to successful models of a 
situation.

Our next example of model-revising search is taken from children’s cognitive 
development. In Piaget’s (1965) conservation experiments, children aged 4–7 mis-
takenly confuse the amount of liquid that a glass contains with the height of the 
glass that contains that liquid. As the child matures and watches her ideas fail in the 
practical world, i.e., there actually isn’t more juice in the taller, thinner glass, she 
revises her model of volume. New variables, such as the circumference or diameter 
of the container, expand her understanding of volume. Children come to understand 
that the quantity of a liquid is constant regardless of the shape of its container.

Figure 9.5 presents the experimental situation where a child sees two containers 
of liquid, each holding a similar amount. The liquid of one container is then poured 
into a taller container and the child is asked which container holds the most liquid. 
The non-conserving child indicates that the taller, thinner glass holds more.

A simple Bayesian belief network is sufficient to model the stages of conserva-
tion behavior across time. In Fig. 9.6a, a number of perceptual values are associated 
with the child observing the vessel containing liquid. These perceptions capture 
height, thickness, color, and so on.

Fig. 9.5  A schematic of 
Piaget’s conservation of 
liquid experiment. The 
lower left glass is poured 
into the taller thinner glass 
while the lower right glass 
remains the same. The 4- 
to 7-year-old child is then 
asked which glass contains 
more liquid

Fig. 9.6  (a) presents a Bayesian network representing a child seeing perceptual cues. 1 indicates 
the height of the container, 2 indicates width or diameter, 3 and 4 could be the color of the liquid, 
etc. In (b), the child associates the container’s height and width to create a measure for volume
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Figure 9.6b represents the BBN where the perceptual cues for height and width 
or diameter of the container are combined. The child is able to unite these two per-
ceptual cues when a teacher or parent points out that both the height and the width 
of the container are necessary for measuring the amount or volume of the liquid. 
Alternatively, the bright child might learn this association by herself, through exper-
iment, or perhaps by asking how much liquid an even taller and thinner con-
tainer held.

Later, as the maturing child approaches the formal operational developmental 
stage, ages 12–16, she realizes that a formula can capture the volume measure pre-
cisely. For cylindrical containers, it is the height multiplied by the diameter of the 
container multiplied by π. The movement through these stages of volume conserva-
tion is usually driven by pragmatic concerns, such as “I want to get the most possi-
ble juice” or “My teacher told me I didn’t understand volume.”

The many empirical studies that have identified stages in early human cognitive 
development, including (Piaget 1954, 1983; Bower 1977; Young 1976; Gopnik 
et al. 2004; Gopnik 2011a), shed light on the mediating processes through which 
humans understand and use their environment. These developmental stages suggest 
a progressive approximation toward a complex equilibration. In many of these situ-
ations, dynamic Bayesian models, such as our Piagetian conservation example, can 
offer a sufficient characterization of the phenomena involved. Even non-human pri-
mates seem to go through similar developmental stages as they learn to organize 
objects by size and shape (McGonigle and Chalmers 2002).

Major advances in the natural sciences can also be viewed as discovering new 
invariances through questioning the assumptions of older, previously learned, rela-
tionships. The insights of Darwin, Eisenstein, Heisenberg, and Hawking can each 
be analyzed from this perspective. These insights are captured in new models, which 
will, in time, again be revised. These models are not the “discovery” of divine truths, 
as Descartes or Leibniz have suggested, but rather discovering new and useful 
accommodations within the environment. These discoveries can be expressed as 
new models and, as Heisenberg (2000) suggests, usually produce new language 
constructs. These represent concepts developed through experimentation and extend 
both current understanding and practical uses of the environment.

Model calibration, extension, and revision remain important research areas for 
artificial intelligence. When new puzzling situations develop, how can these be best 
understood and interpreted in the contexts of what the AI model or human subject 
already knows? What are the best explanations for how we humans learn new rela-
tionships? How do practical needs influence the understanding of new phenomena? 
Our cognitive and computational research communities are challenged to continue 
addressing these questions.
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What we have to learn to do, we learn by doing…
—ARISTOTLE, Ethics.

Where is the knowledge we have lost in information?
—T.S. ELIOT, Choruses from the Rock.

9.4  �What Is the Project of the AI Practitioner?

There is no question whether the AI enterprise will continue to be successful. Across 
the full spectrum of computer-based problem-solving, there are few areas that arti-
ficial intelligence techniques have not touched. What some call “first-generation 
AI” and we prefer “symbol-based AI” is a critical component of that success story. 
As noted in Chap. 4, applications including controllers for deep-space travel, the 
Mars rover, guidance systems for complex surgeries, advice systems for medical 
care, and language communication programs that assist in product sales, are all 
parts of this early success story. In fact, many components of the symbol-based AI 
technology are so integrated into commonly used software applications that their AI 
origins are no longer remembered.

As noted in Sects. 4.3 and 6.5, the successes of symbol-based AI have also led to 
better understanding of its limitations. The iterative refinement process, so impor-
tant in creating successful software, also sheds light on the inadequacy of particular 
approaches. The (rationalist) task of abstraction necessary to create symbols, sym-
bol structures, and logic-like control algorithms constrains the designs of programs 
intended to capture the patterns in ever-changing environments. Symbols too inflex-
ible and algorithms too rigid for many tasks have led the AI community to new 
approaches. There should not be an admission of failure here but rather an acknowl-
edgment that responsible use of the methods of science has led the AI community to 
new insights, technologies, and successes.

An important response to several of the limitations of symbol-based AI is the 
connectionist or neural network approach to problem-solving. The creation of the 
Boltzmann machine and backpropagation algorithms in the 1985 time period over-
came the limitations of the older perceptron. With added access to server farms and 
vector-based processors, deep learning technology added to the neural network 
approach by adding multiple hidden layers. This new approach greatly improved 
many areas of problem-solving including image classification, facial recognition, 
language translation, text classifiers, and learning expert skills in new games, given 
only the rules of the game.

Successes with deep learning and association-based (empiricist) problem solvers 
have again suggested their limitations. As noted in Sects. 5.4 and 6.5, research con-
tinues in making deep-learning systems more transparent and better able to explain 
their decisions. This transparency is important in areas where a program makes 
personal, privacy, medical, or financial recommendations. Research also continues 
to focus on the meta-parameters of deep learning networks to better understand 
which learning rates, network sizes, and architectures are most appropriate for par-
ticular problem situations.
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In Chap. 7, we presented the genetic and emergent approaches to AI. Although 
the successes of this approach are not as obvious as those of the symbolic or con-
nectionist, they do offer a radically different perspective. Genetic algorithms and 
programming are able to evolve new perspective solutions using only reproduction 
operators and fitness functions.

The artificial life algorithms produce new generations of both individuals and 
societies. There remains hope that areas including artificial chemistry, physics, and 
biology can produce useful new life forms. These technologies may be critical for 
better understanding complex systems, including the human genome and the devel-
opment of antibody therapies. There also remains the challenge for the artificial life 
community to shed some insight on the origins of life itself and the processes for 
producing new species within the a-life world. Section 6.4 discusses the strengths 
and limitations of emergent approaches to AI.

In Part III, we presented stochastic approaches to building AI solutions. We 
began Part III proposing a compromise, a synthesis, among philosophical positions. 
This compromise recognized the role that the current, a priori, knowledge of an 
agent has for integrating newly perceived, a posteriori, data. This Bayesian-based 
methodology echoed the expectations, or schemas, proposed by Kant, Bartlett, 
Piaget, and others in Chaps. 2–4.

Perhaps the most important contribution to the Bayesian approach was the 
insights of Judea Pearl. The Bayesian belief networks (Pearl 1988, 2000) allowed 
Bayesian representations to be viewed as causal relationships that, when factored, 
become more tractable, i.e., their solution algorithms were realistically computable. 
We presented in Chap. 8 a number of examples of Bayesian solutions, including the 
use of dynamic Bayes.

One singularly important accomplishment of the AI and the cognitive science 
communities has been to offer an answer to the dualism or the mind−body problem 
described in Sect. 2.4. Since the days of Descartes, philosophers have asked for an 
explanation of the interactions and integration of intelligent responses through the 
human mind, consciousness, and a physical body. Philosophers have offered every 
possible response, from total materialism to subjective and objective idealism and 
the denial of material existence. Several thinkers even proposed the supporting 
intervention of a benign god. Artificial intelligence and cognitive science research 
reject Cartesian dualism in favor of a material explanation of intelligence.

The Oxford philosopher Gilbert Ryle (1949) described Descartes’ dualism as the 
presence of a “ghost in the machine.” Ryle, following the then-current tradition in 
psychology, suggests eliminating this ghost through the assumptions of behavior-
ism. Artificial intelligence has taken an alternative approach to eliminate Ryle’s 
ghost. AI and cognitive science practitioners hypothesize that intelligence, includ-
ing human intelligence, is based on the physical implementation, or instantiation, of 
representations in a processing system. Algorithms manipulate these representa-
tions in the process of solving problems. The continuing successes of the AI research 
project are an indication of the validity of this hypothesis.

With AI, Ryle’s ghost is removed or “cashed-out” from the problem solver and 
replaced by representations and algorithms that support decision-making. The best-
first search algorithm (Sect. 4.1.2), for example, gives an estimated “best judgment” 
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for selecting a next move in a search situation. In deep learning, conditioned micro-
decisions developed in a reinforcement structure can control a robot in a new envi-
ronment. We have seen multiple examples of reckoning-based judgments and 
appropriate actions over recent chapters.

One reason for the continuing successes of the AI enterprise is the influx of 
bright, young, and excited researchers to the field. These new collaborators are also 
a very diverse group that includes linguists, psychologists, computer scientists, 
physicists, sociologists, medical doctors,  and contributors from other fields. As 
pointed out in Sect. 3.3, it is important not to attempt to limit what it means to be an 
AI practitioner. When challenges seem unlimited, energy and commitment are 
important, with the only requirement to remain within the constraints and promise 
of the scientific method.

There are, of course, AI winters, a term used several times over the last 60 plus 
years by the AI community to indicate deep changes in financial support for particu-
lar projects. Most of the research funding in artificial intelligence has been afforded 
by government agencies, and predominantly in the US by the National Science 
Foundation and the  Department of Defense. As different AI projects show their 
promise or, over time, their lack thereof, funding goals change. The AI community’s 
goals can also change: is funding important for human language understanding, for 
foreign language translation, or for autonomous vehicles? Are projects that are part 
of the physical symbol system hypothesis important? Why is there not more support 
for deep learning neural networks? AI’s practitioners have also, at different times, 
been guilty of overpromising results. When these results are disappointing, lack of 
interest and funding often follows.

A number of consequential challenges remain for building intelligent systems. 
We propose three questions that need to be addressed as we continue to build more 
intelligence into mechanical devices:

	1.	 What is the role of embodiment and culture in intelligence? One of the main 
assumptions of the computational hypothesis is that the particular instantiation 
of a symbol or network system is irrelevant; all that matters is material represen-
tations and algorithms. This viewpoint has been challenged by a number of 
thinkers (Searle 1980; Johnson 1987; Agre and Chapman 1987; Varela et  al. 
1993) who essentially argue that intelligent action in the world requires a physi-
cal and social embodiment that allows the agent to be integrated into that world.

The architecture of modern computers does not support this degree of situat-
edness, requiring that an artificial intelligence agent interacts with its world 
through the extremely limited window of contemporary input/output devices. If 
this challenge is correct, then, although some forms of machine intelligence may 
be possible, full intelligence, as we humans experience it, will require a very dif-
ferent machine, as Searle suggests (1980), than that afforded by contemporary 
computers.

Further, as we argued in Chap. 7, knowledge must be regarded as a social as 
well as an individual construct. In a meme-based theory of intelligence (Edelman 
1992), society itself carries essential components of knowledge. It is possible 
that an understanding of the social context of knowledge and human behavior is 
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as important to a theory of intelligence as is an understanding of the dynamics of 
the individual mind/brain.

	2.	 What is the nature of interpretation, or how does AI address the grounding 
problem? Most computational models in traditional AI operate within an already 
interpreted domain. With this approach, there is an implicit and a priori commit-
ment by the system’s designers to a set of “meanings” for the program. Once this 
commitment is made, there is very little flexibility for shifting contexts, goals, or 
representations as the problem-solving situation evolves.

One AI approach to semantic meaning is the possible worlds of Alfred Tarski 
(1944, 1956). The Tarskian approach of mapping between sets of symbols and 
objects in a domain is sufficient to explain truth values for reasoning rules. It is 
insufficient, however, for explaining how one response may have different inter-
pretations in the light of specific practical goals.

Linguists have tried to remedy semantic limitations by adding theories of 
pragmatics (Austin 1962). Discourse analysis, with its fundamental dependence 
on symbol use in context, has also dealt with these issues in the recent years. The 
problem, however, is broader in that it deals with the failure of referential tools 
in general (Lave 1988).

The pragmatist tradition started by Peirce (1958) and James (1981), and con-
tinued by Eco (1976), Grice (1981), Seboek (1985), and others, takes a more 
radical approach to language and intelligence. It places symbolic expressions 
within the wider context of signs and interpretation. As Peirce (1958, p. 45) indi-
cates “… we come down to what is tangible and practical, as the root to every 
real distinction of thought, no matter how subtle it may be; and there is no differ-
ence of meaning so fine as to consist of anything but a possible difference of 
practice.”

This meaning as expression of practical purpose suggests that a symbol can 
only be understood in the context of its role as interpretant, that is, in the context 
of purposeful interaction with its environment. There is in the current AI research 
community an insufficient understanding of the process by which humans and 
societies create meaning and change interpretations. We visit these issues again 
with discussion of neopragmatism in Sect. 9.5.

	3.	 Can the AI and cognitive science communities design computational models 
that are falsifiable? Popper (1959) and others have argued that scientific theories 
must be falsifiable. This means that there must exist circumstances under which 
the model is not a successful approximation of the phenomenon. The obvious 
reason for this is that any number of confirming experimental instances is not 
sufficient for confirmation of a model. Even more importantly, new research is 
created in a direct response to the failure of existing theories or models.

The general nature of most computational models may make them difficult to 
falsify, and, as a result, of limited use as science. Some AI data structures, for 
example, the semantic or connectionist networks, are so general that they can 
model almost anything. Like the universal Turing machine, they can describe 
any computable function. When an artificial intelligence or cognitive science 
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researcher is asked under what conditions his or her characterization of intelli-
gent behavior will not work, the answer can be difficult.
Finally, it must be noted that most AI research projects are not focused on build-

ing artificial general intelligence or AGI. The possibility of an AGI seems to be the 
boogeyman of many popular culture warriors. Even projects trying to win the annual 
Turing Competition (url 9.2) are not pretending to create an AGI. What would this 
AGI look like? Would it be equivalent to human intelligence, see Sect. 9.5? AI 
funders, and most all AI researchers, are not interested in this AGI. Research is more 
committed to expanding our current limited knowledge for solving important prob-
lems for both individuals and society.

The most exciting aspect of work in artificial intelligence is that to be coherent 
and contribute to the endeavor we must address these concerns. To understand 
problem-solving, learning, and language, we must comprehend the philosophical 
levels of representations and knowledge. We are asked to resolve Aristotle’s tension 
between theoria and praxis, to fashion a union of understanding and practice, of the 
theoretical and practical, to live between science and art.

Researchers in AI, as practitioners and toolmakers who make representations, 
algorithms, and languages, enable the design and building of mechanisms that 
exhibit intelligent behavior. Through experimenting, we test both their computa-
tional adequacy for solving problems and our own understanding of intelligent 
phenomena.

There is a tradition for this: Descartes, Leibniz, Bacon, Pascal, Hobbes, Boole, 
Babbage, Turing, and the others whose contributions were presented in Chap. 2. 
Engineering, science, and philosophy; the nature of ideas, knowledge, and skill; the 
power and limitations of formalism and mechanism; these are the expectations and 
tensions through which the AI vision continues to thrive, and from which we con-
tinue our explorations.

We are just an advanced breed of monkeys on a minor planet of 
a very average star. But we can understand the universe. That 
makes us something very special.

—STEPHEN HAWKING.

9.5  �Meaning, Truth, and a Foundation 
for a Modern Epistemology

There are four topics in this final section. First, we introduce neo-pragmatism, the 
continuation of the philosophical traditions introduced in Sect. 2.8. Second, we 
discuss the computer scientist’s notion of categories: the division of entities into 
independent irreducible groupings. Third, we consider findings of the neuroscience 
community that support our current understanding of human perception and 
performance. Finally, we conclude with a proposal for a modern epistemology  
and thoughts on being human, addressing relativism, and the use of the scien-
tific method.
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9.5.1  �Neopragmatism, Kuhn, Rorty, and the Scientific Method

A number of commentators on the AI tradition, including Winograd and Flores 
(1986), Searle (1980, 1990), and Weizenbaum (1976), claim that the most important 
aspects of intelligence are not, and in principle cannot be, modeled with any com-
putational representation. These areas include learning, understanding human lan-
guage, and the production of meaningful speech acts.

These skeptical concerns have deep roots in our Western philosophical tradition. 
Winograd and Flores’s criticisms, for example, are based on issues raised in phe-
nomenology and postmodern skepticism by Husserl (1970), Derrida (1976), and 
others. This poststructuralist viewpoint questions the very foundations and growth 
of our modern intellectual traditions and asks whether any truth can be established. 
Poststructural skepticism questions the possibility of accumulating knowledge, his-
torical processes, and the cultural progress of humanism and the enlightenment.

Heidegger (1962) represents an alternative approach to understanding knowl-
edge and progress. For Heidegger, reflective awareness is found in a world of 
embodied experience, a life-world. This position, shared by Winograd and Flores, 
Searle, Dreyfus, and others, argues that a person’s understanding of things is rooted 
in the practical activity of using them for coping with the everyday world. This 
world is essentially a context of socially organized roles and purposes.

In the early twentieth century, the pragmatist position was an important compo-
nent of the philosophical world view. The pragmatist maxim that the meanings of 
hypotheses are verified by tracing their practical consequences and implications in 
specific situations. As noted in Sect. 2.8, William James, Charles Sanders Peirce, 
and John Dewey were among the primary proponents of this pragmatist position.

As the twentieth century progressed, the logical positivist or “scientific philoso-
phy” tradition emerged, and with it, modern artificial intelligence. Most of the tech-
nical assumptions and tools of modern AI can trace their roots through the logical 
positivist positions of Carnap, Frege, Russell, Tarski, and Turing through Kant, 
Leibniz, Hobbes, Locke, and Hume, back to Plato and Aristotle. This tradition 
argues that intelligent processes conform to quantifiable laws and are, in principle, 
understandable.

But the pragmatist worldview has certainly not ended with the logical positivist. 
Its revival, often called neopragmatism, included the positions of Hilary Putnam, 
W.V.O.  Quine, Ludwig Wittgenstein, Thomas Kuhn, and Richard Rorty. 
Neopragmatism, with a primary focus on language and meaning, turned from talk-
ing about “mind” and “ideas” to considering language use. The neopragmatists felt 
that analyzing the role of language could bring new understanding to the notions of 
meaning, objectivity, and truth.

Putnam, in Words and Life (1994, p. 152), advocates fallibilism, a theory that 
claims that doubts can be raised about any belief. Putnam claims that philosophical 
skepticism requires as much justification as any other philosophical position. He 
also claims that there are no philosophical guarantees against the need to revise a 
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belief and that active involvement in the world is primary in philosophy, echoing the 
Husserl/Heidegger world views.

Wittgenstein presents his language game in Philosophical Investigations (2009), 
revising several of his earlier positions described in the Tractatus Logico-
Philosophicus (1922). Wittgenstein (2009, p. 23) sees language use as, primarily, 
for accomplishing tasks within a societal context, and he contends:

It is not only agreement in definitions, but also (odd as it may sound) agreement in judge-
ments that is required for communication by means of language…

The word “language-game” is used here to emphasize the fact that the speaking of lan-
guage is part of an activity, or a form of life.

Consider the variety of language games in the following examples, and in others: 
Giving orders and acting on them—
Describing an object by its appearance or by its measurements—
Constructing an object from a description (a drawing)—
Reporting an event—
Speculating about an event—
…
Translating from one language into another—
Requesting, thanking, cursing, greeting, praying.

Because of this language game, and as reflected in the “conjectures” of Chap. 7, 
different social groups can have specific rules governing their communications and 
circumscribing objects to which their language can refer. As a result, there are often 
strict limits on communication with other communities. Werner Heisenberg (2000) 
describes this language incompatibility in his analysis of the evolution of physics.

Quine in Word and Object (2013) argues for ontological relativism, claiming that 
language will never support a non-subjective description of reality. Further, onto-
logical relativism claims that things people believe exist are totally dependent on, 
and delimited by, the subjective mental language used to describe them. Similar to 
Wittgenstein (2009), and as a strict behaviorist, Quine (2013) contends that a spe-
cific language produces words that map concepts to objects in the world. Also, like 
Wittgenstein, Quine argues that there is no objective method for mapping commu-
nications between the languages of different communities.

In The Structure of Scientific Revolutions, Kuhn (1962) also appropriates the 
language game by arguing that our descriptions representing reality are only accept-
able if they are sufficient to produce observations and related experiments that 
expand our knowledge. Kuhn describes these languages as paradigms, where “nor-
mal” science operates to better understand the constraints within that paradigm. The 
important step for Kuhn is when a generally accepted paradigm is thrown over by a 
new world view, with a revised language that supports new sets of relationships and 
experiments.

Kuhn’s (1962) writings suggest that the model must not be confused with the 
phenomenon being modeled. Models allow humans to capture useful attributes of 
phenomena: there will, of necessity, always be a “residue” that is not empirically 
explained. A model is used to explore, predict, and confirm; and when a model can 
mediate these goals, it is successful. Further, different models may explain different 
aspects of one phenomenon, such as the wave and particle theories of light.
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We contend, contrary to what Husserl and modern phenomenologists might pro-
pose, that when anyone suggests that aspects of intelligent phenomena are outside 
the scope and methods of the scientific tradition, this statement can only be verified 
by using that method and tradition. The scientific method is the only tool we have 
for explaining in what sense issues may still be outside our current understanding. 
Every viewpoint, even from the phenomenological tradition, if it is to have any 
meaning, must relate to our current notions of explanation, even to be coherent 
about the extent to which that phenomenon cannot be explained.

Kuhn, as an example, would see a neutrino as a language construct that can be 
used by physicists to better explain the tensions between matter and antimatter and 
why there exists a physical reality at all. In a much simpler sense, an electron or π 
are also useful mental constructs and are therefore meaningful only as a component 
of a particular explanation or paradigm.

Kuhn does not see successive paradigms as moving toward some absolute 
TRUTH, as Leibniz or Descartes did, or as the modern French philosopher De 
Chardin (1955) conjectures. Rather, Kuhn understands revised paradigms as simply 
creating new viewpoints, incommensurable with their predecessors, that describe 
the world in new ways. All scientific paradigms, according to Kuhn, should be 
assumed to be both useful as they currently support science, but possibly false, as 
ever newer paradigms emerge to supersede them.

Richard Rorty is seen by many as the primary spokesperson for the neopragma-
tist worldview. In Philosophy as the Mirror of Nature, Rorty (1979) argues that the 
primary problem with modern epistemology is that the human mind is seen as 
attempting to accurately represent, or mirror, external reality. Since this reality-
world is viewed as independent of the mind, this approach must be seen as mis-
guided. As an anti-foundationalist, Rorty argues that there is no given in sensory 
perception or self-evident premises that can act as a fixed foundation for a modern 
epistemology.

In Contingency, Irony, and Solidarity, Rorty (1989) contends that meaning is a 
product of socio-linguistic agreement and truth only relates to descriptions of 
things. Rorty states:

Truth cannot be out there—cannot exist independently of the human mind—because sen-
tences cannot so exist or be out there. The world is out there but descriptions of the world 
are not. Only descriptions of the world can be true or false. The world on its own, unaided 
by the describing activities of humans, cannot.

This notion of truth led Rorty to be considered a postmodern and deconstruction-
ist philosopher. When the utterances of a language are limited to  the describing 
activities of humans, many of traditional philosophy’s assumptions are undermined. 
An example of this relativistic viewpoint is Rorty’s statement in Contingency, Irony, 
and Solidarity (1989) that “anything can be made to look good or bad by being 
re-described.”

Near the end of his life, Rorty added a more human dimension to many of his 
earlier positions, writing on the importance of a quality of life that is supported by 
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democratic traditions and a liberal worldview. In an essay entitled “The Fire of 
Life” (2007), Rorty speaks of cultures with richer vocabularies and of being human: 
“I now wish I had spent somewhat more of my life with verse. … men and women 
are more fully human when their memories are amply stocked with verses.” Rorty 
gives an interesting perspective on his neopragmatist worldview in url: 9.3.

If there is a philosophical tradition supporting the AI enterprise, just as logical 
positivism seems to support AI’s tool-making requirements, I would contend that it 
is neopragmatism. There is truth in the “small,” a representation that captures the 
important parameters of a particular situation, e.g., the model that supports decision 
making for the sodium-cooled nuclear reactor seen in Sect. 8.4. There are no abso-
lute truths on the agenda. An AI program is “successful” if it performs according to 
its specifications. There is no requirement that a program must generalize its results, 
transfer to related situations, or unless required by its specifications, be transparent 
to its human users.

Further, the AI community of program designers and builders relies on the scien-
tific method as articulated by Thomas Kuhn (1962). This tradition examines data, 
constructs models, runs experiments, and evaluates results. Experiments lead to 
refining models for further experiments. This scientific method has brought an 
important level of understanding, explanation, and the ability to predict to artificial 
intelligence as well as to many other human endeavors.

9.5.2  �A Category Error

An important trope of modern computer science is that things, including important 
abstractions such as π and the truth values of true and false, belong to different cat-
egories. Further examples of different categories include the sets of integers and 
strings of characters or multidimensional arrays and control instructions. This cat-
egory difference is truly a pragmatic distinction because these different “things” 
cannot be combined: added, subtracted, or integrated without a category change. 
For example, casting can make a truth value into a 1 or 0 so that it can then be added 
to an integer. These changes are fundamentally pragmatic: making category changes 
for some utilitarian purpose.

We contend, and acknowledging a critical category distinction, that humans and 
machines are fundamentally different. Humans and machines are members of inde-
pendent categories that are not reducible one to the other. Certainly, humans and 
machines share properties, as rocks and automobiles can share hardness, or birds 
and airplanes can both fly. But like the different elements on the periodic table, 
humans and machines belong in separate irreducible categories, changed only by 
some pragmatic purpose, for example, to determine their combined weights in kilo-
grams. One property that humans and properly programmed computers do share is 
the possession of skills and responses that the informed observer can call intelligent.
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To point out the differences that categories entail, consider again the assumptions 
and suppositions of Sect. 7.4. These assumptions and suppositions support the fact 
that meaning for humans is achieved through a commitment. We create the real 
through an existential affirmation that a perceived symbol or model is good enough 
for addressing some of our practical needs and purposes. Searle (1969) contends as 
much with his notion of speech phenomena as human acts having intention and 
purpose. To support the point of different categories, consider the grounding prob-
lem for computation. Symbol grounding is an AI challenge we have repeatedly dis-
cussed: how, specifically, do symbols and systems of symbols have meaning within 
a computational environment?

Grounding or creating meaning for humans is both individual and societal. As a 
result, meanings may differ across individuals and across groups in society. These 
differences are often resolved pragmatically, by discovering which meaning com-
mitment leads to more satisfactory results. But the fact of having divergent mean-
ings is not the critical issue here: it is the phenomenon of meaning itself.

The grounding issue is but one reason why computers have fundamental 
problems with expressions of intelligence, including their ability to understand 
human language and to learn. What disposition might a computer be given that 
supports appropriate and flexible purposes and goals? Although some (Dennett 
1991) may impute grounding to a computer solving problems requiring and 
using “intelligence,” the lack of sufficient grounding is easily seen in the com-
puter’s simplifications, brittleness, and often limited appreciation of evolving 
contexts.

The use and grounding of symbols by animate agents implies even more. The 
particular nature of our human embodiment and social contexts mediate our interac-
tions with the world. Our auditory and visual systems are sensitive to a particular 
bandwidth. We view the world as erect bipeds. We have arms, legs, and hands. We 
are part of a world with weather, seasons, sun, and darkness. We are individuals that 
are born, reproduce, and die. We operate within a society that itself has evolving 
goals and purposes. All these attributes are critical components supporting meta-
phors of understanding, learning, and language and they mediate our comprehen-
sion of art, life, and love, as we note again in our final section.

To conclude, humans and computers simply “live” and “make decisions” in 
alternative search spaces: the many components that make up complex decisions 
are, simply put, different. Aristotle himself noted in his Essay on Rational Action, 
“Why is it that I don’t feel compelled to perform that which is entailed?” For 
humans, sound reasoning is only one part of mature judgments. We must conclude 
that there are many human activities that play an essential role in responsible human 
interactions, behaviors, and judgments; these responsibilities cannot be reproduced 
by or abrogated to machines.
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9.5.3  �The Cognitive Neurosciences: Insights 
on Human Processing

Section 3.5 introduced many early studies in the cognitive science research domain. 
Even a weak interpretation of the physical symbol system hypothesis, that represen-
tations and search offer a sufficient model for intelligent behavior, has produced 
many powerful and useful results in cognitive science and psychology. Although 
much early research was inspired by the physical symbol system hypothesis, vari-
ous associative and connectionist representations have proven valuable for compu-
tational modeling of human language, perception, and performance.

Although current research in psychology and neuroscience offers many possible 
explanations, or models, for aspects of human processing, there remain many more 
open and interesting questions. Consider the cortical response system, shaped and 
conditioned by its social and survival needs. In cortex, for example, the amygdala 
and limbic systems, connected to every aspect of human perception and understand-
ing, are responsible for emotional reactions, survival instincts, and memories.

Research in cognitive neuroscience (Gazzaniga 2014) has added considerably to 
our understanding of the components of cortex involved in intellectual activity. A 
brief summary of open research issues in the cognitive neurosciences include:

	1.	 In the area of perception, attention, and memory formation, there is the binding 
problem. Perceptual representations depend on distributed neural codes for relat-
ing parts and properties of objects to each other. What mechanisms are needed to 
“bind” the various components of information related to each perceived object 
and to distinguish that object from others?

	2.	 In the area of visual search, what neural mechanisms support the perception of 
objects embedded in large complex scenes? Experiments show that suppression 
of information from irrelevant objects plays a role in the selection of a visual 
focus (Luck 1998).

	3.	 In considering the plasticity of perception, Gilbert (1998), Maturana and Varela 
(1987), and others contend that what we see is not strictly a reflection of the 
physical characteristics of a scene. Rather, perception is highly dependent on the 
processes by which our brain interprets that scene.

	4.	 How does the cortical system represent and index time-related sequences of 
information, including the interpretation of perceptions and the production of 
motor activity?

	5.	 Finally, in memory studies, stress hormones, released during emotionally 
charged situations, modulate memory processes (Cahill and McGaugh 1998). 
This relates to the grounding problem: by what physical processes are thoughts, 
words, and perceptions, along with their emotional entailments, meaningful to 
a person?

We see human processing also through the writings of the philosopher Immanuel 
Kant (1781) and the psychologist Fredrick Bartlett (1932). Kant proposed the notion 
of a priori knowledge, represented as a schema, that mediated new perceptions and 
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understandings of the world. Bartlett, in his work on human memory, proposed 
similar ideas. Piaget’s genetic epistemology (1965, 1983), with constructs of assim-
ilation and accommodation leading to system equilibration, demonstrated this 
approach through numerous studies of children moving through the different stages 
of their development.

Modern philosophers and psychologists have augmented the ideas of Bartlett and 
Piaget with the notion that humans develop through their continuing and purposive 
exploration of their environment (Glymour 2001; Gopnik et  al. 2004; Gopnik 
2011a, b). Complementing this viewpoint must be a serious dose of pragmatism: 
Human actions are about something, and every task has an often-implicit meaning 
and emotional valence. We have proposed the integration of these philosophical and 
psychological traditions into a computational modeling medium sufficient to cap-
ture important aspects of human problem-solving behavior.

9.5.4  �On Being Human: A Modern Epistemic Stance

Section 7.4 offered a set of five assumptions and eight follow-on conjectures that 
offer a foundation for a modern epistemology. This epistemic stance positions a 
survival-driven human agent in an ever-evolving context. The scope of this context 
is societal, in that all individuals not only need a society to survive but that we fash-
ion our reality together. Acts of mutual interaction create symbols and patterns and 
networks of symbols that we use to both decode our environments and to thrive 
within them. Together we are the medium for knowledge, meaning, and truth.

We introduced Bayes’ theorem, hidden Markov models, Bayesian networks, and 
dynamic Bayesian networks to offer sufficient modeling tools for understanding 
how information can be encoded both in the individual and in society. The different 
probabilistic techniques and examples presented demonstrate how Bayesian tech-
nology can support conditioned responses, perceptual learning, as well as the assim-
ilation, integration, and use of knowledge.

The information patterns that are learned and reinforced over time in probabilis-
tic networks are very much in the empiricist tradition, following the insights of 
David Hume (1748/1975). The general principles and associations encoded in the 
network reflect the rationalist tradition (Leibniz 1887). Finally, pragmatic require-
ments of survival are reflected in the network’s search for satisfactory conditions of 
equilibrium or what Piaget calls equilibration.

We suggest that sets of integrated dynamic Bayesian networks can be interpreted 
as sufficient models for aspects of human perception, knowledge, and performance. 
These networks integrate different perceptual modalities, link perception with 
amygdala-based emotional responses and the cognitive components of the human 
system. They also control the focusing mechanisms of the prefrontal cortex.

Bayesian-like responses are ubiquitous in humans, for example, in tactile aspects 
of human perception. How is the human able to withdraw a hand from a hot stove 
faster than the signal “too hot” can travel from the finger to cortex, generate a “move 
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it” decision, and return that decision back to the hand? The human hand itself is a 
conditioned response system. The dynamic aspects of these Bayesian networks inte-
grate perception, emotion, and intelligence across time.

The interplay of components of the dynamic Bayesian network actively seeks 
“missing” information that can lead to system equilibration. We see this in develop-
mental psychology and Piaget’s simple conservation experiments. Finding equilib-
ria also drove the more complex scenario of fault detection, remediation, and 
contrafactual reasoning seen in the sodium-cooled reactor example of Sect. 8.4. In 
diagnostic situations, the drive for equilibration within a dynamic Bayesian network 
supports both the search processes that discover and integrate missing data and 
provide explanations that justify these searches and results.

AI research into model building, refinement, and revision is still active. Although 
probabilistic models do, by design, seek equilibria, discovering techniques for the 
identification and integration of new parameters to a model remains a challenge. 
Hebbian-type conditioning can strengthen components of a model. Connectionist 
networks that include reinforcement learning attempt to identify and integrate 
micro-pieces of a solution that can lead to the discovery of larger solutions. Finding 
methods for refining and extending models, as humans do when facing model fail-
ure, remains an open research issue. Answers may emerge from a better understand-
ing of human agents’ skills and the purposive exploration of their environments.

The assumptions and conjectures presented in Sect. 7.4 offer a foundation for a 
modern epistemology. There are multiple conjectures for how the five assumptions 
might be physiologically enabled within the human subject. The British neuroscien-
tist Karl Friston’s (2009) free energy minimization theory, for example, can be seen 
as equivalent to our “survival” assumption. Free energy minimization also offers an 
explanation for how humans integrate a priori expectations with related sensory 
input, Piaget’s accommodation.

Karl Friston (2009) and Geoffrey Hinton (2007) also provide insights on how 
symbols and patterns of network activations might be integrated into the human 
processing system. Knill and Pouget (2004) describe the Bayesian brain and neural 
coding support for addressing uncertainty. Although these researchers describe pos-
sible implementation details for components of a human-centric epistemic stance, 
they do not extend their ideas to building a foundation for a modern epistemology. 

There were three goals for creating this book, each inspired by insights gained 
from research progress made by the artificial intelligence and cognitive science 
communities. The first goal was to consider and critique the foundational assump-
tions of AI technology. The second goal was to suggest several data structures, net-
works, and search algorithms created by the AI community as sufficient models for 
capturing important components of human perception, understanding, and problem-
focused behavior.

The third and most important goal in writing this book was to propose a founda-
tion for a modern epistemology. This goal was described in Chap. 7, with the pre-
sentation of five assumptions and a small set of follow-on conjectures. The five 
assumptions affirm the survival of the individual, and equally that of society, as the 
motivation for all behavior. Survival mediates the creation of symbols and models.
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The subsequent conjectures are intended to capture the essence of how we 
humans survive, understand, and flourish in our world. These symbol systems have 
meaning because the humans using them hold a common agreement and commit-
ment as to what the symbols mean and how they are to be used. As suggested in 
Conjectures 3 and 5, individuals and society collaborate in creating and giving 
meaning to symbols and adopting systems of symbols to represent the knowledge 
and science that supports humans’ common purposes.

Only the extreme solipsist, or the mentally challenged, can deny the reality of an 
extra-subject world. But what is this so-called “real world?” Besides being a com-
plex combination of hard things and soft things, as Putnam (1987) notes there are: 
“… tables and chairs and ice cubes. There are also electrons and space time regions 
and prime numbers and people who are a menace to world peace.” We would also 
add that there are systems of atoms, molecules, quarks, gravity, relativity, indeter-
minacy, cells, DNA, and perhaps even superstrings. All these explanatory constructs 
are just exploratory models driven by the pragmatic requirements of equilibration-
driven humans. These exploratory models are not just about an “external” world. 
Rather, they capture the dynamic equilibrating tensions of the intelligent and social 
agent and of a material intelligence evolving and continually calibrating itself within 
the continuums of space and time.

The assumptions and conjectures of Sect. 7.4 are but a rationalist approximation 
to, and a beginning understanding of ourselves operating in an evolving and survival-
driven world. The full dynamic integration of the human experience is found through 
actively interacting within our environment, of creating ourselves through our social 
interactions, of being there. 

 We can also discover important expressions of human maturity through our 
artistic and literary traditions. Perhaps Richard Rorty is right in suggesting that lit-
erature is the new epistemology, that meaning is coming to terms with ourselves and 
society, and that our artists have the important project of helping us appreciate this 
relationship. In introducing their songs, the epic poets, including Homer, Virgil, 
Dante, and Milton, all invoked the Muses of history, wisdom, and poetry. Albert 
Camus (1946), in The Stranger suggests that “Fiction is the lie through which we 
tell the truth.” Joan Didion (1979), in The White Album proposes that “We tell our-
selves stories in order to live…”

Three examples from my own literary background express this human intellec-
tual and emotional support/requirement. First, after the destruction by the Greeks of 
his much-loved Troy, Virgil’s Aeneas arrives at Carthage. On entering Dido’s pal-
ace, he sees a mural depicting battles of the Trojan war and the deaths of his fellow 
countrymen. Aeneas is saddened by the scene and says, “… sunt lacrimae rerum et 
mentem mortalia tangent.” Or “… there are tears at the heart of things and mortality 
moves the soul…” What integration of human vision, memory, understanding, and 
emotion can enable a simple mural to evoke such a response?

As a second example, consider lines from Shakespeare’s Sonnet XVIII:

Shall I compare thee to a summer’s day?
Thou art more lovely and more temperate:
Rough winds do shake the darling buds of May,
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And summer’s lease hath all too short a date...

These lines capture several complex human emotions. Shakespeare questions 
comparing his lover to a summer day, and immediately qualifies his comparison by 
saying she is “more lovely and more temperate.” What does this comparison and 
contrast of a lover to a summer day imply in describing a human relationship? 
Further, what are the limits of love, emotion, and mortality that permeate the last 
lines: “Rough winds do shake the darling buds of May, and summer’s lease hath all 
too short a date?”

As a final example of the human condition mediating interpretation, consider 
Dylan Thomas’s plea to his dying father, a verse that speaks to all:

Do not go gentle into that good night.
Rage, rage against the dying of the light.

Meaning is a human-created artifact. It is a derivative of the human agent’s need 
to survive both individually and as a community. And truth is a human-created soci-
etal norm. Truth is the alignment of a person’s or a group of people’s meanings with 
the goal-related meanings of another individual or of a society. Different societies, 
indeed, different components of the same society, will have different meanings and 
truths, as is often seen among religious, political, and cultural groups. Examples of 
societies’ different sets of truths can be seen in a science journal articles, beliefs 
concerning the roles of men and women, or in the declared positions of a political 
party. The question of whose truth can cause multiple conflicts that are often only 
reconciled through the pragmatic outcomes of their use.

Although truth may be relative to particular sets of meanings established by indi-
viduals and societies, all relativism is confined within the limits of self, society, and 
science for the measure of what is real. Individuals assume a responsible assimila-
tion of knowledge and a measured commitment to truths. Societies provide their 
methods for conditioning individual members, including schools, jails, mental insti-
tutions, and all too often, wars. There is always the dangerous possibility that fears, 
beliefs, and unrealistic hopes can create an unsustainable “reality,” such as that 
found in some commonly accepted cultures, myths, political stances, and religions.

We conjecture that, as an agent’s needs and maturity require and even demand, 
this “relativist” stance will continue to evolve (Piaget 1983; Heisenberg 2000; 
Hawking and Mlodinow 2010). As suggested in Conjecture 8, the individual, soci-
ety, and science are continually recreating and recalibrating models as well as the 
language for expressing what is knowable. This scientific methodology is the best 
guarantor of not just surviving in our world but also for coming to understand and 
enjoy it.

Exploration-driven relativism may appear as a threat to many. But the response 
to the criticism of total relativism is centered in the responsibility humans take, both 
individually and collectively, when creating their symbols, sets of symbols, beliefs, 
truths, and judgments. Our description of human maturity is of a person and of a 
society that is open and humble before a world that is never fully understood.

9.5  Meaning, Truth, and a Foundation for a Modern Epistemology



236

This person and society are ready to learn, always open to new appreciation of 
what an evolving reality portends, and above all, ready to acknowledge both igno-
rance and error. The person is other-oriented, finding full maturity as a component 
of its social context. This mature person sees all individuals as seekers similar to 
themselves and sees in society a medium for finding, expressing, and enjoying a 
common responsibility.

I contend that using the heuristic and pragmatic constraints of humility, self-
awareness, and self-preservation to come to know ourselves, science, and society, 
we can both appreciate and embody the epistemic stance of an active, pragmatic, 
model-revising realism.

Further Reading  The writings of the philosophers Russell Goodman and Clark 
Glymour, as well as the insights of the developmental psychologist Allison Gopnik, 
inspired many aspects of this final chapter. Our developmental psychologists have 
shown that the understanding of how humans learn as they mature support insights 
into how more mature humans experience, explore, and revise their understandings 
as they come to appreciate and enjoy their world. 
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