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COURSE OBJECTIVES:   

 Introduce the fundamental concepts and history of Artificial Intelligence. 

 Understand and apply techniques in constraint satisfaction problems, adversarial search, and 

logical reasoning. 

   Develop a deep understanding of First-Order Logic.  

 Explore knowledge representation techniques and automated planning methods. 

 Learn to handle uncertainty in AI through probabilistic reasoning. 

UNIT I                       11 Hrs 

INTRODUCTION: What is Artificial Intelligence? The Foundations of Artificial Intelligence, The 

History of Artificial Intelligence, Risks and Benefits of Artificial Intelligence. 

INTELLIGENT AGENTS: Agents and Environments, The Nature of Environments. 

SOLVING PROBLEMS BY SEARCHING: Problem-Solving Agents, Example Problems, Search 

Algorithms, Uninformed Search Strategies. 

 

UNIT II          11 Hrs 
CONSTRAINT SATISFACTION PROBLEMS: Defining Constraint Satisfaction Problems, 

Constraint Propagation: Inference in CSPs, Backtracking Search for Constraint Satisfaction Problems, 
Local Search for Constraint Satisfaction Problems. 

ADVERSARIAL SEARCH AND GAMES: Game Theory, Optimal Decisions in Games, Heuristic 
Alpha- Beta Tree Search. 

LOGICAL AGENTS: Knowledge-Based Agents, Logic, Propositional Logic: A Very Simple Logic, 

Propositional Theorem Proving: Inference and proofs, Proof by resolution, Horn clauses and definite 
clauses, Forward and backward chaining, Effective Propositional Model Checking. 

 

UNIT III           10 Hrs 
FIRST-ORDER LOGIC: Representation, Syntax and Semantics of First-Order Logic, Using First-

Order Logic, Knowledge Engineering in First-Order Logic. 
INFERENCE IN FIRST-ORDER LOGIC: Propositional vs. First-Order Inference, Unification and 

First- Order Inference, Forward Chaining, Backward Chaining. 
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KNOWLEDGE REPRESENTATION: Onto logical Engineering, Categories and Objects, Events, 

Reasoning Systems for Categories, Reasoning with Default Information. 

AUTOMATED PLANNING: Definition of Classical Planning, Algorithms for Classical Planning, 
Heuristics for Planning, Hierarchical Planning, Time, Schedules, and Resources. 
 

 

 

 



 

 

UNIT V          10 Hrs 
QUANTIFY UNCERTAINTY:  Acting under Uncertainty, Basic Probability Notation, Inference 
Using Full Joint Distributions, Independence, Bayes’ Rule and Its Use. 
PROBABILISTIC REASONING: Representing Knowledge in an Uncertain Domain, The Semantics 

of Bayesian Networks, Exact Inference in Bayesian Networks. 
 

TEXT BOOK: 

1. Stuart Russell and PeterNorvig. Artificial Intelligence A Modern Approach, Fourth Edition. Pearson 

Education. 
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COURSE OUTCOMES:  

The Student will be able to          

1. Comprehend the fundamental concepts of Artificial Intelligence. 

2. Describe the constraint satisfaction problems. 

3. Apply the concepts of First-Order Logic.    

4. Summarize the knowledge Representation and develop automated planning solutions.  

5. Analyze uncertainty using probabilistic methods.     
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UNIT- I 

FOUNDATIONS OF AI 

WHAT IS AI? 

Artificial Intelligence (AI) is a branch of Science which deals with helping machines 

finding solutions to complex problems in a more human-like fashion. This generally involves 

borrowing characteristics from human intelligence, and applying them as algorithms in a 

computer friendly way. A more or less flexible or efficient approach can be taken depending 

on the requirements established, which influences how artificial the intelligent behaviour 

appears. AI is generally associated with Computer Science, but it has many important links 

with other fields such as Maths, Psychology, Cognition, Biology and Philosophy, among 

many others. Our ability to combine knowledge from all these fields will ultimately benefit 

our progress in the quest of creating an intelligent artificial being. 

AI currently encompasses a huge variety of subfields, from general-purpose areas 

such as perception and logical reasoning, to specific tasks such as playing chess, proving 

mathematical theorems, writing poetry, and diagnosing diseases. Often, scientists in other 

fields move gradually into artificial intelligence, where they find the tools and vocabulary to 

systematize and automate the intellectual tasks on which they have been working all their 

lives. Similarly, workers in AI can choose to apply their methods to any area of human 

intellectual endeavour. In this sense, it is truly a universal field. 

 

HISTORY OF AI 

The origin of artificial intelligence lies in the earliest days of machine computations. 

During the 1940s and 1950s, AI begins to grow with the emergence of the modern computer. 

Among the first researchers to attempt to build intelligent programs were Newell and Simon. 

Their first well known program, logic theorist, was a program that proved statements using 

the accepted rules of logic and a problem-solving program of their own design. By the late 

fifties, programs existed that could do a passable job of translating technical documents and it 

was seen as only a matter of extra databases and more computing power to apply the 

techniques to less formal, more ambiguous texts. Most problem-solving work revolved 

around the work of Newell, Shaw and Simon, on the general problem solver (GPS). 

Unfortunately, the GPS did not fulfil its promise and did not because of some simple lack of 

computing capacity. In the 1970’s the most important concept of AI was developed known as 
Expert System which exhibits as a set rules the knowledge of an expert. The application area 

of expert system is very large. The 1980’s saw the development of neural networks as a 
method learning examples. 

 

Prof. Peter Jackson (University of Edinburgh) classified the history of AI into three 

periods as: 

1. Classical 

2. Romantic 

3. Modern 
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1. Classical Period: 

It was started from 1950. In 1956, the concept of Artificial Intelligence came into existence. 

During this period, the main research work carried out includes game plying, theorem 

proving and concept of state space approach for solving a problem. 

 

2. Romantic Period: 

It was started from the mid 1960 and continues until the mid 1970. During this period people 

were interested in making machine understand, that is usually mean the understanding of 

natural language. During this period the knowledge representation technique “semantic net” 
was developed. 

 

3. Modern Period: 

It was started from 1970 and continues to the present day. This period was developed to solve 

more complex problems. This period includes the research on both theories and practical 

aspects of Artificial Intelligence. This period includes the birth of concepts like Expert 

system, Artificial Neurons, Pattern Recognition etc. The research of the various advanced 

concepts of Pattern Recognition and Neural Network are still going on. 

 

Components of AI 

There are three types of components in AI 

 

1) Hardware Components of AI 

a) Pattern Matching 

b) Logic Representation 

c) Symbolic Processing 

d) Numeric Processing 

e) Problem Solving 

f) Heuristic Search 

g) Natural Language processing 

h) Knowledge Representation 

i) Expert System 

j) Neural Network 

k) Learning 

l) Planning 

m) Semantic Network 

 

2) Software Components 

a) Machine Language 

b) Assembly language 

c) High level Language 

d) LISP Language 

e) Fourth generation Language 

f) Object Oriented Language 

g) Distributed Language 

h) Natural Language 

i) Particular Problem Solving Language 
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3) Architectural Components 

a) Uniprocessor 

b) Multiprocessor 

c) Special Purpose Processor 

d) Array Processor 

e) Vector Processor 

f) Parallel Processor 

g) Distributed Processor 

 

Definition of Artificial intelligence 

1. AI is the study of how to make computers do things which at the moment people do better. 

This is ephemeral as it refers to the current state of computer science and it excludes a major 

area; problems that cannot be solved well either by computers or by people at the moment. 

 

2. AI is a field of study that encompasses computational techniques for performing tasks that 

apparently require intelligence when performed by humans. 

 

3. AI is the branch of computer science that is concerned with the automation of intelligent 

behaviour. A I is based upon the principles of computer science namely data structures used 

in knowledge representation, the algorithms needed to apply that knowledge and the 

languages and programming techniques used in their implementation. 

 

4. AI is the field of study that seeks to explain and emulate intelligent behaviour in terms of 

computational processes. 

 

5. AI is about generating representations and procedures that automatically or autonomously 

solve problems heretofore solved by humans. 

 

6. A I is the part of computer science concerned with designing intelligent computer systems, 

that is, computer systems that exhibit the characteristics we associate with intelligence in 

human behaviour such as understanding language, learning, reasoning and solving problems. 

 

7. A I is the study of mental faculties through the use of computational models. 

 

8. A I is the study of the computations that make it possible to perceive, reason, and act. 

 

9. A I is the exciting new effort to make computers think machines with minds, in the full and 

literal sense. 

 

10. AI is concerned with developing computer systems that can store knowledge and 

effectively use the knowledge to help solve problems and accomplish tasks. This brief 

statement sounds a lot like one of the commonly accepted goals in the education of humans. 

We want students to learn (gain knowledge) and to learn to use this knowledge to help solve 

problems and accomplish tasks. 
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STRONG AND WEAK AI 

There are two conceptual thoughts about AI namely the Weak AI and Strong AI. The 

strong AI is very much promising about the fact that the machine is almost capable of solve a 

complex problem like an intelligent man. They claim that a computer is much more efficient 

to solve the problems than some of the human experts. According to strong AI, the computer 

is not merely a tool in the study of mind, rather the appropriately programmed computer is 

really a mind. Strong AI is the supposition that some forms of artificial intelligence can truly 

reason and solve problems. The term strong AI was originally coined by John Searle. 

In contrast, the weak AI is not so enthusiastic about the outcomes of AI and it simply 

says that some thinking like features can be added to computers to make them more useful 

tools. It says that computers to make them more useful tools. It says that computers cannot be 

made intelligent equal to human being, unless constructed significantly differently. They 

claim that computers may be similar to human experts but not equal in any cases. Generally 

weak AI refers to the use of software to study or accomplish specific problem solving that do 

not encompass the full range of human cognitive abilities. An example of weak AI would be 

a chess program. Weak AI programs cannot be called “intelligent” because they cannot really 
think. 

 

THE STATE OF THE ART 

The increasingly advanced technology provides researchers with new tools that are capable of 

achieving important goals, and these tools are great starting points in and of themselves. 

Among the achievements of recent years, the following are some specific domains: 

 Machine learning; 

 Reinforcement learning; 

 Deep learning; 

 Natural language processing. 

 

Machine Learning (ML) 

Machine learning is a subcategory of AI that often uses statistical techniques to give 

machines the ability to absorb data without explicitly receiving instructions to do so. This 

process is known as ‘training’ a ‘model’ using a learning ‘algorithm’, which progressively 
improves performance on a specific activity. The successes achieved in this field have 

encouraged researchers to push harder on the accelerator. 

Reinforcement Learning (RL) 

Reinforcement learning is an area of ML that is related to software agents that learn ‘goal- 
oriented’ behavior by trying and making mistakes in environments that provide rewards in 
response to the agents’ actions (called ‘Policy’) toward achieving the objectives. 

This field is perhaps the one that has most captured the attention of researchers in the last 

decade. 

 

Deep Learning 

Also within ML, deep learning takes inspiration from the activity of neurons within the brain 

to learn how to recognize complex patterns through learned data. This is thanks to the use of 

algorithms, mainly statistical calculations. The word ‘deep’ refers to the large number of 
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levels of neurons that ML models simultaneously, which helps acquire rich representations of 

data to obtain performance gains. 

Natural Language Processing (NLP) 

Natural language processing is the mechanism by which machines acquire the ability to 

analyze, understand, and manipulate textual data. 2019 was a great year for NPL with Google 

AI’s BERT and Transformer, Allen Institute’s ELMo, OpenAI’s Transformer, Ruder and 
Howard’s ULMFit, and finally, Microsoft’s MT-DNN. All of these have shown that pre- 

taught language models can substantially improve performance on a wide variety of NLP 

tasks. 

INTELLIGENT AGENTS 

AGENTS 

An AI system is composed of an agent and its environment. The agents act in their 

environment. The environment may contain other agents. 

 

An agent is anything that can perceive its environment through sensors and acts upon that 

environment through effectors. 

 A human agent has sensory organs such as eyes, ears, nose, tongue and skin parallel 

to the sensors, and other organs such as hands, legs, mouth, for effectors.

 A robotic agent replaces cameras and infrared range finders for the sensors, and 

various motors and actuators for effectors.

 A software agent has encoded bit strings as its programs and actions.
 

 

Agent Terminology 

 Performance Measure of Agent − It is the criteria, which determines how 

successful an agent is.

 Behavior of Agent − It is the action that agent performs after any given sequence of 
percepts.

 Percept − It is agent’s perceptual inputs at a given instance.

 Percept Sequence − It is the history of all that an agent has perceived till date.

 Agent Function − It is a map from the precept sequence to an action.
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How Agents Should Act 

A rational agent is one that does the right thing. Obviously, this is better than doing 

the wrong thing, but what does it mean? As a first approximation, we will say that the right 

action is the one that will cause the agent to be most successful. That leaves us with the 

problem of deciding how and when to evaluate the agent's success. 

We use the term performance measure for the how—the criteria that determine how 

successful an agent is. Obviously, there is not one fixed measure suitable for all agents. We 

could ask the agent for a subjective opinion of how happy it is with its own performance, but 

some agents would be unable to answer, and others would delude themselves. (Human agents 

in particular are notorious for "sour grapes"—saying they did not really want something after 

they are unsuccessful at getting it.) Therefore, we will insist on an objective performance 

measure imposed by some authority. In other words, we as outside observers establish a 

standard of what it means to be successful in an environment and use it to measure the 

performance of agents. 

As an example, consider the case of an agent that is supposed to vacuum a dirty floor. 

A plausible performance measure would be the amount of dirt cleaned up in a single eight- 

hour shift. A more sophisticated performance measure would factor in the amount of 

electricity consumed and the amount of noise generated as well. A third performance measure 

might give highest marks to an agent that not only cleans the floor quietly and efficiently, but 

also finds time to go windsurfing at the weekend.' 

The when of evaluating performance is also important. If we measured how much dirt 

the agent had cleaned up in the first hour of the day, we would be rewarding those agents that 

start fast (even if they do little or no work later on), and punishing those that work 

consistently. Thus, we want to measure performance over the long run, be it an eight-hour 

shift or a lifetime. 

We need to be careful to distinguish between rationality and omniscience. An 

omniscient agent knows the actual outcome of its actions, and can act accordingly; but 

omniscience is; impossible in reality. 

 

In summary, what is rational at any given time depends on four things: 

 The performance measure that defines degree of success.
 Everything that the agent has perceived so far. We will call this complete perceptual 

history the percept sequence.
 What the agent knows about the environment.
 The actions that the agent can perform.

 

This leads to a definition of an ideal rational agent: For each possible percept sequence, 

an ideal rational agent should do whatever action is expected to maximize its performance 

measure, on the basis of the evidence provided by the percept sequence and whatever built-in 

knowledge the agent has. 
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THE CONCEPT OF RATIONALITY 

Rationality is nothing but status of being reasonable, sensible, and having good sense of 

judgment. 

Rationality is concerned with expected actions and results depending upon what the agent 

has perceived. Performing actions with the aim of obtaining useful information is an 

important part of rationality. 

 

What is Ideal Rational Agent? 

An ideal rational agent is the one, which is capable of doing expected actions to maximize 

its performance measure, on the basis of − 

 Its percept sequence

 Its built-in knowledge base

 

Rationality of an agent depends on the following − 

 The performance measures, which determine the degree of success.

 Agent’s Percept Sequence till now.

 The agent’s prior knowledge about the environment.

 The actions that the agent can carry out.

A rational agent always performs right action, where the right action means the action that 

causes the agent to be most successful in the given percept sequence. The problem the agent 

solves is characterized by Performance Measure, Environment, Actuators, and Sensors 

(PEAS). 

 

ENVIRONMENTS 

In this section, we will see how to couple an agent to an environment. In all cases, 

however, the nature of the connection between them is the same: actions are done by the 

agent on the environment, which in turn provides percepts to the agent. First, we will describe 

the different types of environments and how they affect the design of agents. Then we will 

describe environment programs that can be used as testbeds for agent programs. 

 

Properties of environments 

Environments come in several flavors. The principal distinctions to be made are as 

follows: 

 

Accessible vs. inaccessible 

If an agent's sensory apparatus gives it access to the complete state of the environment, then 

we say that the environment is accessible to that agent. An environment is effectively 

accessible if the sensors detect all aspects that are relevant to the choice of action. An 

accessible environment is convenient because the agent need not maintain any internal state 

to keep track of the world. 

 

Deterministic vs. nondeterministic. 

If the next state of the environment is completely determined by the current state and the 

actions selected by the agents, then we say the environment is deterministic. In principle, an 

agent need not worry about uncertainty in an accessible, deterministic environment. If the 
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environment is inaccessible, however, then it may appear to be nondeterministic. This is 

particularly true if the environment is complex, making it hard to keep track of all the 

inaccessible aspects. Thus, it is often better to think of an environment as deterministic or 

nondeterministic/rom the point of view of the agent. 

 

Episodic vs. nonepisodic 

In an episodic environment, the agent's experience is divided into "episodes." Each episode 

consists of the agent perceiving and then acting. The quality of its action depends just on the 

episode itself, because subsequent episodes do not depend on what actions occur in previous 

episodes. Episodic environments are much simpler because the agent does not need to think 

ahead. 

 

Static vs. dynamic 

If the environment can change while an agent is deliberating, then we say the environment is 

dynamic for that agent; otherwise it is static. Static environments are easy to deal with 

because the agent need not keep looking at the world while it is deciding on an action, nor 

need it worry about the passage of time. If the environment does not change with the passage 

of time but the agent's performance score does, then we say the environment is semidynamic. 

 

Discrete vs. continuous 

If there are a limited number of distinct, clearly defined percepts and actions we say that the 

environment is discrete. Chess is discrete—there are a fixed number of possible moves on 

each turn. Taxi driving is continuous—the speed and location of the taxi and the other 

vehicles sweep through a range of continuous values. 

We will see that different environment types require somewhat different agent 

programs to deal with them effectively. It will turn out, as you might expect, that the hardest 

case is inaccessible, nonepisodic, dynamic, and continuous. 

 

Environment programs 

The generic environment program in Figure 2.14 illustrates the basic relationship 

between agents and environments. In this book, we will find it convenient for many of the 

examples and exercises to use an environment simulator that follows this program structure. 

The simulator takes one or more agents as input and arranges to repeatedly give each agent 

the right percepts and receive back an action. The simulator then updates the environment 

based on the actions, and possibly other dynamic processes in the environment that are not 

considered to be agents (rain, for example). The environment is therefore defined by the 

initial state and the update function. Of course, an agent that works in a simulator ought also 

to work in a real environment that provides the same kinds of percepts and accepts the same 

kinds of actions. 
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THE NATURE OF ENVIRONMENTS 

Some programs operate in the entirely artificial environment confined to keyboard 

input, database, computer file systems and character output on a screen. 

In contrast, some software agents (software robots or softbots) exist in rich, unlimited 

softbots domains. The simulator has a very detailed, complex environment. The software 

agent needs to choose from a long array of actions in real time. A softbot designed to scan 

the online preferences of the customer and show interesting items to the customer works in 

the real as well as an artificial environment. 

The most famous artificial environment is the Turing Test environment, in which 

one real and other artificial agents are tested on equal ground. This is a very challenging 

environment as it is highly difficult for a software agent to perform as well as a human. 

 

Turing Test 

 The success of an intelligent behavior of a system can be measured with Turing Test.
 Two persons and a machine to be evaluated participate in the test. Out of the two 

persons, one plays the role of the tester. Each of them sits in different rooms. The 

tester is unaware of who is machine and who is a human. He interrogates the 

questions by typing and sending them to both intelligences, to which he receives 

typed responses.
 This test aims at fooling the tester. If the tester fails to determine machine’s response 

from the human response, then the machine is said to be intelligent.

 

THE STRUCTURE OF AGENTS 

Agent’s structure can be viewed as − 

 Agent = Architecture + Agent Program

 Architecture = the machinery that an agent executes on.

 Agent Program = an implementation of an agent function.
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So far, we have talked about agents by describing their behavior—the action that is 

performed after any given sequence of percepts. Now, we will have to bite the bullet and talk 

about how the insides work. 

The job of AI is to design the agent program: a function that implements the agent 

mapping from percepts to actions. We assume this program will run on some sort of 

computing device, which we will call the architecture. Obviously, the program we choose has 

to be one that the architecture will accept and run. The architecture might be a plain 

computer, or it might include special-purpose hardware for certain tasks, such as processing 

camera images or filtering audio input. It might also include software that provides a degree 

of insulation between the raw computer and the agent program, so that we can program at a 

higher level. In general, the architecture makes the percepts from the sensors available to the 

program, runs the program, and feeds the program's action choices to the effectors as they are 

generated. 

The relationship among agents, architectures, and programs can be summed up as 

follows: 

agent = architecture + program 

 

Before we design an agent program, we must have a pretty good idea of the possible 

percepts and actions, what goals or performance measure the agent is supposed to achieve, 

and what sort of environment it will operate in. These come in a wide variety. Figure 2.3 

shows the basic elements for a selection of agent types. 

It may come as a surprise to some readers that we include in our list of agent types 

programs that seem to operate in the entirely artificial environment defined by keyboard input 

and character output on a screen. "Surely," one might say, "this is not a real environment, is 

it?" In fact, what matters is not the distinction between "real" and "artificial" environments, 

but the complexity of the relationship among the behavior of the agent, the percept sequence 

generated by the environment, and the goals that the agent is supposed to achieve. Some 

"real" environments are actually quite simple. For example, a robot designed to inspect parts 

as they come by on a conveyer belt can make use of a number of simplifying assumptions: 

that the lighting is always just so, that the only thing on the conveyer belt will be parts of a 

certain kind, and that there are only two actions—accept the part or mark it as a reject. 
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Agent Programs 

Intelligent Agents will all have the same skeleton, namely, accepting percepts from an 

environment and generating actions. The early versions of agent programs will have a very 

simple form (Figure 2.4). Each will use some internal data structures that will be updated as 

new percepts arrive. These data structures are operated on by the agent's decision-making 

procedures to generate an action choice, which is then passed to the architecture to be 

executed. 

There are two things to note about this skeleton program. First, even though we 

defined the agent mapping as a function from percept sequences to actions, the agent program 

receives only a single percept as its input. It is up to the agent to build up the percept 

sequence in memory, if it so desires. In some environments, it is possible to be quite 

successful without storing the percept sequence, and in complex domains, it is infeasible to 

store the complete sequence. 
 

Second, the goal or performance measure is not part of the skeleton program. This is 

because the performance measure is applied externally to judge the behavior of the agent, and 
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it is often possible to achieve high performance without explicit knowledge of the 

performance measure (see, e.g., the square-root agent). 

 

Example 

At this point, it will be helpful to consider a particular environment, so that our 

discussion can become more concrete. Mainly because of its familiarity, and because it 

involves a broad range of skills, we will look at the job of designing an automated taxi driver. 

We must first think about the percepts, actions, goals and environment for the taxi. 

They are summarized in Figure 2.6 and discussed in turn. 
 

The taxi will need to know where it is, what else is on the road, and how fast it is 

going. This information can be obtained from the percepts provided by one or more 

controllable TV cameras, the speedometer, and odometer. To control the vehicle properly, 

especially on curves, it should have an accelerometer; it will also need to know the 

mechanical state of the vehicle, so it will need the usual array of engine and electrical system 

sensors. It might have instruments that are not available to the average human driver: a 

satellite global positioning system (GPS) to give it accurate position information with respect 

to an electronic map; or infrared or sonar sensors to detect distances to other cars and 

obstacles. Finally, it will need a microphone or keyboard for the passengers to tell it their 

destination. 

The actions available to a taxi driver will be more or less the same ones available to a 

human driver: control over the engine through the gas pedal and control over steering and 

braking. In addition, it will need output to a screen or voice synthesizer to talk back to the 

passengers, and perhaps some way to communicate with other vehicles. 

What performance measure would we like our automated driver to aspire to? 

Desirable qualities include getting to the correct destination; minimizing fuel consumption 

and wear and tear; minimizing the trip time and/or cost; minimizing violations of traffic laws 

and disturbances to other drivers; maximizing safety and passenger comfort; maximizing 

profits. Obviously, some of these goals conflict, so there will be trade-offs involved. 

Finally, were this a real project, we would need to decide what kind of driving 

environment the taxi will face. Should it operate on local roads, or also on freeways? Will it 

be in Southern California, where snow is seldom a problem, or in Alaska, where it seldom is 

not? Will it always be driving on the right, or might we want it to be flexible enough to drive 

on the left in case we want to operate taxis in Britain or Japan? Obviously, the more restricted 

the environment, the easier the design problem. 
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We will consider four types of agent program: 

 

 Simple reflex agents 

 Model based reflex agents (Agents that keep track of the world) 

 Goal-based agents 

 Utility-based agents 

 

1. Simple Reflex Agents 

 They choose actions only based on the current percept. 

 They are rational only if a correct decision is made only on the basis of current 

precept. 

 Their environment is completely observable. 

Condition-Action Rule − It is a rule that maps a state (condition) to an action. 
 

 

2. Model Based Reflex Agents 

They use a model of the world to choose their actions. They maintain an internal state. 

Model − knowledge about “how the things happen in the world”. 
Internal State − It is a representation of unobserved aspects of current state depending on 

percept history. 

Updating the state requires the information about − 

 How the world evolves. 

 How the agent’s actions affect the world. 
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3. Goal Based Agents 

They choose their actions in order to achieve goals. 

Goal-based approach is more flexible than reflex agent since the knowledge supporting a 

decision is explicitly modeled, thereby allowing for modifications. 

Goal − It is the description of desirable situations. 
 

 

4. Utility Based Agents 

They choose actions based on a preference (utility) for each state. 

Goals are inadequate when − 

 There are conflicting goals, out of which only few can be achieved. 

 Goals have some uncertainty of being achieved and you need to weigh likelihood of 

success against the importance of a goal. 

 
 

 

 

******* 
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SOLVING PROBLEMS BY SEARCHING 
In previous chapter, we saw that simple reflex agents are unable to plan ahead. They 

are limited in what they can do because their actions are determined only by the current 

percept. Furthermore, they have no knowledge of what their actions do nor of what they are 

trying to achieve. 

In this chapter, we describe one kind of goal-based agent called a problem-solving 

agent. Problem-solving agents decide what to do by finding sequences of actions that lead to 

desirable states. We discuss informally how the agent can formulate an appropriate view of 

the problem it faces. The problem type that results from the formulation process will depend 

on the knowledge available to the agent: principally, whether it knows the current state and 

the outcomes of actions. We then define more precisely the elements that constitute a 

"problem" and its "solution," and give several examples to illustrate these definitions. Given 

precise definitions of problems, it is relatively straightforward to construct a search process 

for finding solutions. 

 

PROBLEM SOLVING AGENTS 

Intelligent agents are supposed to act in such a way that the environment goes through 

a sequence of states that maximizes the performance measure. In its full generality, this 

specification is difficult to translate into a successful agent design. As we mentioned in 

previous chapter, the task is somewhat simplified if the agent can adopt a goal and aim to 

satisfy it. Let us first look at how and why an agent might do this. 

Goal formulation, based on the current situation, is the first step in problem solving. 

As well as formulating a goal, the agent may wish to decide on some other factors that affect 

the desirability of different ways of achieving the goal. 

Problem formulation is the process of deciding what actions and states to consider, 

and follows goal formulation. We will discuss this process in more detail. For now, let us 

assume that the agent will consider actions at the level of driving from one major town to 

another. The states it will consider therefore correspond to being in a particular town. 

In general, then, an agent with several immediate options of unknown value can 

decide what to do by first examining; different possible sequences of actions that lead to 

states of known value, and then choosing the best one. This process of looking for such a 

sequence is called search. 

A search algorithm takes a problem as input and returns a solution in the form of an 

action sequence. Once a solution is found, the actions it recommends can be carried out. This 

is called the execution phase. 

Thus, we have a simple "formulate, search, execute" design for the agent, as shown in 

Figure 3.1. After formulating a goal and a problem to solve, the agent calls a search 

procedure to solve it. It then uses the solution to guide its actions, doing whatever the solution 

recommends as the next thing to do, and then removing that step from the sequence. Once the 

solution has been executed, the agent will find a new goal. 
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EXAMPLE PROBLEMS 

The range of task environments that can be characterized by well-defined problems is 

vast. We can distinguish between so-called, toy problems, which are intended to illustrate or 

exercise various problem-solving methods, and so-called real-world problems, which tend to 

be more difficult and whose solutions people actually care about. In this section, we will give 

examples of both. By nature, toy problems can be given a concise, exact description. This 

means that they can be easily used by different researchers to compare the performance of 

algorithms. Real-world problems, on the other hand, tend not to have a single agreed-upon 

description, but we will attempt to give the general flavor of their formulations. 

 

1. Toy Problems 

The 8-puzzIe 

The 8-puzzle, an instance of which is shown in Figure 3.4, consists of a 3x3 board 

with eight numbered tiles and a blank space. A tile adjacent to the blank space can slide into 

the space. The object is to reach the configuration shown on the right of the figure. One 

important trick is to notice that rather than use operators such as "move the 3 tile into the 

blank space," it is more sensible to have operators such as "the blank space changes places 

with the tile to its left." This is because there are fewer of the latter kind of operator. 

This leads us to the following formulation: 

 States: a state description specifies the location of each of the eight tiles in one of the 

nine squares. For efficiency, it is useful to include the location of the blank. 

 Operators: blank moves left, right, up, or down. 

 Goal test: state matches the goal configuration shown in Figure 3.4. 

 Path cost: each step costs 1, so the path cost is just the length of the path. 

The 8-puzzle belongs to the family of sliding-block puzzles. This general class is known 

to be NP-complete, so one does not expect to find methods significantly better than the search 

algorithms described in this chapter and the next. The 8-puzzle and its larger cousin, the 15- 

puzzle, are the standard test problems for new search algorithms in Al. 
 

 

 

The 8-queens problem 

The eight queens puzzle is the problem of placing eight chess queens on an 8×8 chessboard 

so that no two queens threaten each other; thus, a solution requires that no two queens share 

the same row, column, or diagonal. 
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The 8-queens problem can be defined as follows: Place 8 queens on an (8 by 8) chess board 

such that none of the queens attacks any of the others. A configuration of 8 queens on the 

board is shown in figure 1, but this does not represent a solution as the queen in the first 

column is on the same diagonal as the queen in the last column. 

Although efficient special-purpose algorithms exist for this problem and the whole n 

queens family, it remains an interesting test problem for search algorithms. There are two 

main kinds of formulation. The incremental formulation involves placing queens one by one, 

whereas the complete-state formulation starts with all 8 queens on the board and moves them 

around. In either case, the path cost is of no interest because only the final state counts; 

algorithms are thus compared only on search cost. Thus, we have the following goal test and 

path cost: 

 Goal test: 8 queens on board, none attacked. 

 Path cost: zero. 

There are also different possible states and operators. Consider the following simple-minded 

formulation: 

 States: any arrangement of 0 to 8 queens on board. 

 Operators: add a queen to any square. 

In this formulation, we have 648 possible sequences to investigate. A more sensible 

choice would use the fact that placing a queen where it is already attacked cannot work, 

because subsequent placings of other queens will not undo the attack. So we might try the 

following: 

 States: arrangements of 0 to 8 queens with none attacked. 

 Operators: place a queen in the left-most empty column such that it is not attacked by 

any other queen. 

It is easy to see that the actions given can generate only states with no attacks; but 

sometimes no actions will be possible. For example, after making the first seven choices (left- 

to-right) in Figure 1, there is no action available in this formulation. The search process must 

try another choice. A quick calculation shows that there are only 2057 possible sequences to 

investigate. The right formulation makes a big difference to the size of the search space. 

Similar considerations apply for a complete-state formulation. For example, we could set the 

problem up as follows: 

 States: arrangements of 8 queens, one in each column. 

 Operators: move any attacked queen to another square in the same column. 

This formulation would allow the algorithm to find a solution eventually, but it would be 

better to move to an unattacked square if possible. 
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2. Real-world problems 

Route finding 

We have already seen how route finding is defined in terms of specified locations and 

transitions! along links between them. Route-finding algorithms are used in a variety of 

applications, such! as routing in computer networks, automated travel advisory systems, and 

airline travel planning! systems. The last application is somewhat more complicated, because 

airline travel has a very complex path cost, in terms of money, seat quality, time of day, type 

of airplane, frequent-flyer mileage awards, and so on. Furthermore, the actions in the problem 

do not have completely known outcomes: flights can be late or overbooked, connections can 

be missed, and fog or emergency maintenance can cause delays. 

 

Touring and travelling salesperson problems 

Consider the problem, "Visit every city in Figure 3.3 at least once, starting and ending 

in Bucharest." This seems very similar to route finding, because the operators still correspond 

to trips between adjacent cities. But for this problem, the state space must record more 

information. In addition to the agent's location, each state must keep track of the set of cities 

the agent has visited. So the initial state would be "In Bucharest; visited {Bucharest}," a 

typical intermediate state would be "In Vaslui; visited {Bucharest,Urziceni,Vaslui}," and the 

goal test would check if the agent is in Bucharest and that all 20 cities have been visited. The 

travelling salesperson problem (TSP) is a famous touring problem in which each city must be 

visited exactly once. The aim is to find the shortest tour.The problem is NP-hard (Karp, 

1972), but an enormous amount of effort has been expended to improve the capabilities of 

TSP algorithms. In addition to planning trips for travelling salespersons, these algorithms 

have been used for tasks such as planning movements of automatic circuit board drills. 

 

VLSI Layout 

The design of silicon chips is one of the most complex engineering design tasks 

currently undertaken, and we can give only a brief sketch here. A typical VLSI chip can have 

as many as a million gates, and the positioning and connections of every gate are crucial to 

the successful operation of the chip. Computer-aided design tools are used in every phase of 

the process. Two of the most difficult tasks are cell layout and channel routing. These come 

after the components and connections of the circuit have been fixed; the purpose is to lay out 

the circuit on the chip so as to minimize area and connection lengths, thereby maximizing 

speed. In cell layout, the primitive components of the circuit are grouped into cells, each of 

which performs some recognized function. Each cell has a fixed footprint (size and shape) 

and requires a certain number of connections to each of the other cells. The aim is to place 

the cells on the chip so that they do not overlap and so that there is room for the connecting 

wires to be placed between the cells. Channel routing finds a specific route for each wire 

using the gaps between the cells. These search problems are extremely complex, but 

definitely worth solving. 

 

Robot navigation 

Robot navigation is a generalization of the route-finding problem described earlier. 

Rather than a discrete set of routes, a robot can move in a continuous space with (in principle) 

an infinite set of possible actions and states. For a simple, circular robot moving on a flat 
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surface, the space is essentially two-dimensional. When the robot has arms and legs that must 

also be controlled, the search space becomes many-dimensional. Advanced techniques are 

required just to make the search space finite. 

 

SEARCHING FOR SOLUTIONS 

We have seen how to define a problem, and how to recognize a solution. The 

remaining part— finding a solution—is done by a search through the state space. The idea is 

to maintain and extend a set of partial solution sequences. In this section, we show how to 

generate these sequences and how to keep track of them using suitable data structures. 

 

Generating action sequences 

To solve the route-finding problem from Arad to Bucharest, for example, we start off 

with just the initial state, Arad. The first step is to test if this is a goal state. Clearly it is not, 

but it is important to check so that we can solve trick problems like "starting in Arad, get to 

Arad." Because this is ; not a goal state, we need to consider some other states. This is done 

by applying the operators; to the current state, thereby generating a new set of states. The 

process is called expanding the state. In this case, we get three new states, "in Sibiu," "in 

Timisoara," and "in Zerind," because there is a direct one-step route from Arad to these three 

cities. If there were only one possibility; we would just take it and continue. But whenever 

there are multiple possibilities, we must make a choice about which one to consider further. 

This is the essence of search—choosing one option and putting the others aside for 

later, in ' case the first choice does not lead to a solution. Suppose we choose Zerind. We 

check to see if it is a goal state (it is not), and then expand it to get "in Arad" and "in Oradea." 

We can then choose any of these two, or go back and choose Sibiu or Timisoara. We 

continue choosing, testing, and expanding until a solution is found, or until there are no more 

states to be expanded. The choice of which state to expand first is determined by the search 

strategy. 

It is helpful to think of the search process as building up a search tree that is 

superimposed over the state space. The root of the search tree is a search node corresponding 

to the initial state. The leaf nodes of the tree correspond to states that do not have successors 

in the tree, either because they have not been expanded yet, or because they were expanded, 

but generated the empty set. At each step, the search algorithm chooses one leaf node to 

expand. Figure 3.8 shows some of the expansions in the search tree for route finding from 

Arad to Bucharest. The general search algorithm is described informally in Figure 3.9. 

It is important to distinguish between the state space and the search tree. For the route 

finding problem, there are only 20 states in the state space, one for each city. But there are an 

infinite number of paths in this state space, so the search tree has an infinite number of nodes. 

For example, in Figure 3.8, the branch Arad-Sibiu-Arad continues Arad-Sibiu-Arad-Sibiu- 

Arad, and so on, indefinitely. Obviously, a good search algorithm avoids following such 

paths. 

 

Data structures for search trees 

There are many ways to represent nodes, but in this chapter, we will assume a node is 

a data structure with five components: 
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 the state in the state space to which the node corresponds; 

 the node in the search tree that generated this node (this is called the parent 

node); 

 the operator that was applied to generate the node; 

 the number of nodes on the path from the root to this node (the depth of the 

node); 

 the path cost of the path from the initial state to the node. 

 

The node data type is thus: 

datatype node 

components: STATE, PARENT-NODE, OPERATOR, DEPTH, PATH-COST 

 

It is important to remember the distinction between nodes and states. A node is a 

bookkeeping data structure used to represent the search tree for a particular problem instance 

as generated by a particular algorithm. A state represents a configuration (or set of 

configurations) of the world. Thus, nodes have depths and parents, whereas states do not. 

(Furthermore, it is quite possible for two different nodes to contain the same state, if that state 

is generated via two different sequences of actions.) The EXPAND function is responsible for 

calculating each of the components of the nodes it generates. 

 

SEARCH STRATEGIES 

Search Algorithm Terminologies 

Search: 

Searching is a step by step procedure to solve a search-problem in a given search space. 

A search problem can have three main factors: 

1. Search Space: Search space represents a set of possible solutions, which a 

system may have. 

2. Start State: It is a state from where agent begins the search. 

3. Goal test: It is a function which observe the current state and returns whether 

the goal state is achieved or not. 

 Search tree: A tree representation of search problem is called Search tree. The 

root of the search tree is the root node which is corresponding to the initial state. 

 Actions: It gives the description of all the available actions to the agent. 

 Transition model: A description of what each action do, can be represented as a 

transition model. 

 Path Cost: It is a function which assigns a numeric cost to each path. 

 Solution: It is an action sequence which leads from the start node to the goal 

node. 

 Optimal Solution: If a solution has the lowest cost among all solutions. 
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Properties of Search Algorithms: 

Following are the four essential properties of search algorithms to compare the efficiency of 

these algorithms: 

Completeness: A search algorithm is said to be complete if it guarantees to return a solution 

if at least any solution exists for any random input. 

Optimality: If a solution found for an algorithm is guaranteed to be the best solution (lowest 

path cost) among all other solutions, then such a solution for is said to be an optimal solution. 

Time Complexity: Time complexity is a measure of time for an algorithm to complete its 

task. 

Space Complexity: It is the maximum storage space required at any point during the search, 

as the complexity of the problem. 

 

Types of search algorithms 

Based on the search problems we can classify the search algorithms into uninformed (Blind 

search) search and informed search (Heuristic search) algorithms. 

 

 

1. UNINFORMED SEARCH (Blind Search): 
The term means that they have no information about the number of steps or the path 

cost from the current state to the goal—all they can do is distinguish a goal state from a 

nongoal state. Uninformed search applies a way in which search tree is searched without any 

information about the search space like initial state operators and test for the goal, so it is also 

called blind search. It examines each node of the tree until it achieves the goal node. 

 

It can be divided into five main types: 

 Breadth-first search 

 Uniform cost search 

 Depth-first search 

 Iterative deepening depth-first search 

 Bidirectional Search 
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1. Breadth-first Search: 

o Breadth-first search is the most common search strategy for traversing a tree or graph. 

This algorithm searches breadthwise in a tree or graph, so it is called breadth-first 

search. 

o BFS algorithm starts searching from the root node of the tree and expands all 

successor node at the current level before moving to nodes of next level. 

o The breadth-first search algorithm is an example of a general-graph search algorithm. 

o Breadth-first search implemented using FIFO queue data structure. 

 

Advantages: 

o BFS will provide a solution if any solution exists. 

o If there are more than one solutions for a given problem, then BFS will provide the 

minimal solution which requires the least number of steps. 

 

Disadvantages: 

o t requires lots of memory since each level of the tree must be saved into memory to 

expand the next level. 

o BFS needs lots of time if the solution is far away from the root node. 

 

Example 

In the below tree structure, we have shown the traversing of the tree using BFS algorithm 

from the root node S to goal node K. BFS search algorithm traverse in layers, so it will follow 

the path which is shown by the dotted arrow, and the traversed path will be: 

S---> A--->B---->C--->D---->G--->H--->E---->F---->I  >K 
 

 

Time Complexity: 

Time Complexity of BFS algorithm can be obtained by the number of nodes traversed in BFS 

until the shallowest Node. Where the d= depth of shallowest solution and b is a node at every 

state. 

T (b) = 1+b
2
+b

3
+   + b

d
= O (b

d
) 
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Space Complexity: 

Space complexity of BFS algorithm is given by the Memory size of frontier which is O(b
d
). 

Completeness: 

BFS is complete, which means if the shallowest goal node is at some finite depth, then BFS 

will find a solution. 

Optimality: 

BFS is optimal if path cost is a non-decreasing function of the depth of the node. 

 

 

2. Depth-first Search 

o Depth-first search isa recursive algorithm for traversing a tree or graph data structure. 

o It is called the depth-first search because it starts from the root node and follows each 

path to its greatest depth node before moving to the next path. 

o DFS uses a stack data structure for its implementation. 

o The process of the DFS algorithm is similar to the BFS algorithm. 

 

Advantage: 

o DFS requires very less memory as it only needs to store a stack of the nodes on the 

path from root node to the current node. 

o It takes less time to reach to the goal node than BFS algorithm (if it traverses in the 

right path). 

 

Disadvantage: 

o There is the possibility that many states keep re-occurring, and there is no guarantee 

of finding the solution. 

o DFS algorithm goes for deep down searching and sometime it may go to the infinite 

loop. 

 

Example 

In the below search tree, we have shown the flow of depth-first search, and it will follow the 

order as: 

Root node--->Left node ---- > right node. 
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It will start searching from root node S, and traverse A, then B, then D and E, after traversing 

E, it will backtrack the tree as E has no other successor and still goal node is not found. After 

backtracking it will traverse node C and then G, and here it will terminate as it found goal 

node. 

 

Completeness: DFS search algorithm is complete within finite state space as it will expand 

every node within a limited search tree. 

Time Complexity: Time complexity of DFS will be equivalent to the node traversed by the 

algorithm. It is given by: 

T(n)= 1+ n
2
+ n

3
 + ........ + n

m
=O(n

m
) 

Where, m= maximum depth of any node and this can be much larger than d (Shallowest 

solution depth) 

Space Complexity: DFS algorithm needs to store only single path from the root node, hence 

space complexity of DFS is equivalent to the size of the fringe set, which is O(bm). 

Optimal: DFS search algorithm is non-optimal, as it may generate a large number of steps or 

high cost to reach to the goal node. 

 

3. Depth-Limited Search Algorithm: 

A depth-limited search algorithm is similar to depth-first search with a predetermined limit. 

Depth-limited search can solve the drawback of the infinite path in the Depth-first search. In 

this algorithm, the node at the depth limit will treat as it has no successor nodes further. 

Depth-limited search can be terminated with two Conditions of failure: 

o Standard failure value: It indicates that problem does not have any solution. 

o Cutoff failure value: It defines no solution for the problem within a given depth limit. 

 

Advantages: 

Depth-limited search is Memory efficient. 

 

Disadvantages: 

o Depth-limited search also has a disadvantage of incompleteness. 

o It may not be optimal if the problem has more than one solution. 

Example 
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Completeness: DLS search algorithm is complete if the solution is above the depth-limit. 

Time Complexity: Time complexity of DLS algorithm is O(b
ℓ
). 

Space Complexity: Space complexity of DLS algorithm is O(b×ℓ). 
Optimal: Depth-limited search can be viewed as a special case of DFS, and it is also not 

optimal even if ℓ>d. 

 

4. Uniform-cost Search Algorithm: 

Uniform-cost search is a searching algorithm used for traversing a weighted tree or graph. 

This algorithm comes into play when a different cost is available for each edge. The primary 

goal of the uniform-cost search is to find a path to the goal node which has the lowest 

cumulative cost. Uniform-cost search expands nodes according to their path costs form the 

root node. It can be used to solve any graph/tree where the optimal cost is in demand. A 

uniform-cost search algorithm is implemented by the priority queue. It gives maximum 

priority to the lowest cumulative cost. Uniform cost search is equivalent to BFS algorithm if 

the path cost of all edges is the same. 

 

Advantages: 

o Uniform cost search is optimal because at every state the path with the least cost is 

chosen. 

o  

Disadvantages: 

o It does not care about the number of steps involve in searching and only concerned 

about path cost. Due to which this algorithm may be stuck in an infinite loop. 

Example 
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Completeness: 

Uniform-cost search is complete, such as if there is a solution, UCS will find it. 

Time Complexity: 

Let C* is Cost of the optimal solution, and ε is each step to get closer to the goal node. Then 

the number of steps is = C*/ε+1. Here we have taken +1, as we start from state 0 and end to 
C*/ε. 
Hence, the worst-case time complexity of Uniform-cost search isO(b

1
 
+
 
[C*/ε]

)/. 

Space Complexity: 

The same logic is for space complexity so, the worst-case space complexity of Uniform-cost 

search is O(b
1
 
+
 
[C*/ε]

). 

Optimal: 

Uniform-cost search is always optimal as it only selects a path with the lowest path cost. 

 

5. Iterative deepening depth-first Search: 

 The iterative deepening algorithm is a combination of DFS and BFS algorithms. This 

search algorithm finds out the best depth limit and does it by gradually increasing the 

limit until a goal is found. 

 This algorithm performs depth-first search up to a certain "depth limit", and it keeps 

increasing the depth limit after each iteration until the goal node is found. 

 This Search algorithm combines the benefits of Breadth-first search's fast search and 

depth-first search's memory efficiency. 

 The iterative search algorithm is useful uninformed search when search space is large, 

and depth of goal node is unknown. 

 

Advantages: 

o It combines the benefits of BFS and DFS search algorithm in terms of fast search and 

memory efficiency. 

 

Disadvantages: 

o The main drawback of IDDFS is that it repeats all the work of the previous phase. 

 

Example 

Following tree structure is showing the iterative deepening depth-first search. 

IDDFS algorithm performs various iterations until it does not find the goal node. 

The iteration performed by the algorithm is given as: 
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1'st Iteration ---- > A 

2'nd Iteration --- > A, B, C 

3'rd Iteration ----- >A, B, D, E, C, F, G 

4'th Iteration ----- >A, B, D, H, I, E, C, F, K, G 

In the fourth iteration, the algorithm will find the goal node. 

 

Completeness: 

This algorithm is complete is if the branching factor is finite. 

Time Complexity: 

Let's suppose b is the branching factor and depth is d then the worst-case time complexity 

is O(b
d
). 

Space Complexity: 

The space complexity of IDDFS will be O(bd). 

Optimal: 

IDDFS algorithm is optimal if path cost is a non- decreasing function of the depth of the 

node. 

 

6. Bidirectional Search Algorithm 

Bidirectional search algorithm runs two simultaneous searches, one form initial state called as 

forward-search and other from goal node called as backward-search, to find the goal node. 

Bidirectional search replaces one single search graph with two small subgraphs in which one 

starts the search from an initial vertex and other starts from goal vertex. The search stops 

when these two graphs intersect each other. 

Bidirectional search can use search techniques such as BFS, DFS, DLS, etc. 

 

Advantages: 

o Bidirectional search is fast. 

o Bidirectional search requires less memory 

 

Disadvantages: 

o Implementation of the bidirectional search tree is difficult. 

o In bidirectional search, one should know the goal state in advance. 

 

Example 

In the below search tree, bidirectional search algorithm is applied. This algorithm divides one 

graph/tree into two sub-graphs. It starts traversing from node 1 in the forward direction and 

starts from goal node 16 in the backward direction. 

The algorithm terminates at node 9 where two searches meet. 



Artificial Intelligence  

 

 

 

 

 

 

Completeness: Bidirectional Search is complete if we use BFS in both searches. 

Time Complexity: Time complexity of bidirectional search using BFS is O(b
d
). 

Space Complexity: Space complexity of bidirectional search is O(b
d
). 

Optimal: Bidirectional search is Optimal. 

 

2. INFORMED SEARCH (Heuristic Search) 
 Informed search algorithms use domain knowledge. 

 In an informed search, problem information is available which can guide the search. 

Informed search strategies can find a solution more efficiently than an uninformed 

search strategy. 

 Informed search is also called a Heuristic search. 

 A heuristic is a way which might not always be guaranteed for best solutions but 

guaranteed to find a good solution in reasonable time. 

 

Heuristics function: 

Heuristic is a function which is used in Informed Search, and it finds the most promising 

path. It takes the current state of the agent as its input and produces the estimation of how 

close agent is from the goal. The heuristic method, however, might not always give the best 

solution, but it guaranteed to find a good solution in reasonable time. Heuristic function 

estimates how close a state is to the goal. It is represented by h(n), and it calculates the cost of 

an optimal path between the pair of states. The value of the heuristic function is always 

positive. 

 

Admissibility of the heuristic function is given as: 

 

1.  h(n) <= h*(n) 

 

Here h(n) is heuristic cost, and h*(n) is the estimated cost. 

 

Hence heuristic cost should be less than or equal to the estimated cost. 
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Pure Heuristic Search: 

Pure heuristic search is the simplest form of heuristic search algorithms. It expands 

nodes based on their heuristic value h(n). It maintains two lists, OPEN and CLOSED list. In 

the CLOSED list, it places those nodes which have already expanded and in the OPEN list, it 

places nodes which have yet not been expanded. 

On each iteration, each node n with the lowest heuristic value is expanded and 

generates all its successors and n is placed to the closed list. The algorithm continues unit a 

goal state is found. 

In the informed search we will discuss two main algorithms which are given below: 

 Best First Search Algorithm(Greedy search) 

 A* Search Algorithm 

 

 

1. Best-first Search Algorithm (Greedy Search): 

Greedy best-first search algorithm always selects the path which appears best at that moment. 

It is the combination of depth-first search and breadth-first search algorithms. It uses the 

heuristic function and search. Best-first search allows us to take the advantages of both 

algorithms. With the help of best-first search, at each step, we can choose the most promising 

node. In the best first search algorithm, we expand the node which is closest to the goal node 

and the closest cost is estimated by heuristic function, i.e. 

f(n)= g(n). 

 

Were, h(n)= estimated cost from node n to the goal. 

 

The greedy best first algorithm is implemented by the priority queue. 

 

Best first search algorithm 

o Step 1: Place the starting node into the OPEN list. 

o Step 2: If the OPEN list is empty, Stop and return failure. 

o Step 3: Remove the node n, from the OPEN list which has the lowest value of h(n), 

and places it in the CLOSED list. 

o Step 4: Expand the node n, and generate the successors of node n. 

o Step 5: Check each successor of node n, and find whether any node is a goal node or 

not. If any successor node is goal node, then return success and terminate the search, 

else proceed to Step 6. 

o Step 6: For each successor node, algorithm checks for evaluation function f(n), and 

then check if the node has been in either OPEN or CLOSED list. If the node has not 

been in both list, then add it to the OPEN list. 

o Step 7: Return to Step 2. 

 

Advantages: 

o Best first search can switch between BFS and DFS by gaining the advantages of both 

the algorithms. 

o This algorithm is more efficient than BFS and DFS algorithms. 
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Disadvantages: 

o It can behave as an unguided depth-first search in the worst case scenario. 

o It can get stuck in a loop as DFS. 

o This algorithm is not optimal. 

 

Example 

Consider the below search problem, and we will traverse it using greedy best-first search. At 

each iteration, each node is expanded using evaluation function f(n)=h(n) , which is given in 

the below table. 

 

 

 

In this search example, we are using two lists which are OPEN and CLOSED Lists. 

Following are the iteration for traversing the above example. 
 

 

Expand the nodes of S and put in the CLOSED list 

Initialization: Open [A, B], Closed [S] 

Iteration 1: Open [A], Closed [S, B] 

Iteration 2: Open [E, F, A], Closed [S, B] 

: Open [E, A], Closed [S, B, F] 
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Iteration 3: Open [I, G, E, A], Closed [S, B, F] 

: Open [I, E, A], Closed [S, B, F, G] 

Hence the final solution path will be: S----> B----->F --- > G 

Time Complexity: The worst case time complexity of Greedy best first search is O(b
m

). 

Space Complexity: The worst case space complexity of Greedy best first search is O(b
m

). 

Where, m is the maximum depth of the search space. 

Complete: Greedy best-first search is also incomplete, even if the given state space is finite. 

Optimal: Greedy best first search algorithm is not optimal. 

 

 

2. A* Search Algorithm: 

A* search is the most commonly known form of best-first search. It uses heuristic function 

h(n), and cost to reach the node n from the start state g(n). It has combined features of UCS 

and greedy best-first search, by which it solve the problem efficiently. A* search algorithm 

finds the shortest path through the search space using the heuristic function. This search 

algorithm expands less search tree and provides optimal result faster. A* algorithm is similar 

to UCS except that it uses g(n)+h(n) instead of g(n). 

In A* search algorithm, we use search heuristic as well as the cost to reach the node. Hence 

we can combine both costs as following, and this sum is called as a fitness number. 

 

 

 

Algorithm of A* search: 

Step1: Place the starting node in the OPEN list. 

Step 2: Check if the OPEN list is empty or not, if the list is empty then return failure and 

stops. 

Step 3: Select the node from the OPEN list which has the smallest value of evaluation 

function (g+h), if node n is goal node then return success and stop, otherwise 

Step 4: Expand node n and generate all of its successors, and put n into the closed list. For 

each successor n', check whether n' is already in the OPEN or CLOSED list, if not then 

compute evaluation function for n' and place into Open list. 

Step 5: Else if node n' is already in OPEN and CLOSED, then it should be attached to the 

back pointer which reflects the lowest g(n') value. 

Step 6: Return to Step 2. 

 

Advantages: 

o A* search algorithm is the best algorithm than other search algorithms. 

o A* search algorithm is optimal and complete. 

o This algorithm can solve very complex problems. 
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Disadvantages: 

o It does not always produce the shortest path as it mostly based on heuristics and 

approximation. 

o A* search algorithm has some complexity issues. 

o The main drawback of A* is memory requirement as it keeps all generated nodes in 

the memory, so it is not practical for various large-scale problems. 

 

Example 

In this example, we will traverse the given graph using the A* algorithm. The heuristic value 

of all states is given in the below table so we will calculate the f(n) of each state using the 

formula f(n)= g(n) + h(n), where g(n) is the cost to reach any node from start state. 

Here we will use OPEN and CLOSED list. 

 

 

 

 

Solution: 

 

Initialization: {(S, 5)} 

Iteration1: {(S--> A, 4), (S-->G, 10)} 

Iteration2: {(S--> A-->C, 4), (S--> A-->B, 7), (S-->G, 10)} 

Iteration3: {(S--> A-->C--->G, 6), (S--> A-->C--->D, 11), (S--> A-->B, 7), (S-->G, 10)} 

Iteration 4 will give the final result, as S--->A--->C--->G it provides the optimal path with 

cost 6. 
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If the heuristic function is admissible, then A* tree search will always find the least cost path. 

 

Time Complexity: The time complexity of A* search algorithm depends on heuristic 

function, and the number of nodes expanded is exponential to the depth of solution d. So the 

time complexity is O(b^d), where b is the branching factor. 

 

Space Complexity: The space complexity of A* search algorithm is O(b^d) 

 

 

 

******* 



 

      UNIT-2 

CONSTRAINT SATISFACTION PROBLEMS:  

A Constraint Satisfaction Problem is a mathematical problem where the solution must meet a number of 
constraints. In CSP the objective is to assign values to variables such that all the constraints are satisfied. Many AI 
applications use CSPs to solve decision-making problems that involve managing or arranging resources under strict 
guidelines. 

 Common applications of CSPs include: 

Scheduling: It assigns resources like employees or equipment while respecting time and availability constraints. 

Planning: Organize tasks with specific deadlines or sequences. 

Resource Allocation: Distributing resources efficiently without overuse 

Components of Constraint Satisfaction Problems 

 

CSPs are composed of three key elements: 

1. Variables: These are the things we need to find values for. Each variable represents something that needs to be 
decided. For example, in a Sudoku puzzle each empty cell is a variable that needs a number. Variables can be of 
different types like yes/no choices (Boolean), whole numbers (integers) or categories like colors or names. 

2. Domains: This is the set of possible values that a variable can have. The domain tells us what values we can 
choose for each variable. In Sudoku the domain for each cell is the numbers 1 to 9 because each cell must contain 
one of these numbers. Some domains are small and limited while others can be very large or even infinite. 

3. Constraints: These are the rules that restrict how variables can be assigned values. Constraints define which 
combinations of values are allowed.  

There are different types of constraints: 

 Unary constraints apply to a single variable like "this cell cannot be 5". 

 Binary constraints involve two variables like "these two cells cannot have the same number". 

 Higher-order constraints involve three or more variables like "each row in Sudoku must have all numbers 
from 1 to 9 without repetition". 

 

 

 

 

 

 



 

Types of Constraint Satisfaction Problems 

CSPs can be classified into different types based on their constraints and problem characteristics: 

Binary CSPs: In these problems each constraint involves only two variables. Like in a scheduling problem the 
constraint could specify that task A must be completed before task B. 

Non-Binary CSPs: These problems have constraints that involve more than two variables. For instance in a seating 
arrangement problem a constraint could state that three people cannot sit next to each other. 

Hard and Soft Constraints: Hard constraints must be strictly satisfied while soft constraints can be violated but at 
a certain cost. This is often used in real-world applications where not all constraints are equally important. 

 

Representation of Constraint Satisfaction Problems (CSP) 

In CSP it involves the interaction of variables, domains and constraints. Below is a structured representation of how 
CSP is formulated: 

1. Finite Set of Variables (V1, V2…Vn): The problem consists of a set of variables each of which needs to be 
assigned a value that satisfies the given constraints. 

2. Non-Empty Domain for Each Variable (D1,D2…Dn):  Each variable has a domain a set of possible values 
that it can take. For example, in a Sudoku puzzle the domain could be the numbers 1 to 9 for each cell. 

3. Finite Set of Constraints (C1,C2…Cm): Constraints restrict the possible values that variables can take. Each 
constraint defines a rule or relationship between variables. 

4. Constraint Representation: Each constraint Ci is represented as a pair of (scope, relation) where: 

 Scope: The set of variables involved in the constraint. 

 Relation: A list of valid combinations of variable values that satisfy the constraint. 

Example: Let’s say you have two variables V1and V2.A possible constraint could be V1≠V2, which means the 
values assigned to these variables must not be equal. There: 

Scope: The variables V1 and V2 

Scope: The variables V1is not equal to V2 

Some relations might include explicit combinations while others may rely on abstract relations that are tested for 
validity dynamically. 

 

 

 

 

 

 



 

Solving Constraint Satisfaction Problems Efficiently: 

CSP use various algorithms to explore and optimize the search space ensuring that solutions meet the specified 
constraints. Here’s a breakdown of the most commonly used CSP algorithms: 

1. Backtracking Algorithm 

The backtracking algorithm is a depth-first search method used to systematically explore possible solutions in 
CSPs. It operates by assigning values to variables and backtracks if any assignment violates a constraint. 

How it works: 

 The algorithm selects a variable and assigns it a value. 

 It recursively assigns values to subsequent variables. 

 If a conflict arises i.e a variable cannot be assigned a valid value then algorithm backtracks to the previous 
variable and tries a different value. 

 The process continues until either a valid solution is found or all possibilities have been exhausted. 

This method is widely used due to its simplicity but can be inefficient for large problems with many variables. 

2. Forward-Checking Algorithm 

The forward-checking algorithm is an enhancement of the backtracking algorithm that aims to reduce the search 
space by applying local consistency checks. 

How it works: 

 For each unassigned variable the algorithm keeps track of remaining valid values. 

 Once a variable is assigned a value local constraints are applied to neighboring variables and eliminate 
inconsistent values from their domains. 

 If a neighbor has no valid values left after forward-checking the algorithm backtracks. 

This method is more efficient than pure backtracking because it prevents some conflicts before they happen 
reducing unnecessary computations. 

3. Constraint Propagation Algorithms 

Constraint propagation algorithms further reduce the search space by enforcing local consistency across all 
variables. 

 

How it works: 

 Constraints are propagated between related variables. 

 Inconsistent values are eliminated from variable domains by using information gained from other variables. 

 These algorithms filter the search space by making inferences and by remove values that would led to 
conflicts. 

Constraint propagation is used along with other CSP methods like backtracking to make the search faster. 

 



 

Example problem: Map coloring 

 
Map colouring problem states that given a graph G {V, E} where V and E are the set of vertices and edges of the 
graph, all vertices in V need to be coloured in such a way that no two adjacent vertices must have the same colour. 
The real-world applications of this algorithm are assigning mobile radio frequencies, making schedules, designing 
Sudoku, allocating registers etc. 
 
Map Colouring Algorithm: 

 

With the map colouring algorithm, a graph G and the colours to be added to the graph are taken as an input and a 
coloured graph with no two adjacent vertices having the same colour is achieved. 
Algorithm:  

 

 Initiate all the vertices in the graph. 
 Select the node with the highest degree to colour it with any colour. 
 Choose the colour to be used on the graph with the help of the selection colour function so that no adjacent 

vertex is having the same colour. 
 Check if the colour can be added and if it does, add it to the solution set. 
 Repeat the process from step 2 until the output set is ready. 

 
EXAMPLE: 

 

 
Step 1: 

 
Find degrees of all the vertices – 
 
A  4 
B  2 
C 2 
D 3 
E  3  
 
 
 
 
 
 
 
 



 

Step 2: 

 

Choose the vertex with the highest degree to colour first, i.e., A and choose a colour using selection colour 
function. Check if the colour can be added to the vertex and if yes, add it to the solution set. 

 
Step 3 

 
Select any vertex with the next highest degree from the remaining vertices and colour it using selection 
colour function. 
D and E both have the next highest degree 3, so choose any one between them, say D. 

 
D is adjacent to A, therefore it cannot be coloured in the same colour as A. Hence, choose a different colour 
using selection colour function. 
 

Step 4: 

 
The next highest degree vertex is E, hence choose E. 
 

 
E is adjacent to both A and D, therefore it cannot be coloured in the same colours as A and D. Choose a 
different colour using selection colour function. 
 

 

 

 

 

 

 

 

 



 

Step 5: 

 
The next highest degree vertices are B and C. Thus, choose any one randomly. 

 
B is adjacent to both A and E, thus not allowing to be coloured in the colours of A and E but it is not 
adjacent to D, so it can be coloured with Ds colour. 
 
Step 6 

 
The next and the last vertex remaining is C, which is adjacent to both A and D, not allowing it to be 
coloured using the colours of A and D. But it is not adjacent to E, so it can be coloured in Es colour. 

 
Constraint Propagation: inference in CSPs 

 
Constraint propagation is used in constraint satisfaction problems (CSPs) where the goal is to assign values to 
variables from a predefined domain while satisfying specific constraints. This process helps reduce the search space 
by narrowing down the possible values for each variable making the search for solutions more efficient. It is 
important in areas such as scheduling, planning and resource allocation. 
 

Key Concepts in Constraint Propagation: 

1. Variables: In constraint satisfaction problems (CSPs), variables are the elements that need to be assigned 
specific values. These variables represent the unknowns in a problem. 
2. Domains: It refers to the set of all possible values that can be assigned to a variable. Each variable has its own 
domain and this helps define the range of potential solutions. By narrowing down the domain of variables using 
constraints, we make the search for solutions more efficient. 
3. Constraints: They are the rules that describe how the variables are allowed to interact with each other. These 
rules specify what combinations of variable assignments are acceptable and which are not. 
 
 
 
 
 



 

Working of Constraint Propagation: 

Constraint propagation works by iteratively narrowing down the domains of variables based on the constraints. The 
process iteratively refines these domains based on the constraints, making it easier to find a valid solution. 
Essentially, it reduces the search space, enabling the solver to concentrate on optimal solutions. 
 
Working of Constraint Propagation 
1. Initialization: Begin with the initial domains of all variables. At the start, each variable is allowed to take any 
value from its respective domain without any constraints applied yet. 
2. Propagation: Apply constraints to reduce the domains of variables. This means examining how the values of 
one variable affect the values of other variables based on the given constraints. For example, if two variables must 
have different values, the domain of one variable is updated to eliminate any values that conflict with the other. 
3. Iteration: Repeat the propagation step until no further reductions can be made. When the process reaches a point 
where no more values can be eliminated from the domains, we say that the propagation has reached a "stable state." 
 

Example: 

Let’s see a simple example to understand how constraint propagation works in action. 
Consider two variables X and Y, each with the domain {1, 2, 3} and the constraint that X ≠ Y (i.e X and Y must not 
have the same value). 
Step 1: Initially both X and Y have the domain {1, 2, 3}. 
Step 2: If X is assigned the value 1, the constraint X ≠ Y implies that Y cannot be 1. Therefore, Y’s domain is 
reduced to {2, 3}. 
Step 3: Now, if Y is assigned the value 2, the constraint X ≠ Y tells us that X cannot be 2. So, X’s domain is 
reduced to {1, 3}. 
Step 4: This process continues with further assignments but once no more values can be eliminated, we have 
reached a stable state. 
 
At this point, the domains of X and Y are reduced and the remaining possible values for each variable make it 
easier to find a valid solution that satisfies the constraints. 
Algorithms for Constraint Propagation 
There are several well-known algorithms used for constraint propagation. These algorithms help improve the 
efficiency of solving CSPs by simplifying the problem through various consistency checks. 
Some common algorithms include: 

 
1. Arc Consistency (AC-3): This algorithm ensures that for every value of one variable, there is a corresponding 
consistent value in another variable that satisfies the constraints between them. It’s used as a preprocessing step to 
simplify CSPs before applying more complex algorithms. 
2. Path Consistency: It extends arc consistency by considering triples of variables. It ensures that for every pair of 
variables, there is a consistent value in the third variable further narrowing down the domains and simplifying the 
problem. 
3. k-Consistency: It generalizes arc and path consistency to include k variables. It ensures that for every subset of 
k-1 variables, there is a consistent value for the kth variable. This provides a greater reduction in domains but can 
be more computationally expensive. 
4. Singleton Consistency: This method ensures that for each variable, the domain is reduced to only one possible 
value (a singleton). This is a more restrictive form of consistency and it's used when the problem has reached a 
point where each variable must have a unique value. It’s useful in some specific applications like puzzle solving. 
5. Generalized Arc Consistency (GAC): This is an extension of the arc consistency algorithm. It ensures that for 
every pair of variables connected by a constraint, every value in the domain of one variable must have a compatible 
value in the domain of the other variable. 



 

 

 

 

 

 

Solving Sudoku with Constraint Satisfaction Problem (CSP) 

Algorithms: 
 
Step 1: Define the Problem (Sudoku Puzzle Setup) 
The first step is to define the Sudoku puzzle as a 9x9 grid where 0 represents an empty cell. We also define a 
function print_ Sudoku to display the puzzle in a human readable format. 
 

puzzle = [[5, 3, 0, 0, 7, 0, 0, 0, 0], 
     [6, 0, 0, 1, 9, 5, 0, 0, 0], 
      [0, 9, 8, 0, 0, 0, 0, 6, 0], 
                [8, 0, 0, 0, 6, 0, 0, 0, 3], 
                [4, 0, 0, 8, 0, 3, 0, 0, 1], 
                [7, 0, 0, 0, 2, 0, 0, 0, 6], 
                [0, 6, 0, 0, 0, 0, 2, 8, 0], 
                [0, 0, 0, 4, 1, 9, 0, 0, 5], 
                [0, 0, 0, 0, 8, 0, 0, 7, 9]] 
 

def print_sudoku(puzzle): 
    for i in range(9): 
        if i % 3 == 0 and i != 0: 
            print("- - - - - - - - - - - ") 



 

        for j in range(9): 
            if j % 3 == 0 and j != 0: 
                print(" | ", end="") 
            print(puzzle[i][j], end=" ") 
        print() 
 
print("Initial Sudoku Puzzle:\n") 
print_sudoku(puzzle) 
 
 
 
OUTPUT:  

 
 
Step 2: Create the CSP Solver Class 
We define a class CSP to handle the logic of the CSP algorithm. This includes functions for selecting variables, 
assigning values and checking consistency between variables and constraints. 
 
Step 3: Implement Helper Functions for Backtracking 
We add helper methods for selecting unassigned variables, ordering domain values and checking consistency with 
constraints. These methods ensure that the backtracking algorithm is efficient. 
 
Step 4: Define Variables, Domains and Constraints 
Next we define the set of variables, their possible domains and the constraints for the Sudoku puzzle. Variables 
represent the cells and domains represent possible values. Constraints should ensure that each number only appears 
once per row, column and 3x3 subgrid. 
 
Step 5: Solve the Sudoku Puzzle Using CSP 
We create an instance of CSP class and call the solve method to find the solution to the Sudoku puzzle. The final 
puzzle with the solution is then printed. 
 
csp = CSP(variables, domains, constraints) 
sol = csp.solve() 
solution = [[0 for _ in range(9)] for _ in range(9)] 
for (i, j), val in sol.items(): 
    solution[i][j] = val 
print("\n******* Solution *******\n") 
print_sudoku(solution) 
 



 

OUTPUT: 

 
 

 

 

 

 

 

 

 

 

Backtracking Search for CSPs: 
Backtracking algorithms are like problem-solving strategies that help explore different options to find the best 
solution. They work by trying out different paths and if one doesn't work, they backtrack and try another until they 
find the right one. It's like solving a puzzle by testing different pieces until they fit together perfectly. 
 

 
 

Backtracking is a problem-solving algorithmic technique that involves finding a solution incrementally by trying 
different options and undoing them if they lead to a dead end. 
 
It is commonly used in situations where you need to explore multiple possibilities to solve a problem, like searching 
for a path in a maze or solving puzzles like Sudoku. When a dead end is reached, the algorithm backtracks to the 
previous decision point and explores a different path until a solution is found or all possibilities have been 
exhausted. 
 
 



 

Working of Backtracking Algorithm: 

A backtracking algorithm works by recursively exploring all possible solutions to a problem. It starts by choosing 
an initial solution, and then it explores all possible extensions of that solution. If an extension leads to a solution, 
the algorithm returns that solution. If an extension does not lead to a solution, the algorithm backtracks to the 
previous solution and tries a different extension. 
The following is a general outline of how a backtracking algorithm works: 
 

1. Choose an initial solution. 
2. Explore all possible extensions of the current solution. 
3. If an extension leads to a solution, return that solution. 
4. If an extension does not lead to a solution, backtrack to the previous solution and try a different extension. 
5. Repeat steps 2-4 until all possible solutions have been explored. 

 

 

Example of Backtracking Algorithm: 

 
Example: Finding the shortest path through a maze 

 
Input: A maze represented as a 2D array, where 0 represents an open space and 1 represents a wall. 
 
Algorithm: 

 
Start at the starting point. 
For each of the four possible directions (up, down, left, right), try moving in that direction. 
If moving in that direction leads to the ending point, return the path taken. 
If moving in that direction does not lead to the ending point, backtrack to the previous position and try a different 
direction. 
Repeat steps 2-4 until the ending point is reached or all possible paths have been explored. 
 

 



 

 
 
 
Use of Backtracking Algorithm:  

 

Backtracking algorithms are best used to solve problems that have the following characteristics: 
 

 There are multiple possible solutions to the problem. 
 The problem can be broken down into smaller sub problems. 
 The sub problems can be solved independently.  

 
Backtracking algorithms are used in a wide variety of applications, including: 
 

 Solving puzzles (e.g., Sudoku, crossword puzzles) 
 Finding the shortest path through a maze 
 Scheduling problems 
 Resource allocation problems 
 Network optimization problems 
 Combinatorial problems, such as generating permutations, combinations, or subsets. 

 

 

Local Search for Search for CSPs: 
Local search algorithms are important in artificial intelligence as they can quickly find good answers, especially 
when finding the perfect solution would take too long or too much effort. They are useful for big or complex 
problems where checking every possible option isn't practical. 

 It focus only on the current solution and the ones directly related to it rather than looking everywhere. 
 Ideal for real-world tasks like puzzles, timetables or route finding. 

 
Working of Local Search Algorithms 

Step 1: Pick a starting point: Start with a possible solution which is often random but sometimes based on rule. 
 Step 2: Find the neighbors: 
 Neighbors are similar solutions we can get by making small, simple changes to the current one. 
 For example, in a puzzle, swapping two pieces creates a neighbor. 

Step 3: Compare: Look around at all neighbors to see if any are better. 
 



 

Step 4: Move: If a better neighbor exists, move to it, making it our new “current” solution. 
Step 5: Repeat: Keep searching from the new point, following the same steps. 
Step 6: Stop: When none of the neighbors are better or after enough tries. 
 

For example: In the 8-queens problem, the initial state might be a random configuration of 
8 queens in 8 columns, and the successor function picks one queen and considers moving it 
Elsewhere in its column. Another possibility would be start with the 8 queens, one per column 
In a permutation of the 8 rows, and to generate a successor by having two queens swap rows. 

 

 
Game Theory:  
Adversarial search, or game-tree search, is a technique for analyzing an adversarial game in order to try to 
determine who can win the game and what moves the players should make in order to win. Adversarial search is 
one of the oldest topics in Artificial Intelligence. The original ideas for adversarial search were developed by 
Shannon in 1950 and independently by Turing in 1951, in the context of the game of chess—and their ideas still 
form the basis for the techniques used today. 
2- Person Games: 

 Players: We call them Max and Min. 
 Initial State: Includes board position and whose turn it is. 
 Operators: These correspond to legal moves. 
 Terminal Test: A test applied to a board position which determines whether the game is over. In chess, for 

example, this would be a checkmate or stalemate situation. 
 Utility Function: A function which assigns a numeric value to a terminal state. For example, in chess the 

outcome is win (+1), lose (-1) or draw (0). Note that by convention, we always measure utility relative to 
Max. 



 

 
 

 
Optimal Decisions in Games: 
An optimal decision in a game is the strategy or move that yields the best possible outcome for a player, assuming 
both players are playing rationally and trying to maximize their own results, as determined by game theory. This 
involves using mathematical and conceptual techniques to analyze potential actions, predict opponents' moves, and 
apply algorithms like the Minimax algorithm (often with alpha-beta pruning) to navigate the game's state and 
determine the most advantageous path to victory. 

 
MiniMax Algorithm: 

1. Generate the whole game tree. 

2. Apply the utility function to leaf nodes to get their values. 

3. Usetheutilityofnodesatleveltoderivetheutilityofnodesatleveln-1. 

4. Continue backing up values towards the root (one layer at a time). 

5. Eventually the backed up values reach the top of the tree, at which point Max chooses the move 

that yield the highest value. This is called the minimax decision because it maximize the utility 



 

for Max on the assumption that Min will play perfectly to minimize it. 

6.  

 

 

Example: 

 



 

 

Properties of Minimax: 
 

 Complete : Yes(if tree is finite) 

 Optimal : Yes( against tan optimal opponent) 

 Time complexity : O(b
m

) 

 Space complexity : O(bm)(depth-first exploration) 

 Forchess,b≈35,m≈100for"reasonable"games 

Exact solution completely infeasible. 

Limitations: 

– Not always feasible to traverse entire tree 

– Time limitations 

 

Alpha-Beta pruning Algorithm: 

• Pruning: eliminating a branch of these arch tree from consideration without exhaustive 

examination of each node 

• -Pruning: the basic idealist prune portions of these arch tree that cannot improve the utility 

value of the max or min node, by just considering the values of nodes seen so far. 

• Alpha-beta pruning is used on top of minimax search to detect paths that do not need to be 

Explored. The intuition is: 

• The MAX player is always trying to maximize the score. Call this . 

• The MIN player is always trying to minimize the score. Call this . 

• Alpha cut off: Given a Max node n, cutoff the search below (i.e., don't generate or examine any 

more of n's children) if alpha(n) >=beta(n) 

(Alpha increases and passes beta from below) 

• Beta cutoff.: Given a Min node n, cutoff the search below (i.e., don't generate or examine any 

more of n's children) if beta(n) <=alpha(n) 

(Beta decrease and passes alpha from above) 

• CarryalphaandbetavaluesdownduringsearchPruningoccurswheneveralpha>=beta 

 

 

 

 

 

 

 

 



 

 

 

Algorithm: 

 

 

 

 

 

 

 

 

 



 

 

Example: 

 

1) Setup phase: Assign to each left-most(or right-most)internal node of the tree, 

variables: alpha=-infinity, beta= +infinity 

 

 

 

2) Look at first computed final configuration value. It’sa3. Parent is a min node, so set the 

beta (min)value to 3. 
 

 

 



 

 

3) Look at next value, 5.Since parent is a min node, we want the minimum of 3 and 5 

which is3.Parent min node is done– fill alpha (max) value of its parent max node. Always 

set alpha for max nodes and beta for min nodes. Copy the state of the max parent node in 

to the second unevaluated min child. 

 

 

4) Look at next value, 2.Since parent node is min with b=+in f,2 is smaller, change b. 
 

 

 

 

 

 

 



 

5) Now, the min parent node has a max value of 3 and min value of 2.The value of the 2
nd

 

child does not matter. If it is >2, 2 will be selected for min node. If it is <2, it will be selected 

for min node, but since it is<3 it will not get selected for the parent max node. Thus, we 

prune the right sub tree of the min node. Propagate max value up the tree. 
 

 

6) Max node is now done and we can set the bet a value of its parent and propagate 

node state to sibling sub tree’s left-most path. 
 

 

 

 

 

 



 

7) The next node is 10. 10 is not smaller than 3, so state of parent does not change. We still 

have to look at the 2
nd

child since alpha is still –inf. 

 

 

8) The next node is 4. Smallest value goes to the parent min node. Min sub tree is done, so 

the parent max node gets the alpha (max) value from the child. Note that if the max node 

had a 2
nd

 sub tree, we can prune its in ce a>b. 
 

 

 

 

 

 



 

9) Continue propagating value up the tree, modifying the corresponding alpha/beta values. 

Also propagate the state of root node down the left-most path of the right sub tree. 

 

 

10) Next value is a 2.Weset the beta (min) value of the min parentto2.Since no other 

children exist, we propagate the value up the tree. 
 

 

 

 

 



 

11) We have a value for the 3
rd

 level max node, now we can modify the beta (min)value of 

the min parent to 2. Now, we have a situation that a>b and thus the value of the rightmost 

sub tree of the min node does not matter, so we prune the whole sub tree. 

 

 

12) Finally, no more nodes remain, we propagate values up the tree. The root has a value of 

3 that comes from the left-most child. Thus, the player should choose the left-most child’s 
move in order to maximize his/her winnings. As you can see, the result is the same as with 

the mini-max example, but we did not visit all nodes of the tree. 

 

 



 

Knowledge-Based System: 
Human’s claim that how intelligence is achieved- not by purely reflect mechanisms but by 
process of reasoning that operate on internal representation of knowledge. In AI these techniques 
for intelligence are present in Knowledge Based Agents. 

 A knowledge-based system is a system that uses artificial intelligence techniques to store 
and reason with knowledge. The knowledge is typically represented in the form of rules 
or facts, which can be used to draw conclusions or make decisions. 

 One of the key benefits of a knowledge-based system is that it can help to automate 
decision-making processes. For example, a knowledge-based system could be used to 
diagnose a medical condition, by reasoning over a set of rules that describe the symptoms 
and possible causes of the condition. 

 Another benefit of knowledge-based systems is that they can be used to explain their 
decisions to humans. This can be useful, for example, in a customer service setting, 
where a knowledge-based system can help a human agent understand why a particular 
decision was made. 

 Knowledge-based systems are a type of artificial intelligence and have been used in a 
variety of applications including medical diagnosis, expert systems, and decision support 
systems. 

Various levels of knowledge-based agents 

A knowledge-based agent can be viewed at different levels which are given below: 
 
1. Knowledge level 

Knowledge level is the first level of knowledge-based agent, and in this level, we need to specify 
what the agent knows, and what the agent goals are. With these specifications, we can fix its 
behavior. For example, suppose an automated taxi agent needs to go from a station A to station 
B, and he knows the way from A to B, so this comes at the knowledge level. 
2. Logical level 

At this level, we understand that how the knowledge representation of knowledge is stored. At 
this level, sentences are encoded into different logics. At the logical level, an encoding of 
knowledge into logical sentences occurs. At the logical level we can expect to the automated taxi 
agent to reach to the destination B. 
3. Implementation level 

This is the physical representation of logic and knowledge. At the implementation level agent 
perform actions as per logical and knowledge level. At this level, an automated taxi agent 
actually implement his knowledge and logic so that he can reach to the destination. 
 
 
 
 
 
 
 
 
 
 
 



 

Actions performed by an agent: 

 

Inference System is used when we want to update some information (sentences) in Knowledge-
Based System  and to know the already present information. This mechanism is done by TELL 
and ASK operations. They include inference i.e. producing new sentences from old. Inference 
must accept needs when one asks a question to KB and answer should follow from what has 
been Told to KB. Agent also has a KB, which initially has some background Knowledge. 
Whenever, agent program is called, it performs some actions. 
 
Actions done by KB Agent: 

 
1. It TELLS  what it recognized from the environment and what it needs to know to the 

knowledge base. 
2. It ASKS what actions to do? and gets answers from the knowledge base. 
3. It TELLS the  which action is selected , then agent will execute that action. 

 

 
 

The wumpus world: 
The Wumpus World is a classic example of a knowledge-based agent in AI. It involves 
reasoning, knowledge representation and planning. In this agent uses its knowledge of the world 
to make decisions and navigate safely in the given environment. In this article, we will learn 
more about it. 
Understanding Wumpus World Problem: 

 
Wumpus World is a 4x4 grid consisting of 16 rooms. Agent starts at Room[1,1] facing right and 
its goal is to retrieve treasure while avoiding hazards such as pits and the Wumpus. Agent must 
navigate through grid using its limited sensory input to make decisions that will keep it safe and 
allow it to successfully collect the treasure and exit the cave. 



 

 
 
Key Elements: 

 
    Pits: If the agent steps into a pit it falls and dies. A breeze in adjacent rooms suggests nearby 
pits. 
    Wumpus: A creature that kills agent if it enters its room. Rooms next to the Wumpus have a 
stench. Agent can use an arrow to kill the Wumpus. 
    Treasure: Agent’s main objective is to collect the treasure (gold) which is located in one 
room. 
    Breeze: Indicates a pit is nearby. 
    Stench: Indicates the Wumpus is nearby. 
Agent must navigate carefully avoiding dangers to collect treasure and exit safely. 
 

PEAS Description 

PEAS  stands for Performance Measures, Environment, Actuators and Sensors which describe 
agent’s capabilities and environment. 
1. Performance measures: Rewards or Punishments 

 Agent gets gold and return back safe = +1000 points 
 Agent dies (pit or Wumpus)= -1000 points 
 Each move of the agent = -1 point 
 Agent uses the arrow = -10 points 

2. Environment: A setting where everything will take place. 
 A cave with 16(4x4) rooms. 
 Rooms adjacent (not diagonally) to the Wumpus are stinking. 
 Rooms adjacent (not diagonally) to the pit are breezy. 
 Room with gold glitters. 
 Agent's initial position - Room[1, 1] and facing right side. 
 Location of Wumpus, gold and 3 pits can be anywhere except in Room[1, 1]. 

3. Actuators: Devices that allow agent to perform following actions in the environment. 
 Move forward: Move to next room. 
 Turn right/left: Rotate agent 90 degrees. 
 Shoot: Kill Wumpus with arrow. 
 Grab: Take treasure. 
 Release: Drop treasure 



 

 
4. Sensors: Devices help the agent in sensing following from the environment. 
 

 Breeze: Detected near a pit. 
 Stench: Detected near the Wumpus. 
 Glitter: Detected when treasure is in the room. 
 Scream: Triggered when Wumpus is killed. 
 Bump: Occurs when hitting a wall. 

 
How the Agent Operates with PEAS 

 
    Perception: Agent uses sensory inputs (breeze, stench, glitter) to detect its surroundings and 
understand the environment. 
    Inference: Agent applies logical reasoning to find location of hazards. For example if it 
detects a breeze, it warns that a pit is nearby or if there’s a stench it suspects the Wumpus is in an 
adjacent room. 
    Planning: Based on its deductions agent plans its next move avoiding risky areas like rooms 
with suspected pits or the Wumpus. 
    Action: Agent performs planned action such as moving to a new room, shooting arrow at the 
Wumpus or taking the treasure. 
 
This process repeats till the agent finds the cave using its sensory inputs, reasoning and planning 
to achieve its goal safely. 

 

 



 

LOGIC:  

The fundamental concepts of logical representation and reasoning.These beautiful ideas are 
independent of any of logic’s particular forms. we said that knowledge bases consist of 
sentences. These sentences are expressed according to the syntax of the representation language, 
which specifies all the sentences that are well formed. The notion of syntax is clear enough in 
ordinary arithmetic: “x + y = 4” is a well-formed sentence, whereas “x4y+ =” is not. 
Logic must also define the semantics or meaning of sentences. The semantics defines  the truth 
of each sentence with respect to each possible world. For example, the semantics  for arithmetic 
specifies that the sentence “x + y = 4” is true in a world where x is 2 and y is 2, but false in a 
world where x is 1 and y is 1. In standard logics, every sentence must be either true or false in 
each possible world—there is no “in between.” 1When we need to be precise, we use the term 
model in place of “possible world.” whereas possible worlds might be thought of as (potentially) 
real environments that the agent might or might not be in, models are mathematical abstractions, 
each of which simply fixes the truth or falsehood of every relevant sentence. 

 
 

Propositional Logic: A Very Simple Logic: 
We now present a simple but powerful logic called propositional logic. We cover the syntax 
of propositional logic and its semantics—the way in which the truth of sentences is deter- 
mined. Then we look at entailment—the relation between a sentence and another sentence 
that follows from it—and see how this leads to a simple algorithm for logical inference. Ev- 
erything takes place, of course, in the wumpus world. 
 
Syntax: 

 

The syntax of propositional logic defines the allowable sentences. The atomic sentences 
Consist of a single proposition symbol. Each such symbol stands for a proposition that can 
be true or false. We use symbols that start with an uppercase letter and may contain other 
Letters or subscripts, for example: P , Q, R, W1,3 and North. The names are arbitrary but 
Are often chosen to have some mnemonic value—we use W1,3 to stand for the proposition 
That the wumpus is in [1,3]. (Remember that symbols such as W1,3 are atomic, i.e., W , 1, 
And 3 are not meaningful parts of the symbol.) There are two proposition symbols with fixed 
Meanings: True is the always-true proposition and False is the always-false proposition. 
Complex sentences are constructed from simpler sentences, using parentheses and logical 



 

connectives. There are five connectives in common use: 
¬ (not). A sentence such as ¬W1,3 is called the negation of W1,3. A literal is either an ∧ (and). A sentence whose main connective is ∧, such as W1,3 ∧ P3,1, is called a con- 
junction; its parts are the conjuncts. (The ∧ looks like an “A” for “And.”) ∨ (or). A sentence using ∨, such as (W1,3 ∧ P3,1)∨ W2,2, is a disjunction of the disjuncts 
(W1,3 ∧ P3,1) and W2,2. (Historically, the ∨ comes from the Latin “vel,” which means 
“or.” For most people, it is easier to remember ∨ as an upside-down ∧.) ⇒ (implies). A sentence such as (W1,3 ∧ P3,1) ⇒ ¬W2,2 is called an implication (or con- 
ditional). Its premise or antecedent is (W1,3 ∧ P3,1), and its conclusion or consequent 
 is ¬W2,2. Implications are also known as rules or if–then statements. The implication 
 symbol is sometimes written in other books as ⊃ or →. ⇔ (if and only if). The sentence W1,3 ⇔ ¬W2,2 is a biconditional. Some other books 
write this as ≡ 

 
Semantics: 

Having specified the syntax of propositional logic, we now specify its semantics. The se- 
mantics defines the rules for determining the truth of a sentence with respect to a particular 
model. In propositional logic, a model simply fixes the truth value—true or false—for every 
proposition symbol.  
For example, if the sentences in the knowledge base make use of the proposition symbols P1,2, 
P2,2, and P3,1, then one possible model is m1 = {P1,2 = false, P2,2 = false, P3,1 = true} . 
With three proposition symbols, there are 23 = 8 possible models—exactly those depicted 
in Figure 7.5. Notice, however, that the models are purely mathematical objects with no 
necessary connection to wumpus worlds. P1,2 is just a symbol; it might mean “there is a pit 
in [1,2]” or “I’m in Paris today and tomorrow.” 
The semantics for propositional logic must specify how to compute the truth value of 
any sentence, given a model. This is done recursively. All sentences are constructed from 
atomic sentences and the five connectives; therefore, we need to specify how to compute the 
truth of atomic sentences and how to compute the truth of sentences formed with each of the 
five connectives. Atomic sentences are easy: 
• True is true in every model and False is false in every model. 
• The truth value of every other proposition symbol must be specified directly in the 
model. For example, in the model m1 given earlier, P1,2 is false. 
For complex sentences, we have five rules, which hold for any subsentences P and Q in any 
model m (here “iff” means “if and only if”): 



 

• ¬P is true iff P is false in m. 
• P ∧ Q is true iff both P and Q are true in m. 
• P ∨ Q is true iff either P or Q is true in m. 
• P ⇒ Q is true unless P is true and Q is false in m. 
• P ⇔ Q is true iff P and Q are both true or both false in m. 
The rules can also be expressed with truth tables that specify the truth value of a complex 
sentence for each possible assignment of truth values to its components. Truth tables for the 
five connectives are given in Figure 7.8. From these tables, the truth value of any sentence s 
can be computed with respect to any model m by a simple recursive evaluation. 

 
A simple inference procedure: 

Our goal now is to decide whether KB |= α for some sentence α. For example, is ¬P1,2 
entailed by our KB? Our first algorithm for inference is a model-checking approach that is a 
direct implementation of the definition of entailment: enumerate the models, and check that 
α is true in every model in which KB is true. Models are assignments of true or false to 
every proposition symbol. Returning to our wumpus-world example, the relevant proposi- 
tion symbols are B1,1, B2,1, P1,1, P1,2, P2,1, P2,2, and P3,1. With seven symbols, there are 
27 = 128 possible models; in three of these, KB is true (Figure 7.9). In those three models, 
¬P1,2 is true, hence there is no pit in [1,2]. On the other hand, P2,2 is true in two of the three 
models and false in one, so we cannot yet tell whether there is a pit in [2,2] 
 

 



 

 
 
 
 
 

 
 

Propositional Theorem Proving: 
 
So far, we have shown how to determine entailment by model checking: enumerating models 
and showing that the sentence must hold in all models. In this section, we show how entail- 
ment can be done by theorem proving—applying rules of inference directly to the sentences 
in our knowledge base to construct a proof of the desired sentence without consulting models. 
If the number of models is large but the length of the proof is short, then theorem proving can 
be more efficient than model checking.  
Before we plunge into the details of theorem-proving algorithms, we will need some 
additional concepts related to entailment. The first concept is logical equivalence: two sen- 
tences α and β are logically equivalent if they are true in the same set of models. We write 
this as α ≡ β. For example, we can easily show (using truth tables) that P ∧ Q and Q ∧ P 
are logically equivalent; other equivalences are shown in Figure 7.11. These equivalences 
play much the same role in logic as arithmetic identities do in ordinary mathematics. An 
alternative definition of equivalence is as follows: any two sentences α and β are equivalent 
only if each of them entails the other: 

α ≡ β if and only if α |= β and β |= α . 
 

 
 
 
 
The second concept we will need is validity. A sentence is valid if it is true in all models. For 
example, the sentence P ∨ ¬P is valid. Valid sentences are also known as tautologies—they 
are necessarily true. Because the sentence True is true in all models, every valid sentence 



 

is logically equivalent to True. What good are valid sentences? From our definition of 
entailment, we can derive the deduction theorem, which was known to the ancient  
 
For any sentences α and β, α |= β if and only if the sentence (α ⇒ β) is valid 

 
 
 

Inference and proofs: 
This section covers inference rules that can be applied to derive a proof—a chain of conclu- 
PROOF sions that leads to the desired goal. The best-known rule is called Modus Ponens (Latin 
for mode that affirms) and is written 

α ⇒ β, α 
------------ 
      β . 

The notation means that, whenever any sentences of the form α ⇒ β and α are given, then 
the sentence β can be inferred. For example, if (WumpusAhead ∧ WumpusAlive) ⇒ Shoot 
and (WumpusAhead ∧ WumpusAlive) are given, then Shoot can be inferred. 
Another useful inference rule is And-Elimination, which says that, from a conjunction, 
any of the conjuncts can be inferred: 

α ∧ β 
-------- 
   α . 

For example, from (WumpusAhead ∧ WumpusAlive), WumpusAlive can be inferred. 
By considering the possible truth values of α and β, one can show easily that Modus 
Ponens and And-Elimination are sound once and for all. These rules can then be used in 
any particular instances where they apply, generating sound inferences without the need for 
enumerating models. 
All of the logical equivalences in Figure 7.11 can be used as inference rules. For exam- 
ple, the equivalence for biconditional elimination yields the two inference rules 

α ⇔ β      (α ⇒ β) ∧ (β ⇒ α) 
---------     ------------------------ 
(α ⇒ β) ∧ (β ⇒ α)               and.      α ⇔ β 

 



 

Not all inference rules work in both directions like this. 
 
For example, we cannot run Modus 
Ponens in the opposite direction to obtain α ⇒ β and α from β. 
Let us see how these inference rules and equivalences can be used in the wumpus world. 
We start with the knowledge base containing R1 through R5 and show how to prove ¬P1,2, 
that is, there is no pit in [1,2]. First, we apply biconditional elimination to R2 to obtain 
 
R6 : (B1,1 ⇒ (P1,2 ∨ P2,1)) ∧ ((P1,2 ∨ P2,1) ⇒ B1,1) . 
Then we apply And-Elimination to R6 to obtain 
R7 : ((P1,2 ∨ P2,1) ⇒ B1,1) . 
Logical equivalence for contrapositives gives 
R8 : (¬B1,1 ⇒ ¬(P1,2 ∨ P2,1)) . 
Now we can apply Modus Ponens with R8 and the percept R4 (i.e., ¬B1,1), to obtain 
R9 : ¬(P1,2 ∨ P2,1) . 
Finally, we apply De Morgan’s rule, giving the conclusion 
R10 : ¬P1,2 ∧ ¬P2,1 . 
That is, neither [1,2] nor [2,1] contains a pit. 
We found this proof by hand, but we can apply any of the search algorithms in Chapter 3 
to find a sequence of steps that constitutes a proof. We just need to define a proof problem as 
follows: 
 
• INITIAL S TATE : the initial knowledge base. 
• ACTIONS : the set of actions consists of all the inference rules applied to all the sen- 

tences that match the top half of the inference rule. 
• RESULT : the result of an action is to add the sentence in the bottom half of the inference 

rule. 
• GOAL : the goal is a state that contains the sentence we are trying to prove 
 

Proof by resolution: 
Resolution algorithm is a rule used in Artificial Intelligence (AI) for logical reasoning. It helps 
our AI system to figure out if the given statement is logically proven from a set of known facts or 
not. It operates mainly on statements expressed in Conjunctive Normal Form (CNF) and is most 
commonly used in Propositional Logic and First-Order Predicate Logic.  
For example: 

If you have a statement like "It is raining OR it is sunny," the algorithm will try to determine if 
this is always true, sometimes true or never true based on the information provided. 
The algorithm works by systematically combining logical statements until it either finds a 
contradiction meaning the statement is false or confirms that the statement is true. 
Working of Resolution Algorithm 
 
The Resolution Algorithm works on clauses that are small logical statements connected by 
"AND" or "OR." It works by: 
Step 1: Convert Statement into Logical Forms 
 



 

    First, input sentence is converted into a standard format called Conjunctive Normal Form 
(CNF) means we break down the complex statements into simple parts connected by "AND" and 
"OR." 
    If the Original statement: "If it is raining then the ground is wet." then its CNF is: 
"NOT(Raining) OR Wet. 
 
Step 2: Combine Clauses Using Resolution Rule 
 
    The core idea of the Resolution Algorithm is the resolution rule which combines two clauses 
to produce a new clause. 
    If you have two clauses say A OR B and NOT(A) OR C you can combine them to get B OR 
C. This process eliminates one variable (A in this case) and simplifies the problem. 
 
Step 3: Repeat Until You Find an Answer 
 
The algorithm keeps applying the resolution rule to pairs of clauses until one of two things 
happens: 
 
    Contradiction Found : If the algorithm produces an empty clause (written as FALSE) it means 
the original set of statements is inconsistent and cannot be true at the same time. 
    No Contradiction : If no empty clause is found after trying all combinations then the 
statements are consistent and can coexist.. 
 
Example: Resolution in Wumpus World 

 
Let's consider the Wumpus World a well-known AI environment. In this scenario the resolution 
algorithm can be used to make logical inferences about the state of the environment. Suppose the 
agent is at position [1,1] and there is no breeze. This implies that there are no pits in adjacent 
squares. The knowledge base (KB) for this situation might look like: 
 
KB=(B1,1⇔(P1,2∨P2,1))∧¬B1,1KB=(B1,1⇔(P1,2∨P2,1))∧¬B1,1 
 
Here B_{1,1} represents the presence of a breeze and P_{1,2} and P_{2,1} represent the 
presence of pits. We want to determine whether there is a pit in P_{1,2}, i.e verify α = P_{1,2}. 
 
The resolution algorithm works by converting KB ∧ ¬α into CNF and applying the resolution 
rule to derive a contradiction. The clauses generated in the process might include: 
 

1. B_{1,1} ∨ P_{1,2} 
2. ¬B_{1,1} 
3. P_{1,2} ∨ ¬P_{1,2} (which resolves to True) 

 
The empty clause is derived when P_{1,2} is resolved with ¬P_{1,2} indicating that the query is 
entailed by the knowledge base. 
 



 

 
 

 
Horn clauses and definite clause: 

 

The completeness of resolution makes it a very important inference method. In many practical 
situations, however, the full power of resolution is not needed. Some real-world knowledge 
bases satisfy certain restrictions on the form of sentences they contain, which enables them 
to use a more restricted and efficient inference algorithm. 
One such restricted form is the definite clause, which is a disjunction of literals of which exactly 
one is positive. For example, the clause (¬L1,1 ∨ ¬Breeze ∨ B1,1) is a definite 
clause, whereas (¬B1,1 ∨ P1,2 ∨ P2,1) is not. 
Slightly more general is the Horn clause, which is a disjunction of literals of which at most one is 
positive. So all definite clauses are Horn clauses, as are clauses with no positive 
literals; these are called goal clauses. Horn clauses are closed under resolution: if you resolve 



 

two Horn clauses, you get back a Horn clause. 
 
Knowledge bases containing only definite clauses are interesting for three reasons: 
 
1. Every definite clause can be written as an implication whose premise is a conjunction 
of positive literals and whose conclusion is a single positive literal. (See Exercise 7.13.) 
For example, the definite clause (¬L1,1 ∨ ¬Breeze ∨ B1,1) can be written as the im- 
plication (L1,1 ∧ Breeze) ⇒ B1,1. In the implication form, the sentence is easier to 
understand: it says that if the agent is in [1,1] and there is a breeze, then [1,1] is breezy. 
In Horn form, the premise is called the body and the conclusion is called the head.  
sentence consisting of a single positive literal, such as L1,1, is called a fact. It too can 
be written in implication form as True ⇒ L1,1, but it is simpler to write just L1,1. 
 
2. Inference with Horn clauses can be done through the forward-chaining and backward- 
chaining algorithms, which we explain next. Both of these algorithms are natural, 
in that the inference steps are obvious and easy for humans to follow. This type of 
inference is the basis for logic programming, which is discussed in Chapter 9. 
 
3. Deciding entailment with Horn clauses can be done in time that is linear in the size of 
the knowledge base—a pleasant surprise. 

 
Forward changing: 
Forward changing is a data-driven inference technique. It starts with the available data and 
applies rules to infer new data until a goal is reached. This method is commonly used in 
situations where the initial data set is extensive, and the goal is to derive conclusions from it. 
 
How Forward Chaining Works: 

1. Start with Known Facts: The inference engine begins with the known facts in the knowledge 
base. 
2. Apply Rules: It looks for rules whose conditions are satisfied by the known facts. 
Infer New Facts: When a rule is applied, new facts are inferred and added to the knowledge base. 
3. Repeat: This process is repeated until no more rules can be applied or a specified goal is 
achieved. 
 



 

 
 
 

 

 

 

 



 

 

  

Example of Forward Chaining 

Consider a medical diagnosis system where rules are used to diagnose diseases based on 
symptoms: 
Fact: The patient has a fever. 
Rule: If a patient has a fever and a rash, they might have measles. 



 

 
Starting with the known fact (fever), the system checks for other symptoms (rash). If the patient 
also has a rash, the system infers the possibility of measles. 
 

 

 

Backward Chaining: 
 

 

Backward chaining is a goal-driven inference technique. It starts with the goal and works 
backward to determine which facts must be true to achieve that goal. This method is ideal for 
situations where the goal is clearly defined, and the path to reach it needs to be established. 
 
How Backward Chaining Works 

 

1. Start with a Goal: The inference engine begins with the goal or hypothesis it wants to prove. 
2. Identify Rules: It looks for rules that could conclude the goal. 
3. Check Conditions: For each rule, it checks if the conditions are met, which may involve 
proving additional sub-goals. 
4. Recursive Process: This process is recursive, working backward through the rule set until the 
initial facts are reached or the goal is deemed unattainable. 
 
 

 



 

  

Example of Backward Chaining 

In a troubleshooting system for network issues: 
Goal: Determine why the network is down. 
Rule: If the router is malfunctioning, the network will be down. 
The system starts with the goal (network down) and works backward to check if the router is 
malfunctioning, verifying the necessary conditions to confirm the hypothesis. 
  

Effective propositional model checking: 

 

Effective propositional model checking is a technique in Artificial Intelligence for verifying if a 
logical statement is true under all conditions that satisfy a given knowledge base, typically by 
creating a truth table for all possible scenarios. While effective for smaller problems, its 
performance can be significantly improved by using algorithms like the Davis-Putnam-
Logemann-Loveland (DPLL) algorithm or local search methods. These algorithms incorporate 
optimizations such as early termination, pure symbol heuristics, and unit propagation to solve the 
problem more efficiently than a brute-force truth table enumeration.  

How Truth Table Model Checking Works (and its limitations) 

1. Define Propositions: 

Identify all individual propositional symbols (e.g., A, B, C) in your knowledge base.  
2. Create a Truth Table: 

Systematically assign every possible combination of "true" and "false" to these symbols, creating 
2^n rows, where n is the number of propositions.  
3. Evaluate the Knowledge Base (KB): 

For each row (a potential model), determine if the statements in your knowledge base are all true.  
4. Check the Conclusion: 

In the rows where the knowledge base is true, examine the truth value of the conclusion you are 
trying to prove.  

 

 



 

5. Determine Validity: 

If the conclusion is true in every single row where the knowledge base is true, then the 
knowledge base logically entails the conclusion.  

 

Limitations: The main limitation of this method is the exponential growth of the truth table with 
each additional propositional symbol, making it inefficient for larger or more complex systems.  

More Effective Techniques 

To make propositional model checking more practical, various algorithms are used:  

 

DPLL Algorithm:(Davis-Putnam-Logemann-Loveland) 

 A backtracking-based search algorithm. 
 Used in SAT solvers. 
 Optimizes the checking by pruning the search space using rules like unit propagation 

and pure literal elimination. 

This is a backtracking-based algorithm that improves upon basic truth-table enumeration. 

Early Termination: Detects if a formula must be true or false early, even with only a partial 
model. 

Pure Symbol Heuristic: If a symbol always appears with the same polarity (e.g., always "A", 
never "¬A"), it can be assigned a truth value that satisfies that symbol's clauses. 

Unit Clause Heuristic: If a clause contains only one unassigned literal, that literal's truth value 
can be set to satisfy the clause immediately. 

 

Effective propositional model checking: 

Effective propositional model checking is a technique in Artificial Intelligence for verifying if a 
logical statement is true under all conditions that satisfy a given knowledge base, typically by 
creating a truth table for all possible scenarios. While effective for smaller problems, its 
performance can be significantly improved by using algorithms like the Davis-Putnam-
Logemann-Loveland (DPLL) algorithm or local search methods. These algorithms incorporate 
optimizations such as early termination, pure symbol heuristics, and unit propagation to solve the 
problem more efficiently than a brute-force truth table enumeration.  

 

 



 

How Truth Table Model Checking Works (and its limitations) 

1. Define Propositions: 

Identify all individual propositional symbols (e.g., A, B, C) in your knowledge base.  

2. Create a Truth Table: 

Systematically assign every possible combination of "true" and "false" to these symbols, creating 
2^n rows, where n is the number of propositions.  

3. Evaluate the Knowledge Base (KB): 

For each row (a potential model), determine if the statements in your knowledge base are all true.  

4. Check the Conclusion: 

In the rows where the knowledge base is true, examine the truth value of the conclusion you are 
trying to prove.  

5. Determine Validity: 

If the conclusion is true in every single row where the knowledge base is true, then the 
knowledge base logically entails the conclusion.  

 

Limitations: The main limitation of this method is the exponential growth of the truth table with 
each additional propositional symbol, making it inefficient for larger or more complex systems.  

More Effective Techniques 

To make propositional model checking more practical, various algorithms are used:  

DPLL Algorithm:(Davis-Putnam-Logemann-Loveland) 

 A backtracking-based search algorithm. 
 Used in SAT solvers. 
 Optimizes the checking by pruning the search space using rules like unit propagation 

and pure literal elimination. 

This is a backtracking-based algorithm that improves upon basic truth-table enumeration. 

Early Termination: Detects if a formula must be true or false early, even with only a partial 
model. 

Pure Symbol Heuristic: If a symbol always appears with the same polarity (e.g., always "A", 
never "¬A"), it can be assigned a truth value that satisfies that symbol's clauses. 

Unit Clause Heuristic: If a clause contains only one unassigned literal, that literal's truth value 
can be set to satisfy the clause immediately. 



     UNIT-3 

First Order Logic: 

First-Order Logic (FOL) also known as predicate logic helps us represent knowledge, reason 

through problems and understand language. By building on propositional logic and adding 

quantifiers and predicates, FOL allows us to express more complex relationships and make 

decisions based on logical reasoning. This makes it an important part of how we create 

intelligent systems that can reason and interact with the world in a meaningful way. It is used in 

many fields including mathematics, philosophy, linguistics and computer science. 

 

Key components of First-Order Logic: 

FOL extends propositional logic by introducing quantifiers and predicates, making it more 

expressive and versatile. Let's see various key components of FOL: 

1. Constants: These represent specific objects or entities (Example: Alice, 2, NewYork). 

2. Variables: These stand for unspecified objects or entities (Example: x, y, z). 

3. Predicates: These define properties or relationships (Example: Likes(Alice, Bob) means 

"Alice likes Bob"). 

4. Functions: It map objects to other objects (Example: MotherOf(x) refers to the mother of x). 

5. Quantifiers: These define the scope of variables: 

 Universal Quantifier (∀): Applies a predicate to all elements (Example: ∀x (Person(x) -

> Mortal(x)) means "All persons are mortal"). 

 Existential Quantifier (∃): Shows the existence of at least one element (Example: ∃x 

(Person(x) ∧ Likes(x, IceCream)) means "Someone likes ice cream"). 

 Logical Connectives: Include conjunction (∧), disjunction (∨), implication (→), 
biconditional (↔) and negation (¬). 

Syntax and Semantics Logic: 

FOL's syntax defines how to construct valid logical expressions, while semantics gives meaning 

to those expressions based on an interpretation which provides a domain of discourse and assigns 

meanings to constants, predicates and functions. 

For example, consider the domain of natural numbers. The predicate GreaterThan(x, y) holds if 

x is greater than y.  

If x = 5 and y = 3, GreaterThan(5, 3) is true. 



 

 

Syntax and Semantics of First-Order Logic: 

First-order logic (FOL), also known as first-order predicate logic, is a fundamental formal 

system used in mathematics, philosophy, computer science, and linguistics for expressing and 

reasoning about relationships between objects in a domain. In artificial intelligence (AI), first-

order logic (FOL) serves as a cornerstone for representing and reasoning about knowledge. Its 

syntax and semantics provide a robust framework for encoding information in a precise and 

structured manner, enabling AI systems to perform tasks such as automated reasoning, planning, 

and natural language understanding. 

1. Models for first-order logic 

2. Symbols and interpretations 

3. Terms 

4. Atomic sentences 

5. Complex sentences 

6. Quantifiers 

7. Equality 

8. Database Semantics 

 



1. Models for first-order logic: 

Models for first-order logic are much more interesting. First, they have objects in them!  The 

domain of a model is the set of objects or domain elements it contains. The domain is required to 

be nonempty—every possible world must contain at least one object. 

 

The objects in the model may be related in various ways. In the figure, Richard and John are 

brothers. Formally speaking, a relation is just the set of tuples of objects that are related.(A tuple 

is a collection of objects arranged in a fixed order and is written with angle brackets Surrounding 

the objects.) Thus, the brotherhood relation in this model is the set  

{<Richard the Lionheart, King John>,  <King John,Richard the Lionheart>} 

 

 
For example, each person has one left leg, so the model has a unary “left leg” function—a 

mapping from a one-element tuple to an object—thatincludes the following mappings: 

 
2. Symbols and interpretations: 

The basic syntactic elements of first-order logic are the symbols that stand for objects, relations, 

and functions. The symbols, therefore, come in three kinds: constant symbols, which stand for 

objects; predicate symbols, which stand for relations; and function symbols, which stand for 

functions. We adopt the convention that these symbols will begin with uppercase letters. For 

example, we might use the constant symbols Richard and John; the predicate symbols Brother, 

On Head, Person, King, and Crown; and the function symbol Left Leg. As with proposition 

symbols, the choice of names is entirely up to the user. Each predicate and function symbol 

comes with an arity that fixes the number of arguments. 



 
3. Terms: 

A term is a logical expression that refers to an object. Constant symbols are terms, but it is  

Not always convenient to have a distinct symbol to name every object. In English we might 

Use the expression “King John’s left leg” rather than giving a name to his leg. This is what 
Function symbols are for: instead of using a constant symbol, we use LeftLeg(John). In the 

general case, a complex term is formed by a function symbol followed by a parenthesized list 

of terms as arguments to the function symbol. It is important to remember that a complex 

term is just a complicated kind of name. It is not a “subroutine call” that “returns a value.” 
There is no LeftLeg subroutine that takes a person as input and returns a leg. We can reason 

about left legs. 

4. Atomic sentences: 

We have terms for referring to objects and predicate symbols for referring to relations, 

we can combine them to make atomic sentences that state facts. An atomic sentence (or 

atom for short) is formed from a predicate symbol optionally followed by a parenthesized 

list of terms, such as 

Brother(Richard;John): 

This states, under the intended interpretation given earlier, that Richard the Lionheart is 

the brother of King John. Atomic sentences can have complex terms as arguments.  

Married(Father(Richard);Mother(John)) 

Thus, states that Richard the Lionheart’s father is married to King John’s mother  
 

An atomic sentence is true in a given model if the relation referred to by the predicate 

symbol holds among the objects referred to by the arguments. 

 

 

 

 



5. Complex sentences 

We can use logical connectives to construct more complex sentences, with the same syntax 

and semantics as in propositional calculus. 

 Here are four sentences that are true in the model 

 
6. Quantifiers: 

 

Quantifiers are used in logic to show how much a statement is true for a set of things. They 

show whether something is true for all members of the group, or only for some of them. 

The two main types are: 

 

Universal Quantifier (∀): 

The universal quantifier (∀) indicates that a predicate is true for all elements in a given 

domain.  

Example:  ∀ x ∈N, P(x) 

Translation: "For all natural numbers xxx, xxx is even." 

Ex: 

 
 

 

Existential Quantifier (∃): 

The existential quantifier (∃) indicates that there exists at least one element in a given domain 

for which the predicate is true.  

Example: ∃x ∈N, P(x) 

Translation: "There exists a natural number x such that x is even." 

 

EX: 

 
 



 
7. Equality: 

First-order logic includes one more way to make atomic sentences, other than using a 

predicate Equality symbol and terms as described earlier. We can use the equality symbol to 

signify that two terms refer to the same object.  

For example: 

Father (John) = Henry 

Says that the object referred to by Father (John) and the object referred to by Henry are the 

Same. Because an interpretation fixes the referent of any term, determining the truth of an 

Equality sentence is simply a matter of seeing that the referents of the two terms are the same 

Object. 

8. Database Semantics: 

Suppose that we believe that Richard has Two brothers, John and Geoffrey. We could write 

 
 

Using First-Order Logic: 

 
Now that we have defined an expressive logical language, let’s learn how to use it. we 
provide example sentences in some simple domains. In knowledge representation, a domain 

is just some part of the world about which we wish to express some knowledge. We begin 

with a brief description of the TELL/ASK interface for first-order knowledge bases. Then we 

look at the domains of family relationships, numbers, sets, and lists, and at the wumpus 

world. 

 

 

 



 

1. Assertions and queries in   firrst-order logic: 

Sentences are added to a knowledge base using TELL, exactly as in propositional logic. Such 

Sentences are called assertions. For example, we can assert that John is a king, Richard is a 

Person, and all kings are persons: 

TELL(KB, King(John))  

TELL(KB,Person(Richard))  

TELL(KB, ∀x King(x) => Person(x))  

 

We can ask questions of the knowledge base using ASK. For example, 

ASK(KB, King(John)) 

2. The kinship domain: 

The first example we consider is the domain of family relationships, or kinship. This domain 

Includes facts such as “Elizabeth is the mother of Charles” and “Charles is the father of 
William” and rules such as “One’s grandmother is the mother of one’s parent.” 

 

 
 

 
3. Numbers, sets, and lists:  

Numbers are perhaps the most vivid example of how a large theory can be built up from a 

tiny kernel of axioms. We describe here the theory of natural numbers or nonnegative 

integers. We need a predicate NatNum that will be true of natural numbers; we need one 

constant symbol, 0, and we need one function symbol, S (successor). The Peano axioms 

define natural numbers and addition.  Natural numbers are defined recursively: 

 
 

 



 

4. The wumpus world: 

Recall that the wumpus agent receives a percept vector with five elements. The corresponding 

First-order sentence stored in the knowledge base must include both the percept and the time at 

which it occurred; otherwise, the agent will get confused about when it saw what. We use 

integers for time steps. A typical percept sentence would be 

 

 
 

Knowledge Engineering in First-Order Logic: 

 
Knowledge Engineering in First-Order Logic (FOL) involves encoding knowledge that is 

represented through objects, predicates, functions, and logical rules to enable AI systems to 

reason. It provides facts, axioms, and inference rules used to model complex relationships so 

machines can learn and make logical choices.  

We will analyze how the knowledge engineering approach is applied in electronic circuits. This 

strategy works very well to develop custom-built knowledge bases for specific functions. 

 
 

 

 

 

 



 

Steps of Knowledge Engineering in FOL: 

1. Identify the task: 

The first stage in the procedure is to define the task; in the case of a digital circuit, various 

reasoning tasks can be accomplished. 

 
 

 

 

 

2. Gather Relevant Knowledge: 

We need to understand how gates interpret input signals. 

 

 
 

3. Choose a Vocabulary: 

To accurately represent the digital circuit in First-Order Logic (FOL), we establish a structured 

language that includes gates, terminals, connections, and signal states. The key components are 

as follows. 

 
 



 

 

 

4. Encode general knowledge about the domain:  

These are all the axioms we need. 

 



 
 

5. Encode a description of the problem instance: 

To define Circuit C1, we classify its components and generate linkages between them. This 

means that we describe the circuit and its gates as atomic sentences in First Order Logic (FOL). 

 



6. Pose queries to the inference procedure and get answers: 

In this phase, we will find all possible input combinations for all terminals in the adder circuit. 

What input combinations make C1's first output to be 0 and its second output to be  

 

 
This is a simple example of verification of circuits. 

 

7. Debug the knowledge base: 

We can test the knowledge base with small faults and see improper behavior. 

For example: Failure to assert 1 0 may lead to wrong answers for any input save for particular 

ones like 000 and 110. Debugging through observing each gate's output helps pinpoint such 

faults. 

 

Inference in First-Order Logic: 

 
 

 




















































































































































































