
Artificial Intelligence: A Textbook

Charu C. Aggarwal
IBM T. J. Watson Research Center

Yorktown Heights, New York

March 23, 2021



To my wife Lata, my daughter Sayani,
and all my computer science instructors

iii



Contents

1 An Introduction to Artificial Intelligence 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 The Two Schools of Thought . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2.1 Induction and Deduction: A Historical View . . . . . . . . . . . . . . 8
1.3 Artificial General Intelligence . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.3.1 The Turing Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.4 The Concept of Agent . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.4.1 Types of Environments . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.5 Deductive Reasoning in Artificial Intelligence . . . . . . . . . . . . . . . . . 16

1.5.1 Examples of Deductive Reasoning in Artificial Intelligence . . . . . . 16
1.5.1.1 Constraint Satisfaction Problem . . . . . . . . . . . . . . . 16
1.5.1.2 Solving NP-Hard Problems . . . . . . . . . . . . . . . . . . 18
1.5.1.3 Game Playing . . . . . . . . . . . . . . . . . . . . . . . . . 19
1.5.1.4 Planning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
1.5.1.5 Expert Systems . . . . . . . . . . . . . . . . . . . . . . . . 21

1.5.2 Classical Methods for Deductive Reasoning . . . . . . . . . . . . . . 22
1.5.2.1 Search-Based Methods . . . . . . . . . . . . . . . . . . . . 22
1.5.2.2 Logic Programming . . . . . . . . . . . . . . . . . . . . . . 23

1.5.3 Strengths and Limitations of Deductive Reasoning . . . . . . . . . . 24
1.6 Inductive Learning in Artificial Intelligence . . . . . . . . . . . . . . . . . . 24

1.6.1 Types of Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
1.6.2 Unsupervised Learning Tasks . . . . . . . . . . . . . . . . . . . . . . 27
1.6.3 Supervised Learning Tasks . . . . . . . . . . . . . . . . . . . . . . . 29

1.7 Biological Evolution in Artificial Intelligence . . . . . . . . . . . . . . . . . . 31
1.8 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
1.9 Further Reading . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
1.10 Exercises . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2 Searching State Spaces 35
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.1.1 State Space as a Graph . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.2 Uninformed Search Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.2.1 Case Study: Eight-Puzzle Problem . . . . . . . . . . . . . . . . . . . 45

v



vi CONTENTS

2.2.2 Case Study: Online Maze Search . . . . . . . . . . . . . . . . . . . . 46
2.2.3 Improving Efficiency with Bidirectional Search . . . . . . . . . . . . 47

2.3 Informed Search: Best-First Search . . . . . . . . . . . . . . . . . . . . . . . 49
2.3.1 Greedy Best-First Search . . . . . . . . . . . . . . . . . . . . . . . . 51
2.3.2 A∗-Search . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

2.4 Local Search with State-Specific Loss Functions . . . . . . . . . . . . . . . . 53
2.4.1 Hill Climbing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

2.4.1.1 The Problem of Local Optima . . . . . . . . . . . . . . . . 57
2.4.2 Tabu Search . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
2.4.3 Simulated Annealing . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

2.5 Genetic Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
2.6 The Constraint Satisfaction Problem . . . . . . . . . . . . . . . . . . . . . . 64

2.6.1 Traveling Salesperson Problem as Constraint Satisfaction . . . . . . 65
2.6.2 Graph Coloring as Constraint Satisfaction . . . . . . . . . . . . . . . 65
2.6.3 Sudoku as Constraint Satisfaction . . . . . . . . . . . . . . . . . . . 66
2.6.4 Search Algorithms for Constraint Satisfaction . . . . . . . . . . . . . 67
2.6.5 Leveraging State-Specific Loss Values . . . . . . . . . . . . . . . . . 68

2.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
2.8 Further Reading . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
2.9 Exercises . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

3 Multiagent Search 71
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
3.2 Uninformed Search: AND-OR Search Trees . . . . . . . . . . . . . . . . . . 73

3.2.1 Handling More than Two Agents . . . . . . . . . . . . . . . . . . . . 76
3.2.2 Handling Non-Deterministic Environments . . . . . . . . . . . . . . 77

3.3 Informed Search Trees with State-Specific Loss Functions . . . . . . . . . . 77
3.3.1 Heuristic Variations . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
3.3.2 Adaptation to Adversarial Environments . . . . . . . . . . . . . . . 82
3.3.3 Prestoring Subtrees . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
3.3.4 Challenges in Designing Evaluation Functions . . . . . . . . . . . . . 85
3.3.5 Weaknesses of Minimax Trees . . . . . . . . . . . . . . . . . . . . . . 87

3.4 Alpha-Beta Pruning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
3.4.1 Importance of Branch Evaluation Order . . . . . . . . . . . . . . . . 91

3.5 Monte Carlo Tree Search: The Inductive View . . . . . . . . . . . . . . . . . 92
3.5.1 Enhancements to the Expected Outcome Model . . . . . . . . . . . 94
3.5.2 Deductive versus Inductive: Minimax and Monte Carlo Trees . . . . 99
3.5.3 Application to Non-Deterministic and Partially Observable Games . 100

3.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
3.7 Further Reading . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
3.8 Exercises . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

4 Propositional Logic 105
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
4.2 Propositional Logic: The Basics . . . . . . . . . . . . . . . . . . . . . . . . . 107

4.2.1 Truth Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
4.3 Laws of Propositional Logic . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

4.3.1 Useful Properties of Implication and Equivalence . . . . . . . . . . . 114
4.3.2 Tautologies and Satisfiability . . . . . . . . . . . . . . . . . . . . . . 115



CONTENTS vii

4.3.3 Clauses and Canonical Forms . . . . . . . . . . . . . . . . . . . . . . 116
4.4 Propositional Logic as a Precursor to Expert Systems . . . . . . . . . . . . 118
4.5 Equivalence of Expressions in Propositional Logic . . . . . . . . . . . . . . . 120
4.6 The Basics of Proofs in Knowledge Bases . . . . . . . . . . . . . . . . . . . 122
4.7 The Method of Proof by Contradiction . . . . . . . . . . . . . . . . . . . . . 124
4.8 Efficient Entailment with Definite Clauses . . . . . . . . . . . . . . . . . . . 129

4.8.1 Forward Chaining . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
4.8.2 Backward Chaining . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
4.8.3 Comparing Forward and Backward Chaining . . . . . . . . . . . . . 132

4.9 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
4.10 Further Reading . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
4.11 Exercises . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

5 First-Order Logic 137
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
5.2 The Basics of First-Order Logic . . . . . . . . . . . . . . . . . . . . . . . . . 139

5.2.1 The Use of Quantifiers . . . . . . . . . . . . . . . . . . . . . . . . . . 141
5.2.2 Functions in First-Order Logic . . . . . . . . . . . . . . . . . . . . . 145
5.2.3 How First-Order Logic Builds on Propositional Logic . . . . . . . . . 146
5.2.4 Standardization Issues and Scope Extension . . . . . . . . . . . . . . 149
5.2.5 Interaction of Negation with Quantifiers . . . . . . . . . . . . . . . . 150
5.2.6 Substitution and Skolemization . . . . . . . . . . . . . . . . . . . . . 151
5.2.7 Why First-Order Logic Is More Expressive . . . . . . . . . . . . . . 154

5.3 Populating a Knowledge Base . . . . . . . . . . . . . . . . . . . . . . . . . . 155
5.4 Example of Expert System with First-Order Logic . . . . . . . . . . . . . . 157
5.5 Systematic Inferencing Procedures . . . . . . . . . . . . . . . . . . . . . . . 159

5.5.1 The Method of Proof by Contradiction . . . . . . . . . . . . . . . . . 159
5.5.2 Forward Chaining . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162
5.5.3 Backward Chaining . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
5.7 Further Reading . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
5.8 Exercises . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

6 Machine Learning: The Inductive View 167
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167
6.2 Linear Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170

6.2.1 Stochastic Gradient Descent . . . . . . . . . . . . . . . . . . . . . . . 171
6.2.2 Matrix-Based Solution . . . . . . . . . . . . . . . . . . . . . . . . . . 172
6.2.3 Use of Bias . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173
6.2.4 Why Is Regularization Important? . . . . . . . . . . . . . . . . . . . 174

6.3 Least-Squares Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . 175
6.3.1 Problems with Least-Squares Classification . . . . . . . . . . . . . . 178

6.4 The Support Vector Machine . . . . . . . . . . . . . . . . . . . . . . . . . . 179
6.4.1 Mini-Batch Stochastic Gradient Descent . . . . . . . . . . . . . . . . 180

6.5 Logistic Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180
6.5.1 Computing Gradients . . . . . . . . . . . . . . . . . . . . . . . . . . 181
6.5.2 Comparing the SVM and Logistic Regression . . . . . . . . . . . . . 181
6.5.3 Logistic Regression as a Probabilistic Classifier . . . . . . . . . . . . 182

6.6 Multiclass Setting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184



viii CONTENTS

6.6.1 One-Against-Rest and One-Against-One Voting . . . . . . . . . . . . 184
6.6.2 Multinomial Logistic Regression . . . . . . . . . . . . . . . . . . . . 185

6.6.2.1 Stochastic Gradient Descent . . . . . . . . . . . . . . . . . 185
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Preface

“AI is likely to be either the best or the worst thing that happened to
humanity.”– Stephen Hawking

Artificial intelligence is a field that spans work from multiple communities, including
classical logic programming, machine learning, and data mining. Since the founding of
the field, there has a clear dichotomy between the deductive reasoning and the inductive
learning forms of artificial intelligence. In the deductive reasoning view, one starts with
various forms of domain knowledge (which are often stored as knowledge bases), and these
forms of domain knowledge are used in order to make inferences. Such methods are often
highly interpretable. The domain knowledge can be used in order to create hypotheses,
which are then leveraged to make predictions. For example, in a chess game, the domain
knowledge about the importance and position of pieces can be used to create a hypothesis
about the quality of a position. This hypothesis can be used to predict moves by searching
a tree of possible moves up to a specific number of moves. In learning methods, data-
driven evidence is used to learn how to make predictions. For example, it is possible to
generate data from chess games using self play, and then learn which moves are best for any
particular (type of) position. Since the number of possible alternative move sequences in
chess is too large to evaluate explicitly, chess programs often use various types of machine
learning methods to relate typical patterns of pieces on the board to make predictions
from carefully selected sequences. This approach is somewhat similar to how humans make
chess moves. In the early years, deductive reasoning methods were more popular, although
inductive learning methods have become increasingly popular in recent years. Many books
in artificial intelligence tend to focus predominantly on deductive reasoning as a legacy from
its dominance during the early years. This book has attempted to strike a balance between
deductive reasoning and inductive learning.

The main disadvantage of inductive learning methods is that they are not interpretable,
and they often require a lot of data. A key point is that humans do not require a lot of data to
learn. For example, a child is often able to learn to recognize a truck with the use of a small
number of examples. Although the best solutions to many problems in artificial intelligence
integrate methods from both these areas, there is often little discussion of this type of
integration. This textbook focuses on giving an integrated view of artificial intelligence,
along with a discussion of the advantages of different views of artificial intelligence.

After presenting a broad overview in Chapter 1, the remaining portions of this book
primarily belong to three categories:
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1. Methods based on deductive reasoning: Chapters 2 through 5 discuss deductive rea-
soning methods. The primary focus areas include search and logic.

2. Methods based on inductive learning: Learning methods are discussed in Chapters 6
to 10. The topics covered include classification, neural networks, unsupervised learn-
ing, probabilistic graphical models, and reinforcement learning.

3. Methods based on both reasoning and learning: Chapter 11 to 13 discuss a number of
methods that have aspects of both reasoning and learning. This include techniques
like Bayesian networks, knowledge graphs, and neuro-symbolic artificial intelligence.

A number of topics of recent importance, such as transfer learning and lifelong learning, are
also discussed in this book.

Throughout this book, a vector or a multidimensional data point is annotated with a bar,
such as X or y. A vector or multidimensional point may be denoted by either small letters
or capital letters, as long as it has a bar. Vector dot products are denoted by centered dots,
such asX ·Y . A matrix is denoted in capital letters without a bar, such as R. Throughout the
book, the n×d matrix corresponding to the entire training data set is denoted by D, with n
data points and d dimensions. The individual data points in D are therefore d-dimensional
row vectors, and are often denoted by X1 . . . Xn. On the other hand, vectors with one
component for each data point are usually n-dimensional column vectors. An example is
the n-dimensional column vector y of class variables of n data points. An observed value yi
is distinguished from a predicted value ŷi by a circumflex at the top of the variable.


