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10. "The study of the computations that make it possible to perceive, reason and act”.
(Winston - 1992)

11. Systems that act rationally

12. "Computational intelligence is the study of the design of intelligent agents". (Poole
et al - 1998)
13. "Al is concerned with intelligent behaviour in artifacts". (Nilsson - 1998)

* These definitions vary along two main dimensions. First dimension is the thought
process and reasoning and second dimension is the behaviour of the machine.

* The first seven definitions are based on comparisons to human performance where
as remaining definitions measure success against an ideal concept of intelligence,
which we call rationality. A system is rational if it does the "right thing" given
what it knows. Historically, there are four approaches that are followed in Al
These four approaches are Acting Humanly, Thinking Humanly, Thinking
Rationally and Acting Rationally. Let us consider four approaches in detail,

1) Acting Humanly

* Turing Test : For testing intelligence Alan Turing (1950) proposed a test called as
Turing test. He suggested a test based on common features that can match with
the most intelligent entity - human beings.

Computer would need to possess following capabilities :
a) Natural language processing - To enable it to communicate successfully in

English.

b) Knowledge representation to store what it knows, what it hears.

¢) Automated reasoning to make use of stored information to answer questions
being asked and to draw conclusions.

d) Maduneleammgtoadapttonewdmumstamandtodetectandmakenew
predictions by finding patterns.

* Turing also suggested to have physical interaction between interrogater and
computers. Turing test avoids this but Total Turing Test includes video signal so
that the interrogator can test the subject's perceptual abilities, as well as the
Opportunity for the interrogator to pass the Physical objects "through the hatch".

* To pass total turing test in addition, computer will need following capabilities.

e) Computer vision to perceive objects.
f) Robotics to manipulate objects.

2) Thinking Humanly

* As we are saying that the given program thinks like human it we should know
that how human thinks. For that, the theory of human minds needs to be
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EEEE Language Understanding and Problem Solving

* PROVERB is computer program which expert in solving crossword puzzles

Amncmfm<m6m

* It can make use of constraints or possible word fillers, a large database of past
puzzies and variety of information sources including dictionaries and online
databases. Such as a list of movies and the actors that appears in them.

* Al does not generate magic or science fiction but rather it can develops science,
engineering and mathematics system.
* Recent progress in understanding the theoretical basis for intelligence has gone

hand in hand with improvements in the capabilities of real systems. The subfields

of Al have became more integrated and Al has found common ground with other
disaiplines

EEX3 Human Vs Machine
Will Machine behave Exactly as Human ?

* Here are the considerable difference between human and machine,

1) Machines do not have life, as they are mechanical. On the other hand, humans

are made of flesh and blood; life is not mechanical for humans.
2) Humans have feelings and emotions and they can express these emotions.

Machines have no feelings and emotions. They just work as per the details fed
into their mechanical brain.

3) Human can do anything original and machines cannot.

4) Humans have the capability to understand situations and behave accordingly.
On the contrary, machines do not have this capability.

5) While humans behave as per their consciousness,
they are taught.
6) Humans perform activities as per their own
machines only have an artificial intelligence,
Comparisons betwsen Human and Machines
1) Brains are analogue ; machines are digital.
2) The brain uses content-addressable memory; In machine, information in memory is

accessed by polling its precise memory address. This is known as byte-addressable
memory.

machines just perform as

intelligence. On the contrary,

3) The brain is a massively parallel machine ; machines are modular and serial
4) Processing speed is not fixed in the brain; machine has fixed speed specification.
5) Brains short - term memory is not like RAM.

—
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sed on formal tasks, such as game playing and
logic theorist was an early attempt to
and theorem proving share the

theorem proving. For example chess playing,
dered to be displaying

cal theorems. Game playing

prove mathemati :
well are consi

property that people who do them
intelligence.

rm well at those tasks by being
of solution paths and then selecting the best one.

fast at exploring a large number .
overcome the combinatorial explosion generated

But no computer is fast enough to

by most problems.

Al focusing on the sort of problem solving we do every day for instance, when we
decide to get to work in the morning, often called commonsense reasoning. In
investigating this sort of reasoning Newell, Shaw, and Simon built the General
Problem Solver (GPS), which they applied to several commonsense tasks as well
performing symbolic manipulations of logical expression. However no attempt was
made to create a program with a large amount of knowledge about a particular
problem domain. Only quite simple tasks were selected.

e As Al research progressed and techniques for handling larger amounts of world
knowledge were developed in dealing with problem solving in specialized
domains such as medical diagnosis and chemical analysis.
Perception (vision and speech) is another area for Al problems. Natural language
understanding and problem solving in specialized domain are other areas related
to Al problems. The problem of understanding spoken language is perceptual
problem and is hard to solve from the fact that it is more analog related than
digital related. Many people can perform one or may be more specialized tasks in
which carefully acquired expertise is necessary. Examples of such as tasks include
engineering design, scientific discovery, medical diagnosis, and financial planning.
Programs that can solve problems in these domains also fall under the aegis of
Artificial Intelligence.
. I'I'he ;:Sks that are targets of works in Al can be categorized as follows :
. Mundane tasks - Perception (Vision
(Understanding, Generatioi Tra.'t('tslation agznui?miﬁe Nat‘-"al_ v
’ : reasoning, Robot

5. Drilling Advisor - Oilfield prospecting.
6. Exper Tax - Tax minimisation advice.

’ 7. XSEL - Computer sales.
8 PROSPECTOR - Interpreted geological data as potential evidence for miner

deposits. (Duda, Hart, in 1976).
9. NAVEX - Monitored radar data and estimated the velocity and position of the

space shuttle. (Marsh, 1984)
10. R1/XCON - Configured VAX computer systems on the basis of customer's needs,

(Mc Dermott, 1980)

11. COOKER ADVISER - Provides repair advice with respect to canned soup
sterilizing machines. (Texas [nstruments, 1986)

12 VEN'I"TLATOR MANAGEMENT ASSISTANT - Scrutinised the data from hospital
breathing - support machines, and provided accounts of the patient's conditions.

(Fagan , 1978)
13. MY - Di . :
hospfg Diagnosed blood infections of the sort that might be contracted in control)
2. Formal tasks - G ;
14. CROP AD i ames (Chess, etc.), Mathematics (Geo i
fertilizers ﬂm?em ICI to advise cereal grain farmers on appropriate calculus, etc.) Pl (oessnctsy, -Lagic. Integral
s for their farms. L
3. Expert ‘tasks - Engineering (Design, Fault finding, Manufacturing planning)
Scientific analysis, Medical diagnosis, Financial analysis 2

15. OPTMUM - AIV is
, * 15 a planner used by the Euro o g
assembly, integration and verification of 5pacecra.ftpean fpace Agency to help &

- L.}
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e When one is building a expert system, following qu need to be d&q

before one can progress further :
o What are the underlying assumptions about intelligence ?

« What kinds of techniques will be useful for solving Al problems ?
o At what level if at all can human intelligence be modelled ?
« When will it be realised when an intelligent program has been built ?

to
e A person who knows hcr:’

- The Underlying Assumption
’ ¢ A physical symbol system consists of a set of entities called symbols Which g,
patterns that can occur as components of another entity called an expressjon, At
an instant the system will contain a collection of these symbol structyres h
addition the system also contains a collection of processes that operate o
expressions to produce other expressions ; processes of creation, modification,
reproduction and destruction. A physical symbol system is a machine thy
produces through time an evolving collection of symbol structures. Such a systen
is machine that produces through time an evolving collection of symbol structures,

Following are the examples of physical systems -
e Formal logif : The symbols are words like "and”, "or", "not", "for all x" and so on
The expressions are statements in formal logic which can be true or false. The

processes are the rules of logical deduction.
e Algebra: The
eqtf:tio:s L symbols are "+", 'X", "x", y", "1", "2", "3", etc. The expressions ar
1€ processes are the rules of algebra, that allow you to manipulate &
mathematical expression and retain its truth,
* A digital ¢ .
= m:m a:’::“*ﬂ  The symbols are zeros and ones of computer memory, ¢
€ operations of the CPU that change memory
__-._—_'_—_._,.y-‘
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the pieces, the processes are the legal chess moves, the

+ Chess : The symbols are
ons of all the pieces on

expressions are the positi ' . e
The physical symbol system hypothesis cla:;lns t;;lattS o ,

i i ou are
physical symbol systems. Intelligent human i Ml

in our brains. The expressions are thoughts. The pro¢ the bols are data,
thinking. In a running artificial intelligence program o ulate the data.
expressions are more data and the processes are progmme that mart It is significant
The importance of the physical symbol system hypothesis is twofold. It 1? si A
eamp e belief that it 1s

i i it forms the basis of th
theory of the nature of human intelligence and it ; . :
possgle to build programs that can perform intelligent tasks which are currently

performed by people.

XA what is an Al Technique 2

Intelligence requires knowledge but knowledge possesses less desirabl'e properties
such as, 1. It is voluminous. 2. It is difficult to characterize accurately. 3. It is constant}y
changing. 4. It differs from data by being organised in a way that corresponds to its
application.

An Al technique is a method that e

Artificial Intelligence

the board
th of these are also examples of

he symbols that are encoded
1 operations of
the

xploits knowledge that is represented so that the
knowledge captures generalizations and situations that share properties which can be

grouped together, rather than being allowed separate representation. It can be
understood by people who must provide the knowledge; although for many programs

the bulk of the data may come automatically, such as from readings.

In many AI domains people must supply the knowledge to programs in a form the
people understand and in a form that is acceptable to the program. Knowledge can be
easily modified to correct errors and reflect changes in real conditions. Knowledge can
be widely used even if it is incomplete or inaccurate. Knowledge can be used to help
overcome its own sheer bulk by helping to narrow the range of possibilities that must

be usually considered.

Following are three important Al techniques -

e Search - Provides a way of solving problems for which no more direct approach is
available.

* Use of knowledge - Provides a way of solving complex problems by exploiting the
structures of the objects that are involved.

* Abstraction . Provides a way of separating important features and variations from
the many unimportant ones that would otherwise overwhelm any process.

GTU : Winter-19

Before starting c.ioing something, it is good idea to decide exactly what one is trying
to do. One should ask following questions for self analysis : - '

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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- gra e
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moioa : le do can be divi
appears easies ! form tasks the waY Pe? Elems gtk o
Bty %0 bulld POWC maé:e that attempt 1 solve F’“?’]j esol 5 1 Tt realyy, fit
: i oI ey
two classes. The st 99¢ 1 hat computer o e:;iﬁ that fall m .
our definition of AL i€ P ance are those that do 85 Ore clegy
to model human perform < that are not trivial for the computey.
attempt definition of Ai tasks; they do things " e
ithi " ind O i=
WEE ., human performance for these kin 5
Reasons for modeling \heories of human performance. E.g. PARRY program Wity
ical theori ; ; )
e To teft psﬂolﬂi exploited 2 model of human paranmd behaviour to Simulgy
: : iﬂﬂsv:emﬁo;m behaviour of @ paranoid person.
e .
uman reaso 5
o To enable computer o understand h. and t}:em ﬁer question, such as "Why a:
to be able to read a news paper story Y dig
Ravana lose the game r '
. In many cases
+ To enable people to understand computer mﬂm{ﬁe plss m{ o gec;p]e
reluctant to rely on the output of computer unless they and how ¢,
machine am'veé at its result.
o To exploit what knowledge we can collect from people.
o To ask for assistance from best performing people and ask them how to procegq
in dealing with their tasks.
KX criteria for Success
«+ One of the most important questions to answer in any scientific or engineering
research project is "How will we know if we have succeeded ?". So how in Al we
have to ask ourselves, how will we know if we have constructed a machine that is
intelligent ? The question is hard as unanswerable question "What is
Intelligence 7"
¢ To measure the progress we use proposed method known as Turing Test. Alan
Turing su%gﬁwd this method to determine whether the machine can think. To
conduct this fest, we need two people and the machine to be evaluated. One
{f;:::n o ;Zeﬂogator, who is in a separate room from the computer and the
rson. The i . .
by q,pigm i interrogator can ask questions of either the person or computer
uestio . :
knows Zhemqmﬂy :: :n ; ;ecew""d typed responses. However the interrogator
which is the machine T}:: B and aims to determine which is the person and
- e goal of the machine is to fool the interrogator into
e
TECHNICAL ®
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conclude that the machine can think.

EEd some General References
e The early work that is now generally recognized as Al was done in the period
of 1943 to 1955. The first Al thoughts were formally put by men McCulloch and
Walter Pitts (1943). Their idea of Al was based on three theories, firstly basic
phsycology (the function of neurons in the brain), secondly formal analysis of
propositional logic and third was Turing's theory of computation.

« Later Donald Hebb in 1949 demonstrated simple updating rule for modifying the
connection strengths between neurons. His rule now called Hebbian learning
which is considered to be great influencial model in AL

as Al but Alan Turing

o There were huge early day work that can be recognized
who first articulated a complete vision of Al in his 1950 article named "Computing

Machinery and Intelligence".
o Real Al birth year is 1956 where in John McCarthy held workshop on automata
theory, neural nets and study of intelligence where other researchers also
presented their papers and they come out with new field in computer science
called AL
e From 1952 to 1969 large amount of work was done with great success.
¢ Newell and Simon's presented General Problem Solver (GPS) within the limited
class of puzzles it could handle. It turned out that the order in which the
program considered subgoals and possible actions was similar that in which
humans approached the same problems. GPS was probably the first program
which has "thinking humanly" approach.
Herbert Gelernter (1959) constructed the Geometry Theorem Prover which was
capable of proving quite tricky mathematics theorem.
. ::.t ]l\l!IT, in 1958 John McCarthy made major contributions to Al field :-
evelopment of HLL LISP which has became the dominant Al programing

language.
In 1958, McCarthy published a paper entitled Programs with Common Sense, in

which he described the Advice Taker, a hypothetical program that can be seen
as the first complete Al system. Like the Logic Theorist and Geometry Theorem
Prover. McCarthy's program was designed to use knowledge to search for

solutions of problems.
The program was also designed so that it could accept new axioms in the normal
course of operation, thereby allowing it to achieve competence in new areas

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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The DENDRAL program was developed by Buchanan in 1969 and wag bagey m,
these principles. It was 2 unique p

ynowledge in problem solving. In the mid-1970's, MYCIN, 2 program develope,

to diagnose blood infections. It used expert knowledge to diagnose illnesgeg i |

prescribe treatments. This program is also known as the first program, whigy
addressed the problem of reasoning with uncertain or incomplete information,

Within a very short time a number of knowledge representation languages wep |

developed such as predicate calculus, semantic networks, frames and objects. Some
of them are based on mathematical logic such as PROLOG. Although PROLOG

goes back to 1972, it did not attract wide spread attention until a more efficient
version was introduced in 1979.

e Similar but slow

. i isi and
revolution have ocurred in robotics, computer vision

knowledge representation. tan
In 1987 a complete agent architecture called SOAR was work o::v :Iy -
Newell, John Laired and Paul Rosenbloom. Many such agents were oped e
work in big environment "Internet”. Al systems have become so common in
based applications that the "- bot" suffix has entered in everyday language.
Al technologies underlie many Internet tools, such as search engines,

recommender systems and website.
While developing complete agents it was realized that previously isolated

subfields of Al need to reorganize when their results are to be tied together.

Today, in particular it is widely appreciated that sensory systems (vision, sonar,

L]
speech-recogonition, etc.) cannot deliver perfectly reliable information about the

environment. Hence reasoning and planning systems must be able to handle
uncertainity. Al has been draw in to much closer contact with other fields such as

control theory and economics, that also deal with agents.

As the real, useful strong works on AI were put forward by researchers, Al

emerged to be a big Industry.

. _Iﬂ 1?8L Japanese announced 5 generation project a 10-year plan to build
intelligent computers running PROLOG. US also formed the Micro electronic
and Computer Technology Corporation (MCC) for research in AL

F e e o industy boomed from few millon dollars in 1980 to billons o

Coromasi suffel But soon after that Al industry had huge setback as many
: red as they failed to deliver on extra vagant promises.

continued in 1980, wrch were done by psychologists on neural networks which

o
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Al Terms

Agents and it's Environment

* An agent is anything that can be viewed as perceiving its environment through
sensors and acting upon that environment through actuators.

¢ For example consider human as agent. Human has e

‘ ; yes, ears and other organs

which are sensors. Hands, legs, mouth and other body part work as ac'cum:cu':-:.rg

* Lets conm"der another example of agent - Robot. A Robotic agent might have
-:ame::s, infrared rangefinders as sensors. Robot can have various motors for
actuators.

e
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More examples of agent
Software agent

 file contents and

ting files: network packet.

1. Agent network packets.
Sensors
Actuator
2. Agent

Keystrokes
Sereen, WI

ing agent _
Internet shoPP frext graphics script)

HTML, P8¢
. follow URL:

Sensors -
Forms, display el

Actuators
m The Al Terminolog@y

rs to the agent's pen:eptual inputs at any given instan;

g flying in the sky "HhrouBh €yes and takes j,

i "y

L - (1] h
perceive “Temperature of a boiler” through cameras anq i &

2) Percept Sequence . i _

, ence is the complete history © everything the agent

An agents P‘fl‘fel-’f zg?ce of action at any given insfant‘and it can demdh:%
agent has reco ed. The change in the perception fom,
i

For example -

A robotic agent monitoring tem,
and keep on maintaining the percept seq
agent to know how temperature fluctuates an
percept sequence for controlling temperature.

ature of a boiler will be sensing it continuoy)
uence. This percept sequence will help roy;
d action will be taken depending

3) Agent Function
It is defined as mathematical function which maps each and every possible pery
sequence to a possible action.
utput as action.

This function has input as percept sequence and it gives o
Agent function can be represented in a tabular form.
Example -
. ATM It;vahd;ne is ab agent, ?t display menu for withdrawing money, when ATM ati
inserted. provided with percept sequence (1) A transaction type and (B

number, then only user gets cash.
I
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am we need to tabulate all the agent

can practically lead

the length of percept sequence
ences and action
function for an intelligent agent

4) Agent Program
When we want to develop

functions that describes any given

ut bound on
{ functions of percept sequ
here as internally agent

program.

a agent progr
agent. This

hence we need to P
consider. This table o
characteristics of the agent W
will be implement by an agent

Note :
Agent function is an abstract mathematical description.
tation, running on the agent architecture.

Agent program is a concrete implemen

Architecture of Agent

» The agent program runs on
architecture. The program we choose has to be
accept and run. 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

some sort of computing device, which is called the
one that the architecture will

[Environment]

. Fouowing dia ;
: gram illustrates the
archily i agent' i
ecture. This can be also termed as Eengen:‘s :;:m process, as specified by
cture.

TEC
HNICAL PUBLICATIONS® - An up thrust for
knowledge

h___

h__



Artificisl Intelligence - The Co”%
i H\\

[Action
Fig. 1.8.2 Agent's action proce®

Role of An Agent Program

o An agent program is intematy Input
melen'lentéd as agent function. (Current |:vm't>elii18
from sensors)

o An agent program takes input
asdtecurrentp@meptﬁ-omﬁte m,i.s.JRohollﬂWPfoﬂrlmlnw
sensor and return an action to architecture

the effectors (Actuators).
Simple Example for Tabulation of a Agent
Agent - Aslmppingagmtonmtemetcalledasbot.

An agent program Ou
| (Agent function) (Aubnwma ,

Tibsivion percipB R AKRTUPRIOE -
i} L ﬂmmdmnhm}mml Dkvkywebﬂte-
i mexmm Clicks on the link.
les oo L b perchased] St
| * [To get details afgmﬁng (which is Farmﬂlﬁng
jm.'_,-_‘,-__ purchased), in terms of a form]
| & [Toperceive completion of process] Receiving |
The Weak and Strong Agent

* An agent is anything that can be viewed as perceiving its environment through
sensors and acting upon that environment through effectors/actuators.

TECHMICAL PUBLICATIONS® - An up thrust for knowledge
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Artificial Intelligence

Weak Agent
» A weak notion says that an agent is a hardware or software based computer
system that has the following properties :

1] Autonomy

Agents operate without
actions and internal state.

direct intervention of humans and have control over their

2] Social ability
Agents interact with other agents (and possibly humans) via an agent communication
language.

3] Reactivity
Agents perceive their environment and respond in timely and rational fashion to

changes that occur in it.
4] Pro - activeness

Agents do not simply act in response to their environment, they are capable of taking
the initiative, generate their own goals and act to achieve them.

Strong Agent

A stronger nation says that an agent has mental properties, such as knowledge, belief,
intention, obligation. In addition and agent has other properties such as : -
Mobility : Agents can move around from one machine to another and across
different system architectures and platforms.
Veracity : Agents do not knowingly communicate false information.
Rationality : Agents will try to achieve their goals and not acts in such a way that
would prevent their goals from being achieved.
Strong Al is associated with human traits such as consciousness, sentience, sapience,

[

self-awareness

1. Conciousness - To have subjective experience and thought.
Selfawareness - To be aware of oneself as a separate individual, especially to be

aware of one's own thoughts.
3. Sentience - The ability to feel perceptions and emotions subjectivel

4. Sapience - The capacity for wisdom.

2
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Rational Behaviour and Omniscience

Rational Agent
o If every entry in the agent function is filled correctly then the 3 gent wiy
agent is called as rational agent. Doing the righy Wah

do the right thing. Such _
makes agent most successful. So now we need certain methods to

success of rational agent.

o When an agent is working in the environment, it generates a sequence o
according to the percept it receives. This sequence of actions leads b ‘Ch%
states of environment. If this sequences of environment state change jg de:' i

measum

then we can say that agent has performed well. So if the tasks and ep Vll‘mm

change automatically the measuring conditions will change and hence there
is
g

fixed measure suitable for all agents.

o As a general rule, it is better to design performance measures according
one wants in the environment, rather than according to how one thin tl':) Whay
3gent

should behave.
The rationality depends upon 4 things -
1) The performance measure that defines the criterion of success.

2) The agent's prior knowledge about the environment.
3) The actions that the agent can perform.

4) The agent's percept sequence till current date.
Based on above 4 statements rational agent can be defined as follows -

For each possible percept sequence, a rational agent should select an action that ;
expected to maximize its performance measure given the evidence provided by ﬁ:
percept sequence and whatever built-in knowledge the agent has. Following figure

depits performance measuremetric.

\W!macﬁm!behavimr]

sequence of states
\iﬁfﬂef\'ﬂ sequence which

\ Result into desired

generator optimal
sequence actions

Fig. 1.8.4 Optimal performance triangle
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The Good and the Bad Agent

o The concept of rational behaviour leads to two o
types agents, the good agents and the bad agent.
i d bad behaviour
Most of the time the good and ba =

(that is performance) of the agent depends 1

completely on the environment.
etely known then we get Rational behaviour
Fig. 1.8.5 Good agent

o If environment is compl
agent's good behaviour as depicted in Fig. 1.85.

If environment is unknown then agent can act
badly as depicted in Fig. 1.8.6.

Environmant unknown

T

Bad agent

|

" Irrational behaviour

Fig. 1.8.6 Bad agent

Omniscience, Learning and Autonomy
e An omniscient agent knows the actual outcome of its actions and can act

accordingly, but in reality omniscience is impossible.

Rationality is not same as perfection. Rationality maximizes expected performance
where as perfection maximizes actual performance.

For increasing performance agent must do same actions in order to modify future

perceplts.

This is called as information gathering which is important part of rationality. Also
agent should explore (understand) environment to increase performance i.e. for
doing more correct actions.

Learning is another important activity agent should do so as to gather information.
Agent may know environment completely (which is practically not possible) in
certain cases but if it is not known agent needs learn on its own.

To the extent that an agent relies on the prior knowledge of its designer rather
than on its own percepts, we say that agent lacks autonomy. A rational agent
should be autonomous - it should learn what it can do to compensate for partial

or incorrect prior knowledge.

TECHNICAL PUBLICA T-‘ONSO - An up thrust for knowledge
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Figure Depicting rationality and Omniscience Relationship Artificial Intelligence
Percept Sequence Action
Sequence .
of percep! | pepends | | [ L1, No Black Ball ] _ Right
on ; o
is not same as [ L1, More Black Balls]
[ 1.2, No Black Ball | Right
paf‘;dml'::'nce [ 12, More Black Balis ] Pick

onality and omnisclence

Fig. 1.8.7mnllﬁomhlpbdmnuﬂ I |
| {11, No Black Ball ], [ L1, No Black Ball ]  Right

Agent and it's Environment |
| [ L1, No Black Ball ], [ L1, More Black Balls Pick
Agent Description i
Consider following example, A BLACK BALLS PICKER |
The Picker World (Environment) _ » o
It is a simple and made-up world so one can invent many variations. e e ok
It has two buckets at two locations, L1 and L2 (for simplicity consider square area for [ L1 No Black Ba ], [ L1, No Black
location), full of BLACK and WHITE colour balls. {11, No Blac man] £ i
The Picker and Its Perceptions | [L1, No Black Ball J, [ L1, No Black Ball]
[ L1, More Black Balls ] Pick

Picker perceives at which location it is. It can perceive that, is there a BLACK bal] y ,_

the given location.

Winter-18.19. Summer-19

GTU

The Agent Actions
Picker can choose to MOVE LEFT or MOVE RIGHT, PICK UP BLACK BALL or be EEJ The Environments
ideal that as do nothing.
Nature of Environment

A function can be devised as follows - if the current location bucket has more

BLACK BALLS then PICK, otherwise MOVE to other square.
¢ In previous section we have seen various types of agents, now let us see the

details of environment where in agent is going to work. A task environment is

Diagram Depicting Black Ball Picker
Following is the partial tabulation of a simple agent function for the black ball essentially a problem to which agent is a solution.
picker. ¢ The range of task environments that might arise in Al is obviously vast. We can,
however, identify a fairly small number of dimensions along which task

environments can be categorized. These dimensions determine, to a large extent,
the appropriate agent design and the applicability of each of the principle families
of techniques for agent implementation.

Fig. 1.8.8 Black ball picker world with two buckets at two locations
®
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Types of Task Environment

T,
Fully Observable Vs Partially Observable

e If an agent's sensors give it the access to the complete state of
each point of time, then it is fully observable. s

e enyj
. : o "y 3
e In some environment, if there is noise or agent is with inaccurat

be some states of environment are missing then such envir ate Ors
observable. Onment jg

£

Example -

Fully Observable

The puzzle game environment is fully observable where agent can see
that are surrounding it. That is agent can see all the squares of the “z:]ne
with values (if any added) in them. P

e 3pecy,
Bame !J.or%'
More examples -

1) Image analysis.

2) Tic - tac toe.

Partially Observable

The pocker game environment is partially observab

: y observable. Game of pocker is
_that shares betting rule ; and usually (but not always) hand rankings. In ﬂﬂsﬁgacamdme v
is not able to perceive other player's betting. o

Also agent cannot see other player's card. It has to i
i play with reference to i
cards and with current betting knowledge. ’ e

More examples -
1) Interactive Science Tutor.

2) Millitary Planning.
Deterministic Vs Stochastic

s If from wt state of environment and the action, agent can deduce the next
state of environment then, it is deterministic environment otherwise it is stochastic
environment.

e If the envirmnt is deterministic except for the actions of other agents, we saf
that the environment is strategic.

TECHNICAL PUBUGA”ONSB - An up thrust for knowledge
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Examples -
t percept of the image, agent can

tever is curren
- ased on current knowledge.

o ; analysis W
Deterministic : In image analy ining, part of image b

take next action or can process r.ema
Finally it can produce all the detail as

Strategic : Agent playing tic-tac toe game is
current state agent decides next state action except

More examples -

1) Video analysis. 2) Trading agent.

Stochastic : Boat driving agent is in stochastic envir
notbasedoncurrentsta'oe.lnfactithastoseemego
previous percepts agent needs to take action.

More examples -

1) Car driving 2) Robot firing in crowd.

Episodic Vs Sequential
o In episodic environment agent's experience is divided into atomic episodes such

that each episode consists of, the agent perceiving process and then performing
single action. In this environment the choice of action depends only on the episode
itself, previous episode does not affect current actions.

+ In sequential environment on the other hand, the current decision could affect all
future decision.

o Episodic environments are more simpler than sequential env
agent does not need to think ahead.

in strategic environment as from the
for the action of other agents.

onment as the next driving does
al and from all current and

ironments because the

Example -
Episodic Environment : Agent finding defective part of assembled computer machine.
Here agent will inspect current part and take action which does not depend on previous

decisions (previously checked parts).

More Examples -

1) Blood testing for patient. ~2) Card games.

Sequential Environment : A game of chess is sequential environment where agent
takes action based on all previous decisions.

More examples -

1) Chess with a clock.  2) Refinery controller.
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Static Vs Dynamic
e If the environment can change while agent is deliberating then e &
environment is dynamic for the age ay

e Static environments are easy to tackle as agent need not worry aboy &

around (as it will not change) while taking actions.

* Dynamic environments keep on changing continuously which makesg b—
oty

more attentive to make decisions for act.

Mgey

e If the environment itself does not change with time but the agent's perfo

does, then we say that environment is semidynamic.
Examples -
Static : In crossword puzzle game the environment that is values held in Square;
only change by the action of agent. ca
More examples -
1) 8 queen puzzle. 2) Semidynamic.
Dynamic : Agent driving boat is in dynamic environment because the eny;

can change (A big wave can come, it can be more windy) without any action of a t
gent,

More examples -
1) Car driving. 2) Tutor.
Discrete Vs Continuous
e In discrete environment the environment has fixed finite discrete states oy
time and each state has associated percepts and action. niL
e Where as continuous environment is not stable at any given point of time and i
changes randomly thereby making agent to learn continuously, so as to 3
decisions. =
Example :
Discrete. : A game of tic-tac toe depicts discrete environment where every state js
stable and it associated percept and it is outcome of some action.
More examples -
1) 8 - queen puzzle. 2) Crossword puzzle.
conﬁnuws : A boat driving environment is continuous where the state changes are
continuous, and agent needs to perceive continuously.
More examples -

1) Part Picking Robot. 2) Flight Controller.
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Artificial Intefligence

EEEXA Single Agent Vs Multiagent

o In single agent environment we have well defined single agent who takes decision

and acts.
us agents or various group of agents

« In multiagent environment there can be vario : :
which are working together to take decision and act. In multiagent environment

we can have competitive multiagent environment, in which many agents are
working parallel to miximize performance of individual or ‘thm can be
co-operative multiagent environment, where in all agents have single goal and

they work to get high performance of all of them together.
Example :
- Multiagent independent environment
 Many agent in game of Maze.
- Multiagent cooperative environment
L Fantasy football. [Here many agents work together to achieve same goal ]
- Multiagent competitive environment
L Trading agents. [Here many agents are working but opposite to each other]
- Multiagent antagonistic environment
“ Wargames. [Here multiple agents are working opposite to
side (agent/agent team) is having negative goal.]

each other but one

- Single agent environment
& Boat driving[Here single agent perceives and acts]

Complexity Comparison of Task Environment
Following is the rising order of complexity of various task environment.

Rising order of -
-ow —_— -H gh
= complexity :

Obsenable  —+  Farally obmrvable
| Dot — | SedeaE
Discrete Contiruous
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More Types of Task Environment |
further classify task environmeny, .

Based on specific problem domains we can
follow.

ce Environment ;

1) Monitoring and 3umllll'l'l ' _ le at some gathering where on]

Example : Agent monitoring incoming Y
authorized people are allowed.
2) Time Constrained Environm

Example : Chess with a clock environmen
specified amount of time.

3) Decision Making Environment o
Example : The executive agent who is monitoring
top level management to take decision.
4) Process Based Environment
Example : The image processing agent who can take
produce required output, and details about the image.

peop

t where the move should be done n
profit of a organization, can help

input and synthesize j b

Example : A small scale agent :
to remember daily task, who can give notifications about work etc.

6) Buying Environment

Example : A online book shopping bot (agent) who buys book online as per user
requirements.
7) Automated Task Environment

Example : A cadburry manufacturing firm can use a agent who automates complete
procedure of cadburry making.
8) Industrial Task Environment

Example : An agent developed to make architecture of a building or layout of
building,
9) Learning Task Environment (Educational)

Fumple : We can have a agent who is learning some act or some theories presented
::: and later it can play it back which will be helpful for others to learn that act o
ries.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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Solving Environment

ferent types of problems from

10) Problem
oblem like travelling salesman

We can have agent who solve dif

Example -
mathematics 0T statistics or any general purpose Pr
problem.
1) gcientific and Engineering Task Environment

Agent doing scientific calculations for aeronautics purpose or agent

Example
develop to design road maps or over bridge structure.

12) Biological Task Environment
Example : Agent working for design of some chemical component helpful for

medicine.
13) Space Task Environment

Example : Agent that is working in space for observing space environment and

recording details about it.

14) Research Task Environment
Example : Agent working in a research lab where it is made to grasp (learn)
knowledge and represent it and drawing conclusions from it, which will helps

researcher for further study.
15) Network Task Environment
Example : An agent developed to automatically carry data over a computer network

based on certain conditions like time limit or data size limit in same network (same type
of agent can be developed for physically transferring items or mails) over same network.

16) Repository Task Environment
Example : If a data repository is to be maintained then agent can be developed to
arrange data based on criterias which will be helpful for searching later on.

Different Types of Agents
Intelligent Agent

‘Intelligent agent is an intelligent actor, who observe and act upon an environment'.

Intelligent agent is magnum - opus.
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x igen
ce
“The

Amﬂln”w“ 2

Percept
through sensors

Fig. 1.10.1 Intelligent agent
The term 'Intelligent thinker' is different from intelligent agent. Fig. 11,
- 1102 g,

intelligent agent's behaviour.

Intelligent agent

&g is
An entity |

i which perform?

1. Perception
2. Action

Fig. 1.10.2 Intelligent Agent

Example :
1) A robotic agent (Cameras, Infrared range finders).
;] 3% eashorded ol time sofivase: e, agent
) A human agent (Eyes, ears and other organ).

1) The IA must i
i m:l leam and improve through interaction with the environment
adapt online and in the real time situation.

.,ECHN __._.--—"'/
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Arifcisl Intelligence L
amounts of data.

lving rules incremently.

and retrival capacities.

The IA must leam quickly from large
odate new problem s0

ory which must exhibit storage
behaviour, error and success.

3)
4) The [A must accomm

5) The IA must have mem
6) ThelA should be able to analyze self in terms of

lm Different Forms of Agents : (Types of Agents)
In artificial intelligence, there are different forms of intelligent agent and sub-agents.
As the degree of perceived intelligence and capability varies, it is possible to frame
agent's into four categories.
1. Simple reflex agents.
2. Model based reflex agents.
3. Goal based agents.

4. Utility based agents.
In the following section we discuss each type of agent in detail.

EETERN Agert Type 1

Simple Reflex Agent
These agents select actions on the basis of the current percept,

percept history.

ignoring the rest of

now?

[ Condition - action ruie j———=1 m
now?

Environment

Fig. 1.10.3 Simple reflex agent
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Property : _ =
T is limited. ample :
i ole but their intelligence 1S ) For ex ,
= if correct decision can pe made on the basis of only, the A car driving agent which maintains its own internal state and then take action as
2) They \:nl] wortk :::ltyis only if the environment is fully observable. environment appears to it.
current percept- / e s
i ble. Lz —_
3) A little bit of unobservability can cause serious {rou : then. i g — 5 ™
4) If simple reflex agent works in partially observable environment then, it can Jo,, B |
simple reflex 2 Sensor
to infinite loops. . -.t—m :
5) Infinite loops can be avoided if simplex reflex agent can try out possible action, How the world What the world J‘\
oW the w |
ie can randomize the actions. 3 _ evolves? is like now? : o
- will perform better than deterministic
6) A randomize simple reflex agent pe reflex What my action do? ‘/\
agent.
: {
’ : What action I
Example : Condition-action rule -
g ccount number then customer gets e i should do now?

In ATM agent system if PIN matches with given a

Environment

money.
| Procedure : SIMPLE - REFLEX - AGENT 4_’
|

: Percept
| cl)nup:, An action. Fig. 1.10.4 Model - based reflex agent
| ut :
iJ Static : Rules, a set of condition - action rules. [ Procedure : REFLEX-AGENT-WITH-STATE
| .
| 1. State « INTERPRET - INPUT (percept) Input : Percept

Qutput : An action.

Static : State, a description of the current world state, rules, a set of condition-
action rules, action, the most recent action, initially none.
1. State « UPDATE-STATE (state, action, percept)

I( 2. rule « RULE - MATCH (state, rules)

[ 3. action « RULE - ACTION (rule)

| 4. return action.
Agent Type 2 2. Rule « RULE-MATCH (state, rules)
Model Based Reflex Agent 3. Action « RULE-ACTION (rule)

Internal state of the agent stores current state of environment which describes part of 4. return action.
unseen world i.e how world evolves, and effect of agent's own actions. It means that it

1.1 Agent
stores model of possibilities around it. Hence it is called as model based reflex agent. e
. Goal Based Agent
ro| :
perty Goal based agent stores state description as well as it stores goal states information.
1) It has ability to handle partially observable environments.
Property

1) Goal based agent works simply towards achieving goal.

2) Its internal state is updated continuously which can be shown as :
2) For tricky goals it needs searching and planning.

Old - Internal state + Current percept = Update state.
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3) They are dynamic in nature because the information rPHOn appears
Proper and explicit manner.
4) We can quickly change goal based agent’

Artificial intelligence

s behaviour for new/unknown goa

Environment Sensor

[ State |
et —

How the world is like now?
evolves? i

What it will be like

[ What may action do?
if I do action A?

What action [
should do now?

Fig. 1.10.5 Goal-based agent

For example :

Agent searching a solution for 8-queen puzzle.

Agent Type 4
Utility Based Agent
In complex environment only goals are not enough for agent designs. Additional to
this we can have utility function.
Property :
1) Utility function maps a state on to a real number, which describes the associated
degree of best performance.

2) Goals gives us only two outcomes achieved or not achieved. But utility based
agents provide a way in which the likelihood of success can be measured against
importance of the goals.

3) Ratio.na.l Aagent which is utility based can maximize expected value of utilify
function i.e more perfection can be achieved.

____________,_;—-‘
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4) Goals gives only two discrete states
a) Happy b) Unhappy

ertain plan of action to be taken. Its

also high.

For example -

Millitary planning
too comp

robot which provides c :
lex, and expected performance 18

Environment

like if [ do
action A?

s

How happy [ will be
E@E in such a state?
p
What action 1
should do now?

I What may actions do

Fig. 1.10.6 Utility - based agent

The Learning Agent

If agent is to operate initially in unknown environments then agent should be

self-learner. It should observe and gain and store information. Learning agent can be
divided into 4 conceptual components

1) Learning Element - Which is responsible for making improvements.

2) Performance Elements - Which is responsible for selecting external actions.

3) Critic - It tells how agent is doing and determines how the performance element
should be modified to do better in the future.

4) Problem Generator - It is responsible for suggesting actions that will lead to new
and informative experiences to agent. Agent can ask problem generator for
suggestions.

The performance standards distinguishes part of the incoming percept as a reward

(success) or penalty (failure) that provides direct feedback on the quality of the agent's
behaviour,
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Artificial Intsfligence I _ ir performan':e thmugh Ieanun

All four types agent W!
and there by become leaminé

For example :
Aeroplane driving
safe plane driving:

m Components of Leaming Agent _ It holds basic knowledge and learn ney, thi

agen's

w vironment and '
‘hich conﬁnuousl}' Jearns from en
gent

1) Base/Leamer/ “’mg-demi:t
from the unfamiliar environmess: ) ts - Capable system is reg
Efficient system/Performung elemert & tha Ponsibje
2) Capablle/ O temal actions. Performance element is actual agen; I
for selecting

; i tions.
rceives and decides ac
ll:eulr reflector element - It gives feedback. It reflects fault and analyze correcty
3) Fa : .
actions in order to get maximum Success | | |
4) New problem generator element - It generate new and informative experience, |
suggests new actions. .
The performance standard makes difference between incoming percept as a reward

(or penalty), that indicate direct feedback on the quality of the agent's behaviour

Performance
standard

Fig. 1.10.7 Leaming agent

-
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m More Types of Agents

We can do classification of agents based on various aspects like -

1) Task they perform.  2) Their various control architecture.

3) Depending on sensitivity of their sensors, and effectiveness of their action and
internal states they possess,

Following are various types of agents, based on above classification criteria :-

1, Physical Agents : A physical agent is an entity which perceives through sensors
and acts through actuators.

2, Temporal Agents - A temporal agent may use time based stored information to
offer instructions or data acts to a computer program or human being and takes
program inputs percepts to adjust its next behaviour.

3. Spatial Agents - That relate to the physical real-world.

4. Processing Agents - That solve a problem like speech recognition.

5. Input Agents - That process and make sense of sensor inputs- e.g. neural
network based agents.

. Decision Agents - That are geared upto do decision making.

7. Believable Agents - An agent exhibiting a personality via the use of an artificial
character (the agent is embedded) for the interaction.

8. Computational Agents - That can do some complex, lengthy scientific
computations as per problem requirements.

9. Information Gathering Agents - Who can collect (perceive) and store data.

10. Entertaining Agents - Who can perform something which can entertain human
like gaming agents.

11. Biological Agents - Their reasoning engine works almost identical to human
brain.

12. World Agents - That incorporate a combination of all the other classes of agents
to allow autonomous behaviours.

13, Life Like Agents - Which are combinations of other classes of agents which will
behave like real world characters. (For example - A robotic dog)

Designing an Agent System

When we are specifying agents we need to specify performance measure, the
environment and the agent's sensors and actuators. We group all these under the
heading of the task environment.
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i For the acronymically we call this PEAS ([Plerformance, [E]m"imnmem'
€nsors) description. [A) artificial Intalligence = = —
m The Steps in Designing an Agent .lli |ndustrial Business Purpose ) i
1) Define problem area (ie. task environment) in  comple ?Sr. No. Agent Type  Performance Environment Actuators
Example-Vaccum world, automated face recognition, automated taxi fe. Mg : Measure
2) Define Hivig, erce Gecure reliable, ~E-commerce Display product Keyboard,
or tabulate PEAS. S WwT J fast business websites, human lists with price. mouse.
= forms.
3) Define or tabulate agent functions (i.e. percept sequence and action co} i processing - orms. |
. Unp) '
4) Design agent program. cog Refinery, Values, pumps; Temperature,
; ; . 2 % PM:ﬂTY Iﬂ; aperatcr){s, heaters, pressure,
5) Design an architecture to implement agent program. con Py, displays. chemical :_
6) Implement an agent program. SN gemeots.
The agent system may be single agent or multiple agents system. ) scientific / Research Purpose o I =
If system is multiagents then we need to consider communication T T e —PeEE vironment  Actuators Sensors
, © Type Performance  EM
strategies among multiple agents. *Operatiy, f 5:' Agent Measure _
e Comectimage . Te L, g
EEEEd Examples of Agent Types and Thelr PEAS Description 1 ﬁﬁ“y;;': . categorzation D g satellte. categorization of &7y
According to Their Uses pese
L : i Knowledge
I) General Purpose (uses for common man) . Chemical Correct - ihﬁ“m i of reaction. database Of
,mw, = i i——— R e —_— - rcﬁm analyzer mctlmm{dnon‘g. ) : - ﬁaﬂb and
i Sr. No. Agent Type Performance Environment Actuators © Sensors | é research 12, ?@Eﬁs f;!: haracteristics.
Measure : = ; vailab g out
i DR e et B S : reactions ks e A
. Anautomated Safe, fast legal, Roads, other Steering Camiens.soog| & —— " R I - St LeaD
taxi driver comforatable traffic, acceleration . speedometer, "
mrgémxmun pedestrians, bmak,d?;gz;:l,' GPS, Odomets, \V) Medical Purpose e
p ts. C"ﬁam.ers- hﬂm = Y' amle i e n— -
engine, Sensor, | sr. No. Agent Type *’eﬁfm"‘“ Environment  Actustos t
2 Anautomated Correct Human face  Capturing face, Web/video | 1, Medical Healthy patient, Patient nospital, DISPRY o, of“”mm"‘”’d
face recognizer ~ recognition software, web  feature camers, diagnosis minimize COStS, Wﬂ findings,
efficient system, ~camera/video extraction, ; system. lawsuits tregtments, patient’s
camera, i classification. !Tg?:u’ infrared : referrals. answers.
light. i s BRI S - - ; v i
[ g 4 SR R W of
, Correct Blood sample Detail reporting £
5 Putpicking  Percentage of  Conveyor bel Jointed arm and  Camera,joitt | 2 g{g&*‘““‘ rportingon  ab. of ench test with PoCeCC Loy
robot parts in correct  with parts ; hand. angle sensors: | each test. 2 T results.
: bﬂ‘IS- B2 =0 bms o B T ST - fl j Pt e ______m‘?o’__ sk T i
4 ATM system Secure, reliable  ATM machine, Display Touch sceet:
fast service. human system  menu/screen
(customer) with options, a
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V) Educational Purpose

No.

Interactive
English tutor.

A casio teacher.

'_ 5' - Agent Type

Performance

Measure
Maximize
student’'s score
on test.

Learner should

be able to play
bl

specific m
pieces.

- 40

Environment

Set of students,
testing agency.

Group of learmner
or a single

learner.

The Detail Example of PEAS
Agent : Interactive English Tutor

1) The [Plerformance Measures :
The Interactive English Tutor agent system must achieve the following perfory

measures.
1) All

D

Artificial Intelligence - The ¢,
Onosp,
f

Actuators

Display exercises
suggestions
corrections.

Display of each
i tion of

playing a key,

sample music

2) All the students must score good marks in the english test.

Ii) The [E]nvironment :

Semen 1
|

.&E‘hyl

the student must get maximum knowledge regarding English subject, such 4

vocabulary, verbal soft skills, (i.e. communicational skill), reading, writing skills

In Interactive English Tutor agent system environment has following properties :-
1) All the students having different grasping power and 1Q (Intellectual Quotient).
2) Software modules which gives demonstration.

li) The [A]ctuators (Actions) :
The software model (agent program) will be executed on the agent architecture. (ie.

operating system). The actions performed by interactive english tutor are,

1) Audio / video demonstration on different topics.

2) Practical assignment on verbal written skills, report generation, letter writing, etc

3) Monitoring and inspection (i.e. checking) of the practical assignment provided
with suggestions and corrections, to students.

4) Online test conduction and result analysis.

5) Student's speech and video recording.

____________.-—-‘
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Sensor pla
sor are required to sup

sen

2)
3)
4)

m One Final Word
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1-41 ey et

in
role in interactive English Tutor agent system. The following

ys a crucial :
port sequence of perception :-

1) Keyboard for providing input events.

Mouse for GUI interface.

Headphone for listening and mike
shooting-

for audio recording.
video/web camera’s for video

of Al history and its related work it can be seen that goal
blems which are useful

After taking a brief tour
king programs that solve the pro

of Al is to construct wor

for well being of human.
¢ issue is to acquire large and enough amount of data and processed
almost all the problems and at least solve the toy

In Al majo:
ropriate things when required, once the

knowledge that can deal with
problems. It becomes harder to access app

amount of knowledge grows up.
A good programming language is required to process knowledge related to Al
problems. LISP has been most commonly used language for Al programming.
Specifically, Al programs are easiest to build using languages that have been
designed to support symbolic rather than primarily numeric computation.

Al is still a yet to bloom and a bud in industry. In our syllabus we are going to
study some of the basic but major topics related to AL

Define Al. (Refer section 11)
What is Al ? (Refer section 1.1)
What is meant by robotic agent ? (Refer section 1.1)
What are advantages one can infer when machines perform intelligently ? (Refer section 1.1)
Define an agent. (Refer section 1.8)
What is role of an agent program ? (Refer section 1.8)
Define rotational agent. (Refer section 1.8)
List down the characteristics of intelligent agent. (Refer section 1.10)
Give general model of learning agent. (Refer section 1.10)
Explain in detail the history of Al. (Refer section 1.1)
- What are various domains of Al ? (Refer section 1.1)
. Di | i
iscuss in detail the structure of agent with suitable diagram. (Refer section 1.8)

e
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3. What is an ideal rational agent 7 (Refer section 1.8)

University Questions Ans
1 Winter - 12

Q.1

Q.2

Q.3

Q4

1-42
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14. Explain properties of environment. (Refer section 1.9)
15. Name at least 5 agent types with percepts actions and goals with environment,

(Refer section 1.9)
16. What are requirements of intelligent agents 7 (Refer section 1.10)

17. Discuss model based agents and goals based agents. (Refer section 1.10)

18. Give the structure of an agent with goals. (Refer section 1.10)
19, List few agent types and describe their PEAS. (Refer section 1.11)
20. What is meant by PEAS ? (Refer section 1.11)

21, What is Al 7 Explain how an Al system is different from a convolutional computing sysiom

(Refer section 1.1)
22 What is Al ? State various characteristics of Al. (Refer section 1.1)

23, Explain the nature and scope of Al. Why gamne playing problems are considered A]
Probiems

(Refer section 1.1)
24. What are Al techniques ? (Refer section 1.4)

25. Define Al and justify with suitable example how does conventional computi differer
intelligent computing. (Refer section 1.1) . t from by
26. Explain desirable properties of Al internal representation and Al software. (Refer section 1
2 e PrOpeTiies il dhiniioniis L e pection 1)
e |
with Answers

What is intelligence ? Discuss types of problems requiring intelligence to solve i
Define Al (Refer sections 1.1.2 and 1.2) m’

| Winter - ;:—5

I
Define Al ? Explain the characteristics of Al problem. (Refer section 1.1.2)

i

f.f“wmﬂ_ 16 f
¢

Discuss following : i) Turing test (Refer section 1.1)

fr———— v swenseveees;

| Winter-17 |
| EETSS—— |
]

Discuss : Turning test. (Refer section 1.1)

m
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e tobgerce
[ Summer-18 |
Q.5  Discuss Turning test. (Refer section 1.1) 4
Tﬁv’lnter -—lu;j,
Define and discuss different task domain of artificial intelligence. - |

Q.6
(Refer section 1.9)

T

Summer - 19

—

Define the following words in the context of Al : Intelligence (Refer section 1.9) [4]

a7
| Winter-19 |

Define the term Artificial Intelligence”. Explain how Al techniques improve

as efi
real-world problem solving. (Refer sections 1.1 and 1.4) 31
What is the significance of the "Turing Test” in Al 7 Explain how it is performed. i
41

Q.9
(Refer section 1.1)
Q.10 Enlist and discuss the major task domains of Artificial Intelligence. ;
(Refer section 1.9) m
, Summer - 20
Q.11  Define the following words in the context of Al : -
i) Intelligence. (Refer section 1.1) 4

.
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Syllabus

Problems, State Space Search & Heuristic Search Techniques : Defining The Problems As A State
Space  Search,  Production  Systems, Production Characteristics, Production System
Characteristics, And Issues In The Design Of Search Programs, Additional Problems.

Contents
2.1 Problem Defining and Solving Problem . . . . . . Summer-13,15,
.................. Winter-15 - -« .-+ Marks 7
2.2 State Space Search  .................. Winter-16,17,19,
.................. Summer-12,17,18 - - ------ - - Marks 7
2.3 State Space Search Strategies ............ Winter-12,14,17,18,19,
.................. Summer-12,13,14,16,18,19,20
......... s erpeas PO T e sne s o dive Mayks 7
2.4 The Repeated States
2.5 Searching with Partial Information
2.6 Production System  .................. Winter-18,19 - -« --------- - Marks 7
2.7 Issues in the Design of Search Problem .. ... Winter-17 -------------- Marks 4
2.8 Al Problem Charactenistics. ............... Summer-12,18,
.................. Winter-12,14,17------------ Marks 7
2.9 Additional Problems  .................. Winter-12,14,15,18,19,
.................. Summer-12,16,17,19 - - ---- - Marks 9

2.10 University Questions with Answers
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m What is mb"'“ : (mk‘ in real world one needs fofl'ﬂal d
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solving any type Ph%
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roblem ing of following aspects of the prqy,
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1, What is the .o behaviour of SyStem by limiting the objectjye thg
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Criteria for Success ‘
2. What is Implict " sefned. That will be the ultimate thing syster
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achieve, which is the problem SOiU

3, What is the Initial Sttuation

o [t means that what is going to be the start state of problem being solyeq

4. Abliity to Perform o
oItﬂkhwagthmWMWmhlahontoanother,hoon tiong
rules are specified which change the states of the problem during solution : roc::l

Woll Defined Problems

+ Problem formulation is the process of deciding what actions and states to cong
given a goal "
A problem can be defined formally by four components.

1) Initial state that the agent starts in
For example -
¢ Consider a agent program Indian Traveller developed for travelling from Pune to

Chennai travelling through different states. The initial ;
doscribed 8 Ia (heme]. initial state for this agent can be

2) A
) A description of the possible actions avallable to the agent

* The most common formulation
where each action is ope

uses a successor funtion. Given a perticular state ¥
ofrehlms a set of <action, successor>, ordered pai’
the legal actions in state x and each successor 18

f__ﬂm___c.ff_".”—s-ﬂmm 2icl Problems and State Space Search

For example :

From the state In (Pune), the successor function for Indian Traveller problem would

return.
{ < Go (Mumbai), In (Mumbai) >

< Qo (AhemdNagar), In (AhemdNagar)>
< Qo (Solapur), In (Solapur)>
< Go (Satara), In (Satara)>

o Together, the initial state and successor function implicitly define the state space of
the problem - which is the set of all states reachable from the initial state.

o The state space forms a graph in which the nodes are states and the arcs between
nodes are actions.
o A path is the state space is a sequence of states connected by a sequence of
actions.
3) The goal test, which determines whether a given state is goal (final) state. In some
problems we can explicitely specify a set of goals. If a particular state is reached we can
check it with set of goals and if a match is found success can be announced.
For example :
In Indian Traveller problem the goal is to reach chennai ie. it is a singleton set
{In (Chennai) }.
In certain types of problems we can not specify goals explicitly. Instead, goal is
specified by an abstract property rather than an explicitly enumerated set of states.
For example :
In chess, the goal is to reach a state called "Checkmate” where the opponent's king is
under attack and can not escape. This "Checkmate” situation can be represented using
various state spaces.

4) A path cost function that assigns a numeric cost (value) to each path. The
problem-solving agent is expected to choose a cost-function that reflects its own
performance measure.

For Indian-Traveller agent we can have time requireded as cost for path-cost function.
It should consider length of each road being travelled.

In general step-cost of taking action ‘a' to go from state x to state y is denoted by
c(x,ay)

The above 4 elements define a problem and can be put together in single data
structure which can be given as input to a problem-solving algorithm.

A solution to the problem is a path from the initial state to a goal state.
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We can measure quality of solution by the path cost function. We can have multiple
solutions to the problem. The optimal solution will be the one with lowest path cost
among all the solutions.

XK Problem Formulation Types
There are two main kinds of problem formulation =

1) Incremental formulation

2) Complete-state formulation.
Depending upon problem requirements and specification one can decide which one

to go for.

1) Incremental formulation
It involves operators that augment the state description, starting with an empty

°
state.

e [t generates many sequences.

e Memory requirements is less as all states are not explored (exploration will be
done till the goal is found).

For example -

For the 8-queens problem,
queen to the state. In this formulation we have 64.63 ..

incremental formulation states that, each action adds a
. 57 =3x10™* possible sequences

to investigate.

2) Complete state formulation
e In this initially we will have some basic configuration represented in initial state.

e Here while doing any action first the conditions on the actions will be checked so
that the configuration state after the action will be same legal state.
o It takes up large memory as complete state space is generated. This formulation

reduces number of sequences generated.

For example -

In 8-queen problem initially all the queens
will be 'move a queen to the next square such that it is not attacking’.

This complete state formulation reduces state space from 3x101 (which is for

incremental formulation) to just 2,057 and solutions are easy to find.
ation :

wﬂlbearrangedontheboard.'l'heacﬁm

Example of Incremental formulation and complete-state formul

Consider 8-queen problem,
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« Incremental formulation

1) States
).Ammwfupmsqumonﬂwboard.
2) Initial state
- Empty board.
3) Successor function (operators)
- Add a queen to any square.
4) Goal test
- All queens on board
- No queen attacked.
Properties : 3x10'* possible sequences.
« Complete state formulation
1) States
- Arrangement of 8-queens on the board.
2) Initial state
- All 8 queens on board.
3) Successor function (operators)
- Move a queen to a different square.
4) Goal test
- No queen attacked.
Properties : Good strategies can reduce the number of possible sequences which are
considerable.

Solving the Problem

Finding the solution of a problem is procedure which involves following phases «

1) Problem definition : Where in detailed specification of inputs and what constitutes
an acceptable solution is described.

2) Problem analysia : Where in

; roblem is studied . ; N
Inputs, to the problem, en P through various view points like

vironment of the Pﬂ’ble.ﬂ'l, Emt@d outputs.

; : Where in the known data about the problem and
various expected stimuli from envi : _ ) ¥ &5
helpful for taking actions. vironment is represented in perticular format which is
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4) Problem solving : Where in the selection of best suited
solutions are thought of and finalized.

@ Problem Solving Agents

m Approach of Problem Solving Agent

o Goal based agents are also

called as problem solving
asent.

« Problem solving agent adapt

to the task environment

understand goal and achieve A ] 212
— g. 2.1.2 Steps In problem solving

techniques for problem

Generate

o Problem solving agents determine sequence of actions which generate successful
state.

o Problem solving agent can be aimed at maximizing performance measure there by
developing intelligent problem solving agent.
Steps In Problem Solving
Problem solving agent achieves success by taking following approach to problem
solution -
step 1 : Goal setting
Agent set the goal by considering the environment.
Step 2 : Goal formulation

The goals set in step 1 are formalized in the frame work. The key activity in goal
formulation is

1) To observe current state.  2) To tabulate agents performance measures.

Step 3 : Problem formulation

After formulating goal, it is required to find out what will be the sequence of actions
which generate goal state.

Problem formulation is a way of looking at actions and states generated because of
actions, which leads to success.

Step 4 : Search in unknown environment

If the task environment is unknown then agent first tries different sequence o.f actle:z
and gathers knowledge (i.e. learning). Then agent gets known set of actions which
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Fig. 2.1.3 Problem solving agent

. unknown space, percept).
. Problem solving agent (
Procedure or method :

Results ; An action.
Input : P — percept (Environment perception)
salt;cA:-—» An action sequence, initially with null value.
2) § - State - current state.
3) G - Goal - A goal initially null.
4) P - Problem - A real world situation.
State - update state (State, percept)
If (s) is empty then do
g ¢ Formulate goal (s)
P « Formulate problem (s, g
S« Search (p)
G « First (s)
S « Rest )
Return 5

Procedure

\
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YRR For Example

Consider following simple problem solving agent. Working in open-loop system,
Open-loop system means agent is assumed to be working in following environment -

Problems and State Space Search
e

1) Static environment : Where in problem formulation and solution is done by
ignoring the changes that can occur in environment.

2) Observable environment : Where in agent has complete knowledge of environment.
3) Discrete environment : Where in the idea of enumerating “alternative courses of
actions” is implemented.

4) Deterministic environment : Where in next state is configured from current state.

 Points to Note

1) Above kind of working systems is called as open-loop system, because ignoring
the percepts breaks loop between agent and environment.

2) In open-loop systems solutions to problem are single sequence of actions, so they
cannot handle any unexpected events.

3) Also solutions are executed without paying attention to the percepts.
4) These are most easiest kind of environment to work in for agents.

X1 state Space Search

by the initial state and the successor function that together define the state space.
In general, we may have search graph rather than a search tree as the same state
can be reached from multiple paths.

Construction of State Space

1) The root of search tree is a search node corresponding to initial state. In this state
only we can check if goal is reached.

2) If goal is not reached we need to consider another state. Such a can be done by
expanding from the current state by applying successor function which generates
new state. From this we may get multiple states.

3) For each one of these, again we need to check goal test or else repeat expansion of
each state.

4) The choice of which state to expand is determined by the search strategy.

5) It is possible that some state, surely, can never lead to goal state. Such a state we
need not to expand. This decision is based on various conditions of the problem.
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structure to represent the Structypg

of state and action to aNothe,

; but not expand
new state e that have been generated bu yet expandeq,
. is a collechon
3) Fringe : Itisa

4) Loaf node : Bach node in finge
node).

eaf node (as it does not have further succegg,,

For examplé :
a) The initial state

& —

b) After expanding Pune

Fig. 22.1 Partial search trees for finding route from pune to chennal
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5) Search strategy : It is a function that selects the
current fringe. Strategy looks for best node for further

Aﬁmﬂ Intelligence

next node to be expanded from
expansion.

For finding best node each node needs to be examined.

If fringe has man
then it would be computationally expensive. Y modes

The collection of un-expanded nodes (fringe) is implemented as queue, provided
with, the sets of operations to work with queue. These operations can be CREATE

Queue, INSERT in Queue, DELETE from Queue and all necessary operations which can
be used for general tree-search algorithm.

m Node Representation in a Search-Tree
Formally we can represent the node of search tree with 5 components,
1) State : The state, in the state space to which the node corresponds;
2) Parent-node : The node in the search tree that generated this node;
3) Action : The action that was applied to the parent to generate the node;

4) Path-cost : The cost, traditionally denoted by function

g(n), of the path, from the
initial state to the node, as indicated by the parent pointers;

5) Depth : The number of steps along the path from the initial state.

3 -
Q
aQ Action = Place
Q in {‘
cell (4,3)
State
Depth = 4
Node | eirscated
. H @& O
8 Queen problem - some s
state configuration

Fig. 2.2.2 Node in search tree
EXXA The Node Searching and Expansion Algorithms

Algorithm Tree Search
Input - Problem, fringe.
Output - Solution or failure.
1) Create initial node from problem's initial state.
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2) Create fringe from initial node-
3) If fringe is empty return ("
4) Node = first_node from_fring® on return solution (node).

n node th
5) If Goal test succeeds © newly genera

6) Expand node and add ¢

7) Repeat step (3) 1 (©)
Explldmw ch for expanding the node */

Input - Node, uccessor)
Output - A 58
1) Initial SUCCE _ >,
2) For each “‘-'“"n“' of 8 problem for 8 given state do
su:gps (3) to (9):

3) gs=48 ww

4) STATE [s] = result
5) Parent Node [s] = node.

ion [8] = action.
6) Action — StepCost

7) Path Cost [s) = Path
(node, action §).

§) Depth [s] = Depth [node] + 1
QJAddstosmoessorM-
10) Return successor set.

t of nodes (newly gmnm’ te
gat is empty:

Measuring Problem Solving Performance
When we are solving a problem we have three possible outcomes 1) We reach &
failure state 2) Solution state 3) Algorithm might get stuck in an infinite loop.
Problem solving algorithm's performance can be evaluated on the basis 4 factors -

1) Completeness : Does the algorithm surely finds a solution, if really the solutin
exists.
to a singk

2) Optimality : Some times it happens that there are multiple solutions A«

problem. But the algorithm is expected to produce best solution among
solution, which is called as optimal solution.

3) Time complexity : How much time the algorithm takes to find the solution.

then
i Sple. complaxuy ! How much memory is requ]'red to perforrn the SearCh algoﬂ
‘/l/

R e i iE e o & ) i = RN W PRy

P
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ors affecting time complexity and space complexity -
ce complexity are majorly affected by the size of the state space graph,
orithm. State space graph needs to be stored as well as

straight forward that more complex state space graph

» Major fact
Time and spa
pecause it i8 the input to the .al_g
it needs to be processed. So it is
more is the space and time required.
. The state space graphs complexity is affected by 3 factors -

actor : It is maximum number of successors of any node. If this value is
odes will have to be search, there by getting result fast.

. It is the depth of the shallowest goal node, where one can
s small we will get goal node early.

It is maximum length of any path in the state space. If
tyofstahespaceismore.Thisisoftenmsuredmterms

a) Branching f
less then less n

p) Depth of goal node
reach fast. If this value i

c) Maximum length of path :

length value is more, complex

of number of nodes generated.
The major activity in searching is node expansion. The time taken for this is called as

search cost. Search cost will typically depend on time complexity.
« Path cost : Is time bound cost which is incurred for reaching or going to a perticular

node.
The total cost for algorithm is the combined cost of search cost and the path cost of
the solution found along with memory usage.

Total cost = Search cost + Path cost + Memory usage.

For the problem of finding a route from Pune to Chennai, the search cost is amount
of time taken by the search and the solution cost is the total length of the path.

The cost found will be helpfull for agent to find shorter paths (low cost paths).

State Space Search Strategies

GTU . Winter-12,14.17 18,19, Summer-12,13,14.16,18.19

At every stage in state space generating algorithms we need to apply searching
procedure so as to reach to goal state. Search is a systematic examination at states to
find path from the root state (initial state) to the goal state. The output of this procedure

is the solution (goal) state.

Two Basic Search Strategies

1) Uninformed search (Blind search) : They have no additional information about
states other than provided in the problem definition.

They can only generate successors and distinguish between goal state and non-goal

State.
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Hou tate.
2,|W§“Z"m(mownon'g"a‘ls wed by the order in which the

more prom*"é arh rtegies T

[EEE] Uninforme? Search Srategl
n

1, BES.

2 DES.

3. Depth limited e

4 Tterative deepening o
5, Bidirectional search

«¢orm cost search , o ;
;mm section we will discuss each uninformed searching in detail. For €ach

; : 1] see its basic methodology, its alg Plementaio,
searching technique we;ulfﬁon- Performance evaluation will be done on the bagg o

and ity pesformmance EVET
4 criterias we have seen previously namely

1) Completeness 2) Optimality 3) Time complexity

4) Space complexity. |

Generally it does happen that space and time complexity depends on some factor
hence we will discuss them combinely.

Breadth-First Search

The procedure : In BFS root node is expanded first, then all the successor of root node
are expanded and then their successor and so on. That is the nodes are expanded
levelwise starting at root level.

The implementation : BES can be implemented using first, in first out queue d
structure where fringe will be stored and processed. As soon as node is visited it 8
added to queue. All newly generated nodes are added to the end of the queue, whid
means that shallow nodes are expanded before deeper nodes.

The performance evaluation

1) Completeness : BFS is complete because if the shallowest goal node is at some W

depth d, BFS will ey, i : _ :
factor b is finite). entually find it and will generate solution. (assuming that b

e o //

TECLAIA &8 =, wuo

Artificial Intelligence 2.

2) Optimality : The shallowest goal i
optimal solution only when all actiong

3) Time and space complexity : As the lev,

: el of search tree i i
incurred. In general if search tree js at level d then O (bd+ 1Y time ifxsmred' mor:r}::eb 1_8
'’ m

the number of nodes generated from each node, starti
, starting at root ode i.e,
b nodes and each b node generates b more and so on s}fmfbd;; € Le. root generates

/wral
Bo* 8 v P + 00+ (0™ -p)
_O{bdﬂ]

Every node generated should remain in memory till its exploration. If branching
factor b’ is more then more memory will be required.
For example -

If branching factor b = 10 at some level d = 6. If we assume 10,000 nodes will be
generated per second and per node 1000 bytes are required for storage.

Then total generated nodes = 107 which will take 19 minutes but it will take 10
Gigabytes for storing them.
We can conclude that for BFS space complexity is major issue concerned than time
complexity. Time complexity is critical issue when depth of tree increases.
Algorithm BFS (G, n)
//Breadth first search of G
{

fori:= 1to n do // Mark all vertices unvisitsd
visited [i]: = O ;
fori:=1tondo
if (visited [i] = o) then BFS (i) ;
}
BFS

* Time complexity - O (b%*})
* Space complexity - O b9+
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Fig. 2.3.1 Breadth-first search

state.
D and ] are st:: ugh the path] — (A-B-D) (shallowest
[D is found goal)

The numeric value beside each node indicates the order in Which noge,
Note : The n a

visited (reached).

Uniform Cost Search .
i e node 'n' with the oy
pmdn:Umfonncostsearchexpans et path
[T;hn:form co; search does not care about the number of s.teps a path has, i
iders their total cost. Therefore, their is a chance of getting stuck in an infinite iy
inOiI:SI ever expands a node that has a zero-cost action leading back to the same i

The implementation : We can use queue data structure for storing fringe as in BFS, T,
major difference will be while adding the node to queue, we will give priority t
node with lowest pathcost. (So the data structure will be a priority queue),

The performance evaluation
1) Completeness : Uniform cost search guarantees completeness provided the cost o
every step is greater than or equal to some small positive constant "c".

Z) Optimality : If cost of every step is greater than or equal to some smallpwz
constant then uniform cost search will yeild optimal solution, by reaching the goal
which has lowest path cost.

3) Time and space complexity : Uniform-cost search does not care ’ab"“t ﬂ:c:ﬁ
of steps a path has, but only about their total cost, Therefore, it will get 3
——l—————‘-—"-/
-___-_-—_-_-—l—-_-__
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. if it ever e pand. a ﬂode tha hdﬁ a ZerO—C(}St ac tion leadlrlg

loop if it ever ex 8 t back to the

infinite 3
game state. ts rather than depths, so its complexity
; ded by path cos 3
el se;;::ctzﬁf; in terrny ps of b and d. Instead, let C* be the cost of the
C

d assume that every action costs at least E. Then the algorithm's
an

cannot easily be :
d space complexity is O blC*/=l), which can be much greater than b°.

Ophmal SOIUﬁOﬂr
worst-case time an

: h
o Uniform cost seac 1
Time complexity - O (b <)

Space complexity - O (b“%)
where - C is the cost of optimal solution.
Assuming ] and D are both goal state.
A-B-E-]
Note : The costs are associated with each edge.

Fig. 2.3.2 Uniform cost search
Note : The numeric value beside each node indicates the order in which nodes are
visited (reached).

Depth-First Search

The procedure : Depth-first search always expands the deepest node in the current
unexplored node set (fringe) of the search tree. The search goes in to depth until there is

will explore the latest added node first, suspending exploration of all previous nodes on

the path. This can be done using recursive procedure that calls itself on each of the
children in turn.

TECHNICAL PUBLICATIONS® - An up thust for knowledge
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it
pleteness : As DFS PIOTes all the nodes hence it guareentees the sojyy,
1) Com R deepest node first, it may ignore some g
2) Optimallty :

Ow
imality is expected only when all stat, Nog,
Therefore optimality 15 € s have
which can be goal state: Samg
path cost.

xity : DFS requires some moderate amount of s
from root to some node to a particular leve], allonl : :: it
anded siblings. When same node gets fully explored, its complete brangj (s :11
dess::\dants and itself) will get removed from memory |
With branching factor b and maximum depth d, dfs requires storage of . bdg

nodes. o
&mﬂthmn v

//Given an undirected (OR directed) graph

//G = (V, E) with

//n vertices and an array visited initially set

// to zero, this algorithm visits all vertices
J/reachable from v. G and visited [ ] are global.

{
visited [v] : = 1;
for each vertex w adjacent from v do
{
if (visited [w] = 0 then DFS (w);
}
}

* Time complexity - O (b9).
¢ Space complexity - O (b9 +1).
DFS [Depth First Search]

Fig.

2.3.3 Depth First Search

__'_'-_._.-./
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bk
Goal state path - (A - B - D)

where D is a goal state.

Problems and State Space Search

Note : The numeric value beside each node indicates the order in which nodes are
visited (reached).

A special case DFS — back tracking search : In this only one successor is generated

at a time rather than all the successors and each partially expanded node remembers
which successor to generate next.

This search technique uses less memory than DFS as only 'd’ nodes (maximum depth)
are required to store.

prawback of DFS : DFS can make a wrong choice and get stuck going down a very
long (even infinite) path when a different choice would lead to a solution near the root
of the search tree.

Depth-Limited Search (DLS)

The procedure : If we can limit the depth of search tree to a certain level then
searching will be more efficient. This removes the problem of unbounded trees. Such a
kind of depth first search where in the depth is limited at a certain level is called as
depth limited search. It solves infinite path problem.

The implementation : Same as DFS but limited to depth level /. DLS will terminate
with two kinds of failure. The standard failure value indicates no solution and the
cut-off value indicates no solution within the depth limit.

The performance evaluation

1) Completeness : DLS suffers from completeness because if we choose [ (levels to be
searched) < d (actual levels), when shallowest goal is beyond the depth limit L It
generally happens when 'd' is unknown.

2) Optimality : DLS is non-optimal if we choose ! (levels to be searched) > d (actual
levels) because shallowest goal state may be ignored while reaching to depth level L.

3) Time and space complexity : Its time complexity is O (b') and space complexity is
O (b)). If we have knowledge of the problem, then we can decide depth limits. If we can
find better depth limit then we can achieve more efficiency. This better depth limit is
termed as diameter of state space. If problem is too complex then we are unable to find
diameter of state space.

Algorithm for Depth Limited Search

DLS (node, goal, depth)
{

—
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Note : The numeric value beside each node indicates the order in i
{ iffnode ==908) visited (reached). I i
node
o dm::;zh ’ m lterative-Deepening Depth-First Search (IDDFS)

oLS (child, goal, The proc.duro.: In iterative deepening depth-first search, dfs is applied along with the
: best depth limit. In each step gradually it increases the depth limit until the goal is
} found. It increases depth limit from leve] 0, then level 1, then level 2 till the shallowest

General steps for pLS
1. Determine the node where
depth. ‘
2 &xkﬂﬁlecurrentnodelsthegoalstate‘

_ memory requirements which are incurred in
- IF not : Do nothing uniform-cost search. The key point

the search should start and assign the maxi e -

: : e S8 X is to use increasing path-cost limits instead of
- IF yes : Retum _ ey e increasing depth limits, is if we have such a implementations it is termed as iterative
3 Check if the current node is within the maximum se G s lengthing search.
- IF not : Do nothing The performance evaluation
d save all of its
- IF yes : a) Expand the vertex an ata . 1
yes successors in stack. 1) i‘:)l‘:l'l:is f:::; t guarantees completeness as the search does not stop until goal
; f the .
b) Call DLS recursively for all nodes o
stack and go back to step 2.

is reached, it is not nec
DLS [Depth-Limited Search]
optimal solution).

3) Time and space complexity : Iterative deepening depth first search has very

moderate space complex which is O (bd). Its time complexity depends on branching
factor (b) and the bottom most level that is depth (d). It is O (b¥).

Algorithm for It.raﬁvo-nnpcnlng Depth First Search
//In IDDFS algorithm we are us

{ ianLSﬂgori:hm&umauﬁsrsocﬁon IDDFS (root, goal)
depth = 0
while (no solution)
{

solution = DLS(root, goal, depth)
depth = depth+1

}
DB F, G are generated but not expangeq) p oo eion
] though better '
g goal than D could not reached because of a]goril'hm technique. -
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« Example - IDDFS s -
Node D Found
Shallowest Goa! e each node indicates the order in .
Nots : The numeric value best which -
visited (reached) @
Limit=0 @
Limit = 1
Limit =2
@(e) ()
®
© &) (®) ()
Fig. 2.3.5 terative Despening Depth-First Search
2 /
. ry * \ t/ |
c 5
/ ,\ \ & )
Fig. 2.3.6 Schem "
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As the name suggests bi-directional that is two directional searches are
rching technique. One is the forward search which starts from initial
her is the backward search which starts from goal state. The two
h the searches meet in the middle. [As shown in Fig. 2.3.6]

The procodurl :
made in this sea
state and the ot
searches stop when bot

The implementation :
Bidirectional search is implemented by having one or both of the searches check, each
node before it is expanded, is examined to see if it is in the fringe of the other search

tree. If so solution is found. Fringe can be maintained in queue data structure, like BFS.

The performance evaluation

1) Completeness : Bidirectional search is complete if branching factor b is finite and
both directions searches use BFS.

2) Optimality : It is optimal as the goal is being searched from both directions. So
guaranteed to find optimal (best) goal state.

3) Time and space complexity : Bidirectional search has time complexity as 0 %),
where 'b' is branching factor. It is the important noticable point in case of backward a
searchbecause,weneedtogetpredecessorsof&nenode.'l‘heeasiestcaseiswhena.llthe

actions in the state space are reversible.

When one goal state is there, the backward search is very much like the forward
search (like in 8 puzzle problem). If there are several explicitly listed goal states (like in
part picking robot) then it needs to construct a new dummy goal state whose immediate
predecessors are all then actual goal states. The worst case in bidirectional search is
when the goal test gives only implicit description of some possibly large set of goal
states.

For example, in the game of chess 'checkmate’ is the goal state which will have many
possible description.

The memory requirement for bidirectional search is also moderate which is O b¥?)
where b = Branching factor, d = Depth, where at least one of the search tree is
maintained in memory.

Bidirectional search

Space complexity - O bY?)

Time complexity - O (b%?)

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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states

.on by searchuné in state Space tree, som,q sty

i ti
» When we aré finding 50‘1“ il increase the total cost. Hence e <
esedy et T need 4, ')
repeated states. by
oplems we need ©0 explore all the repeated states agap .
o In some P
reach to goal sta®® By
Fo::;::: whm the actions areé reversible, such as route-finding g
indfﬂS'bIOCks P“Zﬂﬁ' ’ ™
 ps Bk ;
-mmhmforﬂlmepmblems.mﬂmte ut if we cut off some "
rtion of the tree that engross the state spacel “WM
h

We can generate only the po
o In some problems repeated states are not required to explore again a5 o .

will not surely lead to goal states.

¢ In a state space S:raph we can dmp multlple paths and can construct a tree W

there is only one path to each state.

For example -
« Consider the 8-queen problem. Here each state can be reached through only|

path. If we formulate the 8-queens problem such that a queen can be placed
any column, then each state with ‘n’ queens can be reached by n! different paths.

Serious Problems Caused due to Repeated States
1) Because of repeated states solvable problem can become unsolvable if
algorithm is unable to detect repeated states.
2 §
) mm of mpmed states looping paths can be generated which can lead®
te search which is not practical approach.

3) Because of ted .
Tepeated states memory i tate ¥
— Iy IS unneces wasted as same §
maintained multiple times, saryly d

Artificial Intelligence 2-25 el aid Biote Shooe: Gearch

Example of State Space that Generate
an Exponentially Larger Search Tree

D

Fig. 2.4.1 State space that generate exponentially large search tree |

there are two possible actions leading from

Fig 2.4.1 shows a state space in which
state space contains d+1 states, where d is

AtoB,lwofromBloCandmon.Thc
maximum depth.
b)

Fig. 2.4.2 State space that generate exponentially large search tree Il

In the above search tree, (Fig.24.2) there are 24 branches corresponding to the 2¢

paths through the space. 0
In the search tree shown in

Fig. 2.4.3, A is a root node. On a

grid each state has four

successors, therefore the tree

including repeated states has 44

leaves. But as we can see, only o

about 2d? are distinct states Fig. 2.4.3 State space that generate exponentially

large search tree ]

within d steps of any given state.
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; ified then it is easy to s“'ﬁo
5 ce free is spec redute
Note : If limit of depth in stat® SPA® _ _ in search cost.
states which leads to exponenﬁal reductiont "-‘pgihq

ted States
void Reped
Algorithm ::tF:;::- ir History are Sure to Repeate the States)
(Algorithms every state that it has visited, then it can be -
o If an algorithm T ) directly N
G ce BT ap ‘
exploring stalte sPanew sigorithim aﬂ@ as graph-sea}:-ch algorithm whigy :

e We can devic® aljer earch ﬂgonm.‘ A grap .-search algorithy, . Moy
efﬁdeﬂ.t than ear c]osed list aﬂd Open hSt to avoid Exporatim of &:::nhll'a
two data ;'::;J;Sxpl ored (ie. trying t© avoid repeated states). og

ich are L ‘ ‘
- A closed list 18 data structure mm:‘t::de: i‘;ynalgzrt:hhm Which g o
Close list : hm discards the curren s With noge
ode. Algor my,
expanded 1
closed list o ‘ |
sst : A open lst is 2 data structure maintained by algorithm which gyq o
Open list :
of unexpanded node.
onph.sumh Algorithm

[Data structure required] :

- Node n

_ State description gy

- Parent (may be backpointer) (if needed)

- Operator used to generate n (optional)

- Depth of n (optional)

. Path cost from s to n (if available)
- Open list

o initialization : {s}

« node insertion removal depends on specific search strategy
- Closed list

¢ initialization : { ]

+ organized by backpointers to construct a solution path

[Algorithm] :

open : = {s} ;

M = { } H

repeat

{ ///

TECMHMICA] DI g mrnmuoo  am i thrust for knowledge®
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_ select (open) ; /* select one node from open for expansion */
pi=
if n is a goal

then exit with success ; /* delayed goal testing */

expand (1)
/* generate all children o
put n in closed (check duplicates) */

until open = { }

f n put these newly generated nodes in open (check duplicates)

,},,d; with failure

For the above algorithm worst case ;
the size of the state space. This may be much smaller than O (b®).

A repeated state is detected when algorithm has found two pat}?s to same state. if
the newly discovered path is shorter than the original one then it w1.l.l be d.l.scarded b:v
algorithm. Then there is a chance that graph-search could miss an optimal solution as it
can discard one of the paths that can lead to optimal state.

time and space requirements are proportional to

Searching with Partial Information
All the earlier search strategies we have seen, assumed that environment is fully
observable and deterministic.
In such a environment agent -
1) Knows what is the effect each action.
2) Can calculate exactly which state results from any sequence of actions.
3) Knows which state it is in.
4) Does not get new information after each action.

If environment is not fully observable and knowledge of the states and actions is
incomplete then agent has different types of task environment. Such a environment leads

to three distinct types of problems -
1) Sensorless problems
2) Contigency problems
3) Exploration problems.

Sensorless Problems (Conformant Problems)

In this type of problems -
A) Agent has no sensors at all

TECHNICAL PUBLICA TTONSO - An up thrust for knowledge
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gent could be in one of severa] PUﬂSihle
iy

B) According its OWR e
states.
C) As agent has several il
H ccessor states.
ssev:r.ai Pozs::z:l:” problems in 2 fully observable,
* Solving
deterministic environment
In sensorless problem agent

possible initial states each action can lead ¢, -

% by

completely
s oy,

already have predefined knowledge aboy; ity -

f the state is going to be initia]

these state set only one 9 . State,
states:. h(;)su; :fmor hence No percepts, still from its own state and action it can ;:g,
;s‘:ain conclusion states, through which it can further reach to goal state, It f

we can say agent can coerce (force to reach) the world to reach at a perticy],, thyy

state on his owT.
Steps taken to solve the problem are as follows -

1) First agent searches for belief state instead of physical state.

[The belief state - it is a set of states representing agent's current belief about g,
possible physical states it might be in. For finding such belief state agent should o
reasoning for each state it can be in, based on its original knowlege].

2) Initial state is belief state which can further mapped to another belief state.

3) Action is applied to belief state by taking union of the results obtained frop
applying the action to each physical state in the belief state.

4) We now get a path which connects several belief states.

5) Solution is a path that leads to a belief state, all of whose members are goal states

Note : If the physical state space has 's' states, the belief state space will have 2° beli
states.
For Example

¢ Black ball picker robot
Contigency Problem

¢ If environment is partially observable or if actions are uncertain, then agent &'
sense and perceive new information after each action. This new information &
:::aé" new problem (or critical situation) which is called as contigency: If the
On Occurs then agent needs to plan next action to handle this contigency:
* Solving contigency probiem

1 .
! i:’s:;mhgmcy Problem one needs to form a tree, here each branch of 3 tree 0%

2) Then :ded {ing upon the percepts received upto that point in the tre¢:
Y searching and expanding previous level agent can M/
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In some situations for contigency problems we get purely sequential solutions.

ote -

:earching algorithm for contigency problems are more complex than algorithms we
have studied 0 far. |

The agent design is also different for these problems, because agent can act before it
has found a guaranteed plan.
ontinue to solve problem, considering new information and minimizing
by checking the output of its action. This is termed as interleaving of
execution. [That is alternately search and execution is done].

Agenf C

contigency
searching and

« For example :
Trading agent

« Special case of contigency problem : A contigency problem is called as adversarial
problem if the uncertainty is caused by the actions of another agent. (More adverse
situation).

For example -

Agent in game of chess.

Extreme Case of Contigency Problem

Exploration problem : When state as well as the actions of the environment are
unknown the agent must act to discover them. The interleaving of searching and
execution would be useful to solve exploration problem.

For example -

The boat driving robotic agent.

XA Production System

A production system is a model of computation that provides pattern-directed search

control using a set of production rules, a working memory, and a recognize-act cycle.

* The productions are rules of the form C — A, where the LHS is known as the
condition and the RHS is known as the action. These rules are interpreted as
follows : given condition, C, take action A. The action part can be any step in the
problem solving process. The condition is the pattern that determines whether the
rule applies or not.

Working memory contains a description of the current state of the world in the
problem-solving process. The description is matched against the conditions of the
production rules. When a conditions matches, its action is performed. Actions are
designed to alter the contents of working memory.
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the control StTUCTE™ ihe f:ttems dc Ont.amed in y,
¢ the conditions of the production Tules, °"H..g

o The recognize-act cycle is .
as the conflict set, whose conditiong ", l'“dl

memory are matched agains

T "
produces a subset of rules knc‘:Jne (or more) of the .rules 'm fhe ccnﬂflit:td.l e
contents of working memO;'}'a-nd fired, which means its action is per, Set

selected (conflict f"}‘;i“ﬁ:: es match the contents of working memory,
. W mn
process terminates

g 1 as a fo
Background roduction rule mode : rmal
e Post (1943) me’osed aj?net “}: power to a Turing machine. theory of

s 2 uiv
computation. It 15 €] rem, General Problem Solver useq .
& dgell o SiIrwmodul o; S{usuman cognition. Production ruleg : ]dlk‘hon
mode.

system as 3 in a person's long-term memory. The Worg
ruj

s of attention. Chmmg

Joped for a wide variety of problems :

: tems have been deve ; . . Tanging

. f[T’rocnduac;:;;::;Y:‘,Grd problems, mathematical and logical proofs, Physics Probler,
m

d games. )
;:hng.qndeﬁo“ (1983) proposed a production system known as ACT* a5 5 St

of human cognition and learning.
e Newell Rosenbloom and Laird (1990J meOSEd a productmn system } i
SOAR ,{Svmbols, Operators AND Rules) as a model of human cognition i

learning.
The OPS (Official Production System) languages are based on the production

system model.
1980s: Production systems were the basis of rule-based expert systems.
o Model for Human Problem Solving (SOAR, ACT")

Issues in the Design of Search Problem [ GTU - Winter17J

Design is a signature of human intelligence. It was more difficult and big challens;
for AL Designs shaped early ideas on automated problem solving and reasoning
provided ever since, task for Al which are as follows :

i) Studying, explaining and modeling the faculties underlying intelligent behaviour

i) Engineering systems that are capable of exhibiting for a such behavior.

.

Issues in Engineering Design
the
= . . i i w
. o“tlﬂ:em h:l;mu Y Increasing integration on one hand and distribution wor:“mred
T are the trends that determine the present and even more i
\ ’//
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ineering design. This type of situation is by no means a paradox. When result
c?gvamm.engmmg differ, different activities should be put together. When
Oroduct is: complete and launched in the market, it should be efficient and quality.
(};ollaborative design transforms a chaining process into a I?a'rallel one with the
aim of avoding iteration and utilizing resources, more efficiently, (Gefdh-l9'96).
Concurrent engineering has an even broader f?cus‘ ‘Ikcknowledgemg th‘at,
engineering design must take into account the intrinsic requ.lremF:-nt and propertl
of the process that bring to life, create, maintain and re-cycle aruf_acts. If er_tnhréc
all main life<ycle activities such as marketing, design, mﬁamg, distribution,
sales, operation, maintenance, disposal and re-cycling. The expectations arn grea'ber,
fewer modifications, shorter time-to market, more efficient rwm ut:..hz.ahon,
better process and product quality (Sohlenius, 1992) though reliable (Alting and

Legarth 1995 ; Jansen and Krause, 1996).

FEEEN Design Synthesis

a) Automated search _
s The search problems in design have been addressed mainly by the application of

greedy numerical optimization algorithm, random re-start hill-climbing, stochastic
local and global search methods. The technique is best if a design problem can be
coined as a combinatorial optimization problem. They are account neither for the
cost nor for the bounded resources of best for computations.

Tangible result in economic rationally lies in the center of intelligent behavior
(Doyle etal, 1996 ; Russel, 1997)

b) Model based and functional reasoning, constraint satisfaction
* Knowledge about artifacts enables reasoning about them, even if they are only

partially defined. Can constrain the design process by evaluating partial design
solution can be very complex problem (McGuinness and wright, 1998).

The design process is not self automanted, rather alternatives are generated
deriving the implications of the user provided data.

The consistency of data could be preserved in the whole interactive design
process. Functional models, the traditional decomposition of function to

subfunction can even better direct the design process through they cannot work on
multiple levels of abstraction and without human interaction (Umeda and

Tomiyama, 1997).

¢) Case based approach to design

Lack of sufficient understanding of design synthesis and the resistance of expertise
to formalization attempts on one hand, where the surprising complexity of
automated problem solving process on the other hand led Al practitioners back to
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. ice isodic descripy; ¢
tranditional des:g:‘ Pﬁt:a' 1997}‘ ca:sd ::CE{; the so]uﬁo:}::_x of P":E
design (Maher _ted solution 5g,
to?;ﬁ; with their assoﬂ;'::apﬁn g such stored c?s;s ast:af are PW&\
o in line o mng, n
s kg ?;sﬁﬁe‘s‘eppmg O T M )\
to tahnew P;::e CaR solve any problem 4,
to the case-Dass

while designing 2 search program,
duct the search that is either forwarg - bth
¥

ssues in Design ©

Following are major issues faced

1. The direction in which to <01

reasoning Jicable rules for matching that would depend op, data "

 to select 2 i
2. How to select 2pP ode of the search process. That is how g

resent each M L
’ :;:s;hr:}:’m chould be done so as to reduce the accessing time ygpy h“':;:

the data.
Al Problem Characteristics

GTU

: Summer-12,1 8 Wi

Inter.

Problem Characteristics

To choose an appropriate method for a particular problem it is important to g
the problem characteristics which are as follows : !

1 Is the problem decomposable to smaller or easier problems ? Can the problen
broken down to smaller problems so that it can be solved independently ? 5y,
decomposed problem can be solved easily.

2. Can problem solution steps be ignored or undone ?

The problem can fall in one of the following three categories.

» Ignorable - In this type of problem solution steps can be ignored
f"am_Plf - Theorem proving. In theorem proving if later it is known that cer
step is not useful then still one can proceed further as nothing is lost due¥
repeated steps.

¢ ::::h‘_’e““e - In this type of problem solution steps can be undone &

tracked. For example - The 8Pygzle problem. In this problem ¥
oal state one may make some wrong moves
- Iome and recover by making correct move.
Overable - In gy, type of cted

example - Playing 3 Problem moves cannot be retra i

: +In the game of chess one can make wrong M

then this move i e; :
€ 1 neither to pe ignored nor it can be recovered.

TIONS™ - An up thrust for knowledge
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i ini th ntrol
The above knowledge about the problem helps in determining the co

i i tructure
.tructure. Ignorable problems can be solved using a simple -con:zlk&:racfdn
:ha! never backtracks. Recoverable problems can be solved using &

[rrecoverable problems can be solved by recoverable style methods via
planning.

he problem universe predictable ?

Further problem can be categorized as problem with certain o‘utcome a;:l g;ilzle:‘:
with uncertain outcome. In certain outcome problems pllamung can Sone
generate a sequence of operations that lead to a solution. For exarnP e h;n
g-Puzzle problem every time move is made, it is known exactly what will happen.
That is there is certain outcome !

In uncertain outcome problem planning can generate a best ! ;
operations that can probably lead to problem solution. For example in Bridge
game one cannot know exactly where all the cards are or what the other players
will do on their turns. That is there is uncertain outcome.

For certain-outcome problems, planning can used to generate a sequence of
operators that is guaranteed to lead to a solution where as for unceﬂah—ogt.come
problems, a sequence of generated operators can only have a good probability of
leading to a solution. Plan revision is made as the plan is carried out and the
necessary feedback is provided.

sequence of

4. Is a good solution absolute or relative ?

Another category of problem is that, when we get solution is it the best one or
may be some other path can give optimal (best among all) solution. For certain
problems multiple feasible solutions exist but out them one is the best and it is the
required solution.

Consider following example,

1. Marcus was a man

2. Marcus was a Pompeian

3. Marcus was born in 40 A.D.

4. All men are mortal.

5. All Pompeians died when the volcano erupted in 79 AD
6. No mortal lives longer than 150 years.
7.1t is now 2008 A.D.

Question : Is Marcus alive ?

8. Marcus is mortal (1, 4)

9, Marcus’age is 1964 years. (3, 7)

— e
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solution.
5. Is the solution a state or a path ?

Consider following example,
Finding a consistent inferpretation :
~“The bank president ate a dish of pasta salad with the fork”.
“bank” refers to a financial situation or to a side of a river ?
“dish” or “pasta salad” was eaten ?
Does “pasta salad” contain pasta, as “dog food” does not contain “do g 7
Whlchpanofmesmmdoﬁ"&l ” "
vegetables” is there ? with the fork” modify ? What if "
In the above problem ; i
nl N0 processing record is required only final answer
In the Water |

ug Problem the

Path that leads to the goal must be reported.

A pathsolution
problem
c@n be reformulated as a state-solution problem bf
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7. What is the role of knowledge ?
In certain domain, knowledge plays crucial role while solving the problem.
Consider following two problem,
i) Playing Chess
Here knowledge is important only to constrain the search for a solution.
Additional knowledge of strategies would help to get faster solution.

ii) Reading Newspaper
Here knowledge is required even to be able to recognize a solution.

8. Does the task require periodic human-interaction with computer ?

Here one need to distinguish between 2 types of problems :

i) Solitary problem, in which there is no intermediate communication and no
demand for an explanation of the reasoning process.

iij) Conversational problem, in which intermediate communication is to provide
either additional assistance to the computer or additional information to the

user.

Problem Classification
There is a variety of problem-solving methods, but there is no one single way of

solving all problems.
Not all new problems should be considered as totally new. Solutions of similar

problems can be exploited.

Example Problems and their Characteristics
1. Analysis of the water-Jug problem with respect to seven problem characteristics.

Consider the water Jug problem with the capacity of the two jugs of 3 and 4 litres
with no marking in them. Given a water supply with a large storage using these two

jugs, how one can separate 2 litres of water.
Analysis of water jug problem with respect to the seven problem characteristics are

as follows -

i) Is the problem decomposable ?
In water jug problem, the goal is to get exactly 2 gallons of water in the 4-gallon

jug. The idea of this solution is to reduce the problem into two sub;:roblem, which
is not possible. Even if one devide it into subproblem, they are not independent.

B S
® _ an up thrust for knowledge
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- undone ? > id move and realizes it coy

m makes i it had never made the Sl:upld of
game OVer from that poiny, Mony

ii) Can solution be ignored ©
a

In our problem suppo* prc;gf ay 8
moves later. It cannot TPV 7 g start the

. 1. bac
All it can do is t0 simply b2

ses ! unj\'erse P
iii) Is the problems  one make 2 m

every
iy P;ohbleﬂﬂt it is ible to plan a; e:i
. . .
E:: ::-: know what the resulting sta
predictable.

jv) Is a good solution absolu

& i IObiemr thf
T water J0 B hich path one fo

does not matter W
follow one path successfully 0 the
some other path might also lead to @ §
v) Is the solution a state or @ path ? | o |
Here the solution is state in which 4-gallon jug 18 filled with exactly 2.8%“
water, but the way 0f path does matter.
vi) What is the role of knowledge 7
the knowledge required is, just the set of rules gy
d some simple control mechanism that impl .

ove one know exactly what wij ha

tire sequence of move and be ¢,

1| be. Hence problem is not . e
llmy%

te or relative ?
ctly 2-gallon of water in 4-gallop ;

oal is to get exa ju
g Jlows or how oné got the goal state. I mfi

there is no reason to go back anq o

In water jug problem,

determining legal move an
appropriate search procedure.

vii) Does the task require interaction with a person.
require any interaction with a person. It just requirs

The problem does not
oal state at the initial stage. Now between execution

problem, set of rules and a g
no knowledge and no interaction with person is required.

(a) State :

{i,j)i= 101234
j=0123}
i - Number of liters of water in 4-litre jug.
j - Number of litres of water in 3-litre jug.

b) Initial state :
{G,j) = (0,0))
¢) Goal state :

{ (i, j)= (2 n) }, n value can be in between 0 to 3.

//,/
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) Condition :

1) We can fill jug with
5) We can pour water
3) Wecan pou
4) There

Problems and State Space Search

pump and large storage is there of water.
out of a jug to the ground.
r water from one jug to another.

is no measuring device available.

¢) State space representation

Fig. 2.8.1 State space representation

Note :

Each state enclosed within a circle shows the resultant state after application of
appropriate rule on that state.

Initial state is represented as start state.

Final state is enclosed within double circle.
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2. Travelling salesman problem (TSP). o
y‘BiS of TSP with to seven problem characteristics are as follows -

decomposable ?

“Th: ::bpxl:nnm decomposable. In this problem, the goal is to find shortes;
that visit each city exactly once, and hence whole
simultaneously.

ii) Can solution steps be ignored or undone ?

) choose the path which jg

suppose program makes a stupid move means . -
d\ol:lhe:fSP ath and feali‘:es it a couple of move later. It cannot simply go f
through l'!: had never made wrong move. All it can do is to start the g@e again ang y
to make the best of the current situation and go on from there. So solution steps canng
be ignored or undone.

iii) Is the universe predictable ?

as

[nmveuimsajmpmblan,eve:yﬁmeonechmadty it is know exactly whicp,
will be the next choice, because here all the distance behvemeachciﬁesmhmwn_so

here it is possible to plan an entire sequence of move. One :fa.n use planning to avoig
having to undo actual move. So there is nothing universe predictable.

iv) Is a good solution absolute or relative ?

Inﬂmpmblem,goalistoﬁndﬂreshortestroute&atvisiteachdtyexactlym,
Now the next city he has to visit cannot be sure unless we also try all other path to

make sure that none of them is shorter. Hence, the good solution is relative but not
absolute.

v) Is the solution a state or a path ?

The goal of the problem is to find the shortest path that visit each city exactly once.

Forﬂiislypeofprob!mmemaﬂymustreportisnottheﬁnalstam but the path one
found to that state. Thus, a statement of a solution to this
of operations that produces the final state.

vi) What is the role of knowledge ?

problem must be a sequence

Thereqmredkzmwledgeisjustﬂ\ehtowledge
bemremﬂ'hesecitiesandsome

search process.

of the cities to be visited, the distance
simple control mechanism that implement an appropriate

vii) Does task require interaction with a person.
In travelling salesman problem, there is no need to interact with person.

o
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= T2 Problems and State Space seeren
: 8 puzzie prob_ls"" —
p problem characteristic Satisfied s = =
the Problem decomposable 7 No — “ 5 “‘mum
: solution St€Ps B¢ e e Yo We can undo the previous move %
can ™ oy
undon® ' : 2 |
! : the P.-oblem universe predictable ? Yes ;xam?iem Chitrerse i e !e |:
Is mmmhhm‘ﬂﬂmquhg{
only One person .we can predict what |
| will be position of blocks in next
move, :
good solution SIS CEIIRT  dbsctute Abeolute solution : Once o one |
sa Boluﬁmyoudomdwmabmt
other possible solution.
Rel.aﬁve solution : m*mg&tm
solution you have to find another
possible solution to check which
solution is best (i.e low cost).
By considering this 8 puzzle is
absolute .
Is the solution 2 state or a path ? Path

Is the solution a state or a path to a
l state 7

- For natural language understanding,
some of the words have different
interpretations. Therefore sentence may |
cause ambiguity. To solve the problem |
we need to find interpretation only, the |
workings are not necessary (e path to |
solution is not necessary). :
So In 8 puzzle winning state (goal
state) describe path to state.

Lot of knowledge helps to constrain the |
search for & solution. |

Conversational: In which there is ]
intermediate communication between a |
person and the computer, either to
provide additional assistance to the

' computer or to provide additional
‘ information to the user, or both.

In 8 puzzle addi&mﬂ_m is not |

| What is the role of knowledge ?

' Does the task require human-interaction No
[ 2

* State space representation for 8 puzzle problem . o
ini d em| slot,
In 8 puzzle problem, we have a square frame containing 8wtlles a:nm::le maptgla "
e total 9 sub squares. The tiles are numbered from 1to 8 Wec
Square frame by moving a tile into empty slot.

T

for knowledge
pUBLICATIONS® - An up thrust

TECHNICAL

—S—



d
5 PSR SO O iy  nteligence 2-41 Problems and State Space Search
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Aol ineligencs T
hmatic problem
. . crypta rit
The goal state is one having the n. To be 41 2 i istic Satisfied
tiles in numerical order with the n e : ; 6 problem characteristic Satisfie Reason
last square an empty slot as ﬂﬂ g ‘ & the problem No One problem have Single solution
| ?
shown in Fig. 2.8.2. Initial state nelstate decompOsatiE -
. ion steps be No In actual probl j ® rious steps.
Wil and el stateds ;re - wiiisioncs & B CI;:O f:ju;o:n:izze? Ctual problem we can’t undo previous steps
. . 2 an e i
shown in Fig. 28 2 / the pmhlem universe Yes Problem Universe is predictable as we can figure out all
operators for this problem are - o I P :,s,.edjctahk? possible moves.
: a ] :
UP - If the hole is not touching the fop el [s a good solution Absolute  Absolute solution : once you get one solution you do need
the hole is not touching the bottom e ‘ absolute or relative? to bother about other possible solution.
DOWN - If . the left frame, move it left. Relative solution : once you get one solution you have to
LEFT - If the hole is not touching ¢ il | lt:lnd another possible solution to check which solution is
ing the right frame, move it right. est (i.e low cost).
. If the hole is not touching ;
RIGHT - If the _ ' ible set of states for a given probje Is the solution a state or Path In this problem goal state describe path to state
In state space representation we have o ot m path?
a
Or states space is a directed graph with all the states as rodes. What is the role of Lot of knowledge helps to constrain the search for a
? G ; in it from the initial state by applicas: knowledge? solution.
A node is said to exist if it is possible to obtain i ¥ application I
il op;mwm Does the task reql;ne No In cryptarithmetic additional assistance is not required
GO ' : human-interaction? T SR _—
We can reach to another state by applying an operator on first state. oians
If the entire space representation is given of a problem, then one can easily trace e | 5. Chioss. e e o
path from initial state to the goal state and identify the set of operators and thejr Problem characteristic Satisfied Reason
ine to dtida: i et St 7T ; e
sequence necessary for reaching goal Is the problem No - One game have single solution
Initial state - decomposable ? 3
' Can solution steps be No In actual game (not in PC) we can’t undo previous steps.
 ignored or undone ? _
 Is the problem universe No Problem Universe is not predictable as we are not sure
predictable ? - .. about move of other player (second player). :
- Is a good solution absolute  Absolute solution : once you get one solution you do need
| absolute or relative ? to bother about other possible solution. f
L : Relative solution : once you get one solution you have to
find another possible solution to check which solution is
best (i.e low cost).
e - By considering this chess is absolute.
Is the solution a state or Path Is the solution a state or a path to a state ?
[ path ? - For natural language understanding, some of the words

_ have different interpretations. Therefore sentence may cause
i ambiguity. To solve the problem we need to find
" interpretation only, the workings are not necessary (i.e path
to solution is not necessary).
ing state (goal state) describe path fo state.

sl : S0 in chess winni
AR Lot of knowledge helps to constrain the search for a
uoR | ., SOMUbiOE
Fig. 28.3 State space of 8-puzzle _—
e TECHNICAL PUBLICATIONS® - An up thrust for knowledge

An up thrust for knowledge

; P -



Problems and State Spgeg
il P08 Say,
— ,WI

0. 42 e
.: -"' ——— . “\.\
Afmc:ﬂ”nfaﬂﬁg'gnw P =
T— : Cm‘-efﬂﬂmujl . iate communication betw :
| Does the task require ~ NC which there 5 1" . either to provide addiﬁn.‘:n a
| human-interaction ? ;:,@ and H’:ﬁ o W"m‘"u} or to provide additionaj
‘,sisﬂl"' ww the user, of both. ; .
i“w&uﬁd assistance is not required. \J
6. Tower of Hanoi problem - ' -
BT i Satistied Reason 5 j
5 o ? No One game have single SOluﬂog.‘M }
: » Yes {

te Absolute solution : once you
absolu solution you doneedtoboﬂ.,gﬂwz:, |
other possible solution. |
Rehﬁwsoluﬁm:m:weyoum-"" {
soiuﬁanyouhavetoﬂndammr I
possible solution to check which |
solution is best (i.e low cost), i
By considering this Tower of Hanojjs |
- S |

Is the problem universe predictable 7
Jsagmdsohxﬁmmlﬂ"“”"ﬁ"”

Is the solution a state or a path to g |
state 7 '
- For natural language understanding, ;
some of the words have different = |
interpretations . Therefore sentence may
cause ambiguity. To solve the problem " |
we need to find interpretation only , |
the workings are not necessary (Le path |
to solution is not necessary).
So In tower of Hanoi wi o
state(goal state) describe path to state. |

Lot of knowledge helps to constrain the !
search for a solution. o

{

I the solution a state aor a path ? Path

| What is the role of knowledge ?

E mm No Conversational In which there is
| ' intermediate communication between 8 |
f person and the computer, either to |
assistance to the computer or to provide,
additional information to the user, OF |

both. provide additional In tower of |
Hanoi additional assistance is not |
required. el

= o B

_———-—'-'--—'.--’.
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state space representation

N
lal-dbl-L L[]S

Fig. 2.8.4 Towers of Hanol state space representation

The legal moves in this state space involve moving one ring from one pole to
another, moving one ring at a time and ensuring that a larger ring is not placed on a

smaller ring.
7. The missionaries and cannibals probiem
» Three missionaries and three cannibals find themselves on one side of a river.
They have agreed that would all like to get to the other side. But missionaries are

not sure what else the cannibals have agreed to, so missionaries want to manage
the trip across the river in such a way that number of missionaries on either side

of the river is never less than the number of cannibals who are on the same side.
The only one boat available hold only two people at a time. How can everyone
get across the river without missionaries risking being eaten ?

* Analysis of problem with respect to problem characteristics - [t encompasses a
variety of specific technique, each of which is particularly effective for a small
class of problem. In order to choose most appropriate method, it is necessary to

analyze along seven key dimension -
Is the problem decomposable into a set of independent smaller or easier

1)
subproblem ?
The missionaries and cannibals problem is not decomposable because here every

movement of either missionaries or cannibals effect next movement missionaries 91-
cannibals. If one try to decompose it, he will unable to get any subproblem which is

independent of others.
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5) Can solution steps at least undone if they prove ?N

o . '

) Can Jution steps in the probler are ignored or undone when they Herg
many SO n they p roved unwise- In missionaries and cannibajg e

poss:‘ble move like, two n"js-"ionarie l'(ﬂ:]%
5 "

unwise. undone whe
‘f‘ initial statre side, two cannibals move simultaneously to ¢ gy,
simultaneously to other side , ther gjg, ¢
onary can move to other side. In first case, ife' or
0

one cannibal and one missi _ :
missionaries move then the number of c.a.nmbals is more than the St
missionaries so this solution step can be ignored or undone. Other ty, ' of
moves can be used but second possible move (two cannibals m ove) w'ijjlbh
ignored further. be

3) Is the problem universe predictable ?
d cannibals problem, every time one make a move
] &
ne kng,

In missionaries an
exactly what will happen. This means that it is possible to plan an entire sequ
move and be confident that we know what the resulting state will be. So, by expjain:
all the above, it means to say that, here nothing is universe predictable, meansxrzsmt -
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be ignored of

every possible move is exactly known.
4) Is a good solution to the problem obvious without comparison to all
other P(mib[e

solution ?
In the problem there is one and only one good solution to th
need to compare it with other. If there exists more than one paﬂleol;’rt(;:em-l P
sciuid
one Canrltot be sure unless we also try all other path to make sure that iy
more efficient. none of them is
SIJn Is the desired solution a state of the world or a path to a state ?
missionaries and cannibals problem it i .
Ry _problem it is not sufficient to
is not the ﬁ?:}b :Eeﬁ 2‘: the final state is reached. Here what wl;q:-:'ar;l ﬂ':::ls':nerepohasﬂ
to this problem must b path that leads to the state. Thus, a statem, i f i
o 1 € a sequence of operations, that pr Oduce; i Er:: of a solution
i it o state.
: owledge absolutel i
knowledge important only to constraint the'zezgl:ll;ed % W0y the problen; ocil

Here there s no
; ; need of |
lttle - just the ryje o 4. BC 2mOUNt of knowled ;
. e for determine the legal moves arﬁf -s?;fer:?;;ed h“;w:Edge is very
e control mechanism

In the
Problem, there
fiﬁt, given the ®T€ 15 no need of .
Prob Taction between the comput 4 son
: : uter and person-

iermedictesip, " f e and 3 fng
State it returns the solution with each
TECHN)
CAL PUBucAnoNs@ Sy
0 thrust for knowfeg,
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i
resentation of missionaries and cannibals problem - In state space

State space rep
every missionary is denoted by M and cannibals is denoted by C
To be

;epresentalion,
Numbers of M's and Cs show the
i . ; MMMCCG - transformed
number of missionaries and cannibals. [ #- MMMCCC
Circle represents the state and arrow Initial state Final state
represents the forward and backward Fig. 2.8.5 Initial and final state of the
problem

move.
Initial state

S5

@ ") S mnice) Fraisas

Fig. 2.8.6 State space representation
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’ in“,,_lz_ltl.IS.lB,lo_
~ g l-lz_!ﬁ -
A7

L]
| problem see the 1y
m Addior? Jem i 28 ]“’e o:'la:s therefo:: :IE vaﬁetl’ of
roble or to complex = Ur prop,

' We'havee:;e’: ;gmg from ?mewrlﬂch can give solution for any tyt:‘ Sq]‘;?:
environm hould be md@c» o) for mankind. of
"’Ppmad‘ i hich intum use ; catagori u
mvirofment’w P problems in two gories. Toy problemu

an distingt

, Basically We © y
real-world problems

lem ; .
29.1 RO Pmb. T h illustrates various problem-solving .
A Toy problem '

roblem
characteristics ©f ::'] p act and precised description can be given.
em
1) For the Toy P

.de basis for solving some real-life problems.
2) These problem provice ; _
researchers to compare performance of algorithmg.
3) They can be i 1d, ball picker robot
For example : §-queen puzzle, vaccumm word, TSP '
Real World Problem
+ A real-world problem is a problem which needs to be solved so that it solut
can be utilized in practical life. They will not have some predefined. y dl
described, single specification. Infact while considering these problem generg
formulation needs to be done.
+ People do care about the solutions of real-world problem as they are benefitq

from it.
For example : Route finding for a trip, Travelling salesman problem, Robot
navigation, Car reversing guide.

Problem Formulation for Toy Problems

Now let us see some toy problem examples.

Each example gives all 4 aspects of problem formulation namely

) Inital state 2) Successor function 3) Goal state 4) Path cost.

Also we lst all the possibe states of problem solution, through which agent can P

Oor move,

///
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gxample 1 : Ball Picker Robot Problem Formulation

problem statement : 2 buckets are full of balls. Either a ball is white colour or red

colour. Objective is to pick all black colour balls from bucket.

1) Initial state : Any state can be designated as initial state.

2) Successor function : This function generates legal states that result from trying the
three actions (Left, Right, Pick Black colour ball).

3) Goal test : This checks if all Black coloured balls from both the buckets are picked

up-
4) Path cost : Each step cost is 1, so path cost is the number of steps in the path.
5) States : The agent is at one of the 2 location (at bucket A or at bucket B), from each
of which black colour balls may have been picked up completely or may not be.

Thus there are 2 (locations) x 22 (Two possibilities) _ g hoegible world states.

¢ Comparison with real world -

If we compare with real world situation we can see that above toy problem has all
well specified description. Agent has discrete location (in real world many locations can
be there, also as time passes over, more locations can come up). Agent has discrete pick
up item i.e. Black colour ball (In real world this items can have more dimensions). Also
once all Black colour balls are picked up from bucket then again new black colour balls
are not expected. (Where as in real world we may expect bucket to have new Black

colour balls).

« The state space representation for ball picker robot
(See Fig. 2.9.1 on next page)

Example 2 : 8-Queen Problem

Problem Statement : Given a chess board of 8x8 size, objective is to place 8 queens on
a chess board such that no two queens are attacking. (A queen attacks any queen in the
same row, column or diagonal).

1) Initial state : No queens on the board.

2) Successor function : Add a queen to any empty square, such that it do not attack
other queen.

3) Goal test : 8-queens on the board such that no queens attack each other.
4) Path cost : Each step costs 1, so the path cost is the number of steps in the path.

5) States : Any arrangements of 1 to 8 queens on the board is a state.
TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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[++]
Fig. 2.9.1 The = |
. 2.8, state space representation for ball picker robot !
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LI
-'-1111'5 (ormulation has, 64x63x...57 = 3x10" possible sequences to investigate. But the
gition of non-attacking reduces the states to 2057 from 3x 101,
con
p ,ampl' 3 : 8-Puzzle

plem Statement : Consists of 3x3 board with eight numbered tiles and a blank
P tile adjacent to the blank space can slide into the space. The object is to reach a

A
SP“C.Eﬁ ed goa[ state, such as the one shown on the right of the figure.

8]
’ 2 1 H 3 1 2 3
. ol
8 6 “ 4 8 - 4
b -_I_s ?uﬁ sl
(a) Initial state (b) Goal state
Fig. 2.9.2 8 Puzzle problem
1) States : A state description specifies the location of each of the eight tiles and the
plank in one of the nine squares.
2) Initial state : Any state can be designated as the initial state. Note that any given
goal can be reached from exactly half of the possible initial states.

3) Successor function : This function generates the legal states that result from trying
the four actions. (blank moves, left, right, up or down).

Example 4 - Cryptarithmetic

Problem Statement : Find an assignment of digits (0, -
arithmetic expression is true.
For example - Applying digit to a letter.

., 9) to letters so that a given

F O R T Y = 2 9 7 8 6
+ T E N = + 8 5 0
+ T E N = + $ & 0
s 1 X T Y = g 3 & & O

1) States : Puzzle with letters and digits.

2) Initlal state : Only letters present.

-
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- Replace all occurrences of a letter by 5 digiy

——

3) Successor function (operators) :
used yet.

tion is correct.
4) Goal test : Orly digits in the puzzle Calcula

Solution for above example -

F=2  0=9
R=7, T=8 F
Y=6  E=5 :
N=0, I=1;
X =4, 5=3

5) Goal test : This checks whether the state matches the goal configuration, ;
6) Path cost : Each step costs 1, 5o the path cost is the number of steps in the path,
Example 5 - Missionaries and Cannibais

¢ Problem Statement : There are 3 missionaries, 3 cannibals, and 1 boat thmcancan-y i
upto two people on one side of a river.
Goal : Move all missionaries and cannibals across the river. 1
Constraint : Missionaries can never be out numbered by cannibals or either side of
the river, or else the missionaries are killed.
1) States
* Number of missionaries, cannibals, and boats on the banks of a river. '

¢ Ilegal states : Missionaries are outnumbered by cannibals on either bank.
2) Initial states

. Aﬂnﬁssiona:ies,canniba]sandboalsmononebmk.
3) Successor function (operators)

. Transportasetofuptohvoparﬂdpantstotheotherbank

{1 m%ssiona.ry} or {1 cannibal } or {2 missionaries Jor {2 cannibals } or
{1 mussionary and 1 canniba] }

4) Goal test |

* Nob o
Od}' left on the initia] river bank_ |
5) Path cost

. Nllmber Of crmsmgs'

WOlVes and sl.‘mpu’ etc. |

- An up thrust far knemot oo
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6 - Water Jug Problem

wmpl.

m gtatement : Given 3 jugs (9, 5 and 3 liters),

a water pump and a sink, how do
Pf"b;t exactly 7 liters into the 9 litre jug, P o
)rDu

1) State * Y,ﬁZ} fm; ;it;rsain jugs 1, 2 and 3. Integers 0 to 9 are assigned to all
jble permutations ot 2, 4, 3
poss!
Operations -
Empty jug, fill jug
Ex = fill (0, 5, 0)

2) ‘“m.l 'h“ H (0; 0»‘ 0)
4) solution sequence : (5,0,0 (0, 5,0 (0, 0, 0 etc)

m Real-World Problem Examples
gxample 1 - General Route Finding Problem

Problem Statement : Route-finding problem 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, military operations planning, and

air line travel planning systems.
1) States : Locations
2) Initial state : Starting point

3) Successor function (operators) : Move from one location to another.

4) Goal test : Arrive at a certain location.

5) Path cost : May be quite complex, which can involve factors like,
Money, time, travel, comfort, scenery, ... etc.

* Simplified Example of Route Finding Problem [Alriine Travelling Problem]

Problem Statem

. ent : Starting from initial location one has to reach at the specified
destination by

some prespecified time.
") States : Each state is represented by a location (e.g. an airport) and the current time.
state : This is specified by the problem.

\_—‘_—‘\_

2) Initig)
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Avtifcil nfelhge _ the states resulting from takinganyw

3) Successor unction : ThJS by seat class and Jocation), lea\ri?\g later thap t}!:hed“lm
f (Perhaps furthﬂ'i ) ’ it time, from the current airport to an tuh'em
e time within-8PO" e Other,

time plus the o
P I the destination by some prespecified time ?
4) Goal tost : o .
| cost ; This depends o monetary cOShf ?mgry;l:e’ fﬂlght time, ¢
5) Path : ity, time of day, of airplane,
ilm'ligmﬁm procedures, se2! Py tpine f’“iuent.ﬂt::
mileage awards, and so on
Example 2 Travelling Sales person Problem
Problem . It is a touring problem in which each city must be Vidlied
once Theajmiswﬁndtheshoﬁesttou.r. The problem is known to be NP-harq_ Exactly ?
1) States
« Locations/cities.
o [llegal states.

2) Each city may be visited only once. 1
b) Visited cities must be kept as state information.

2) Initial state -,
¢ Starting point.
* No cities visited.
3) Successor function (operators)
¢ Move from one location to another one. |
4) Goal test
* All locations visited.
¢ Agent at the initial location.
5) Path cost
* Distance between locations.

In addition to planning tri
f .
used for tasks such as § trips or traveling sales persons, these algorithms have been

lannin
stocking machines on sho;; ﬂmri movements of automatic circuit-board drills, and for

Example 3 - vLs| Layout Problem

Problem State, ;
i ment : A VLSI la}'out problem - o . of
ponents and connections on ; T Tequires positioning millions

atficlel Intefigencs —
,—-"—'_H"__‘_
1) States

. Positions of components, wires on a chip.

Problems and Stats Space Search

, Incremental : No component placed.

. Complete-state : All components place (e.g. randomly, manually)
3) guccessor function (operators)

, Incremental : Place components, route wire.

. Complete-state : Move component, move wire.
4) Goal test

. All components placed.

o Components connected as specified.
5) Path cost

o May be complex.

One can consider distance, capacity, number of connections per component, for path
cost computation.

» Detall discription of VLSI layout probiem

When logical design is made, the layout problem come and the problem is divided
into two parts 1) Cell layout 2) Channel routing as below -
1) Cell layout

a) The basic components of circuit are grouped into cells, each cells perform some
recognition. The cells of standard size are connected to each of the other cell.

b) The overlapping between the cell component is avoided. Some sort of room is
provided for connecting wires.

2) Channel routing
a) The cell components are fixed on a chip.
b) The channel routing taskistf)searchapemmlarmuteforeadlwire.m
functional task is achieved through the gaps between the cells.
¢) The complex algorithm are designed to perform the channel routing. 'I‘he degree of
complexity is so high, but it is always possible to solve problem with specific
algorithm,
Example 4 - Robot Navigation

Problem Statement : Robot navigation is a generaliza
Rather than a discrete set of routers, a robot can mov

tion of the route-finding problem.
e in a continuous space with (in

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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Stfclal inetligence

Principle) an infinite

t surface the space is 55"
Or wheels then it must also P¢

1] States
® Locations.

Problems and State Space
e —— __S%;

d states. For a circular robot movi,

2-54

:ans an
set of pc'!l‘sibl'e azthOI,L ensional. When the robot has arms ang : a
tially the search space becomes mmydjmmiweg;

controll ed,

e Position of actuators.

2) Inltial state
e Start pos

3) ;
» Movement, act

4) Goal test
o Task-dependent.

5) Path cost

tion (dependent on the task).

Successor function (operators)
ons of actuators.

o Maybemycomplex.
. D;swmmergycmsumpnm
Eunpbs-mmblvs.qumdnﬂ

Problem Statement : In

assemble the parts of some
toaddsompaﬂlaterm&leaequmaewi
Cheddngastzpinmesequmforfaasibﬂity,

asserrhblypr\ablel:r!S,theajmistofindanorderi;“\,hicllto
object.[f&wwrongorderischoosm,ﬂ\erewmbem“y
thout undoing some of the work already done,
is a difficult geometrical search problem,

closely related to robot navigation.

1) States

e Location of components.

2) Inltial state

¢ No components assembled.
3) Successor function (operators)

¢ Place component.
4) Goal test

* System fully assembled.

5) Path cost
Number of moves

wm and Stata Space
_____________________—3

ample of assembly sequenci
nother €X P Y sequencing is ) '
A 5 sequence of amino acids that with fold 'f“’t'iﬂ design, in which the goal is to

to
ght properties to cure some disease into a three-dimensional protein with

s

find
the i
ple 6 - Monkey - Banana Problem
: A monkey is i

problem Statement 1 o ¥ e G
as. The bananas are hanging from the ceiling out of reit; zfot}:ld:n]b"“d‘ of
umceofacﬁOHSwillal]owthem] gt e ?ﬂ:; -Wt
11u;,l,oe;edtosoto the box, puch itunderﬂxebanams,Cﬁlﬂ:miOP;)fitmd ytl:
pananas) grasp

1)States-mestatescanbe,mmkzymm&nﬂm' —_ |
under the bananas, the position of box, monkey has monkey on the box, monkey is

2) Initial states - Monkey on the floor without | ]

3) Successor function (operators) -

[ ] walk from (Nlonkey, BOX}

« Push (Box)

o Climb (Monkey)

¢ Grasp (Monkey, Bananas)

4) Goal test

o Grasp (Monkey, Bananas, Yes)

5) Path cost
o The number of moves taken by monkey to get bananas.

1. How will you measure the problem solving performance ? (Refer section 2.2)

2. What is application of BFS ? (Refer section 2.3)

3 Stateonwhichhsismhulgvriﬂ:mmdwm?thfumﬁmln

4. Em!unteperfommmofpmbkmmgwﬂmihﬁaimmswm (Refer section 2.3)
5

6

. How a problemt is formally defned ? List down the components f . (Refer section 2.
. Formulate the 8-puzzle problem mmwmmmmmmgmw
and complete state formulation. (Refer section 2.8)
7. What do you mubysmuspwsmtﬁ?meierucﬁonu}
8. Discuss any 2 uniformed search methods with examples (Refer section 23)
9. Write algorithm for BFS and DFS. (Refer section 23) _
10, Writ algorithm for BFS, when doesone prefer it 7 Also discuss &7 agpnaiee:

adoudilsn //”’I/////
® thrust for knowledge
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Generate-And-Test, Hill Climbing, Best-First Search, Problem Reduction
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I ial Inte )
_ s . Artifict ———Heuristic Search Techniques
3.1 hing TechnidY | ' i
- THESRI CTU : Summer1Z ! ||‘l‘lplO'""""t'm'wl t BFS can be implemented using priority queue where frin
t 1 fnn w']“ = € i
. stored- Th‘_? “Od:: mn p {go)e ey be Stomfi In priority queue with increasing vaSIZew}nfbe
1 T, ascending order of f(r). The high priority will be given to node which has o szi

nformed Search
| vk 'best firs'
says ! t first" then,
As name 53) we would always expect to have optimal solution. But

Introduction to J
/ the concept of uninformed or ;;
oie ch ter 2 we have seen T blin,
o In the previous chap Il see more efficient search strategy, the infolmedd . eral BFS indicates that choose the node that Sppeany ks
2 arch strat that in i i - ars best accordi
strategy is the se egy uses prob, evaluation function. Hence the optimality based on 'best-ness' of evaluation ing t:nthe

] rmed search
ssilegy B0 3 the definition of the problem itself. lem%ﬁc |
?- orithm for best first search

knowledge beyr arch is best firs
followed in informed se is best first search
e The general, method ) : - Best | dered lists OPEN
<earch is similar to gréph search or tree search algorithm wherein node exp &rm } 1. Use tw'.: orde od ‘1s : a:md CLOSED.
is done based on certain criteria. "o 5. Start with the initial node ‘n;’ and put it on the ordered list OPEN
— , 3, Create 2 list CLOSED. This is initially an empty list
.Tes $
m i 4 1f OPEN is empty then exit with failure.
Tt ] arch algorithm which uses depth first . ]
¢ Generate-and-Test Is a se gori ep search techmque. i 5. Select first node on OPEN. Remove it from OPEN and put it on CLOSED. Call thi
angd the, node n. ’ this

assures to find solution in systematic way. It generates complete solution
the testing is done. A heuristic is needed so that the search is improved.
| 6. If n' is the goal node exit. The solution is obtained by tracing a path backward

Following is the algorithm for Generate-and-Test : : :

1) Generate a possible solution which can along the arcs in the tree from 'n’ to 'n;"
either be a point in the problem space or
a path from the initial state.

2) Test to see if this possible solution is a
real (actual) solution by comparing the

Expand node 'n'. This will generate suc 5 Tk i
Cessors. t of
be S. Create arcs from 'n' to each member of S. € set of successors generated,

8, Reorder the list OPEN, according to the heuristic and go back to step 4.
Consider the following 8-puzzle problem -
Here the heuristic used could be "number of tiles not in correct position” (i.e. number

Possible solution
Correct solution

state reached with the set of goal states. Incorrect solution
3) If it is real solution then return the Fi ' of tiles misplaced). In this solution the conventi i
g. 3.1.1 Generate-And- N e vention used is, that small
solution otherwise repeat from state 1. Tost heuristic function 'f' leads earlier to the goal state. el d b
Step 1

Following diagram illustrates the algorithm steps :
* Generate-and-Test is acceptable for simple problems whereas it is inefficient for

problems with large spaces.
Best First Search Technique (BFS)

1) Search will start at root node.
2) The node to be expanded next is selected on the basis of an evaluation function,

This is the initial state where four tiles (1, 2, 6, 8) i
+ 2, 6, 8) are misplaced heuristi
function at this node is 4. o ot N

f(n).
3 5
) ;T‘djc:::*?ﬂj"mg Icrwest value for f(n) is selected first. This lowest value of f(®) Step 2

current node lt gwoa:ls nearest from this node (that is f(n) indicates distance from | p,

© goal node). This will be the next step of the tree.
|
_—-—_.---.’-F =
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Heuristic Search Tgchﬂ.
— " "qug,

’n __-___“ ____-_d__d____'_'_s B
Athcis itonigonce :
i 2 8 3
o L 1
s o . 3 5 = *
Heuris ey ? fin) =5
g ively
=3 v .
isti ﬁntcﬁ::}sj\‘es the values as 3, 5 and 5 respecti
c
Step 3

1 W i T & a_n_d
ith the lowest f{n) talue 3is ﬁle one to be furthe xp
Next, the ],'lOdE W ed “’hi I

generates 3 nodes.

3 2o ¢ 58 |2 s 3
3 " S ARe 2 S G
1 8 4 : 4 it 4
> ¢ e e ¢ aBd e o ok
fm=3 fin) = 4 fm =3

‘ .
Here there is tie for f(n) value. We continue to expand node.

= 2 3% L e
2 s el e s o
“mn B =
T fm=2 fn) = 4
Step 5 -
3 2 8
_'_‘_-8 —4 :
7 6 5
et
Step 6
e 3 T 2 =k
_8 - Y 4 ; 7- 8 4
7 s s + s s
éﬂm _ o fn) = 2

In this algorithm a depth factor g is also added to h.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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Note . .
i Heuristic function is key component of best firs

t search. It is denoted
h(n) = The shortest and cheapest path from oted by h(n) and

initial node to goal node.
2) One can give additional knowledge about the problem to the heuristc function,

For example - In our problem of Pune-Chennaj

3 route we can gin information
about distances between cities to the heuristic fun

ction.

3) A heuristic function guide the search in an efficient way.

4) A heuristic function h(n) consider a node as
that node.

5) h(n) =0, if n is goal state.

input but it rely only on the state at

m Greedy Best First Search (GBFS)

« Greedy best first search expand the node that is closest to
get solution quickly :

* It evaluates node by using the heuristic function f(n) = h(n).

It is termed as greedy (asking for more) because at each step it tries to get as close
to the goal as it can.

the goal, expecting to

GBFS resembles DFS in the way that it prefers to follow a single path all the way
to the goal. It back tracks when it comes to dead end that is, to a node from
which goal state cannot be reached.
Choosing minimum h(n) can lead to bad start as it may not vield always a
solution. Also as this exploration is not leading to solution, therefore unwanted
nodes are getting expanded.

* In GBFS, if repeated states are not detected then the solution will never found.
Performance measurement

1) Completeness : 1t is incomplete as it can start down an infinite path and never
fetum to try other possibilities which can give solution.

e e
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Aol iplguocs, .= ially select low value in) noge

ﬁma-l as it can mlczuﬂent ﬁ']_nge can Iead to beftel- tithh?
2) Optimal : It is not OP o in O Jooking for current best they hl"‘ion
happen that some greatel this, luc,‘e°l1

Greedy mwﬁ» in ﬁna]l\r"the best 501

future best and inturm ) | -
"":S ) s Wk e e SRS SRy
- - 'p.:a:amum depth of the search space: . ]
where 'm' is the - o by ovicing gwd it X
The complexity ¢an
A* Search
The A* algorithm | N
1) A'ismos!populﬂfonnofbestﬁﬁtmtfsmmdy
2) A* evaluates node based on tWo0 fun ,
the node M.

reach
l}g(n}-ﬂtecostto
Z}h(n]-l'l-uemsttoreach the goal node from node 'n

function’s costs are combined into one; to evaluate a node. New functy,
These two

f(n) is deviced as,

fin) = gn) + h(n) that is,

fn) = Estimated cost of the cheapest solution through 'n'.
Working of A

1) The algorithm maintains two sets.
2) OPEN list : The OPEN list keeps track of those nodes that need o b
examined.
b) CLOSED list : The CLOSED list keeps track of nodes that have already bee
examined.
2) Initially, the OPEN list contains just the initial node, and the CLOSED list i
empty. Each node n maintains the following : g(n), h(n), f(n) as described above.

3) Each node also maintains a pointer to its parent, so that later the best soluﬁmff
found, can be retrieved. A* has a main loop that repeatedly gets the node, cal !
', with the lowest f(n) value from the OPEN list. If 'n' is the goal node, then ¥*
are done, and the solution is given by backtracking from 'n’. Otherwis, i
removed from the OPEN list and added to the CLOSED list. Next all the
successor nodes of 'n' are generated.

4) For each successor node n, if it is already in the CLOSED list and the copy thert
has an equal or lower f estimate, and then we can safely discard the newdz
generated 'n' and move on. Similar ly, if 'n' is already in the OPEN list
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copy there has an equal or lower f estimate, we can discard the newly generated n
and move on.

If no better version of 'n’ exists on either the CLOSED or OPEN lists, we remove
the inferior copies from the two lists and set 'n’ as the parent of 'n'. We also have
to calculate the cost estimates for n as follows :

5)

Set g(n) which is g(n) plus the cost of getting from n to n;
Set h(n) is the heuristic estimate of getting from n to the goal node ;
Set f(n) is g(n) + h(n)
6) Lastly, add 'n’ to the OPEN list and return to the beginning of the main loop.

performance measurement for A*
1) Completeness : A* is complete and guarantees solution.

2) Optimality : A* is optimal if h(n) is admissible heuristic. Admissible heuristic
means h(n) never over estimates the cost to reach the goal. Tree-search algorithm gives
optimal solution if h(n) is admissible.

If we put extra requirement on h(n) which is consistency also called as monotonicity
then we are sure expect the optimal solution. A heuristic function h(n) is said to be
consistent, if, for every node 'n’ and every successor 'ns’ of 'n’ generated by action 'a’, the
estimated cost of reaching the goal from 'n' is not greater than the step cost of getting to
'ns.-

h(n) £ cost (n, a, ns) + h (ns)

A* using graph-search is optimal if h(n) is consistent.

Note : The sequence of nodes expanded by A* using graph-search is in, increasing
order of f(n). Therefore the first goal node selected for expansion must be an optimal
solution because all latter nodes will be either having same value of f(n) (same expense)

or greater value of f(n) (more expensive) than currently expanded node.

A* never expands nodes with f(n) > C* (where C* is the cost of optimal solution).

A* algorithm also do pruning of certain nodes.

Pruning means ignoring a node completely without any examination of that node,
and thereby ignoring all the possibilities arising from these node.
3) Time and space complexity : 1f number of nodes reaching to goal node grows
€xponentially then time taken by A* eventually increases.

The main problem area of A* is memory, because A* keeps all generated nodes in
memory.

-‘_—_——_—'—‘——
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! before it Tuns out of time.

A* ysually runs out of space long

A* optimality proof

i goal G2 and the optimal goal is G,
o Assume A* finds the

(sub optjma“'

e Since h is admissible
Kh(G2) = h(G)="0
e Since G2 is not optimal
f(G2) > f(G)
« At some point during the search, sO
expanded.
We know,

fin) < f(G)

Memory Bounded Heuristic Search

If we use idea of lterative deepening search then we can redyce
requirements of A*. From this concept we device new algorithm. €Mory

me node M’ on the optimal path to g i
n

lterative deepening A*
o Like IDDFS uses depth as cutoff value in IDA* f-cost (g+h) is used as cutoff s

than the depth.
o It reduces memory requirements, incurred in AY, thereby putting bound
memory hence it is called as memory bounded algorithm.
 IDA* suffers from real value costs of the problem.
¢ We will discuss two memory bounded algorithm -
1) Recursive breadth first search.
2) MA* (Memory bounded A*).
Recursive Best First Search (RBFS)
* It works like best first search but using only linear space.
* Its structure is similar to recursive DFS but instead of continuing indefinitely

down the current path it keeps track of the F value of the best alternative path
available from any ancestor of the current node.

* The recursion procedure is unwinded back to the alternative path if the current
node crosses limit.

i ;hee ;mpomm property of RBFS is that it remembers the f-value of the best leaf it

. _orgotten subtree (previously left unexpanded). That is, it is able to take
Beciaion séginding re-expanding the subtree.

I
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, iable, cost effecti . "
o It s relhahl ve than IDA but its critical problem is excessive node
gene:-almn-

ance measure

" Completeness : [t is complete.

2
3)

oprjmalit}r : Recursive best-first search is optimal if h(n) is admissible

Time and space complexity : Time complexity of RBFS depends on two factors -
a) Accuracy of heuristic function.

p) How often (frequently) the best path changes as nodes are expanded.
RBES suffers from problem of expanding repeated states, as the algorithm fails to

detect them.

Its space complexity is O(bd).

Its suffers from problem of using too little (very less) memory. Between iterations,

RBES maintains more information in memory but it uses only O(bd) memory. If more
memory is available then also RBFS cannot utilize it.

MA*

RBFS under utilizes memory. To overcome this problem MA®* is deviced.

Its more simplified version called as simplied MA* proceeds as follows -

1) If expands the best leaf until memory is full.

2) At this point it cannot add new node to the search tree without dropping an old
one.

3) It always drops the node with highest f-value.

4) If goal is not reached then it backtracks and go to the alternative path. In this way
the ancestor of a forgotten subtree knows the quality of the best path in that
subtree.

5) While selecting the node for expansion it may happen that two nodes are with
same f-value. Some problem arises, when the node is discarded (multiple choices
can be there as many leaves can have same f-value).

The SMA* generates new best node and new worst node for expansion and deletion
respectively,

Performance measurement

1) Completeness : SMA* is complete and guarantee solution.

2) Optimality : If solution is reachable through optimal path it gives optimal solution.
Otherwise it returns best reachable solution.
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There is memory limitations on SMA*,
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AQ* Search and Problem Reduction Using AO*
. . f sub problems, where each sub
When a roblem can be divided in a set 0 ‘ : -
can be solve}:l seperately and a combination of these will be a solution. AND. ORI Srmbap},s
or AND-OR trees are used for representing the solution.

AND-OR graphs
1) The decomposition of the problem or problem reduction generates AND arcs,

2) One AND arc may point to any number of successor nodes.

[G—oai :Acquire'TVset]

/ﬁﬁh

3) All these must be solved so
that the arc will give rise to
many arcs, indicating several

possible solutions. Hence the
graph is known as AND-OR Go%s?d m;g::y G?‘J,&"
instead of AND. '
4) AO* is a best-first algorithm Fig. 3.1.2 [AND-OR graph example]
for solving problems

represented as a cyclic AND/OR graphs problems.
An algorithm to find a solution in an AND-OR graph must handle AND area
appropriately.
The comparative study of A* and AO*
1) Unlike A* algorithm which used two lists OPEN and CLOSED, the AO* algorithm
uses a single structure G.
;) G represents the part of the search graph generated so far.
Ea : .
) Each node in G points down to its immediate successors and upto its immediate

predecessors, and also has with it , :
S, it the value of 'h' cost of a path from itself to 3 set

5)

——
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The cost of getting from the start nodes to the current node 'g' is not stored as in
4) the A* algorithm. This is because it is not possible to compute a single such value
<ince there may be many paths to the same state.
5 AO" algorithm serves as the estimate of goodness of a node.
E A* algofithm cannot search AND-OR graphs efficiently.

6)
AO* will always find minimum cost solution.
e algorithm for performing a heuristic search of an AND-OR graph is given

below.

AO* .Igoﬁﬂ'll‘l'l
! ) Initialize the graph to start node.

2) Traverse the graph following the current path accumulating nodes that have not
yet been expanded or solved.

3) Pick any of these nodes and expand it and if it has no successors call this value as,
FUTILITY, otherwise calculate only f’ for each of the successors.

g) If'fis 0 then mark the node as SOLVED.

5) Change the value of 'f for the newly created node to reflect its successors by back

Pmpagation.
Wherever possible use the most promising routes and if a node is marked as

6)
SOLVED then mark the parent node as SOLVED.
7) If starting node is SOLVED or value greater than FUTILITY, stop, else repeat from
|
| 2!
EXE] How to Search Better ?
We have seen many searching strategies till now, but as we can see no one is really
the perfect. How can we make our Al agent to search better ?
We can make use of a concept called as metalevel state space. Each state in a
metalevel state space captures the internal (computational) state of a program that is
searching in an object-level state space such as in Indian Traveller Problem.

Consider A* algorithm
1) In A* algorithm it maintains internal state which consists of the current search tree.

2) Each action in the metalevel state space is computation step that alters the internal

state.
For example - Each computation step in A* expands a leaf node and adds its

successors to the tree.
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the total cost of problem solving

Heuristic Functions and Thei

mdww

+ More accurate the heunstic function more is the performance.

b
« Consider A* that generates N nodes and 'd' 1s depth of a solution, then b i
branching factor that a uniform tree of depth 'd’ would have so as to Contain 'nth:

' +

nodes

Thus,

Nel = 1+b7 b2+ .+ 0%)°

If A* finds a solution at depth 5 using 52 nodes, then the effective branching factor ;
192 15

A well designed heuristic function will have a value of b*
large problems to be solved.

EEETE] Designing Heuristic Functions for Various Problems

(RN e e

Soluﬁm:ﬂwohecm-eo!ﬂwpuzzlenstoshdeﬂwﬁleshuﬁzonta]lyorverﬁ.canymm
the empty space until the configuration matches the goal configuration.

7 2 4 1 2

: ; 3 ” 5

] 3 1 ] Y B
1) The average soluums:;t.?:r a randoml ey

22 steps, y generated B-puzzle instance is about

2) The branching factor is bt
t 3 (when the . ; . i
four possible moves, when it i empty tile is in the middle, there

5 in a corner 3 o
edge there are three. there are two, and when it is along

S
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5 An exhaustive search to depth 22 would look at about 32 = 3.1x1010 states,

g 1f we keep track of repeated states, we could cut this down by a factor of about
170,000, because there are only 9!/2 = 1,81,440 distinct states that are reachable.

5 If we use A*, we need a heuristic function that never overestimates the number of

’ steps t0 the goal.

6 We can use following heuristic function,
-h, = The number of misplaced tiles. All of the eight tiles are out of position, so
the start state would have h; =8.h,, is an admissible heuristic, because it is clear
that any tile that is out of place must be moved at least once.
-h; :Wsumofthedistancesofﬂxeﬁhsfmm&ei:goalpositions, Because tiles

cannot move along diagonals, the distance we will count is the sum of the
horizontal and vertical distances.

mmacbmﬁipmbkm.

Solution :

GTU : Winter-17. Marks 3

Heuristic for Blocks World

A function that estimates the cost of getting from one place to another (from the
current state to the goal state.)

Used in a decision process to try to make the best choice of a list of possibilities (to
choose the move more likely to lead to the goal state.)

Best move is the one with the least cost.
The "intelligence” of a search process, helps in finding a more optimal solution.
hl(s) = Number of places with incorrect block immediately on top of it.

- - - -
| 1 1 1 i 1
] 1 i ] i ]
1 ] 1 ] ] i
| M&] ¢ B § a&® 4
\ B D! 1B D A s D '.
N - ] | S II ) S Ty
fpog oo fpoa o i p g '.
e B P )

St s2 goal

h1(S1)=3 n(S2)=1

A more informed heuristic

Looks at each bottom position, but takes higher positions into account. Can be broken
into 4 different cases for each bottom position.

1. Current state has a blank and goal state has a block.
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Two blocks must be moved
onto q. So increment the heuristic
value by the number of blocks
needed to be moved into a place. hemmmmmnes r r—--_q__“_L

2. Current state has a block

and goal state has a blank. s T e .
One block must be removed E .'I E A |:
from p. So increment the heuristic B Al Lo
value by the number of blocks Y | B—-a--ﬁ.i
needed to be moved out of a fmm s r . -
place. current goal
3. Both states have a block, but - . -E 4: --------- "
they are not the same. | E T |
On place g, the blocks don't 1B A L
match. The incorrect block must SO PP a
Fommemmenme r emme———— |
be moved out and the correct " & -
blocks must be moved in. P N .
Increment the heuristic value by I : T T
the number of these blocks. : :r : A E
i |
4. Both states have a block, and | B Al I8 i
they are the same. i Teri ivar
B is in the correct positi g 3 s '
i current goal i

However, the position above it is
oy heuristic value by the number of incorrect positions above the

Example
e e — - ol e
i o [ rE i
1A l ' i | | ' 1
- 1 : ! ! i : A |
H i
- — I 1BA 1 lg i ! :
I =mmemme- f I 1 B |
(P EL Tl ipmor *' e !
- SN L b i ! : P qQ r P9 oo
initial S et r fremnenr r
h=1+3+0l4 h=1+2+1=4 goal
Knowmeﬂtondsta

te .
first. Can the heuristic pe lead.smu j.ﬁto ithe optimal solution, but not guaranteed to be choséf
be moved out ang to decrease its value? Yes, since the block on P ““

: Put on q j
overcounting of moy, 9 In the same move. Need to compensate for

B
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ost block. Look for its position in the
k can

a given (nonempty) place, find the top-m
oes on the bottom row and the place is currently empty, the bloc

ove so decrement heuristic by one.

m

e Now the second state's heuristic will be 3, and it's gu
ther one: A little like a one move look ahead.

o

If the top-most block doesn’t go on bottom row, but all blocks below it in the goal
are currently in their correct place, then the block can be moved there, so

For .
oal state: 1f it B

d there,
aranteed to be chosen before the

p: case 4: +1

q: case L +2

r: case 2: +3

A can be put on B: -1

so h=5

optimal number of moves is 4
Travelling salesman problem.
Solution : Heuristic function, h(n) is defined as,

h(n) = estimate cost of the cheapest path from node ' to a goal state.

Heuristic function for Travelling salesman problem :

* Travelling salesman problem (TSP) is a routing problem in which each city must
be visited exactly once. The aim is to find the shortest tour.

o The goal test is, all the locations are visited and agent at the initial location.

* The path cost is distance between locations.

* As a heuristic function for TSP, we can consider the sum of the distances travelled
50 for. The distance value directly affects the cost therefore, it should be taken into
calculation for heuristic function.
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Heuristic function for 8 puzzie problem. T
* The objective of the 8 puzzle is to slide the tiles horizontally or vertically in

empty space until the configuration matches the goal configuration. '© the

Artificial Intelligence 3-16 -

® We can use following heuristic function,
s« h; = The number of misplaced tiles. All of the eight tiles are out of Positig
the start state would have h; =8-h, is an admissible heuristic, becau_gen;so
clear that any tile that is out of place must be moved at least once. th
# h, = The sum of the distances of the tiles from their goal positions. Beca
tiles cannot move along diagonals, the distance we will count is the sym of e
horizontal and vertical distances. e
Tic Tac Toe problem. [CTU - Summer.15. Mariy 3
Solution :
(ii) Heuristic for Tic Tac Toe problem
This problem can be solved all the way through the minimax algorithm byt
simple heuristic/evaluation function can help save that computation. This is sta g
evaluation function which assigns a utility value to each board position by assi _hc
weights to each of the 8 possible ways to win in a game of tic-tac-toe and then summ; 8
up those weights.

One can evaluate values for all of 9 fields, and then program would choose the field

with highest value.

For example,

Every Field has several WinPaths on the grid. Middle one has 4 (horizontal, vertical
and two diagonals), corners have 3 each (horizontal, diagonal and one vertical), sides
ha‘ve only 2 each (horizontal and vertical). Value of each Field equals sum of its
WinPaths values. And WinPath value depends on its contents:

e Empty:[ | | ] -1 point

* One symbol: [X| | ] - 10 points // can be any symbol in any place

e Two different symbols: [X[O| ] - 0 points // they can be arranged in any possible
way

o T i i :

ﬂ:o identical opponents symbols: [X[X| ] - 100 points // arranged in any of

ee ways

T 5; i i & ‘
¢ w‘:; identical "my" symbols: [0[O| ] - 1000 points // arranged in any of three
e This 5o : z

way for example beginning situation has values as below :

______________.-r-‘
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The Domination of Heuristic Function
uld design multiple heuristic function for same prcblem then we can find
that which one is better.
Consider two heuristic functions h; and h,. From their definitions for some node
n, if h2 (n)= h(n) then we say that h, dominates h.
Domination directly points to accuracy . A* using h, will never expand more
nodes than A* using h (except for some node having f(n) = c*)

Admissible Heuristic Functions

A problem with fewer restrictions on actions is called a relaxed problem.
st of an admissible solution to a relaxed problem is an admissible heuristic

2) The co
for the original problem. The heuristic function is admissible because the optimal
solution in the original problem is, also a solution in the relaxed problem, and
therefore must be at least as expensive as the optimal solution in the relaxed
problem.

3) As the derived heuristic is an exact cost for the relaxed problem, therefore it is
consistant.

4) If problem definitions are written in formal languages then it is possible to
construct relaxed problem automatically.

5) Admissible heuristic function can also be derived from the solution cost of a
subproblem of the given problem. The cost of optimal solution of this subproblem
would be the lower bound on the cost of the complete problem.

6) We can store the exact solution costs for every possible subproblem instance in a
database. Such a database is called as pattern database.

The pattern database is constructed by searching backwards from the goal state
and recording the cost of each new pattern encountered.

We can compute an admissible heuristic function 'h' for each complete state
encountered during a search simply by looking up the corresponding subproblem
configuration in the database.

7) The cost of the entire problem is always greater than sum of cost of two
subproblems. Hence it is always better to derive disjoint solution and then sum up
all solutions to minimize the cost.
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1) A heuristic functio” hie) o it 18 Te8llY difficult to design by
from the state at 1 e n e Pmb[ems for which an optimg) acliy
evise
Gy
ogram that can learn from eXperien, b
ing similar problem agajn il 3
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fig

2) One solution is 1 d
found.
t pr
3) Another solution s to make ageN Psoh,.
- "Leam from experience” means
practidng)- |
Each optimal solution will
Jearned.
One can get experience of which h(n) was better.
' lution path
lstsofastatefromtheso path and the ,
Each e@ple cons o o -
the solution from that point. |
such solved examples an inductive learning algorithm cap, .

From . :
construct the function h(n) that can predict solution costs for aNOther o
that have arised during search. [A Jucky agent program will get the Pﬁd:::

early.]
For developing inductive algorithms we can make use of techniques |

neural nets, decision trees, efc. ly
If inductive learning methods have knowledge about features of 3 state thy
are relevant to evaluation of algorithms then inductive learning methods y;

best output. .
Local Search Algorithms and Optimization Problems

GTU : Summer-12,13,14,15,16,17,18,19,20, Winter-12,14,15.16.17.18.19

ny,

. dﬂ:; u;arfhmhﬂsﬂﬂ:ﬂ:m we have seen so far, more often concentrate on pa

of the solution and g.toalx:em onl - But if the problem does not demand the pat:

‘e di s y the final configuration of the solution then e
have different types of problem to solve. gur. e solution
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7) Vehicle routing, 8) Portfolio management.
1f we have such type of problem then we can have another class of algorithms, the

algoﬁ'hms that do not worry about the paths at all. These are local search algorithms.

m Local Search Algorithms
They operate using single state. (rather than multiple paths).

They generally move to neighbours of the current state.

There is no such requirement of maintaining paths in memory.

They are not "Systematic” algorithm procedure.

. The main advantages of local search algorithm are

1) They use very little and constant amount of memory.

2) They have ability to find resonable solution for infinite state spaces (for which

systematic algorithms are unsuitable).

Local search algorithms are useful for solving pure optimization problems. In pure
optimization problems main aim is to find the best state according to required objective
function.

Local search algorithm make use of concept called as state space landscape. This

landscape has two structures -
1) Location (defined by the state)
2) Elevation (defined by the value of the heuristic cost function or objective function).

o If elevation corresponds to the cost, then the aim is to find the lowest valley -

(a global minimum).
o If elevation corresponds to the objective function then aim is to find the highest

peak - (a global maximum).
» Local search algorithms explore the landscape.

Performance measurement
Local search is complete i.e. it surely finds goal if one exists.

Local search is optimal as it always find global minimum or maximum.
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Local search representation

Objective function

T

Global maximum

Shoulder "Flat" local maximum

[}
Current
state
| * State
space

Fig. 3.2.1 Local search
Hill Climbing Search

o This algorithm generally moves up in the direction of increasing value thy
is-uphill. It breaks its "moving up loop” when it reaches a "peak" where p,

neighbour has a higher value.

* It does not maintain a search tree. It stores current node data structure. This node |
records the state and its objective function value. Algorithm only look out for

immediate neighbours of current state.

* It is similar to greedy local search in a sense that it considers a current good

neighbour state without thinking ahead.

* Greedy algorithm works very well as it is very easy to improve bad state in hill

climbing.

Algorithm for Hill Climbing
The algorithm for hill climbing is as follows : -

1) Evaluate the initial state. If it is goal state quit, otherwise make current state as

initial state.

2) Select a new operator that could be applied to this state and generate a new state.

3) Evaluate the new state. If this new state is closer to the goal state than current
state make the new state as the current state. If it is not better, ignore this staté |

and proceed with the current state,

4) If the current state is goal state or no new operators are available,

repeat from 2.

Heuristi
3-20 ¢ Search TeChnig
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"~y problems with Hill Climbing
1) Local maxima - can't see higher peak.
2) ghoulder - can't see the way out,
! Objective function
Global maximum
|
| Biheuidee Local maximum

Current

'Flat' local maxima

Fig. 3.2.2 Various stages In hill

Local maxima - It is a state where
we have climbed to the top of the hill,
and missed on better solution.

It is the mountain - A state that is

better than all of its neighbours, but not

.'* better than some other states further
" away. [Shown in Fig. 3.2.3]

Plateau : It is a state where everything
around is about as good as where we
are currently. In other words a flat area
of the search space in which all
neighbouring states have the same
value. [Shown in Fig, 3.2.4]

Ridges : In this state we are on a
ridge leading up, but we can't directly

o get there. [Shown in Fig. 3.2.5)

quit. Otherw ise

‘\“_--_-_'—‘—-—___

——== State
space

climbing search

Fig. 3.2.3 Local maxima

Plateau

Fig. 3.2.4 Plateau

3ply an operator to improve the situation, so we have to apply more than one. operator

I

L]
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Fig. 3.2.5 Ridges
Nustration of ridges : The grid of states (dark circles) is superimposed oy, .
rising from left to right, creating a sequences of local maxima that are not g; g

connected to each other. From each local maximum all the available actiong Y
downhill. Point

Solving Problems Associated with Hill Climbing

¢ All the above discussed problems could be solved using methods e
backtracking, making big jumps (to handle plateaus or poor local Maximg)
applying multiple rules before testing (helps with ridges) etc. Hill climbing is be
suited to problem where the heuristic gradually improves, the closer it gets to the

solution; it works poorly where there are sharp drop-offs. It assumes that local
improvement will lead to global improvement.

Example for Local Search
Consider the 8-queens problem :

A complete-state formulation is used for local search algorithms. In 8-queens

problem, each state has 8-queens on the board one per column. There are two functions
related with 8-queens.

1) The successor function : It is function which returns all possible states which are

generated by a single queen move to another cell in the same column. The totd
successor of the each state 8 x 7 = 56.

2) 'Tho heuristic cost function : It is a function ' which hold the number of attacking
pair of queens to each other either directly or indirectly. The value is zero for the globd
minimum of the function which occurs only at perfect solutions.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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advantages of Hill Climbing
ﬂﬂm climbing is an optimization technique for solving computationally hard
P[Oblems‘

It is best used in problems with the property that the" state description itself
contains all the information needed for a solution".

-

The algorithm is memory efficient since it does not maintain a search tree. It looks
’ only at the current state and immediate future states.

In contrast with other iterative improvement algorithms, hill-climbing always
attempts to make changes that improve the current state. In other words,
hill-climbing can only advance if there is a higher point in the adjacent landscape.

. It is often useful when combined with other methods, getting it started right in
the immediate general neighbourhood.

m variations of Hill Climbing
Many variants of hill-climbing have been invented as discussed below.,

1) Stochastic hill climbing : Chooses at random from among the uphill moves ; the
probability of selections can vary with the steepness of the uphill move.

2) First choice hill climbing : Implements stochastic hill climbing by generating

successors randomly until one is generated that is better than the current state. This is a
good strategy when a state has many (e.g. thousands) of successors.

3) Random restart hill climbing : Adopts the well known saying "If at first you don't
succeed, try, try again". It conducts a series of hill climbing searches from randomly
generated initial states, stopping when a goal is found.

The hill climbing algorithms described so far are incomplete because they often fail to
find a goal when surely goal exist. This can happen because these algorithms can get
stuck on local maxima. Random restart hill is complete with probability approaching to
1. This algorithm do not stop until it reaches to goal.

The success of hill climbing depends very much on the shape of the state-space

landscape. If there are few local maxima and plateaux, random-restart hill climbing will
find a good solution very quickly.

4) Steepest Ascent Hill Climbing : This algorithm differs from the basic Hill climbing
Agorithm by choosing the best successor rather than the first successor that is better.
This indicates that it has elements of the breadth first algorithm.

Steepest ascent Hill climbing algorithm
I Bvaluate the initial state
h-‘-.--_.__‘__'—-—u__
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2. Ifitis 303.1 state then qll.it otherwise make the current state this initia] State N

proceed;

3. Repeat set target to be the
for each operator that can
and create a new state evaluate R

4. 1f this state is goal state Then quit. Otherwise compare Wi Target, If -

is V. t is better than current state set current Set
Target to this \alu?. I.f Target is sl ! vory :
Target. Until a solution 15 found or current s change.

Both the basic and this method of hill climbing may fail to find a solygq,
reaching a state from which no subsequent improvement can be made and thig State |
not the solution.

Local maximum state is a state which is better than its neighbours but is noy bette;
than states faraway. These are often known as foothills. Plateau states are states 1.
have approximately the same value and it is not clear in which direction to move i
order to reach the solution. Ridge states are special types of local maximum states, Ty,
surrounding area is basically unfriendly and makes it difficult to escape from, in singl
steps, and so the path peters out when surrounded by ridges. Escape relje &
backiracking to a previous good state and proceed in a completely differen;
direction-involves keeping records of the current path from the outset; making a gigantic
leap forward to a different part of the search space perhaps by applying a sensible sma))
step repeatedly, good for plateau; applying more than one rule at a time before testing,
good for ridges. None of these escape strategies can guarantee success.

state that any successor of the current state cqp,
be applied to the current state apply the ney Uper:t&;
this state. for

Simulated Annealing Search

1) In simulated annealing, initially the whole space is explored.

2) This is a variation of hill climbing,

3) This avoids the danger of being caught on a plateau or ridge and makes the
procedure less sensitive to the starting point.

4) Simulated annealing is done to include a general survey of the scene, to avoid

climbing, false foot hills,

5) Therearetwoaddjﬁmulchangeg.

i) Ratherﬂuncreaﬁngma)d.uu,mjninﬁsaﬁonisdone.

i) The term objective function is used rather than heuristic.
6) This concept is taken from

melted and then gradually ¢

annealing the goal s to

physical annealing where physical substances m
ooled until some solid state is reached. In Ph)’"‘al
produce a minimal-energy state. The annealing schedule

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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if the temperature is lowered suffici

states, that it ered sufficiently slowly, then the -

attained. AE i called the change in the value of the Obiectiie ‘ .mscﬂl will be
lear that in this algorithm ‘

[t becomes ¢ % g we have valley descending rather than ki

climbing: The probability that the metal will jump to a higher energy levelm‘]l

where k is Boltzmann's constant, y

7

The sigorithm
1) Start with evaluating the initial state.
d loop until a goal state is found or &
2) Apply each operator and loop goal state is or till no new operators
] left to be applied as described below : - oper
i) Set T according to an annealing schedule.
ii) Select and apply a new operator.
i) Evaluate the new state. If it is a goal state quit.
AE = Val (current state) = Val (new state)
o If AE < 0 then this is the new current state.
Else find a new current state with probability e - E / kT.

Local Beam Search

1) In the local beam search, instead of single state in the memory k states are kept in
the memory.

2) In local beam search states are generated in random fashion.

3) A successor function plays an important role by generating successor of all K
states.

4) If any one successor state is goal then no further processing is required.

5) In other case i.e. if goal is not achieved, it observes the K best successors from the
list of all successor and process is repeated.

6) At first glance the random parallism is achieved in the sequence by a local beam
search with K states.

7) In a random-restart search every single search activity run independently of
others.

8) To implement local search, threads are used. The K parallel search threads carry
useful information.

9) The algorithm work on principle of successful successars. If one state generate
efficient/goal reaching successor and other K-1 state generate poor successor, then
in this situation the successful successors leads all other states.

10) The algorithm drops/leaves the unsuccessful search and concentrate on successful
search,

_
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Limitation of local beam search

1) The local beam search h¢

2) If the state concentrate 7
expensive.

Search
LW Stochastic Beam e .
- of local beam search, which is very similar ﬂ’atof

oyl Jakkc ol VASLATIDEY 83008 the K state,
jimitation O search
small ared of state space then bec"mes

1) Its one of the ﬂa\rIour
stochastic hill climbing.
the limitation of 1 |
2) It re\sol"_es arch concentrate on random selection of K successor S
3) Stochastic beam se : : )
selecting k best successor from candidate successor.
4) The probability of random selection is increasing function of its success rate,

5) A stochastic beam search is very similar to natu.ral. selection, where the .
(successor) of a parent state is eugenic (good production) according to its o
rate (fitness). Thus the next generation is also very much powerful.

ocal beam search.

Genetic Algorithms
1) Evolutionary pace of learning algorithm is genetic algorithm. The higher degree of
eugency can be achieved with new paradigm of Al called a genetic algorithms,
2) A genetic algorithm is a rich flavour of stochastic beam search.
3) In the genetic algorithm two parent states are combined together by which a good
successor state is generated.

4) Theanaiogytonahnalselecﬁonisﬂiesameasmstochasﬁcbeamsaarduexcept
now we are dealing with sexual rather than asexual reproduction.

EEXX] Term used in Genetic Aigorithm

1) Population : Population is set of states which are generated randomly.

2) Individual :

It is a state or individual and it i i ite
=g it is represented as string over a fini

Example - A string of 0s and 1s.

For example - In 8-queen all states are s

N s pecified with the position of 8-queens. The

8xlog 8 = 24 bits. Each state is represented with 8 digits
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ction @ It is a evaluation function. On its basis each state is rated
. ; rated. A
) Flm“hmctiof‘ should return hlgherl V#m_ for better states. For the state, the
ﬁmessbﬂit)’ of being chosen for reproducing is directly proportional to the fitness score.

a
prob

g-queen problem the fitness function has 28 value for number of nonattacking

In

pairs- ) is depend 3 . . ;
over : Selection of state is dependent on fitness function. If fitness function

4) Cros® pove threshold then only state is selected otherwise discarded. For each state,
val

a ;o : ; g
‘ue;:e divided, that division point or meeting point is called crossover point, which is
F‘::m in random order from the positions in the string.
ch
station : Mutation is one of the generic operator. Mutation works on random
5 :ﬁonﬁ or changes. For example mutation select and changes a single bit of pattem
* hing 0to Lor 110 ¥
)
gchema : The schema is a substring in which position of some bit can be
6) el
uns .
Working of a Genetic Algorithm
Input : 1) State population (a set of individuals)
2) Fitness function (that rates individual).

]
s": Create an individual 'X' (parent) by using random selection with finess function
‘A’ of 'X'.
7) Create an individual Y' (parent) by using random selection with fitness function
'B' of Y.
3) Childwithgoodﬁmessiscreatedfor}(-l-Y.
4) For small probability apply mutate operator on child.
5) Add child to new population.
6) The above process is repeated until child (an individual) is not fit as specified by
fitness function.
Genetic algorithm example
Example : 8-queens problem states.
States :
Assume each queen has its own column, represent a state by listing a row where the
queen is in each column (digits 1 to 8).
For example, the state below will be represented as 16257483.

e ——

® Knowledge
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msxmu:aaumsmmrmm f -
the r of non-a CIEPau’n
|tness : Instead of - h as before, use umbe: . .
Fi ;:';:o:m 28 pairs of different queens, sgia]ler column first, all together, -
faluip:ﬁs have fitness 28. (Basically, fitness function is 28 — h)
For example, fitness of the state below is 27 (queens in columns 4 and 7 attack -
other).

SR

 Q

Example : 8 queens problem crossover.

Choose pairs for reproduction (so that those with hi i
with higher fi ikely to be
chosen, perhaps multiple times), ——

For each pai
T €ach pair, choose a random crossover point between 1 to 8, say 3.

(1;::1 f:nffscf::fsa l;y taking subsfnng 1-3 from the first parent and 4 - 8 from the
scond - Apply mutation (with smal] probability) to the offspring.
Importance of representation

Parts we swap ;
p in cro .
better be meaningfyy]), ssover should result in well-informed solution (and in addition
B

ICAL Pum_mnms@
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32752411 327485521—={32748[15 2|
L]
247148552 2475241 1—={24752411|

[327521411
26% '
|
]

» n2df  zearsauit—{zaais4 @
2441512

Fitness Selection pairs cross-over Mutation

32752124

Fig. 3.2.6 8 Queen problem crossover

Consi

cho
wpﬂﬁnﬁ each square for example)._

b FE——— e 1

i st
|

Fo

der what would happen with binary representation (where position requires

sen representation reduces search space considerably (compared to

®
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etic Algorithm .
Optimization using Gen e o8 el of intelligent evolution. It genera
< biological mod tes
1) Genetic algorithm is biolo! the

ion of competing chil . |
Popmauonandidate solution will be vanished, as genetic algorithm BeNerate, .
2) The poor ¢
child.

Thus, in practice gen
technique by constructing new op
technique. -

Application of genetic algorithm on optimization.

1) Circuit layout.

2) Job-shop scheduling.

Local Search in Continuous Spaces

i i ising survive and
ti orithm is most promis g an l'eprod ‘
etic alg timized solution. Thus it is optimization Ori‘:c;lhnn

As we know that environment can be descrete or continuous, but the mogt real‘Woﬂd
environment are continuous.

1) It is very difficult to handle continuous state space. The successor for re

al-worlg
problem are many infinite states.

2) Origin of local search in continuous spaces lies in Newton and Leibnitz in the
17% century.

3) Optimal solution for given problem in continuous Spaces can be found wiy,
"Local search techniques”.

IEER] Search and Evaluation Theory

1) Search is basic problem solving
evolution theory

2) %les Darwin is father of evolutionary theory. The theory was based on the
origin of species by means of natural selection (1859).

technique. Basically it is always related with

5) Gregor Mendel (1866 . .
fertlization o, Ly ) theory found the fact of inheritance. He performed artificial

A > Adenin, G. Guan;
T Thymine, C . Cytosine

- An up thrust formm

I —

Heuristic Search Techniques
b

g The theory of evolution is very much rich than genetic algorithm

g) The process of mutations involves duplication, reversals and motion of la
group of DNA. e

j0) Most important is the fact that the genes themselves encode the mechanisms
whereby the genome is reproduced and translated into an organism. In genetic

algorithms, those mechanisms are a separate Program that is not represented

within the strings being manipulated.

11) French naturalist Jean Lﬂl-ﬂaICk (1809) proposed a theory of evolution whereby
traits acquired by adaptation during an organism'’s life

time would be passed on to
its offspring. Such a process would be effective, but does not seem to occur in
nature.

12) James Baldwin (1896) proposed a superficially similar theory : - that behavior
learned during an organism's lifetime could accelerate the rate of evolution.

For example -

Suppmwewanttoplacethreenewairporumywhminlndia,mchthatdmsum

of squared distances from each city to its nearest airport is minimized.

i) The state space, is defined by the co-ordinates of the airports :
(x1,¥1) (x2,¥7) and (x3,y 3).
ii)'[hisisasix—djmensionalspace:Wea]sosaythatstamaredeﬁmdbysix
variables. (In general, states are defined by an n-dimensional vector of variables, x).
iii)Movinga:ou.ndinthisspacecorrespondstomoﬁngomormoreof&eairports
on the map.
iv) The objective function f(xq,y1,X3,¥2,X3,V 3) is relatively easy to compute for

any particular state, once we compute the closest cities, but rather tricky to write
down in general.

Problems Assoclated with Local Search

* Local search methods suffer from local maxima, ridges and plateaux in continuous
state spaces just as much as in discrete spaces. Random restarts and simulated
annealing can be used and are often helpful. High-dimensional continuous spaces
are, however, big places in which it is easy to get lost.
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£ Constrained Optimization Problem T\
ol ;nfj‘ﬁ’,‘lof’_F =3

A=

* An optimization problem is constrained if solutions m
constraint like sites to be inside India and on dry land (ra: ' saﬁsfy
of rivers). The difficulty of constrained optimization PmblEr than in‘%'
ems

nature of the constraints and the objective function. The bmt_hld'h::m::

that of linear programming problems, in which constraing Own

L1
. L : ; "
inequalities forming a convex region and the objective funcy; Must " T4
on h§

Linear programming problems can be solved in ti i
in . . 18
number of variables. e “which 3 Polyho;lmii] b’"t
gy

Handling Unknown Environments

e Earlier algorithms we have seen are offlin
e search algorithms
complete solution bef i i . pen
p ore setting foot in the real world, and theny OTput

solution without considering new
percepts. N : ;
o cocsseniBimianis BevROR ow we will consider how o hank

Online Search Agents

1) The onli named
) mﬂ:\e search age‘nt works on the concept of interleaving of tw

compu hﬁ: and action. In the real-world, the agent perform anoah:ﬁksm

. Ifol':ﬁs(-z-rves environment and then work out on the next action. o
an environment is d i i i

et - ynamic or semidynamic or stochastic the online search

3) An agent
gent needs to pay a penalty for lengthy computation and for sitting around.

4) An offline search is costl
: y. For offline search we need to have proper planning
. g € ‘
WM oo.nsxder all related information. In online search therepis norr.wed of
planning just see what happens and act accordingly.

Example - Chess moves.

5) In online search )
explorati the states and actions are unknown to the agent. Thus it has an
on problem. (it needs to explore the world).

6) In an online ;
search the actions are used to predict next states and actions.

7) For predicting next sta
tes and actions i
o et computations are performed.

e Consider e i
>t:iumpl-eofrobotwl'mi:nmldsamzq:ai:'ehve:eﬂ2local:'tonﬁ!"a)'['c‘clmIl

LOC 2. E i
LOC 2 fmor :0(: g a map robot needs to explore the world so a5 0 reach 0
m LOC 1. Parallely it will build the map.

Heuristic Search Techniqués

LA natural real world example of exploration problem and online search is a baby
ing to understand the world around it. It is baby's online search process. A
tries an action and go in certain state. It keeps on doing this, gathering new

paby
and leamning from it.

expefience
solving Online Search Problems

urely computation process cannot handle an online search problem properly.

1) The P
eeds to execute actions for solving problem.

Agent n
2) The agent has knowledge about -
a) ACTIONS (s) which returns a list of actions allowed in state s.

p) The step-cost function cost (sq,a s (note that cost function cannot be used
until the agent knows that s’ is the outcome).

) GOAL'TEST (s)

3) nisnotpossibleforagmttoaccess&\emcessorsofastate.h[actﬂ-neagmttry

related actions, in that state.

4) As basic objective of an agent is to minimize cost, the goal state must be found

with minimum cost.

5) The another possible goal can be to explore the entire environment. The total path
cost is cost of path across which the agent travels.

6) In the online algorithm we can find the competitive ratio means shortest path.
The competitive ratio must be very small. But in reality many a time competitive
ratio is infinite.

7 lfﬂweonhneseardwis“ﬂﬁ\hreversibleacﬁmmnwﬂlread\toadead-end
state and from that state it can't achieve goal state.

g) We must build an algorithm which does not explore dead-end path. But

accidently or in reality an
algorithm can avoid dead ends
in all state spaces.

9) Consider two goal state space as

shown in Fig. 34.1.

In the Fig. 341 online search
algorithm visit states S and A, both the
state spaces are identical so it must be
explored in both cases. One link is to
goal state (G) and other Jead to dead

nd in both states spaces. It is an

Fig. 3.4.1 Two goal
to

a dead @

Eh///
' thrust for knowledge
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example of an adversary arguments. The exploration of state space is in 5y o
manner. One can put the goals and dead ends likewise.

Online Local Search

Hill climbing search -

1) Hill climbing search has the property of loj:aht?r in its node expansions -
keeps just one current state in memory, hill-climbing search is alrea dy an omu:
search algorithm.

2) Unfortunately, it is not very useful in its simplest form because it leayeg the -
sitting at local maxima with nowhere to go.

3) Moreover, random restarts cannot be used, because the agent cannot ranspy
itself to a new state.

Random walk

1) Instead of random restarts, one might consider using a random walk ¢ explore
the environment.

2) A random walk simply selects at random one of the available actions from the
current state; preference can be given to actions that have not yet been trieq.

3) Itis easy to prove that a random walk will eventually find a goal or complete it
exploration, provided that the space is finite.

Hill climbing with memory

1) Augmenting hill climbing with memory rather than randomness turns out to be a
more effective approach.

2) The basic idea is to store a "current best estimate”, H(S) the cost to reach the goal
from each state that has been visited.

3) H(S) starts out being just the heuristic estimate h(s) and is updated as the agent
gains experience in the state space.

Learning Real Time A*

1) An agent can use a scheme called learning real-time A* (LRTA®).
2) It builds a map of the environment using the result table. It updates the cost

estimate for the state it has just left and then chooses the "apparently best" move
according to its current cost estimates,

3) One important detail is tha

t actions that have not yet been tried in a state S are
always assumed to lead

immediately to the goal with the least possible cost,

—-—-'_-_._._-...-."
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namely h(s). This optimism under uncertain
new, possibly promising paths,
9 An LRTA* agent is guaranteed to find a
environment.

ty €ncourages the agent to explore

goal in any finite, safely explorable

5 It is not complete for infinite state spaces. There

are cases where it can be led
infinitely astray. It can explore an environment of

N states in O (n?) steps in the

@ Learning in Online Search

At every step online search agent can leam various aspects of current situation.

The agents learn a "map” of the environment - more precisely,
sction in each state-simply by recording each of their experiences.

The local search agents acquire more accurate estimates of the value of each
using local updating rules.

By learning, the agent can do better searching,
X3 Constraint Satisfaction Problems

GTU

the outcome of each

state by

Summer-12.13.14,16 18, Winter-14.15

» Constraint satisfaction problems are problems whose states and goal test conform
to a standard, structured and very simple representation. Search algorithm can be
defined that take advantage of the structure of states and can use general-purpose
rather than problem-specific heuristics to enable the solution of large problems.

Constraint Satisfaction Problems - The Concept

1. Constraint satisfaction problem has various states and goal test, a tranditional
problem has been converted into standard structured and very simple
"representation.”.

2. The general-purpose routines can be used to access a special representation wh.i.ch
has more benefit than problem-specific heuristics. These routines combined with
special structure can find solution of large problems.

3. The structure of the problem is represented in different form such as, standard
representation of the goal test.

The revealed structured is very efficient in many ways such as,
i) Problem decomposition.

i f ing it and their
i) To understand structure of problem and the diffculty of solving it an

connection.
-_H‘-‘_'“—'——.__

®
TECHNICAL PUBLICATIONS - An up thrust for knowledge

ﬁ



. Heurist
rtificial Intelligence ____ﬂ__—-————————;_%
5. If the problem is treated as CSP we have many advantages, as discuggeq

be)

; Ow
i) As the representation of states have standard patter?\ [that is 3 set of
with assigned values), we can design successor function and goal tegy ;-
way that will apply to all CSPs.

if) We can develop effective generic heuristic that require no additional o
specific expertise.
iii) The structure of the constraint graph can be used to simpl;

; - ; the Solutiy,
process in some cases giving exponential reduction in complexity.

Formal Definition of Constraint Satisfaction Problems

1. A constraint satisfaction problem is defined by a set of variables X1, X

2:--..,};
and a set of constraints Cy,C5, ..., Cp,. n

2.

Each variable X; has a nonempty domain D, of possible values,
3.

Each constraint C; involves some subset of the variables and Specifies
allowable combinations of values for that subset.

variables.
D(i ] Vi,Xi = V],}

A state of the problem is defined by an assignment of values to some or all of the

An assignment that does not violate any constraints is called a consistent or legal

assignment.

A complete assignment is one in which every variable is mantained and a

solution to a CSP is, a complete assignment that satisfies all the constraints.

7. Some CSPs also require a solution that maximizes an objective function.
Consider graph colouring problem

as shown in Fig. 3.5.1. Constraints are -
1. We have three colours for

colouring a vertex.

2. No two adjacent vertices have
same colour.

Given three colours-(Red, Green,
Blue). Allowable combination for A B ©
vertices would be,

Fig. 3.5.1 Graph colouring problem
{(Rl G)t (Ri B)a (G: R}, (G.r B)' (B' R}’ (B, G)}
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roblem is to colour the regions of a given map such that no 2 adjacent
1. Th; 4 have the same colour. [Refer figure 3.5.2]
regions

The regions in the map are the variables and the set of possible colours for the
e .
2 regions 18 the domain.

The constraint is that " no two adjacent regions should have the same colour."
3

\ Representation of Map Colouring Problem

OT-Vaﬂables : (N, NW, NE, M, MW, ME, §, SE}

2' Domains : D = {red, green, blue}

. Constraints : Adjacent regions must have different colors.

3.

Example : N # NW

Note : '

1. Typically, such a problem has many solutions.

i i loring (constraint graph)
2 We sometimes represent map colouring as a graph coloring (
problem.

3. The topology of a constraint graph can sometimes be used to identify solutions
easily.

Example Map (See Fig. 3.5.2 on next page).

Other Examples of CSP |
1. N-queens puzzle. 2. Jobshop scheduling.
3. Scene labelling. 4. Circuit board layout.
5. Map colouring problem. 6. Sudoku
7. Boolean satisfiability.
Some real-world problems -
1. Assignment problems. 2. Transporation scheduling.

3. Hardware configuration. 4. Spreadsheets.
5. Factory scheduling. 6. Floor planning.

m Incremental Formulation for CSP | omton 55
It is fairly easytoseeﬂ\ataCSPcanbesi"mmmcm
Standard serach problem as follows :

e
TECHNICAL PUBLICATIONS® - An up thrust o

I —— o S B



Artificial Intelligence 3-38
Qrnificial Intelligence 38

Heuristic g4 v
— —— T 3
“*—-~,f°h igence R 39
~ W T Hourae S Tochnuen
: L _\ . oot -
L\) o "v | ivl Pjth [«

! A constant cost for every step.

gearching for Goal State In C8SP

ion must be a complete assi
| Every solution 1 u plete assignment and therefore ars at nif
there are 0 variables. pye depth

) The gearch tree extends only to depth n.

" De'pth‘ﬁ“t search algorithms are popular for CSPs.

4 The path by which a solution is reached is irrelevant.

5, We can also use a. compiete_—state formulation, in which every state is a complete
assignment that might or might not satisfy the constraints.

6. Local search methods work well for this formulation.

@ variations in CSPs

1. The simplest kind of CSP involves variables that are discrete and have finite
domains. Graph-coloring problems are of this kind. The 8-queens problem
described can also be viewed as finite-domain CSP, where the variables

! Q.. Qpg are the positions of each queen in colums 1, ..., 8 and each variable

has the domain {1, 2, 3, 4, 5, 6, 7, 8}. If the maximum domain size of any variable

is a CSP in d, then the number of possible complete assignments are O (d") that
is exponential in the number of variables.

7 Finite-domain CSPs include Boolean CSPs, whose variables can be either true or

false. Boolean CSPs include, as special cases, some NP-complete problems, such as
3SAT.

3. In most practical applications, however, general-purpose CSP algorithms can solve
problems of orders of magnitude larger than those solvable via the
Fig. 3.5.2 Map colouring problem

general-purpose search algorithms that we saw.
i) Initial state -

Discrete variables can also have infinite domains-for example, the set of integers
” th il
The empty assignment {}, in which all variables are i or the set of strings
ii) Sllccm mm - mms’led'

5. Constraints satisfaction problems with continuous domains are very common in

A value can be assigned the real world and are widely studies in the field of operations research.
conflict with 3-88] tf) any mmigned variable, prwided that it does not f For example' the scheduhng of expeﬁments on the Hubble Space Telescope
e Previously assigned variables. requires very precise timing of observations; the start and finish of each
ot observation and maneuver are continuous-valued variables tha;he m\;l:s :;@zw:

The current assignment is comy variety of astronomical, precedence, and power constraints.
plete, p
— = /
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category of continuous-domain CSPs is that of linear pmgramming

where constraints must be linear inequalities. "
Constraints In CSPs
EEXEER Properties of Constraints

Constraints are used to guide reasoning of everyday common sense, The cong
have following properties. Taiy,
1. Constraints may specify partial infomation; constraint need not Uniquej

the values of its variables. y !pw! 's

2 Constraints are non-directional, typically a constraint on (say) twq N
V,, Vs can be used to infer a constraint on V; given a constraint on v,
versa ;

3. Constraints are declarative ; they specify what relationship must holq
specifying a computational procedure to enforce that relationhip. thou

4 Constraints are additive; the order of imposition of constraints does not Matter, o
that matters at the end is that the conjunction of constraints is in effect, '

5. Constraints are really independent; typically constraints in the constraint store (j,
collection of constraints) share variables.

riable

Types of Constraints in CSPs

1. Unary constraint -
Which restricts the value of a single variable. Every unary constraint can be
eliminated simply by prepressing the domain of the corresponding variable to
remove any value that violates the constraint.
For example - Constraint can be that, Vertex A can not be coloured with blue
colour.

2. Binary constraint -
Relates two variables. A binary CSP is one with only binary constraints; it can be
represented as a constraint graph.
For example - In graph colouring problem two adjacent vertices can not have
same colour,

3. Higher-order constraints -
Involves three or more variables. A familiar example is provided ¥
cryptarithmetic puzzles. It insist that each letter in a cryptarithmetic P \
t'epresef'nt a different digit. Higher-order constraints can be repfemted .
constraint hypergraph. Such as shown below : -

__—‘_’-_/‘

S o -

Heurigyy Y
C Seg T’%
- “\‘%

intelligence i i 2 —__ Heurlstic Search Techniques
Y

and v, |

S xample - The cryptarithmatic problem. (A CSP problem having high order

”mgtraiﬂt“) :

| TS

[nitial state

—=  No two latters
have the same

value
1
—  The sum of M=1 ‘_SEND
the digits S=80r9
must be as 0=0 _M.E
shown. N=E+1 MONEY
c2=1
N+R>8
E»9
le=2
1
N=3
R=8or8
240:732-&0:10&\?
ci1=0 c1=1
2+D=Y 2+0=10+Y
N+R=10+E D=8+Y
R=9 D=8ord
S$=8
D:&/,'/ D=5
[¥=0
Fig- 1&3me

General Algorithm for finding Solution in CSP

1. Propagate available constraints -

i) Open all objects that must be assigned

ii) Repeat until inconsistency or all objects are
object and strengthen as much as possible, the set of
object. If set of constraints are different from previous set

that share any of these constraints.

If union of constraints discovered above
above defines a

values in a complete solution.

“m'mdvghdvaiugg:-man
constraints that apply 10
then open all objects

defines a solution then return solution.
contradiction then return

re

3. If union of constraints discovered
tailure,

------ e
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— 98reh Tecy,
'“-»lel..
.

th a no assigned value and try to strengthen its o
tisfaction with the current set of Con:

4. Make a guess in order to0 pmceed Repeat until a solution is found -
solutions exhausted;
i) Select an object wi
ii) Recursively invoke cons
plus the selected §
e CSP Representation a8 a

traint sa Ints,
ening constraint. trainy,

Constraint Graph
int graph. A :
terms of the constraint grap. constrain graph hag

The CSP can be repmt"d in
le-In graph—chOuril‘lg problem the vertex ;
8 var;

1. Nodes as variables (For examp : )
which needs to be coloured. This vertex will be a node in constraint Braph.) te
le - In graph-colouring problem the

constraints (For examp
are wil]

2. Arcs as 2 .
denote that no two adjacent vertices will have same colour.)
o Advantages of Constraint Graph

1. The m-gamization of constraint graph is very much useful for Sim'P]ificaﬁm
of

CSP's solutions.
2 It reduces complexity in exponential manner.

Backtracking Search

¢ CSP problems then we can notice that the b
Tanching

e If we apply BFS to generi
factor at the top level is 'nd’, because any of 'd' values can be assigned to an
'n' variables. At the next level, the branching factor is'm - 1) d' and so on fgrOf
n

levels. Therfore a tree with 'n! * 4™ leaves is generated even though there are on]
'd"" possbile complete assignments. y

[EXXX] Basic Steps in Backiracking Search

1.
2.
3

4,

Depth-first search selects values for single variable at a given time.

Apply constraint to the variable when variable is selected.

Backtracking action-performed if a variable has no legal values left to assign.
Backtracking search is basic uninformed algorithm for CSPs.

Backtracking Search Algorithm

1.
Z,

Consider a CSP problem.

Apply backtmcking search. If backtracking search successful returns a solution
else, a failure state which return a procedure recursive-backtracking.

Procedure recursive-backtracking starts with empty set and takes input as it
problem.

P

e L
— '——-—-_______—__-___ Heuri
1f complete assignement possible or Uristic Search Techniques
assignment assignment done then return actual
" yariable is assigned a specific value.
The relative constraint is a set which i
> is 1 YR Is taken as input.
6 If value is complete and consistent accordin
iable, add that to list. 8 o constraints then assi
yaria assign value to

7. Call the recursive backtracking until result or failure is reached
g. Every time recursive-backtracking sustains result i ”
g. If result is fa.ilu.t\e then remove variable with specific P )
will return failure status. value from assignment. It
Limitations of Backtracking
— ;
1. :ﬁ:::ﬂ:oiu‘f:; m:em::s with above algorithm. But backtracking is not
zmggneral'petf(?rmanceisnotsogmd,gmspedﬁc] e G
combined with uninformed search algorithm can generate better searching m“l:n
|mpr°umont in Backtracking Search
We can .alao solve CSP ‘:vithcrut knowing the domain-specific knowledge. Here we
need to design a module which resolve following queries : -
1. Which variable is assigned in next step and what order values can be tried ?
2. Impact of current variable assignments on unassigned variables.
3. Avoidance of known failed path in the potential paths.

EEET] Commutative Problem

A problem is commutative if the order of application of any given set of actions has
no effect on the outcome. This is the case for CSPs because, when assigning values to

variables, we reach the same partial assignment, regardless of order. Therefore, all CSP
search algorithms generate successors by considering possible assignments for only a

single variables at each node in the search tree.
For example -

In graph-colouring problem,
vertex 1) will have two choices

if vertex 1 is coloured with red then vertex 2 (adjacent to
either green or blue but never red.

s‘-mupmbrw
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Selection of next Unassigned Variable
Any general purpose method for solving CSP suffers from making a chojc,
unassigned variable.
Variable and Value Ordering : - |
- Choosing a variable is critical to performance.
- 'Iheefficiencyofsea.lthalgorithmsdependsCDHSiderabiyonmeorderinWI l
variables are considered for instantiations. higy |
. This ordering affects the efficiency of the algorithm. |
There exist various heuristics for dynamic or static ordering of -_—
variables. |
Techniques for selecting next best unassigned variable : -

1. Minimum Remaining Values (MRY)
1. Itis also called as "Most constrained variable or fail-first heuristic", \
2. Backtracking combined with MRV gives better performance.
3. Rule : Choose a variable with the fewest legal moves.
4 Tt answers-Which variable shall we try first ? |
2. Degree heuristic
1. It helps to choose next better state.

2. Rule : Select variable involved in highest number constraints on other unassi }
variable. s

3. Degree heuristic is very useful as a tie breaker among MRV variable.
4. It answers-In what order should variable values can be tried ?
3. Least constraining value

1. The least constraining value is also effective method in some application.

2. - P
tule - Chcose.the least constraining value from many variable i.. the one that
aves the maximum flexibility for subsequent variable assignment.
3. It can be combined with MRV for fast selection.

[3.5.12] Passing Information Through Constraints

TECHNICAL PUBLICA ®
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Forward
rward checking is one of the potential technj ; )
effectively during search. que which uses constraints more

removes values in neighbouring unassigned variables doma; e
> I:SSigned variable. omain that conflict with

gorward checking uses MRV to select assigned variable.
Backtracking search is performed if failure occurs,
Gearch terminates when any variable has no legal values.
Generic method,

i) Assigns variable X.

o W = W

if) Forward checking remarks unassigned variable Y connected to X.

iii) Remove values from D, where value is inconsistent with X.
Constraint Propagation

1. A combined approach of heuristic plus forward checking gives more reliable,
accurate and efficient results than a singular approch.

2. The forward checking propagates information from assigned to unassigned
variables but can not avoid or detect all failure.

3. Constraint propagation repeatedly enforces constraints locally.
4 The idea of arc consistency provides a fast method of constraint propagation that

is substantially stronger than forward checking. Here "arc" refers to a directed arc
in the constraint graph.

Constraint Propagation using Arc Consistency
1. Itis fast method of constraint propagation.

2. X = Y is consistent if (for everyvalueofxmereissomeaﬂowedvale.For
example [V, — V, is consistent iff V, = Red, V, = Blue] (ie. for every value of

« in X there is some allowed value y in Y). This is directed property
example - [V, = V,]

V-l = VziﬁCOﬂSiSt&ﬂtiﬁ
V, = Red and V; = Blue

As directed arcs between variables represent the domains of specified variables,
they are consistent with each other.

Constraint propagation can be applied s preprocessing o propagation step-
i) Before search-Preprocessing.
1) After search-Propagation.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge




Heuristic Seg, . 4
, 46 rch T,
Artificial Intefl s Schn, _ ntelligenc® 34
oot " S
5. The procedure for maintaining arc consistency, ¢aT PP fepeatedly, { OR
| ’ ;
Constraint Propagation using K consistency | e B . ganction 1 : Each column can have queen in a Permutations of the § rows
etecin istencies. : . ’
1. Arc consistency is not capable of dménatu e = el “s‘@tnm | MIN-CONFLICTS Aigorithm for Solving CSPs by Local Seqrch
[V = Red, V, = Red] are Inc " ion - Min-CO“ﬂi':t heuristic select new value that result in a mini
2. K-consistency is very strong form of constraint propag ’ 1 conflicts with the other variable. um number of
o L f K-1 variables and for '
3. A CSP is K-consistency if for any set 0 any cong; initial state may be choosen randomly or b .

i ' always be assi 'Steny L . Y Or by a greedy assignment proce
assi.gnment to those variable a consistent value can always be assigned t, any g ' 2 - minimal-conflict value for each variable ir e | ss that
variable. 5, The conflicts procedure that counts the number of constraints violated by a

Note - '

articular value, given the rest of the current assi ts
1. Consistency means that each individual variable by itself is consistent, this i |

called as node consistency. , The Algorithm
2. Consistency is the same as arc consistency. MIN-CONFLICTS
3. Consistency means that any pair. of adjacent-variables can.always be extendeg - Inputs : CSP, a constraint satisfaction problem.

third neighboring variable; this is also called as path consistency. ’ Max-steps, the number of steps allowed before giving up.
4. Strongly, K~consistency graph exhibit some properties mentioned below - Output : A solution or failure.

i) It is K-consistent. ) Current-An initial complete assignment for CSP.

ii) It is also (K - 1) consistent, (K - 2) consistent all the way down to 1 consistent for i = 1 to max-steps do

5. This is an idealist solution which requires O (nd) time instead of O (n2d3), If current is a solution for CSP then return current.
An exponential order time is required for establishing n-consistency in the worst case var - a randomly chosen conflicted variable from VARIABLE [CSP].
‘ l - f that minimizes CONFLICTS (var, v, current, csp).
Local Search for CSP . value - the value v for var
; set var = value in current.
1. Tt is most powerful search for CSP's.

. return failure.
2. Backtrack search require more time in dynamic environment which can be

reduced by local search.

Advantages of Min-conflict
3. It uses complete state formulation as follows : -

- 1. The key feature is that the runtime required for min-conflict is independent of
a) The initial state which assigns value to every variable.

problem size.

b) Successor function alters value of one variable for each instance. _ For example - It can solve million - queen problem in an average 50 steps.
ln:;} For example - 8-queen problem 'l 2. 1t also works for hard-problems.

itial state : ) . 7 . ing.
. A.random configuration of 8-queens in 8 columns. } 3. Local search is also used in an r:hl:: :::niaeuy i e

uccessor function ; - For Example - in scheduling p
Function 1 : Jt p; . - of Mi i
t picks one queen anq el st ot <@ Example - of Min conflit

Consider 4-queen example shown in Fig 354 in 3 parts (@), ®)
[Figure depicts how 'h' value changes per stepl

TECHNICAL PUBLICATIONS ™ - A1




Artificial Intefligence 3-48

Heuristic e arch
Tech
sy

(a)

(b)
h=2
Q
Q. : (c)
h=0
Solution

Fig. 3.5.4 Min conflict example

Dealing with Special Constraints

Realistic problem has very special type (real in nature) of constraints
frequently. Example -

1. All-diff constraints : It enforces the rule that all the variable in state space must

have distinct values (as in the cryptorithmetic problem).
2. Atmost constraints or resource constraints :
i) These are most important higher order constraints.

1) It bounds propagation for large value domains which are widely used in practical
constraint problem.

which occurg

Intelligent Backtracking
We observed in forward chec
apply backtracking.

If backtracking is done efficiently then we can reduced total time.
Chronological Backtracking
1.

king if inconsistency or failure occurs then we need to

It is one of the standard form (i.e. try different value for preceding variable).
2. In chronological backtracking most latest decision points are always revisited.
3. It has potential to back, up to preceding variable.

TECHNICAL PUBLICATIONS® - An up thrust for knowiedge
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more intelligent approach to backtracking is to go all

4. he set of variables that caused the failure, This

the way back to one of

*et 18 called the conflict get; for

In section 353, :

M is (N, NW, NE], where N, MW, NE are i lt;) the conflict set
3 fi v'blx. ‘)'Cf)uredrem . In

eneral, the conflict set for variable X is the oo ons

that are connected to X by constraints.

;. The ba ckjumping method backtracks to the most recent variable in the conflict set

no legal value is fou:nd, it should return the most recent element of the conflict set
If with the failure indicator.
along

m structure of a Problem (Which can be used for finding quick solution)

A technique to represent a problem in simple way, is to decompose the problem in to
many subproblems.
roblems can be independent or they can be connected. If the subproblems are
Sumed dant then we have very easy way to solve the problem in totality. We
to’tﬂllg).;h]re ; ach; subproblem independantly and then combine the solutions.
caﬂlwrl practical CSP subproblems are connected. The simple case is when the
consh'aifﬂ graph forms a tree. Any two variables are connected by atmost one path.

EEEEA Agorithm for Solving Tree-Structured CSP in Linear Time

1. Choose any variable as the root ofthetree,andorderthevariablesfmm?hu‘ar:;
to the leaves in such a way that every node's parent in the tree precedes it in
ordering. |

2. Label the variables Xi,..., X, in order. Now, every variable except the root has
exactly one parent variable.

Consider following example,

a) The constraint graph of a

tree-structure CSP is,

b) A linear ordering of the
variables consistent with the tree with
V| as the root. Refer Fig. 3.5.6.

O—G-® GOV

mlm of vlﬂ‘hl..

Fig. 3.5.5 Constraint graph

Fig. 3.5.6 Linear orde
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consi Xi: Xj) wh

Jy arc consistency to the arc (X;, X; ere ¥, |

3. For j from n down to 2, PPl _ | -
parelm of X., removing values from domain [X;] as necessary. the

. I' , : .
4. For j from 1 to n, assign any value for X; consistent with the value ——
y AR ) ar
X;, where X;, is the parent of X;.

Note - The complete algorithm runs in time O (nd

Graph Structured CSP

If we can reduce graph to a tree then solving graph structured CSP woylgq be e
in terms of time.

Reducing a graph to tree can be done in two ways.
2. Collapse the nodes.

2),

1. Remove the nodes.

Remove the Nodes Approach (Cutset Conditioning)
1. Choose a subset S from VARIABLES [csp] such that constraint graph beg
tree after removal of S. § is called as a cycle cutset.

2. For each possible assignment to the variables in S that satisfies all constraings
5, on

OMmes ;

i) Remove from the domains of the remaining variables any values that are
inconsistant with the assignment for S.

ii) If the remaining CSP has a solution, return it together with the assignment for
S

Note :

L If the cycle cutset has size C, then the total runtime is O (d<, (n - ) d2).

2. If the graph is "nearly a tree" then ¢ will
backtracking will be huge.
For example -

Consider the following graph,

be small and the savings over straight

h 4

|

| if we remoY

, 3.
] L e 51

Heuristic
e V3 then the constraint graph is, W
(%) &)
Q

Fig. 3.5.8 Applying cutset on graph

m Collapse the Node (Tree Decomposition) Approach

1. The approach is based on constructing a tree decomposition of the constraint
graph into a set of connected subproblems.

9. Each subproblem is solved independantly and the resulting solutions are then
combined.

3. A tree decomposition must satisfy the following three requirements :

a) Every variable in the original problem appears in at least one of the
subproblems.

b) If two variables are connected by a constraint in the original problem, they
must appear together (along with the constraint) in at least one of the
subproblems.

¢) If a variable appears in two subproblems in the tree, it must appear in every
subproblems along the path connecting those subproblems.

4 A given constraint graph admits many tree decompositions. In choosing a
decomposition, the aim is to make the subproblems as small as possible.

5. The tree width of a tree decomposition of a graph is one less than the size of the
largest subproblem; the tree width of the graph itself is defined to be the
minimum tree width among all its tree decompositions.

6. CSPs with constraint graphs of bounded tree width, are solvable in polynomial
time. Unfortunately, finding the decomposition with .mmmul' ' tree width is
NP-hard, but there are heuristic methods that work well in practice.

..‘-‘-‘—_-‘-‘__—'—n—_
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For example - : | a Meaﬂs'Ends Analysis
Consider the following grap " Most of the search strategies either reason forward or
.

@ : f the two directions is appropriate, § i
mixture © , ropriate. Such mixed strate, :
@ | esible 10 solve the major parts of problem first ang solve thegzm‘:]c;::dp:’oaf: .

@ :
Ends Analysis .

; bining th
I se when combining them together. Such a technique is called "Means -
@v@ ’ . MEA (Means-Ends Analysis) is a problem solving strategy first introduced in GPS
@ . (General Problem Solver) [Newell and Simon, 1963]. The search process over the
| Loblem space combines aspects of both forward and backward reasoning in that
@ bol.h the condmo? and action portions of rules are looked at when considering
| which rule to apply.
The means-ends analysis process centers around finding the difference between
current state and goal state. The problem space of means - ends analysis has an
initial state and one or more goal state, a set of operators with a set of
preconditions. Their application and the difference functions computes the
‘ difference between two state s(i) and s(j). A problem is solved using means - ends
analysis using following steps :
_ 1. Computing the current state sl to a goal state s2 and computing their
f difference D12.
2. Satisfy the preconditions for some recommended operator OP, which is
selected, to reduce the difference D12.
3. The operator OP is applied if possible. If not, the current state is solved. A
! goal is created and means-ends analysis is applied recursively to reduce the
sub goal.
4. If the sub goal is solved then the state is restored and work resumed on the
original problem.
Means-ends analysis is useful for many human planning activities. Consider the
example of planning for an office worker. Suppose we have a different table of three

Fig. 3.5.9 Graph used for tres decomposition .

A tree decomposition of above graph is,

1 If in our current state we are hungry , and in our goal state we are not hungry ,
then either the "Visit hotel" or "Visit canteen " operator is recommended.

and if in your goal state we have

2. If our current state we do not have money, ;
erator 15

' money, then the “Visit our bank" operator or the "Visit secretary” op

recommended.
mething is , need in our goal state

3. If our current state we do not know where so iy
"Visit secretary” or "Visit €0

we do know, then either the "Visit office enquiry”,
Worker " Operator is recommended.
-h-‘-‘_-_-_-_—_‘—'——

®
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d goal states are used to propog
* Differences between thiif!f Cu:::;t a;he gmrrespondﬂ'lce betweer; EP::at at%
w.hiCh mduce, f,h:p,iﬁ;z as ‘krIOwledge in the system (in GPS thjs wa:m ang
::ff:r;:;f: :;aéonnefﬁons) or may be determined Fhrough some mmmk:;’:i
operators if the operator action is Penetrable. This 1ate'r case, “}’h.ich 8 trye
STRIPS-like operators, allows task-independent corrglahonI of differenceg % of
operators which reduce them. When knowle.dge is ::waulable concepn;

importance of differences, the most important difference is selected first 1,

improve the average performance of MEA over other brutg—force search Stra%

However, even without the ordering of differences according to imPOrtance’ MEA

improves over other search heuristics (again in the average case) by fOCUSing the
problem solving on the actual differences between the current state ang that of e
goal.

« In operator sub-goaling, backward chaining is used in which first the Operatorg
selected and then sub goals are set up to establish the preconditiong of the
operators. If the operator does not produce the goal state, then second gy
problem is produced that can reach to goal. If the difference was chosen correcty
and if the operator applied is effective at reducing the difference then the two sup
problems would be easier to solve than one original problem. The MEA Process js
then recursively applied.

The MEA algorithm can be summarized as below :

the

1. Until the goal is reached or no more procedures are available do the steps from
2to 4

2. Describe the current state, the goal state and the differences between the two.

3. Use the difference to describe the procedure that would be expected to get nearer
to goal.

4. Use the procedure and update current state.

5. If goal is reached then algorithm halts with the success else it halts with failure.
YR Consicer the following initial and goal configuration for 8-puzzle problem.

Draw. e search tree. Apply A* algorithm to reach from initial state to goal state and

5’@1 \tke solution. Consider Manhattan distance as a heuristic function (i.e. sum of the
.. istance that the tiles are out of place). GTU : Summer-17, Marks 7

. Initial state
A2 3
udd. B 4
- ) i
-‘.__—-___-_'—‘—I—.________-___ _________...-F"
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= T Hounsti Search Tachmigues

- Given:
- jutio™ * Initial st
| 50 ale Goal state

1
v 132 B

| o 8 .

once the goal state (solution)
Hi

Iying A* algorithm to reach to goal state,
ApP

Heuristic function used : = Manhattan distance
i.e. [Sum of the distance that the tiles are

out of place],
Let : For each node,
| fn) = gn)+h(n)
| Where,
} g(n) is an estimate of the 'depth’ of 'n' in the graph and h(n) is an heuristic evaluation
of node 'n'.
Step 1: 203
7 8 4
6 . -
W2 g e
T8 A
B 5
1.2 3 12 23
T 8 4 T 4 .
& : 5 RS 144
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Artificial Intellig
Attificial Intelligence
Step 3: Select low cost path (lowest fin))

Step 4: i 2 ‘

Answer in Brief

1. When is the class of problem said to be intractable ? (Refer section 3.1)
2. What is the power of heuristic search ? Why does one go for heuristic search ?
(Refer section 3.1.10) |
3. What are the advantages of heuristic function ? (Refer section 3.1)
:. State the reason when hill climbing often get stuck. (Refer section 3.2.2)
.Mwuahtumﬁcﬁmrtrbnhissmﬁ '
to be admissible ? Gp i 1 i
TSP. (Refer section 3.1.10) l i dmissie herisi S
6. What i
i dayoumn by local maxima with respect to search technique ? (Refer section 3.2.2)
3' . .ls heuristic search ? (Refer section 3,1.10)
9. pr!m heuristic search with gn example. (Refer section 3.1.10)
- 0w to minimize topg) estima, ? 5
d ing A ;
et e ed solution cost using A* search with an example ?
10. Esplain the 4
search and give the imali
&tve the proof of optimality of A*. (Refer section 3.1.6)

1. Descrive hil] ciippyi
F mbm& random res, 1 i 5
their merits ang demerits, (Refer :::uif ;I;"hng and simulated annealing algorithms. Compare

e o e e e

TECHN,
CAL PUBLICATIONS® - An up st for knowledge

12 H(;fiier section 3.2)

(3. How does genetic algorithm come up with optimal solution 7 (Refer section 32,6
) : jstic ? For each of the followin . '
 What is heuristic . te Jorlowing type of problem give good hewristi ;
14 ) Block world problem it) Missionaries and cannibais. (Refer uﬂ 3‘1.;';:“3 function,
: istics 7 A* search uses a compi iahi,
. What is heuristics ombined heuristic to select the best
15 phe state space toward the goal. Define the two heuristics yseq (h(n) and xf..;gm to follow through
(Refer section 3.1.10) '
- Best first search used both OPEN list and a CLOSED jist. Describe the
B Best-First algorithm. Explain with suitable example. (Refer section 3.1) ptpone:of eack for the
 climbing i tandard iterotive i i s
17. Hill climbing is a s : mprovement algorithm similar to greedy best-firsts search
What are the primary problems with hill climbing ? (Refer section 3 2) S ’
: istics ? Explain any heuristics search 1 caat ;
. What is heuristics { Exp y method. Justify how heuristi ct
! achieving goal state. (Refer section 3.1.10) W = function helps in
19. What is CSP ? (Refer section 3.5)
20, Apply constrain satisfaction algorithm to a cryptarithmetic problem given below

SEND
+ MORE
MONEY (Refer section 3.5)
21. How CSPs are defined ? Represent map colouring as CSP. Use red, green, blue to colour the map.

(Refer section 3.5)
22, Give the brief summary of backiracking search for CSP. (Refer section 3.5)

University Questions with Answers

Summer - 12
What is Hill Climbing ? Explain Simple Hill Climbing and Steepest Ascent Hill
Climbing. (Refer section 3.2.2) m

Q2  Solve the following cryptarithmetic problem.
SEND

m
M O N E Y (Refer section 3.5)

Winter - 12 i

Q3 Explain A* algorithm. (Refer section 3.1.6)
Q4 Explain steepest ascent Hill climbing algorithm. (Refer section 3.2.2)
e e

- An up thrust for knowledge

Q1

+

|
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Representations  And Mappings, Approaches To Knowledge Representation,
Representation.

Contents

4.1 Representation and Mappings

......... Winter - 14, 18, 19, Summer -16,18,20...................Marks 7

42 Approaches to Knowledge Representation

a7t engotwon " ee

... Summer - 15, 17, 18, 20, WIn'ter-w,.................,.*.....m7

Sil1 i d QE ZIc (Tel =L 1 iAsHt.

University Questions with Answers Faam o b-ﬁn Ut n“ﬁl’ abidptie fun @ ¥
) |— gi-.-- '

Mige

i
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tation and Mapp
(MY Represen TN GTU : Winter-14,18.19,

Sun

i
4.1.1 Introduction

| problem solving programs require some knowledge to be

e i \ g - . A o~
. \txk.-:.lw:xhl_cld:: t‘mlm be a particular states or path toward solutlt-)n, rules, etc‘ | ‘; -,
this !\"m;]cdgt‘ must be represented in a particular way w1t%1 a cetjtau?.,-{”f m:
Representation (KR) is an important issue in computer science n geu_.
particular. "The dominant paradigm for building intelligent systems Si
has been based on the premise that intelligence presupposes kno

dge is represented in the system's knowledge base, which consists
and programs. In addition, the intellj a
n reasoning patterns necessary fc

knowle

gent system is expected to haye
ference engine that implements the

Thus

consistent with this simple knowled

emphasis op knowledge has led to su
epistemology".

ggestions that AT cap beﬁ’ﬁ‘i

=
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tifcial Intelligence (4-3) K

nowil,
— edge Represantation and Relateq Issues
] Relationships

_ What about the relationship between the attributes of b

e o 4 an obj ;
existence, techniques for reasoning about valyes and single valy i J-ect, such as, Inverses,
an example of an inverse in o attributes. We an consider

band(John Zorn,Naked City)

Another representation is band = Naked City

¢ band-members = John Zorn, Bill F rissell, Fred
U Granularity

Frith, J oey Barron,

g ,';_ -"Il.: ."_-'

eedton, dog) e daigh
- Rt q;‘!.mr PR

- - —

. oy
e

[ J-on
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Artificial Intelligence //JM-@ o Ropmrdlisn and g, :
owledge that is granularity is anothertlssue to handle_
eds to be rcprcsented— For this, one should b,
ledge to be represented in the gygra..

e The finest level of kn '-__

level of knowledge that ne
rstanding of the know
o need to be handled are Inverses, Exis

alues, Single-valued attributes,
se knowledge is requj;

primitive (basic) unde

ant issues thos
oning about vV

The set of objects who!

e Other sigmfic
hierarchy, Technique for reas

are required to be identified.
arly identified. o .

Representation and Mappings

.\h\‘\llm be cle

@ 4.1.3 The Techniques of
o solve a complex problems en
oIl as some means of manipul

create solutions for new problems. In the representation there are two
. S

countered within. Never
ating that knowledgg

A] can be used t

of knowledge as W

must be considered :

Facts - truths in some relevant world.
f facts in some chosen formalism. These are t

L

e Representation 0
manipulated.

Structuring of these entities can be done in two levels :

e The knowledge level at which facts are described.

« The symbol level at which representation of some objec

English

understanding

Scanned by CamScanner
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Artificia
ne representation of facts concerns with natural Ianguage (particularly English) sentences
0 rogardless 0 f the representation for lfacts that we use in a program, we may also need to
is that, erned with an English representation of those facts that in order to facilitate getting
Fme COI:;[ioﬂ into and out of the system. We must also have mapping functions from English
:‘2:::::“:05 to the representation which we are actually going to use and from it Back‘- to

centences as shown in the Fig. 4.1.1. For example we can use mathematical logic as the
representalion formalism. Consider the English sentences below.

0]

Tommy is @ dog. This fact can also be represented in logic as follows g(Tamny mmy)

Suppose also we have a logical representation of the fact : all dogs have tails as explained
below. Using the deductive mechanisms of the logic, we may generate the new representation
object. Using an appropriate backward mapping function we could then _géhémte__.th ¢ English
sentence : Tommy has a tail Or we can make use of this representation Ofewfact A us
o take some appropriate action or to derive representation of additional facts. oS

Consider example of the Multilated Checkerboard Problem. "Consider a normal checker
board from which two squares, in opposite corners, have been removed, The task is to cover o
the remaining squares exactly with donimoes, each of which covers two s N

overlapping, either of dominoes on top of each other or of dominoes
multilated board are allowed. Can this task be done ?"'. S (¢

q

example follows :
* Checkerboard total contains 32

Scanned by CamScanner
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Artificinl lf,}f,”,!if:h.{,f:

b
-
—— ]
—
A 5
]

-
‘ ——
%
I
f

vy ields ON the board

Fig. 4.1.3 Observation

owledge Rep reuntltlom

(LA GTU : SUmmer !".-
il ﬂ‘

edge map ticular

(L) 4.2 Approaches to Kn

A good system for the rcprcscntation of knowl
the following properties -

. kqnewntatmnal adequacy
are needed in that domain,

o Inferential adequacy - It is the ability to manipulate the
way as 10 derive new structures corresponding to new lm

o Hmmﬁal efficiency - It is the ability to in;c-
| information, that can be used to focus thos*

mmiitu direction,

cy - Acquiring new inform

- It is the ability to repruent VHHM» |
L
,.!

'

|
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(4-7) Knowledge Representation and Related luua'

Arificial Intelligence
/”—

For example

Player Weight Age 5
Monu 70 30 g -
Sonu 65 25 P
Bablee 50 29
Soni 45 29 Right H.
Moni 42 25 Left H.
Player_info (‘Monu', 70, 30, right H) /ol e St b
2) Inheritable knowledge sl sl e et )
¢ Relational knowledge is made up of object assocmtmty like co-relation a
values attribute. i :lm ﬂ‘lﬂ slﬂw
* All data should be organised into a hierarchy of classes. I

e e
¢ Inherit values from being all members of class. o bweGnM

¢ Class must be arranged in a generalization.
ST s

¢ Every individual frame can represent the colle
with a individual node.
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Artificial 'HfEIJI‘Ige:'?CE?

J Example

' i h
Properties of inheritance hierarchy

i
~ o= tobe pom

¢ from object and its value.

' and value of attribute any object.

») Boxed | to be object

alled slot-and filter structure.

1) It may be also be ¢

Algorithm retrieve

' ' ject.
To retrieve a value for attribute of an Instance objec

v

1) Find object in the knowledge base.

5\ If there is a value for the attribute, report that value.

2} Otherwise look value of instance, if not then fail, othe;
value for the attribute, if one is found, report it. Other
search using ISA, found for the attribute.

E 4.2.1 Inferential Knowledge

When inheritance property is very useful form of inferen
formal logic. |

(s _.'l'l iy

|

All cat have tails Vx : dog (x) — has a tajl (n)
- Set of rules

1) Define require fact.
2) Additional statemen; i varified, true or falge,
3) Logic provides 5 Powerful structure ip re A

:4.2.2 Procedura| Knowl - r |
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ntelligence (4-9)  Knowledge Representation and Related Issues

M;ﬂor’a!

B 42

1) Consistenc

22 Disadvantages of Procedural Knowledge
y : all deduction are not always correct.
2 Completeness - all cases are not easy to represent.
There are multiple techniques for knowledge representation. Different representation
formalisms are.
. Rules
Logic
. Natural language
- Database systems
Semantic nets

- Frames

- Many programs rely on more than one technique

* Database system - They are used in representing Simple Relation Knowledge w
declarative facts and can be said as a set of relaﬁ@nsiofh T e G
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e —

. Handed

J Example : person
|1sa
adut |19 g
male '
isa[ Height

bats | Baseball
Equal 10 ¢ —— pmyer

handed i i
is8 isabatting ™| |
average

batting average [ : batting aver
106 | z Pitcher 2
A A
instance instance
Chicago |, team ' '
cubs

Fig. 4.2.2 Inheritance hierarchy

/sa hierarchy is normally used in semantic nets/frames. Line

nodes represent objects and I
values of attributes of ob;
. 2 |
could be : height of Three-Fing o
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Aﬂm&j Lo (4-11) Knowledge Representation and Related Issues
J inheritable knowledge

aiont! knowledge is made up of objects consisting of
Rela

" Aﬂr]'blﬂes
Cmesponding associated values.
]

we extend the base more by allowing inference mechanisms :

o Property inheritance

- Elements inherit values from being members of a class,
o Data must be organised into a hierarchy of classes: (Fig. 4.2.3).

. Boxed nodes -- objects and values of attributes of objects.

'I:

« Values can be objects with attributes and so on. ——

' '-:"{i‘nif. oy
7 LS, | t".il.i ‘,‘ﬁja‘ TR

« This structure is known as a slot and filler structure, semantic network c

frames.

« Arrows -- point from object to its value.

The algorithm to retrieve a value for an attri

1. Find the object in the knowledge base.

i
]

‘_‘1|

L™ e e et gk
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Artificial Intelligence (4-12) Knowledge Representation and Relatey ‘_

3. Otherwise look for a value of instance if none fail.
and find a value for the at

a until a value is found for

uter science in >,
e Knowledge Representation (KR) 1s an important issue in con‘.;;l) = Zs gen _
Al in particular. "The dominant paradigm for building intelligent Systems S‘lncg |

emise that intelligence presupposes knowledge
ledge base, which consists of ¢

the intelligent system 18 expected to have a progra

inference engine that implements the reasoning patterns necessary for th
Thus current Al theory and practice dictate that intelligent systems be
consistent with this simple knowledge base plus inference engme

emphasis on knowledge has led to suggestions that Al can be argua

: ibute and then report it,
4. Otherwise go to that node - 3 v g
. o the attribute. K
5. Otherwise search through using 15 e

19705 has been based on the pr
knowledge 1s repr esented in the system's know

and programs. In addition,

epistemology".
e The approach described above may be termed the symbol-
Historically, however, Al grew out of work in which anotherf_:, )
(or connectionism or parallel distributed processing or

played the major role, but this approach was outplayed

* A final approach is mentioned by Davis (2!
of data. |

* The approaches to KR have p
We will start by considetin
ﬁ.nally eonﬁdex large corpc
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\rtificial Intelligence (4-13) ﬁ’%on and Related Issues
eiicial 27—

Output
layer

Input #1
Input #2
Output

Input #3

Input #4

Fig. 4.2.4 A model of a neural net

® In a typical neural network, each node Operates on a principle similar to a biological

. neuron. In a biological neuron, each incoming synapse of a neuron has a weight associated
with it. When the weight of each synapse, times it's input, is summed up for all incoming
- synapses and that sum is greater than some 'threshold val

- a value to another neuron in the network.

ue', then the neuron fires, sending

T. The typical neura] network n
input lineg which are ana
has an activation functio
10 fire, Simijar 10 a biolo
be 10 generate 5 1!

ode attempts to emulate this behavior. Each node has a set of
lagous to input Synapses in a biological neuron. Each node also
n' (also known as a 'transfer function'), which tells the node when
gical neuron. In it's simplest form, this activation function can just
. if the summed input is greater than some value or a '0' otherwise.
::::ﬁ‘m functions, however, do not have to be this simple - in fact to create networks that

useful work, they almost always have to be more complex, for at least some of the
1Oes in e Network,

™ard neural network, which is one of the more common neural network types, is

4 feedfo,
k. :L::d of a set of these nodes and connections., These nodes are arranged in layers. The
~etions gre Ypically formed by connecting each of the nodes in a given layer to all of

. . _ in the pexy layer. In this way every node in a given layer is connected to every

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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prtificie! Intelligenc® (4-15)  Knowledge Representation and Related Issues

Logic based representations

a)

Knowledge may be represented in computers by programmers writing declarative
sentences such as "Socrates is human" and "if somebody is human, then she is mortal"
using mathematical logic. "A major advantage of many logics adopted for knowledge
on is that they are sound and complete, which means that derivability and
pm\qb,m\ lead to the same set of consequences, given a knowledge base. It has
ever turned out to be difficult to find logics that is both expressively adequate for
ledge representation and also computationally tractable. "Attempts to find an

knowl€
acceptable compromise to the expressiveness versus tractability trade-off generally use

re Pl‘C‘\L ntatl

howe

variations of first-order logic, following one of two approaches. The first approach
limits the expressiveness of the language of representation by restricting the form of the
formulas that can be admitted in the knowledge base. The second approach redefines the
provability relation of first-order logic to make it computational tractable.

. Relational databases . . . widely used to represent "simple" facts, such as people’s
addresses or salaries, constitute a good example of the first approach (. . .)." (Kramer
and Mylopoulos, 1992, p. 745-746). The second approach may for example make a
slight change in the semantics of existential quantification which makes large
representations computational tractable, but this has a remarkable impact on the
provability relation.

* Logic based systems may also use procedural representations. "Declarative
representations treat the intended meaning of a knowledge base as a foundation that
imposes constraints on knowledge base operations. Procedural representations, on the
other hand, reverses this dependency by identifying the meaning of a knowledge base
with its use"(Kramer and Mylopoulos, 1992, p. 746).

} '_ Semantic networks

Iving nodes and links
nks represent relations
ts were originally

' Semantic networks are knowledge representation schemes invo

bctwﬁen nodes. The nodes represent objects or concepts and the li

between nodes. The links are directed and labeled. Semantic ne
, a“’d by cognitive models of human memory.

ng to Kramc: and Mylopoulos (1992, p. 747-748) their popularity and success

unc "toud as a convenient cempronuse between the declarative and the

S : ’Whﬂe "oth&l‘s Rave argﬂed that sem@nc networks offer a

paradl that s object centered in the sense
1 arbitrar _Emposmons and focuses on
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¢) Frame-bageq representations

416 e

tion

Artificial Inteligence® Thi t1 :
s e . e semantic web jg o .
o ple of a semantic 1€ ks. F > 2 Congg,.
« i an €Xa8 ‘¢ networks. For Pt ¢
o WordNet1s 8 rogram with semantic nlany pers%] {

or research Prot ind of knowledge organization Wi

ents the th the

1< W l‘h r(‘Prk

a maj

seman

r\rﬂk P{‘l' Is

Fig. 4.2.5 Semanti
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| ntelligence (4-17)  Knowledge Representation and Related Issues

Amﬁﬁa
Obviousl\’- frame-based systems are in many ways similar to object-oriented

(] 5 . - 5
cogramming languages; indeed, the two theories interacted strongly in their

development.

of advantages of frame-based architectures are expressivity, flexibility and ease
chief disadvantages 1s lack of precision and lack of a well defined model of
inference. The architecture provides a wealth of features and options for both
rtTresentation and inference, but only a weak underlying model. Hence, in a complex
case, it is difficult to predict how these features will interact or to explain unexpected
ons. which makes debugging and updating difficult.

~ The chi
of use. The

interactl
From a psychological point of view has a tendency to overuse frames as explanations
heen critized : " am not going to argue against the “existence' (whatever that may be) of
organised knowledge structures. What I will do is place doubts on the explanatory value
of concepts as frames, conventions, scripts and so on. . . Even if there are structures like
frames and scripts, they are relatively easy for people to override. People can still use
arbitrary knowledge of the world to understand sentences and scenes : you cannot
exclude any part of the knowledge base in advance, using some general prestructuring of
l that knowledge. Therefore, the content of such structures as frames and scripts must
themselves be both analyzable and subject to reasoning by their users, which puts us
back almost where we started. What we have gained is a summary of the aggregate
regularities frequently or typically, exhibited. The structures themselves tell us nothing
about people's cognitive capacities, only about what are probably quite ephemeral habits
of thought which people can change. In terms of Billig (1987) frames and scrips lack
any kind of “witcraft'. Frames, scripts and related concepts summarize some of the
patterns that emerge when people don't bother to think. " (Vliet, 1992)

¥
_ General epistemic aspects of KR in computer science

J:;;R [Know.ledge Representation] architectures we have consi:flered above [logic-based
ofa mo’ Semantic -IIthorks and frame-based systems], together wn.th many other proposals
fhe larsz ot lt'ass similar flavour, such as production systems, constitute »\'what may be called
- Knoyw, ‘eal’ or (with some question begging) the ‘knowledge-based approach to AL
5 edge representation, in this view, involves large, complex structures of symbols,
=Philosop;?d assembled by hand. This approach to Al essentially derives from a line of
lage ) ¢l thought running from Descartes through Leibniz, Frege, and Russell. In the

- ;Bﬂ(]): and 1990s, however, as a result of the inherent difficulty of this line of research,
W gl hfruted progress that has been made, this approach to Al has been challenged b'?f
(Da :’e;:?;;"e methodologies : neural networks, and statistical analysis of large corpora.
~____ P-81378138),

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Knowledge Representation apy ..

(4 - 18)
- 18

N

e —

_ . representation thus correspond to oo
Lnn“lmlgL. stemology while neural networks COrye
and 1 ypalism 10 ‘;l]::iri(:is:n in epistemology. They may bOth
Lahaviourism 1n psye holog) ;]ITII(:::-ItL‘ilgC z'cp]‘cscntation. In the symbolic fO._
. . programming tasks are defining and f:lSSCminng_ the
control of the I: ‘:m_ different subjects (representing differeng +
ar) B m|.j‘I.l:‘l:lhn\l\ﬂ:{L define and assemlblc .different 'ki'nds of know]e
o -"\‘:-L‘I"‘\.]‘ .wr\.m in control of the stimulation 1s determmn}g Vi\"hat the g rgan
rw:\\,\_mH I,'t|[.-tp.;n-n Nothing is said about how persons' criteria may be
:.;:1:::;.‘\I:clxl\ S ;;nd to socio-cultural factors. In both Ca‘SES -it is assumed Wi
6:' examination, that the knowledge representation is "objective", What kinds of
that are missing may be uncovered by the following quotation : "More re
(1991) argues that the knowledge level has relativistic properties. A |
description is of an agent In its environment. It is an observer's theory, not
possessed by the agent being studied" (Clancey, 1992, 743). Yes! The
agents or a system's knowledge level (or generalized ; a description of its
relative properties and implies the theory of the agent or system from sp

ms Is a basic point in the pragmatic understanding of knowledge but
implemented in theories of knowledge répresentation, r

Nalli = rlelhgE

forms ol

vl 1|1|'-\
Iy < -,‘,’
. { 1Ie
o ratu

o lOEN

| L 1
il '|‘,| Ve 1 Q ;\
1 | A 5 I{ [ 1

merson 1l

ine 18 SAald
Nothing
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ntelligence (4-19) Knowled

! | z ! i
W 9e Representation and Refateqd Issues

0 Analysis of large corpora

b, Among alternatives to both neural nets and symbolic KRs E. Davis briefly mentions ¢
; ons text

COI'[-"OFS :

\, "The statistical appl‘oa.ch S A" ?”"’Ol‘JeS t.aki“g very large corpora of data and analyzing

them in great depth using statistical techniques. These statistics can then be used to guide
ow tasks. The resulting data, as compared to the knowledge-based approach, are extremely
shallow in terms of their semantic content, since the categories extracted must be easily
derived from the data, but they can be immensely detailed and precise in terms of statistical
relations. Moreover, techniques - such as maximum entropy analysis - exist that allow a
collection of statistical indicators, each individually quite weak, to be combined effectively
into strong collective evidence. From the point of view of knowledge representation, the
most interesting data corpora are online libraries of text. Libraries of pure text exist online
containing billions of words; libraries of extensively annotated texts exist containing
hundreds of thousands to millions of words, depending on the type of annotation. Now, in
2001, statistical methods of natural language analysis are, in general, comparable in quality
to carefully hand-crafted natural language analyzers; however, they can be created for a
new language or a new domain at a small fraction of the cost in human labor" (Davis, 2001,

p. 8138).

¥ Large corpora of data may be approached by methods related to empiricism, which seems
10 be what Davis is suggesting. There is an important difference, however, between
traditional empiricist approaches to knowledge representation and ftext copor
approaches. In the traditional approach is represented what is considered knowledge by the
Person doing the representation. There is only one voice present. In large corpora of texfs
fany voices are present (what kind of voices varies according to how the text corpus 1S
Selected, ¢.g. if it consists of newspapers or scholarly papers).

Large corpora of texts consist of documents each of which is itself a Sysfem Of. a,gum:;::
5 knowledge claims, We are now in the realm of Library and Information Scfenielé are
fother thap i computer science in a narrow Sense. Wi o rt‘:pwsem.:ctl'o:nns) If, for
eDteSentations of documonts representing knowledge (thus meta-re.prese:lhtzt rso;l d;ing
Tple, the text corpus is an academic corpus from the same dm.nam ::d voli}:es on how
"®Presentation (e.g, computer science) then different suggestlozi (meta) represented:
- to perform the task at hand is present in the very materlal to

"t paradigms in KR contain arguments in 11

s to do the
tation,

of specific Way
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hich probably will contain dig

e In other words : The texts to be organized are VOICES, w
ons for how this knowledge should be organized (and by the way also j

selected in the first hand). This argument may be expan, '
ot in the domain of knowledge representation : Any :
levance, which are of importance for organjs

implicati
for how texts should be
s in which the corpus 1sn

casce
iteria of re

has implicit or explicit cr
documents.

If we consider the domain of Arts then the criteria for how best to repre

red (good) art. As discussed by @rom (20(
lications for how arts should be represent

there are different voices, not just the programmers voice. The programmer
these voices and provide knowledge representations based on his own voice 3
programmer may consider those voices and provide a knowledge represe :

d the voices in the corpora. This way

represents a dialog between himself an
use text corpora based on pragmatic epistemologies rather than empiricist ep;
Yy

(see also Hjorland and Nissen Pedersen, in press).

depending on what is conside
traditions in Arts have different imp

2 What are various approaches to knowledge represent atic

3. Explain neural nets. (Refer section 4.1)

£ 4.3 university Questions with A

FIIaF

= Winter - 14 ;

Q.1 Explain the differen
[=>summer-15 |

=

" 4
o

Scanned by CamScanner



(4 -21) Ki
nowledge Representation and Related [ssues

o intelligen®

| 'SUmIT'ler -18

pifferentiate with example representation of " Instance" and "Isa" relationshi
nships.

: |5

— (Refer section 4.2)

i | _ Y

g Explain with example how choosing the granularity of representation and finding the right

a. g . er
cila issues in knowledge representation ? (Refer section 4.1.1) g['r]

structuré are cru

-_ w Winter - 18
Discuss the different approaches to knowledge representation. (Refer section 4.2)  [4]

[w winter - 19

Explain why it is necessary to choose appropriate granularity for knowledge
representation. (Refer section 4.1) 3]
p9 Briefly discuss declarative and procedural knowledge. (Refer section 4.2) [3]
e summer - 20
0.10 Define the following words in the context of Al
i) Intelligence i) Knowledge iii) Information V) Logical reasoning.
(Refer section 4.1) [4]
2.11 Briefly discuss declarative and procedural knowledge. (Refer section 4.2) 3
204
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Propositional Logic

m Characteristic of Propositional Logic

1. Propositional logic is declarative (pieces of syntax corresponds to facts),

2. Propositional logic allows partial /disjunctive/negated inference (un|jj, Moy
structures and databases) G

o%]

Propositional logic is compositional.
(Meaning of By ; A P, , is deried from meaning of By ; and Meaning of P

. . 2)
4. Meaning in propositional logic is context independent (unlike natyr, lang,
e,

where meaning depends on context).

m Drawbacks of Propositional Logic
1. Propositional logic has very limited expressive power (unlike natura] language)

Example : Cannot express "pits causes breezes in adjacent squares",
For such statement one need to write, one sentence for each square.

1% Propositional logic represents statements about the world without reflecting tp,
structure and without modeling these entities explicitly.

3. Therefore some knowledge is hard or impossible to encode in the Proposition,|
logic.

4. Two cases that are hard to represent :

Case i) Statements about similar objects and their relations :
a) Statements about similar objects and relations needs to be enumerateq.
b) Because of this knowledge-base grows large.

c) We need to represent many rules to allow inferences. The solution to
this problem is introduce variables.

Case ii) Statements referring to groups of objects :
a) Statements referring to groups of objects require exhaustive
enumeration of objects.

b) Solution to this problem is to allow quantification in statements
[which is done in first order logic].

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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5.3 Logical Agents and Knowledge
Representation using Propositional Logic

I L Loz

m gyntax for Propositional Logic

o ¢ It defines allowable sentences in the mode].
symen

pos“|°"a' calculus symbols :
0

4 symtnrble;
. ) They are propositional calculus symbols

. predicate symbols : They are used to represent a relation in a domain.
RA For example :

If we want to represent a sentence like, "Dipu reads book".

We will use the predicate symbol "READS". The simple predicate will be,
READS (Dipu, Book).

iii) Constant symbols : A constant symbol is used to represent objects or entities in a

domain. These objects or entities may be physical objects, people, concepts or
anything that is to be named.

For example : In the above formula Dipu and Book are constant symbols.

c/*"ﬂ Variable symbols : Variables like x or y are also symbols. They allow the users to
_be indefinite about which entity is to be reffered to example READ (x, y).

/%) Function symbols : They denote functions in the domain of discourse.
'

For example : "Ram's mother is married to Ram's father", the atomic formula
would be,

MARRIED [MOTHER (Ram), FATHER (Ram)] where MOTHER, FATHER and
MARRIED are function symbols.

2. Truth symbols
True, False.

3. Connectives

ANV,ym, =, =

MProposzuenal symbois denote -propositi_ons,lor statements about'dwm)ridi that
~may be either true or false, such as "the car is red” or "water is wet". :

Propositional Calculus Sentence

i) Every propositional symbol and truth symbol is sentence.

For example : True, P, Q, R are sentences.

————
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. It is indivisible (non-composite) syntactic elemen; 1, >
' bol stands for a proposition t 18ty
such sym hat oy e

ii) Atomic sentence
of proposition symbol. Each
true or false.

iii) Complex sentence : It is constructed from simpler sentenceg Using logical

connectives.

m Logical sentences are also called as well-formed formulas or WEF's.

EXE] Connectives

Atomic formulas can be converted to well formed formulas by combining thep, Wit

connectives.

Va];The AND connective : A
/‘ - " .
/" The "A" connective is used to represent compound statement like "Nimy Wears Pink
dress".
WEARS (Nimu, Dress) A
COLOUR (Dress, Pink)

Where the predicate WEARS gives the relation between person and object ang the
predicate COLOUR gives the relation between object and colour.

Formulae built by connecting other formulae by A's are called conjunctions ang each
of the component of the formula is called as conjunct.

%he OR connective : v

The symbol "v" is used to represent inclusive "or".

For example :

"Dipu plays badminton or tennis" can be represented by
PLAYS (Dipu, Badminton) v PLAYS (Dipu, Tennis)

Formulas built by connecting other formulas by v's are called disjunctions and each
component formula is called as disjunct.

of
The NOT connective : —

The symbol "' is used to represent the NOT connective. It is used to negate the
truth values of a formula. It changes the value of sentence from T to F and vice versa.
For example :

Dipu did not read book, can be represented as :
= READ (Dipu, Book).

A formula with a - in front of it is called a negation.

TECHNICAL PUEILJCAT!ONS® = An up thrust for knowledge




5.5 Logical Agents and Knowledge
o - = Reprasentation using Propositional Logic
i e Salde v

+ is used to represent "if-then” statements,
|/ The "= !

for examPe - T

¢ Nimu buys frock, then its colour is pink" can be represented as :
IUYS . Frock) = COLOUR (Frock, Pink)
B

T i
?If Dipu i caught in the rain then she uses umbre]la".

CAUGHT IN (Dipy, Rain) = USES (Dipu, Umbrel]a)
A formula built by connecting two formulas with =" is caled as implication. The left

vand side of an implication is called the antecedant and the right hand side is called the
conseq“ent'

)TI;O BICONDITIONAL connective : <

P (&) Q shows that it is true whenever both P = Q and Q= P are true. In English,
ths s often written as "P" if and only if "Q" or "P" iff "Q",

For example :

"Nimu becomes happy iff Nimu eats icecream." This sentence can be represented as,

BECOMES (Nimu, Happy) < EATS (Nimu, Icecream)
o Truth table for five logical connectives :

where T : True
F : False.

Following are Some of the Legal Sentences (WFF's) in Propositional Logic
1) The negation of a sentence is a sentence.

For example :
- P and - false are sentences.

2) The conjunction, 'and’, of two sentences is a sentence.
For example :

P A =P is a sentences.

3) The disjunction, 'or', of two sentences is a sentence.
-__-‘_'——__
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For example :
Pv =P is a sentence.

is a sentence.
4) The implication of one sentence from another is

For example :
P — Q is a sentence.
' ce.
5) The equivalence of two sentences is a senten

For example :
P v Q =R is a sentence.

EXX] Grouping of Symbols in Propositional Logic

In propositional calculus, the symbols (') and [ | are use-d to group the symbojg into
subexpressions by which their order of evaluation and meaning are controlled.

For example :
(P v Q) =R is different from P v (Q = R).

Forming a Legal Sentence in Propositional Logic
An expression is a sentence of propositional calculus if and only if it can be formed
of legal symbols through some sequence of these rules.
(PAQ) —>R)=-Pv-QVvR
is a well formed sentence in the propositional calculus because
i) P, Q and R propositions and thus sentences.
ii) P A Q, the conjunction of two sentences.
It is a sentence.
iii) (P A Q) — R is the implication of a sentence for another.
It is a sentence.
iv) = P and — Q, the negations of sentences are sentences.
v) = Pv = Q, the disjunction of two sentences, is a sentence.
vi) = P v = Qv R, the disjunction of two sentences, is a sentence.
Vi) (PAQ) > R)=-Pv-QVvR

The equivalence of two sentences is a sentence.

Formal Grammar for Propositional Logic

A BNF (Backus Naur - Form) grammar of sentences in propositional logic, is a5
described below.

TECHNICAL PUBLICA TIONS® = An up thrust for knowledge



- L .
>

g

Logical Agents
S 5.7 gents and Knowledge
yifciel MOMOSTZ ———Representation using Propositions) Log,-c

sentence Atomic sentence | Complex sentence,
- sentence — True | False | Symbol.
gymbol = P|QIR] ...
Complex sentence — — Sentence

| (Sentence A Sentence)

| (Sentence v Sentence)

| (Sentence = Sentence)

| (Sentence = Sentence),

Notice that grammar is very strict about Parentheses. Every sentence constructed with
pinary connectives must be closed in parentheses,

operators with their precedence order, are shown below,

A, AV =2, S
Hence, the sentence,
- XvYAZ=W
is equivalent to,

((=X)v(¥YArZ))=W.
Inference in the Knowledge Base

A logical inferencing means to decide whether KB o for some sentence o,

General inferencing algorithm (truth table enumeration algorithm)
1) This algo is used for deciding entailment in propositional logic.
2) It works like backtracking search algorithm.
3)

It performs a recursive enumeration of a finite space of assignments to variables.
4)

This algorithm is sound, because it implements directly the definition of
entailment.

5) This algorithm is complete, because it works for any knowledge base and ‘o,

and always terminates (As there are finite models to check).

6) Time complexity of algorithm is O(2™) (assuming n symbol in all, then there are

2" models).

7) Space complexity of algorithm is O(n), because the enumeration is depth first.

m Every known inference algorithm for propositional logic has a worst case time
complexity which is exponential in the size of the input.
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m Propositional entailment is CO-NP-complete.
(CO-NP stands for Complement - Nonpolynomial time, where as
CO-NP-complete means hardest problem in CO-NP)

The functions for truth table enumeration algorithm :

Function TT Entails (KB, o) Returns True or False
Inputs : (KB, the knowledge base),

(a sentence in propositional logic o),

the query, a sentence in propositional logic.
Symbols « A list of the proposition symbols in KB and a
return TT CHECK-ALL (KB, o, symbols, [ ] )

Function TT-CHECK-ALL (KB, o, symbols, model) returns true or false
if EMPTY (symbols) then
if PL-TRUE (KB, model) then returmn
PL-TRUE (o, model)
else return true
else do
P « FIRST (symbols); rest «
REST (symbols)
return TT-CHECK-ALL (KB, o, rest,
EXTEND (P, true, model) and
TT-CHECK-ALL(KB, o, rest, EXTEND
(P, false, model)

Note that,

1) In truth-table enumeration algorithm for deciding propositional entailment, TT
stands for truth Table.

2) PL-TRUE returns true; if a sentence holds within a model.

3) The variable model represents a partial model-an assignment to only some of the
variables.

4) The function call EXTEND (P, true, model) returns a new partial model in which
P has the value true.

_///
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,a:ffﬁcjff'__j.
m gemantics for Propositional Logic

. cemantics define rulels‘ for deterrm‘ ining the truth of , sentence with respect to g
it model. In propositional logic, a mode] simply f P

; ixes the
artic + every propositional symbol. fruth value true or

false fo i .
The semantics for propositional logic should specify how to compute the truth valye
¢ any sentence, given a model: This is done recursively. All sentences are constructed
E 1 atomic sentences and the five connectives,
(8)

m Interpretation of Propositions

€ assignment of a truth al
either T or F, to each propositional symbol. e
7) The symbol true is always assigned T.

3) The symbol false is assigned F.
4) Propositions :

i) A proposition is a statement which in English would be declarative sentence.
ii) Every proposition is either true or false.

iif) Propositions are sentences, either true or false but not both.
iv) Sentence is smallest unit in propositional logic.

v) If a proposition is true then its truth value is "True".

vi) If a proposition is false then its truth value is "False".

EX¥] Computation of Truth Values
1) The truth assignment of negation, — P, where P is any propositional symbol, is F,
if the assignment to P is T, and T if the assignment to P is F.

2) The truth assignment of conjunction, A, is T only when both conjuncts have truth

value T; otherwise it is F.

3) The truth assignment of disjunction, v, is F only when both disjuncts have truth

value F, otherwise it is T.

4) The truth assignment of implication, — is F only when premise or symbol before

the implication is T and the truth value of the consequent or symbol after the
implication is F; otherwise it is T.
5) The truth assignment of equivalence, = is T only when both t?xplres‘sions have the
same truth assignment for all possible interpretations; otherwise it is F.
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For example: 0000

Sente\;; Truth value ?f‘f’l"_’ﬂiﬁ(m (YIN)
9 e s 3“‘9“'.' - G e Yes
ii) "2 + 5 - 5" - . ”Fa:lse" Yes

11] ."CIQS"‘ the d_(}Ol'"_ s e ; NO S A

L 1¥) "Is it hot out side L

W% v x oy - N

Vi) "X : XII i : = : ! ity ! i
o iaequalto aur Or "water ig eqﬁ;

AN A SRS SR SRR R e AR AN RAARR - it

Truth Table

1) The truth assignments of compound propositions are often described by truth
tables.

2) A truth table lists all possible truth value assignments to the atomic PrOpOsition
of an expression and gives the truth value of the expression for each assignmeny.

3) Thus, a truth table enumerates all possible words of interpretation that may be
given to an expression.

el
e

For example :

The truth table for P A Q, lists truth values for each possible truth assignment of the
operands. P A Q is true only when both P and Q are both T or (V), not (), implies (),
equivalence (=) are defined in a similar fashion. |

¢ Truth Table demonstrating the equivalence of P — Q and — P v Q. |

4) Equivalence of two sentences in propositional logic :

Two expressions in the propositional calculus are equivalent if they have the
same value under all truth value assignments.

, e
By demonstrating that two different sentences in the propositional Ca]a'mslﬁ}:‘
identical truth tables, we can prove the following equivalences for proposi

expressions P, Q and R. I
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i’
i)
ii) (PV Q) E(_‘P_’Q)
jii) The contrapositive low :
P->Q=-Q->-P
De Morgan's Law :

(— P) = P ( Double-negation elimination)

iv
| ~PvQ=(=PAr=Q) a—nd—l(PAQ)s(_,Pv_‘Q)
v) The commutative law :
PrQ=QAP)and Pv Q) =(Qv P)
vi) The associative law :
(PAQ) AR)=(P A (QAR))
vii) The associative law :
(PvQvVvR)=(Pv(QVR)
viii) The distributive law :
PvQAR =(PvQ)Aa(PvR)
ix) The distributive law :
PAQVR =PAQV (PAR)
x) Implication elimination :
P->Q=(-PvQ
xi) Biconditional elimination :
PeQ=(P-QAQ-P)
B2 validity
A sentence is valid if it is true in all models.
For example :

(Parrot is green v Parrot is not green) is valid, one of the two holds.
Valid sentence is called Tautology. They are necessarily true.

B satisfiability

A sentence is satisfiable if it is true in some model.

If a sentence S is true in model m, then we say that m satisfies S or m is a model
of S,
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Agent T

EB A Complete Example of Knowledge-based Ag

A wumpus world agent : | —
Wumpus World is a classic artificial : [5se ) —

intelligence problem, which is used to Stench

demonstrate various aspects based on ——

/"B"%-.../
simulation, as well as other Al concepts. - =2l0ze”,
; (3ench?

Wumpus was an early computer \’
game in which an agent had to explore
a cave made up from a series of 5
interconnected rooms. In one of the
rooms in the cave, there was a Wumpus
which would kill the agent if it entered
that room. Some rooms contained pits,
and the agent would die if it entered START
any of those rooms too. The agent had 1 2 3 F
one arrow with which it could kill the  Fig. 5.4.1 A wumpus world agent and its
Wumpus. The goal was to locate the environment
gold that was hidden some where in
the cave and return to the start without getting killed.

(P
Stench

N
7 Brecze” | I | “Bro—
—=tZe, ,.\e\_eze-l

PEAS description :
¢ Performance measure :
Gold : + 1000, Death : — 1000

- 1 per step, - 10 for using the arrow.

¢ Environment :
- Squares adjacent to Wumpus are smelly.

- Squares adjacent to pit are breezy.

- Glitter iff gold is in the same square.

- Shooting kills Wumpus if you are facing it. It screams.
- Shooting uses only arrow.

- Grabbing picks up gold if in same square.

- Releasing drops the gold in same square.

- You bump if you walk into a wall.
¢ Actuators :

Left turn, right turn, forward, grab, release, shoot.
¢ Sensors :

Stench, breeze, glitter, bump, scream. //
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world characterization :

yes - outcomes exactly specified.

2) Gtatic

Yes - Wumpus and Pits do not move.

3) Discrete
Yes
4) Single - agent

Yes - Wumpus is essentially a natural feature.

5) Fully observable

No - only Local perception.

Exploring the wumpus world :

1)  The knowledge base initially contains the rules of the environment.

2)  Location : [1, 1]

14 24 34 ¥
A = Agent
B = Breeze
1,3 2,3 33 43 )
G = Glitter gold
OK = Soft square
1.2 2.2 32 42 P = Pit
OK S = Stench
11 121 [31 a1 V. = Visited
@A W = Wumpus
OK OK

Fig. 5.4.2 Exploring wumpus world-I

Percept : [ Stench, — Breeze, — Glitter, - Bump, — Scream]
Action : Move to safe cell [2, 1].

3 Location : [2, 1]

Percept : [ Stench, Breeze, — Glitter, - Bump, — Scream].
Infer : Breeze indicates that there is a pit in [2, 2] or [3, 1].
Action : Return to [1, 1] to try next safe cell.

-__‘-_-_-‘_'_—I———_

®
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1 ,4 zld 3‘4 4‘4
13 23 3,3 43
1‘2 2_2 3,2 4,2
P?

OK
0 Rim 130 0 4

v |8 Mg

OK OK

4)  Location : [1, 2]

Representation using Propos;‘(,‘ {;}HOTIIGU
———— iRy
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Logical Agents and

Agent
Breeze
Glitter gold
Soft square
Pit

Stench
Visited
Wumpus

Fig. 5.4.3 Exploring wumpus world - II

Percept : [Stench, —Breeze, — Glitter, - Bump, = Scream].
Infer : Wumpus in [1, 3] or [2, 2]
YET .... not in [1, 1]

98
Gin

Thus .... not in [2, 2] or stench would have been detected in [2, 1]

Thus ... Wumpus is in [1, 3] [2, 2] is safe because of lack of breeze in 1,2
Thus ... pit in [3, 1]

Action : Move to next safe cell [2, 2].

14 24 34 |44
R BER T R T P
Wi
12@ 22 P2 [42
S
oK | oK
$3 248 134 lad
V v | Pl
oK | oK

® @

o

K

E((D'U

Agent
Breeze
Glitter gold
Soft square
Pit

Stench
Visited
Wumpus

Fig. 5.4.4 Exploring wumpus world - III

(5.5 | Reasoning Patterns in Propositional Logic

.o that
There are standard patterns that can be applied to derive chains of conclusion®
lead to the desired goal. These pattern of inference are called inference rules.

//
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5-15 Representation using Propositional Logic
el :
The concept of Monotonicity
E hat the set of entailed sentences can only increase as information is

ays t
2 f:d:eﬂ to the knowledge base.

nicity means that inference rules can be applied whenever suitable

MonOtO .
Premises are found in the knowledge base. The conclusion of the rule must
follow regardless of what else is in the knowledge base.

@ inference Rules

1) Modus Ponens
It is represented as,

a=p2
B

t means that whenever any sentences of the form o = f

and o are given then the sentence P can be inferred.

For example -

If two statements,

i) (Signal Pole Ahead A Signal Red) = Stop

i) (Signal Pole Ahead A Signal Red) are given then
"Stop" can be inferred.

2) And-elimination : It says that from conjunction any conjuncts can be inferred.

It is represented as,

o AP
o

For example -
From the sentence,
(Signal Pole Ahead A Signal Red)
The inference,
"Single Red".

can be drawn.

3) Unit resolution [Pv Q, = Q} P :

Unit resolution rule takes a clause - a disjunction of literals and a literal and produce
a new clause.
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Rule is,
Lhv.vlk m
;';I \--i.\-'_fl__]_v_.’” |V v Ik

where each | is literal. /;
negation of other].

and m are complementary literals. [It means that one ;
« S l}l
0

4) Resolution : The unit resolution rule can be generalized to the full resolution Tuje

!

!I V.V .-'k,m]\"’ LV My

L1Vl I
J']v...v,’i_]vFH,v..‘v:'kvmlv---v m;_qV Mjs ] L

where [; and m; are complementary literals. If we are dealing only with Clayge, of
length two we could write this as

IIVIz,—nszZS

1}1 v 3
That is, resolution takes two clauses and produces a new cla.use contajmng all g,
literals of the two original clauses except the two complementary literals,
It is a single inference rule, that yields a complete inference algorithm when COUpleg
with any complete search algorithm.

Conjunctive normal form

1) The resolution rule applies only to disjunctions of literals, so it would seem 4, be
relevant only to knowledge bases and queries consisting of such disjunctiong

2) Every sentence of propositional logic is logically equivalent to a conjunctiop
disjunctions of literals.

3) A sentence expressed as a conjunction of disjunctions of literals is said to be ip
Conjunctive Normal Form (CNF).

4) It is used for representing sentences.
Steps for converting propositional logic sentences into CNF
1) Eliminate ¢, replacing o < B with (0 =»B)A (B—a) :
For example -
Consider following statement,
Bi1 & (Ppv Ppy)
After eliminating < in above sentence,
(B1,1-(P,,v Py 1)a((P,v Py ) By 1)

2) Eliminate —, replacing o —f with - v B :

(_I BI,IVP1,2V PZ,I) A(-ﬂ(P”z)V P2'1V Bl;l) ___‘_’_/'
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F requires - to appear only in literals, so we "move — inwards" by repeated
? CNlication of the following standard equivalences : -
app

(~0) =0 (clouble - negation elimination)
1@1 A f) = (v B) (De Morgan)
Levp=EEaarm B) (De Morgan)

In the example, we require just one application of the last rule.

(- By,1v P12V Py 1) A (5 (P2A Py q)v By )

4) Now we have a. se.nter'lc&'r containixlxg f‘eSt?d A and v operators appli{i:d to literals.
We apply the distributivity law, distributing v over A wherever possible.

(- By 1V P2V Po1) A PL2 APy 1 vBy )V By )

Above sentence is now in CNF.

Resolution rule forms the basis for a family of complete inference procedures.

. Refutation completeness :
[t means that resolution can always be used to either confirm or refute a sentence but

it cannot be used to enumerate true sentences.

Resolution algorithm

1) It takes input as knowledge base [a sentence in propositional logic] and « (it is
query - which is a sentence in propositional logic).

2) Its output is true or false means that knowledge base do resolves a. It shows
that knowledge base |= o, for this it will be shown that (KB A — o).

3) Steps are as follows,
i) (KB A —«) is first converted in to CNF.
ii) Resolution rule is applied to the resulting clauses.

iii) Each pair that contains complementary literals is resolved to produce new
clause.

iv) This new clause is added to set if it is not already present.
V) Step (ii) to (iv) are repeated until one of the two following situations occurs.
a) There are no new clauses that can be added, in which case o does not entail
OR

b) An application of the resolution rule derives the empty clause, in which case o
entails f3,
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Completeness of resolution

The algorithm of resolution is complete. It means that it will surely prodyceg 3 resy
checking all clauses in KB and all the clauses derivable from them. It finds clogyy, Set 0:
clauses set which has all derivable clauses from existing clauses set. It checks the inpy

query against the closure set.

Ground resolution theorem
It states that — "If a set of clauses is unsatisfiable, then the resolution closyre of those

clauses contains the empty clause".
The ground resolution theorem is called as completeness theorem for resolution,

m Forward and Backward Chaining

‘ IEXX] The Horn Clause
| ]

1) Knowledge base contains simple restricted clauses called as Horn clayges A
Horn clause is a disjunction of literals of which at most one is positive,

2)  Horn clause :
- It has atmost one positive literal.
Horn clause with exactly one position literal are called definite literal.
The positive literal is called HEAD of the clause.
The negative literal is called as BODY of the clause.
" A definite clause with no negative literals is called as fact.

Horn clause with no positive literals can be written as an implication whose
conclusion is the literal false. Such horn clause can be used to represent

integrity constraints (conditions) in the databases.
3) Inferencing with HORN clause - For inferencing with Horn clause forward and
backward chaining methods are used.

IEX*] Forward Chaining Method

The concept :
1) It is general concept of data-driven reasoning in which the focus of attention
starts with known data.
2) It can be used within an agent to derive conclusions from incoming percepts.
3) It is used for determining whether a single proposition symbol Q (the query) 1
entailed by the knowledge base of Horn clauses.

4) It initially starts from known facts (positive literals) in the knowledge base.
__-_._—__._'__,_‘-'
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if all the premises of an implication are known then its conclusion is added to
5) ihe set of known facts.

Jf L, and breeze are known and (L1 A Breeze) = B is in the KB then Bi1
can be added.

;) This process continues until the query Q is added or until no further inferences

e
'porward chaining algorithm :
" punction PL-FC-ENTAILS ? (KB, q)
returns true or false
Inputs : KB, the knowledge base, a set of propositional Hom clauses, q, the query, a
proposition symbol.

Local variables :  Count, a table, indexed by clause, initially the number of premises.

inferred, a table, indexed by symbol, each entry initially false.

agenda, a list of symbols, initially the symbols known to be true in KB.
while agenda is not empty do

p « POP (agenda)
unless inferred [p] do
inferred [p] « true
For each Hom clause (in whose premise P appears do decrement count |[c])
if count [c] = o then do
if HEAD [c] = q then retum true
PUSH (HEAD (c], agenda)
retum false.

¢ Properties of forward chaining algorithm
1) Forward chaining algorithm is sound

It means that every inference is essentially an application of modus ponens.
2) Forward chaining is complete.

It means that every entailed atomic sentence will be derived. Algorithm
constructs inferred table for final state. In this table each symbol inferred
during process has true value and false for all other symbols.

3) For example :

Consider a simple knowledge base of Horn clause, as given below.

L. A=Q
2 BAC=> A
e
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DAB=C Lcng&

EAA=B

EAD=B

E

D

AND - OR graph for above Horn clause knowledge base

1) Multiple links joined by arc indicate a
conjunction.

2) Multiple links without an arc indicate a
disjunction.

3) The links should be proved.

4) Inforce propagates up the graph.

w

N oo oa

5) Before proceeding ahead, from conjunction point,

the propagation waits until all the conjuncts are
known. Fig. 5.6.1 AND-OR araph for

Horn ¢l
® The order of clauses considered by forward n clause ks
chaining algorithm for inferencing query Q :
1) E and D are given true.

2) E and D implies B also B and A implies B.
3) D and B implies C.

4) B and C implies A.

5) A implies Q.

6) Therefore Q is true.

IEXEN The Backward Chaining Algorithm

The concept :

1) It works backwards from the query i.e if query Q is known to be true then no
work is needed.

2) Algorithm finds those implications in the knowledge base that conclude Q.

If all the premises of one of those implications can be proved true (by backward
chaining) then Q is true.

3) Backward chaining works down the graph starting at Q until it reaches 2 set of
known facts that forms the basis for a proof.

4) Backward chaining is a form of goal-directed reasoning.

_/_,/‘
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A;fmf'ﬂ’ ”T.’f’fmm " ion should I d "o
: o ful for answering questions such as "what action should I do now" ?

¢ packward chaining is equal to or less than linear in the size of
dge base, [As the process touches only relevant facts].

]Iti

L Cost ©
6)
knoWle . .
xample - [Referring to same knowledge base considered in forward
The €

chaining]

The order of clauses considered by backward chaining algorithm for inferecing
7 query Q (n backovard style) —

Q is implied by A.

A is implied by B and C.

B is implied by E and A as well as E and D.
C is implied by E and D.

E and D are given true in knowledge base.

Therefore from Q we found implications sequence that conclude Q.
Therefore Q is true.

Effective Propositional Inference

For better inferences we need efficient algorithm which are based on model checking.

Algorithm approach can be backtracking search or hill-climbing search. The algorithms
we are going to discuss are for checking satisfiability.

[EEEN A Complete Backtracking Al
Algorithm-~(DPLL)]

The concept :

gorithm [Davis Putnam Logmann-Loveland

1) It takes input as a sentence in conjunctive normal form, which is a set of clauses.

2) It do recursive depth first enumeration of possible models.
3) It determines if input propositional logic sentence (in CNF) is satisfiable.

DPLL.

This
Propositj
table en

A Improved algorithm

algorithm s improvement over earlier general inferencing algorithm for
on logic (The TT - Entails algorithm). There are three improvements over truth
Umeration (TT - entails algorithm) as described below,

) Eary termination :
i)
i)

A clause is trye if any literal is true.

A sentence s false if any clause is false.
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2) Pure symbol heuristic :
i) Pure symbol : Pure symbol always appears with the same "sign" in all claygeg

Example :
In the three clauses (A v — B), (~Bv - C), (Cv A), A and B are pure, C j impyy
.

ii) Make a pure symbol literal true.

3) Unit clause heuristic :
1) Unit clause : It is a clause which have only one literal in the clause,

ii) The only literal in a unit clause must be true.

Example :

If the model contains B = false,
equivalent to (false v — C) or just - C.

____-—_‘_—‘-""—-u-._
The DPLL algorithm for checking satisfiability of a sentence in Propositional logjc
Function DPLL-SATISFIABLE (S) returns true or false

Inputs : S, a sentence in propositional logic.
Clause < The set of clauses in the CNF representation of S.

symbols « A list of the proposition symbols in S.
return DPLL (clauses, symbols, | |)

then (B v = C) becomes a unit clause because it i

DPLL algorithm (the searching procedure)
Function DPLL (clauses, symbols, model)

returns true or false
if every clause in clauses is
true in model then retum true
if some clause in clauses is false
in model then return false
P, value « FIND-PURE-SYMBOL (symbols, clauses, model)
if P is non-null then return DPLL
(clauses, symbols, -P, EXTEND (P, value, model)
P value « FIND-UNIT-CLAUSE (clauses, model)
if P is non-null then return DPLL
(clauses, symbols-P, EXTEND (D, value, model)
P « FIRST (symbols); rest « REST (symbols)
return DPLL (clauses, rest,
EXTEND (P true, model)) or DPLL (clauses, rest, EXTEND (P, false, model)).

e
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@i} FIND-PURE-SYMBOL is a function which returns pure symbol (with value)
or null.

i) FIND-UNIT-CLAUSE is a function which returns a unit clause (with value)
or null.

m Local Search Algorithms for Inferencing in Propositional Logic

The local search algorithm like Hill-climbing and simulated-

directly to satisfiability problems. They work properly when correct evaluation function
s provided to them. The task of algorithm is to find an assignment that satisfies eve

Ty
clause. Therefore, an evaluation function that counts the no. of unsatisfied clauses will
be a good evaluation function choice.

annealing can be applied

EX] Local Search Algorithms Characteristics

1) These algorithm take steps in the space of complete assignments, flipping the
truth table value of one symbol at a time. .

2) The space usually contains many local minima, to escape from which various
., forms of randomness are required.

9) The algorithm is expected to achieve balance between greediness and
" randomness.

EX¥1 Local Search Algorithm for Checking Satisfiability
The WALKSAT algorithm
It is a "random walk" algorithm implementation for satisfiability].
Characteristics of WALKSAT algorithm :

1) It is local search algorithm.
2) Evaluation function :

The evaluation function is the min-conflict heuristic of minimizing the number of
unsatisfied clauses.

It balances between greediness and randomness.

It is more useful when we expect a solution to exist. for e.g. 8 queen problem.

It is incomplete algorithm. It return satisfying model when it succe@ but when
it fails it has problem. When algorithm fails to satisfy the sentence it may enter
into infinite loop because of infinite values of max-flips.

Local search algorithm like WALKSAT, cannot always detect unsatisfiability,
Which is very necessary for deciding entailment.
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For example :
An agent cannot reliably use lo
Wumpus world.

EXE] steps in WALKSAT Algorithm

Function WALKSAT (Clauses, p, max, fhps) returns a Sa“Smeg modsl or fallure.
Inputs : Clauses, a set of clauses in propositional logic. p, the probability of choosing y,

cal search to prove that a square g safe i
the

do a "random walk' move, typically around 0.5 max-flips, number of flips alloweq

before giving up.
Model « A random assignment of true/false to the symbols in clauses.
For i=1 to max-flips do
if model satisfies clauses then return model
with probability p flip the value in
model of a randomly selected
symbol from clause
else flip whichever symbol in clause
maximizes the number of satisfied clauses
return failure.

XX Hard Satisfiability Problems

Easy problems can be solved using any old algorithm but we need algorithm that can
solve hard problems.

If we look at satifiability problems in CNF then we can have a under constrained
(fixed and minimum constraints with some initial assignments to variables) problem
with few clauses.

For example :

Following is 3-CNF sentence [in 3-CNF each clause contains three randomly
generated distinct symbols] with five symbols and five clauses.

(<+Dv=aBv CJA(BVﬁAV-vC)
A(-ﬁCv-.BvE)A(Ev—'DvB)A(BVEV'WC)

Here 16 .of the total 32 possible assignments are model of this sentence therefore on
an average it would just take two random guesses to find a model.

It can be stated that,
if m = Number of clauses
n = Number of symbols.
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i can calculate probability of satisfiability as the ratio m/n,

we
Then
That is,

e o Number of clauses
probability of satisfiabIity = e ymbols

As we can see that, for above 3 CNF sentence this probability,
(5 clauses/5 symbols =1) is exactly 1.

For small values of m and n this probability will be near to 1.
For large values of m and n this probability will be near to 0.

When the m/n = 4.3 the probability drops down at mid level and remains constant.
[t means that at this stage it is "nearly satisfiable" or as well "nearly unsatisfiable".
This is called as critical point while satisfying clauses. If we are solving a problem

where in critical points do come then it is a hard problem.
» Note that :

1) Problems near critical points (hard problems) are mush more difficult than other
random problems.

2) DPLL works effectively on harder problems

It takes averagly few thousand steps compared with 20 =10'5 for truth table
enumeration.

3) WALKSAT is much faster than DPLL for all ranges of problems.

4) Practically, for general purpose problem solutions we can combine min-conficts
heuristic and random walk behaviour.

EX) Knowledge based Agents

m Inference based Agent in Wumpus World - Agent based on
Propositional Logic

It uses inference algorithms and knowledge base like a general knowledge based
agent,

Wumpus world

1) This agent reasons logically about the location of pits (P), Wumpus (W), and safe
squares (S).

2) It begins with a knowledge base that states the "physics" of the Wumpus world.
3) The agent begins its exploration from a square known to be safe.
“Ryia Py

"Ry Wy,

-‘-‘_‘_--_-__'_————___
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4) For every square [x, }1]f if the agent pEI‘CEiVES breeze.... \

5)

6)

Logical Agenrs ang i l

P ‘Ng
Posit, ;’ gy

-R3-Ryg : B,y & (Prys1V Pry-1V Pty V Pe-1y)

For every square [x, y], if the agent perceives stench....

- Rig =Ry : Byy & (Pys1V Poy-1V Prr1yV Pe-1y)
How do we express there is exactly one Wumpus ?
We can represent it in 2 sentences,
a) There is at least one Wumpus R3s : W1V Wiave.v Wy,
b) For any two squares, one must be Wumpus-free.
i) This should be stated for every pair of squares.
ii) [n(n-1)]/2 number of sentences.
~R3g : =Wy v-Wy
~Rg7 1 =Wy v-Wys

~Rys5 ¢

7) We have used 64 distinct symbols in the knowledge base.

Wumpus-World-Agent program

1)

ASK-Entailment computation :
TT-Entails would have to enumerate 2% rows.

DPLL/WALKSAT performs better. DPLL works because it uses unit propagation
heuristic. WALKSAT suffers from incompleteness.

For a large Wumpus world, the number of sentences in the knowledge base wil
be huge.

We could not capture the property "breeze in a square indicates pit in at least
one of directly adjacent square".

Location, orientation in wumpus world

1)

2)
3)

Can we add propositions like,

L1,1 ~ Facing Right A Forward — L.

Knowledge base will entail both L 1,1 and Ly, by using inference rules
What we intended to capture is this

Lum A Facing Right A Forward — L2’1“+”

Facing Right A Turn Left V) - Facing Up (*1
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4) For every times step, one such statement ???

Assuming the problem is solvable in 100 times steps, then 10 thousands of
additional sentences are needed.

@ Circuit based Agent in Wumpus World

These are agents which evaluate logical expression directly in the form of circuits.

characteristics of circuit based agent

1)
2)

3)
4)
5)
6)
7)

8)

9)

Reflex agent with state.

Percepts are inputs to sequential circuit.
It has network of gates and registers.

Outputs are registers corresponding to actions.

Circuits are evaluated in a data flow model.

Value stored at each proposition symbol gives the truth value of the
corresponding symbol at the current time t.

State estimation, is the general task of keeping track of environment state given a
stream of percepts.

For logic based systems : Maintain a representation of the set of all logically
possible world states, given axioms and percepts.

Basic trick : Successor-state axioms define truth of proposition at t+1 from
propositions at t.

For example :
Alive! & Scream! A Alivet™!

L' e (Ltljl1 A(~ Forward!™1v Bump'))v

(L'} A(Facing Down'™! AForward"™)) v (LtZ_,ll A (Facing Left'™! A Forward'"1))

Breeze [J Forward
Stench [ TurnLeft
Glitter [} 1 TumRight
Bump O =| Grab
) -
Scream [—~ [ Shoot

Fig. 5.9.1 Part of a circult based agent for the wumpus world. Figure depicts circuit for

grabbing the gold and the circuit for determining whether the wumpus is alive
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m * Registers are shown as rectangles. -

¢ One-step delays are shown as small rectangle.

Circuit based agent's location
1) One register for each L,,

2)  Agentisin [1, 1] at tif
- The agent was in [1, 1] at t~ ! and has no moved, tried but bump,

- It was at [1, 2] facing down and moved forward.
- It was at [2, 1] facing left and move forward.
Lt1 <2 Ltl'll A (= Forward'™! v Bumpt))

v (L‘I‘Z1 A (Facing Down'~! A Forward'~ )

v (L A (Facing Left!~! A Forward'™ 1))
A

ek
Breeze [ Forward Q
A\
Stench O = — TurnLeft
Glitter [J v 2 V) Ly 4 TurnRight
Bump L Grab
L2t — i
Scream [J FacingLeft Shoot
i
Lig . =
FacingDown _

Fig. 5.9.2 The circuit for determining if the agent is at [1, 1]. Each location and
orientation register has a similar circuit attached

A problem related to circuit base agent
What will be the initial truth value contained in B 44
- The agent cannot set a truth value for it.
- Need to represent unknown, environment.
- Use of knowledge propositions
K(By 4), K (= Byy)

Comparison between Inference Based Agent (IBA) and Circuit Based
Agent (CBA)

1) Conciseness

IBA - It require seperate copies of its knowledge base for every time step-

.
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it do not require seperate copies of its knowledge base for every time step.
CBA -

gents requires physics (expressed as sentences or circuits) for every square and
Both 2

they are not suitable for large scale environment.
re
therefO

;) Computational efficiency

A - It takes exponential time for inferencing. (Time grows exponentially with
: respect to number of symbols)

CBA - It takes linear time for inferencing which is dependent on circuit size.

3) cgmpletenass
IBA :
1) It is complete but with huge time requirements for completeness.
2) It also stores previous states/percept therefore memory requirement is also more.
CBA :
1) It is incomplete for various reasons :
a) Acyclicity restriction in circuit itself which is practically not possibles.
b) For a complete circuit CBA will take exponential time with respect to circuit
size.
2) It forgets all previous states therefore can not draw conclusions based on
previous states/percepts.
4) Ease of construction

IBA - As environment and conditions are simple and clear. It is easy to represent in
propositional logic language.
CBA - The environment considered is limited therefore a circuit is small acyclic and

semicomplete. Hence describing it is easy when relation between percepts and action is

simple and straightforward. It is easy to describe and construct knowledgebase for such
agents.

——

1.

propositional logic.

What is propositional logic ? Explain the knowledge representation using
(Refer section 5.1)

Give the five logical connectives used to construct complex sentences and give the formal grammar
of propositional logic. (Refer section 5.3)
Explain propositional logic. (Refer section 5.1)

What are the limitations in using propositional logic to represent the knowledge base ?
Ans. : Propositional logic has following limitations to represent the knowledge base.

1) It has limited expressive power.

3.
4.
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2) It cannot directly represents properties of individuals or relationg =
individuals. ben\,%‘\

3) Generalizations, patterns, regularities cannot easily be representeq.

4) Many rules (axioms) are required to write so as to allow iﬂfetencin .
5. Give the five logical connectives used to construct complex sentences and give g, formag

of propositional logic. (Refer section 5.1) 8ramp,,
6. Write the algorithm for deciding entailment in propositional logic.

(Refer section 5.1)

m University Question with Answer TS

. Summer-20

k|

Q1  Define propositional logic. (Refer section 5.1)

//
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m First Order Logic - [Predicate Logic]

m Introduction to First Order Logic

It is a expressive language which has well defined syntax and Semantics, [ Useg §
things to represent the world model : hree

1) Objects :

People, houses, numbers, theories, colours, games, wars

nounphrases in natural languages. anq

2) Relations :

Red, round, prime, brother, bigger than, inside, owns, comes between etc. Thege

associations among objects or properties of objects. Relations can be unary such g o
or n-ary such as brother_of.

are
een

3) Function :
Father_of, best_friend, one_more_than etc.
It is a relation in which there is only one "value" for a given input.
For example : "Two plus five equals seven".
Objects - Two, five, seven.
Relation - equals.

Function - plus.

("Two plus five" is the name for the object that is obtained by applying the function
Plus to the objects two and five),

For example : "Multitalented King Krishna Ruled Dwarika."
Objects - Krishna, Dwarika.
Relation - Ruled.
Functions - King, Multitalented.

Properties of First Order Logic

1. It has ability to represent facts about some or all of the objects in the universe.
2. It enables to represent law and rules extracted from real world.

3. It is useful language representation in mathematics, philosophy and Al related
fields.

alse
4. It represents facts in more realistic manner rather than just the true of :

statement. o
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= First order logic makes ontological commitm, _—

Ontological commitment means what assum
nature of reality. First order logic assumes th
certain relationship they hold or not among

ptions language makes about .

at real world consists of objects and
them.

m First Order Logic-Extension to Propositional Logic

First order logic extends propositional logic in two directions -

1) It provides an inner structure for Sentences. They are viewed as expressing
relations between objects or individuals,

2) It provides a means to express, and reason with, generalizations. It makes it
possible to say that a certain pProperty holds for objects, or for some objects, or
for no object.

[XEY Variations of First Order Logic
1. Temporal logic :

It assumes that facts hold at some particular times. These times also have orders,

2. High order logic :
It views the relations and functions referred to by first order logic as objects in
themselves.

EEER Characteristics of Logic

1) Epistemological commitments :

It is ability to show, the possible states of knowled

ge that it allows with respect
to each fact.

From AI agent point of view, any sentence can be true,
states depending on the knowledge base.

2) Probability theory :

false or has no opinion

It is ability to assign a degree of f probability to the sentence ranging from 0 to 1.
It can be a belief probability for agent.

A high probability sentence would be a better choice for Al agent when it needs
to think.
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Puzzy logic Fa[cts vivlth degree of truth known interv4] v, s ;
. e B 0* 1 ; SRR A s U o0 AR ey

Higher-Order Logic

* FOPL is called first-order because it allows quantifiers to range over objects

(terms) but not properties, relations or functions applied to those objects.

Second-order logic allows quantifiers to range over predicates and
well :

XY [(e=y) U ('p p(x) U” ply))]

Says that two objects are equal if and only if they have exactly the same
properties.

't g [(f=g) U ("X f(x) = g(x))]

Says that two functions are equal if and only if they have the same value for all
possible arguments.

* Third-order would allow quantifying over predicates of predicates, etc.
For example : A second-order predicate would be symetric (p) stating that a
binary predicate p represents a symmetric relation.

Higher order logic views the relations and functions referred by first-order logic as
objects in themselves.

funttions as

¢ Higher order logic makes further ontological commitments.

Syntax for First Order Logic
1. Model :

: d
Model of logical language are the formal structures that constitute the possible Wor¢
under consideration. |

In first order language, models have objects in them.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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2. Domain of a model :

3, Relatlon :

It is association among objects.

It is represented as 2 tuple. It is a set of tuples of
objects that are related.

(DY ruple is collection of object in some specific order, written insi angle brackets.
4. Function :

Is a special type of relation in that a given object must be related to exactly one
object in this way.

5. Symbols :

Smallest syntatic element in first order logic are symbols, that can stand for objects,
relations, functions.

o Following are the first order logic's symbols :
1. Truth symbols :

Truth symbols true and false. These are reserved symbols.
2. Constant symbols :

Constant symbols are symbol e

xpressions having the first character lowercase,
they stand for objects.

Example : Cindrella, A, B, Ram, Red, etc.
3. Variable symbols :
These are symbol expressions beginning with an uppercase character and
designate unspecified objects.
Example : X, Y, Z, etc.
4. Predicate symbols :

Predicate symbols are symbols beginning with a lowercase letter and they stand
for relations.

Example : Stepsister, likes, color, etc.
5. Function symbols :
Function symbols are symbol expressions having the first character lowercase

and they stand for functions. Functions have an attached arity indicating the
number of elements of the domain mapped onto each element of the range.

—————
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A function expression consists of a function constant of arj

ty n
' terms t,

t2, t3... t, enclosed in parentheses and separated by Commas,
Example : RightLegShoe, FatherOF, ColorOF etc.

* A example depicting various synatic terms used in first order logic :

Crown

-

fOl lOWe d b

Onhead
T Stepsister
A e
_ ,— Stepsister
’C\,\ /JD\
/;J /
RightLegShoe RightLegShoe
Fig. 6.1.1 Cindrella and Drizella are sisters
Objects :
1. Person princess Cindrella.
2. Person Drizella.
3. Crown.
4. Right Leg shoe of Cindrella.
5. Right Leg shoe of Drizella.
Relation :

1. "Onhead" < the Crown, Princess Cindrella >

2. "Stepsister" < Cindrella, Drizella >
3. "Person" < Cindrella >

4. Person < Drizella >

5. Princess < Cindrella >

Function :

[Every person wears shoe in right leg]

1. < Cindrella the Princess > — Rightlegshoe.
2. < Drizella > — Rightlegshoe

TECHNICAL PUBUCAT!ONS® - An up thrust for knowledge
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m sentence in First Order Logic
1) Terms

i Itis a logical expression that refer to an object or individuals.

ii. Terms are built using constant, variable, and function symbols.

iii. Constant symbols are terms.

iv. Functions are terms.

For example : LeftLegShoe (Cindrella), cat, X, times (2:3), blue, Mother (Ram), Seeta.

2) Atomic sentences

i. An atomic sentence is formed from a

predicate symbol followed by a
parenthesized list of terms.

For example : Stepsister (Cindrella, Drizella)
ii. Atomic sentences can have complex terms as the arguments.
For example : Married (Father (Cindrella ), Mother(Drizella))

iii. Atomic sentences are also called atomic expressions, atoms or propositions.

For example : Equal (plus (two, three), five) is an atomic sentence.

3) Predicates
1 Predicates have a value of true or false.
ii.. A predicate can take arguments, which are terms.

iii. A predicate with one argument expresses a property of an object.
For example : Student (Dipu)

iv. A predicate with two or more arguments expresses a relation between objects.
For example : Likes (Dipu, Books), Likes (Dipu, School-of (Dipu)).
V. A predicate with no arguments is a simple proposition, as in propositional logic.
4) Complex sentences
i Atomic sentences can be connected to each other to form complex sentence.
Logical connectives, A, v, =, — can be used to connect atomic sentences.
For example :
~ Princess (Drizella) — Princess (Cindrella)

(foo (two, two, plus (two, three))) — (equal (plus (three, two), five) = true) is a

Sentence because all its components are sentences, appropriatly connected by
logical operators.

ii,

B

TECHNICA' 1cATIONS® - An up thrust for knowledge



N

Artificial Intelligence 6-8 il Ord_er_!.c_)g_;'i.f??’.cm Logie

T~
* Various sentences in first order logic formed using connectives :

1) If S is a sentence, then so is its negation, — S.

2) If Sy, and S, are sentences, then so is their conjunction, S; S,.
3) ISy and S, are sentences, then so is their disjunction, S; v S,.
4) 1fS; and S; are sentences, then so is their implication, $; — S,.

5) IfS; and S, are sentences, then so is their equivalence, S; = S,.

m Semantic of First Order Logic

Once constant symbols, relations and functions are decided, one neeq the
interpretations to relate various symbols in first order logic. There are many ways ¢,
interpret the relationships as describe below : -

Interpretation
Let the domain D be a nonempty set.

An interpretation over D, is an assignment of the entities of D to each of the

constant, variable, predicate and function symbols of a predicate calculus expression
such that :

1) Each constant is assigned an element of D.

2) Each variable is assigned to a non-empty subset of D; these are the allowable
substitutions for that variable.

3) Each function 'f of arity 'm' is defined on m arguments of D and defines a
mapping from D™ into D.

4) Each predicate 'p' of arity 'n’ is defined on 'n arguments from D and defines a
mapping from D" into {T, F}.
* Given an interpretation, the meaning of an expression is a truth value assignment
over the interpretation.
Truth value of first order logic expression

Assume an expression E and an interpretation I for E over a non-empty domain D.
The truth value for E is determined by : -

1) The value of a constant is the element of D it is assigned to by I.
2) The value of a variable is the set of elements of D it is assigned to by L

3) The value of a function expression is that element of D obtained by evaluating
the function for the parameter values assigned by the interpretation.
4) The value of truth symbol "true" is T and "false" is F.

5) The value of an atomic sentence is either T or F, as determined by the
interpretation I.

——'—'-..-_-F‘-.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge



"

ifcial Inteligence 5-% First Order Logic - Predicate Logic

g The value of the negation of a sentence is T if the

value of the sentence is F and
it is F if the value of the sentence is T.

The value of the conjunction of two sentences js T
is T and it is F otherwise.

~
—

if the value of both sentences

§) The truth value of expressions using v, —, and = is determined from the value of
their operands same as in propositional logic.

m Quantifiers

complex association among the
objects.

There are two quantifiers in first order logic : -
1) Universal Quantifier

2) Existential Quantifier

[XEIEN Universal Quantifier (v)
i) Itis represented using symbol (V)

¥ is pronounced as "for all",

ii) The sentence formed using universal quantifier use a variable.
* Variable :

It is term itself.

It is represented using lowercase alphabets like x, Y, Z.

It can take up value from allowable objects, relation or function set.
A term without variable is called as ground term.
iii) The sentence

¥xP

1
2
3
<

Say that P is true for every object x, where P is a logical expression.
For example :

a) "All Princess are Person" can be represented as,

V x Princess (x) = Person (x)

b) "If the universe of discourse is people, then this means that everyone is

happy" can be represented as,

V x Happy (x)

Iv) '¥' can make statement about every object.
‘--_-_‘_'_——-—_
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V) '='is natural connective to use with 'V,
vi) Common mistake to avoid : Do not use A as the main connective with v

For example :

V x At (x, IIT) A Smart (x)

It means that "Everyone is at IIT and everyone is smart."

It is mistake because you wanted to say "everyone at IIT is smart."

EXBIEY Existential Quantifier (3)

i) These are used to make statement about some objects and not just for a]l.

ii) The objects are not named.
lii) The sentence, 3 x P says that P is true for atleast one object x.

For example :
a) "Princess Cindrella has crown on her head" can be expressed as,

3Ix Crown (x) A OnHead (x, Cindrella)
[Crown is a crown and it is on Cindrella's head]

b) "If the universe of discourse is people, then this means there is at least one
happy person", can be expressed as,

3 % Happy (x)
iv) '3 x' it is pronounced as "There exists an x such that.._."

OR
"For some x....".
V) 'A'is natural connective to be used with '3,
vi) Common mistake to avoid : Do not use = as the ‘main connective with 3.

For example :

3 x At (x, IIT) = Smart (x) is true if there is anyone who is not at IIT.
* First order logic sentences using quantifier :
1) If X is a variable and S is a sentence, then V X S is a sentence.

2) If X is a variable and S is a sentence, then 3 X S is a sentence.

Truth Values of First Order Logic Expressions Containing Quantifiers
For a variable X and a sentence S containing X :

1) The value of V X S is True if S is True for all assignments to X under I, and it is
False otherwise.

2) The value of 3 X S is True if there is an assignment to X in the interpretation
under which S is True; otherwise it is False.
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The Nested Quantifiers
.o multiple (nested quantifier) we can e
[,I]sll‘lif same or different quantifiers.
nesﬂnfsmple nesting using same quantifier ¥]
d For example : "Sisters are siblings" it can be written as,
vx Vy Sisters (x,y) = Siblings (xy).
o [Consecutive quantifier of the same type can be written ag one quantifier with
several variables]
For example : "Siblinghood" is symmetric relationship then we have,
vx,y Sibling (x,y) < Sibling (y,x).

o [Mixing of two different quantifiers]
For example : -

a) Everybody loves somebody.
V x3y Loves (xy)

Xpress complex sentences. We can 4o

b) There is someone who is loved by everybody.
3x V'y Loves (y,x)

In above example :
vy 3 x Loves (y,x)

ans that, for every y there is somebod

y to Love (I!!) (?)
o
Vm Relationship between v/ and 3

Two quantifiers are connected with each other through "negation”,
Saying : "All girls like Rose" means that

"There is no girl who does not like Rose".

¥ x Like (x, Rose) is equivalent to

=3 x ~ Like (x, Rose).

* DeMorgan's rule for quantifiers

1) Vx =P = -3x P

2) -|PA-|Q.=.-|(PVQ)

3) S VxP=3xP

4) 2 (PAQ) = - Pv~Q
5) UVxP = ~3x— P

6) PAQ = (=P v=Q)
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arthcl! ntele= — R
9 P =-Vx—P
8) PVQ E'_‘I('_‘IP/\'_'lQ)
AR Equality
1) In first order logic equality symbol is used to make sentences that can S0y,

two more atomic sentences.
2) It can be used to state fact about given function.
3) It can be used wi

For example : Stepsister (Cindrella) = X

To say "Cindrella has at least 2 step-sisters

we can write 3 x,y Stepsister

Properties of Quantifiers

1) Quantifiers of same type commute
i) VxVyissameasVy VX

ii) 3IxJyissameas3 y I x
For example :
a) Statement 1) VxVy father (x;y) — Parent (x.y)
Statement 2) VyVx father (x,;y) — Parent (xy)
Note that, Both statement 1 and statement 2 are same.
b) Statement 1) 3x3y Likes (x,y) — FriendOF (x,y)
Statement 2) 3y3x Likes (x,y) — FriendOF (x,y)
Note that, Both statement 1 and statement 2 are same.
2) Quantifiers of different type do not commute
JxVy is not the same as Vydx
For example :
a) Statement 1 :
IxVy Loves (x,y)
"There is a person who loves everyone in the world".
Statement 2 :

Vy3x Loves (x,y)

"Everyone in the world is loved by at least one person".
Note that,

Statement 1 and Statement 2 are not same.
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b) Gtatement i
yxJy Mother (x,y)
"Everyone has a mother” (correct)
Statement 2 :
3yVx Mother (x,y)
"There is a person who is the mother of everyone". (Wrong)

3) Quantifier Duality
vx Likes (x, IceCream) is the same as
_3x— Likes (x, IceCream).
3x Likes (x, Brocoli) is the same as
— ¥ x— Likes (x, Brocoli)

[EEEE] The Examples Bank

Here are few varieties of first order logic sentences : -
1) StepSister (Drizella, Cindrella)

Predicate Constant Con%tant
Term Term

Atomic sentence

2) >  [( Length (Leftshoeof (Cindrella) , Length(Leftshoeof (Drizella)))]
Predicate  Function FunctionOF Congant

Term
Atomic sentence
3) Sibling (Cindrella, Drizella) = Sibling(Drizella, Cindrella)
Predicate ~ Term Term Atomic sentence

Atomic sentence

—

Complex sentence

4) Everyone studying in India is smart.

Vx (StudiesIn (x,India) = Smart (x))
Variable Sentences

5) Someone studying in India is smart.
3x (StudiesIn (x, India) A Smart (x))

6) "Ram has an umbrella"can be written as,
Jy (Has (Ram, y) A IsUmbrella (y))
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7) "Anything that has an umbrella is not wet".
Vx [(3y (Has (xy) A IsUmbrella (y))) = — (IsWet (x))]
8) "Any person who has an umbrella is not wet".
Vx [IsPerson (x) = (( 3y (Has (x;y) A IsUmbrella (y))) = — (IsWet (x)))]
9) Ram has at least two umbrellas.
3x [ 3y (Has (Ram, x) A IsUmbrella (x) A Has (Ram, y) A IsUmbre1, (y
= (x=y)]
10) Everyone Has umbrella.
Vx 3y [Has (x;y) A IsUmbrella (y)]
11) If it doesn't rain on Monday, Nimu will go to the school.
— Weather (rain, Monday) — Go (Nimu, School)
12) Sweety is a Doberman pinscher and a good dog.
GoodDog (Sweety)  Isa (Sweety, Doberman)
13) All basketball players are tall.
Vx (Basketball_Player (x) — Tall (x))
14) Some people like cricket.
3x (Person (x) A Likes (x, cricket))
15) If wishes were horses, beggars would ride.
Equal (wishes, horses) — Ride (Beggars)
16) Nobody likes taxes.
=13 x Likes (x, taxes)
17) Sisters are siblings.
Y x, y [Sisters (x,y) = Siblings (x,y)]

2 siviing is symmetric relationship.

18) Siblings is Ssymmetric,

V x, y (Sibling (x, y) & Sibling (v, x)]
19) One's mother is one's female parent.

¥ X, y (Mother (x, y) & (Female (x) A Parent (x, y)))
20) A first cousine is a child of 4 parent's sibling,

Y x, y [FirstCousin (x, y) &3p,

ps (Parent (p,x) A Sibling (ps, P) ~ Parent (ps, y))]
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First order logic semantic example

vA Blocks World".

We can model a blocks world, for a control algorithm written for a robotic arm.

The diagramatic representation is as shown below :

Robotic arm ——=|=
B b

Blocks < . > Blocks
a d
% <— Table

Fig. 6.1.2 The blocks world

First order logic expressions for above situation of block world :

1)

On (c, )

On (b, d)

On Table (a)

On Table (d)

Clear (c) [Clear says that there is no block above argument block]
Clear (b)

hand_empty.

(XKPY Using First Order Logic for Knowiedge Base

1)

2) i

Sentences are added to knowledge base using TELL interface.

Such sentences are called "assertions".

For example : TELL (KB, Princess (Cindrella))

i) When we want to query knowledgebase then ASK interface is used.

ii) Questions asked to knowledgebase are called as queries or goals.
For example : ASK (KB, Person (Cindrella)) will return true.

iii) As an answer to a query knowledge base can retum true or false.

iv) We can use quantifiers in query. But one need to bind or substitute
variables in sentence so as to get fruitful output.

For example : ASK (KB, 3x Person (x))

It will return true but "Who is Person" is more informative than just that
"Somebody is person".

m The Kinship Domain

This is a type of relationship which represent real life family relationships like
FatherQF, MotherOF, SonOF, etc.

®
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For example :
Rajiv is SonOF Indira.
Rajiv's grandfather is FatherOF Indira.

In Kinship domain relationships -
i) Objects - are people.
ii) We can have unary predicates like Male, Female.
iii) Relations are parenthood, Marriage.

These are represented using binary predicates like Parent, Siblin
Grandfathers, etc.

8s, Aunt, Unde

For example :

1) One's wife is one's female spouse ¥ w, h wife (w, h) < (female (w) A Spouse
(w,h))

2) Male and female are disjoint categories V x Male (x) < — Female (x)
3) Parent and child is inverse relation V p. ¢ Parent (p, ¢) & Child (c, p)
iv) Sentences in Kinship domain are called as axioms (rules) or definitions,
v) Some axioms can be theorem i.e. they are derived from other axioms
V x, y Sibling (x, y) < Sibling (y,x).

Number, Sets and Lists

Number, sets, list are the means with which a knowledge base can be easy to build,
because numbers, sets, list have symbols, predicates and functions that can be utilized
for representing knowledge; A brief idea is given in following section :

¢ Numbers :

Using numbers one can represent large theory statements, which can be useful for Al
agent.

For example : To describe natural number theory
1) We need predicate NatNum. It will be true for all natural numbers.
2) We need constant symbol 0 (zero)
3) We need successor function symbol S.
4) There is axiom called as Peano Axiom that define natural number and additior:

5) We can define any natural number using following predicates,
NatNum (0)

¥V n NatNum (n) = NatNum (S(n))
/
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AT

an derive from O any natural number using successor function ie three rar
., we €

be ;zrived from O as,
S((8(8(0)))
——
W (-
——

5 We can have constraints on function like
iy ¥ n O #5(n)
i.e. O can not be a successor of any 'n' as 'O' is first natural number.
ii) V¥ m, n m #n = S(m) # S(n)

7) We can define addition as
¥ m NatNum (m) = + (m, 0) = m
(It means that adding 0 to any natural number gives that number].
¥ m, n NatNum (m) A NatNum (n) = + (S(m), n) = S (+(m, n))

8) Ordinary mathematics have infix notations for expression like m+n (

operator is
between operands)

9) In first order logic we use notation +mn which is called prefix (where operator
comes first).

o Sets:

Set is collection of unordered distinct elements. We can use number theory to

represent set theory. Set theory is also useful for Al a

gent, which can be used for storing
data.

For example :

i) We can use unary predicate set which is true for set.

ii) Binary predicate

a) X €S (x is member of set S)

b)S; 'S, ( Sy is subset of S,)

Lists :

List is a collection of ordered elements and a element can appear repetedly in the list.

[LiSP is a List programming language which makes use of lists and predicates and
ction on those list]
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For example :

Nil is constant list with no elements.

Append - Add element at last in list.

First - Return first element of list are functions.

Find is a predicate which search element in list.

[XEHE Synchronic and Diachronic Sentences

with time are synchronic sentences. They relate
f the same world state. pmpel'ties

1) The sentences dealing
of a world state to other properties O

2) The sentences that allow reasoning “across time" are called 2 d&
. : _ ) 1 .
sentences. That is previous state combined with current action shoy] d achy ¢
Provide

reasoning to determine its current location.
XEL Synchronic Rules for Inferencing

Diagnostic Rules
1) From observed effect they generate hidden causes.

2) They help to deduce hidden facts in the world.

For example : Consider Wumpus world.

Representing Wumpus world environment

1) Various objects in Wumpus world would be squares, pits, the Wumpus, etc.

2) Each square should be named. The fact about adjacent squares should be
specified.

3) Pit can be represented using unary predicate, that is true for squares containing
pit.

4) A single Wumpus in wumpus world is represented using constant Wumpus. As
Wumpus lives in one square its location can be described using functions Like
Home (Wumpus) etc.

5) By having knowledge about places and their properties agent can infer where is

pit and where is Wumpus.

6) The agent will keep on changing its location over time which can be described

using function like,

At (Agent, s, t) means that agent is square 's' at time 't'

TECHNICAL PUBLICATIONS® - An up thrust for knowledge

B

Rt |



o b

First Order Logic - Predicate Logic
telligenc® - o

Y .
jo> <tic rule for finding Pit is,
Diagn® is breezy some adjacent square must contain pit", which is written ac
" Square
N

Breezy (s) =31 Adjacent (1, s) A Pit (r).
Y5

are is not breezy, no adjacent square contains pit", which is written as,
n‘[f squ

v s — Breezy (s) = —~ 3 r Adjacent (r, s) A Pit (r)

B)

Combining A and B clause we get biconditional sentence,
C) Lo

v s Breezy (s) & 3 r Adjacent (r, s) A Pit (r)

m Causal Rules

1) These rules reflect the assumed direction of causality in the world.

2) Some hidden property (fact) of the world causes certain percepts to be generated.
For example : A pit causes all adjacent squares to be breezy.

A. Which is written as
¥ r Pit (r) = [ V s Adjacent (1, s) = Breezy (s) ].

If all squares adjacent to a given square are pitless, the square will not be
breezy, which is written as,

Vs [V r Adjacent (r, s) = — Pit (r)] = — Breezy (s).

A and B can be combined together to form biconditional sentence.
Biconditional sentences are causal in nature because from world state they
can generate facts.

[EETE] Model Based Reasoning Systems and Diagnostic Reasoning Systems
1) Systems that reason with causal rules are called model

-based reasoning systems.
For example :

In Medical Systems where disease needs to be investigated one

can start from diseases process to reach at the conclusion about infected disease.
Symptoms are used as facts about current state

rather than the direct reason for
inference.
2) Systems that directly makes association between facts and conclusion are
diagnostic reasoning systems.
For example :

In ﬁnding infection of the diseases a direct association is made
between the s

ymptoms and conclusion about disease.

3) The rule of thumb is -

Agent designer should concen

trate on getting knowledge right without worrying
about inferencing procedure.

More correct knowledge leads to better inferencing,
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Any complete logical inferencing algorithm will infer 2 gy
description of the world state provided that, ¢ Sh"ﬁngest

i) It receives all possible available percepts.

i) If the axioms are correctly and completely described ey 1l
ac

works and the way the percepts are produced in the world Y the

Ay w

X1 The Wumpus World Represented using First Order |
gic

I¥X] Wumpus World Revisited

1) Agent receives percept with five elements shown as follows : -
Percept ([Stench, Breeze, Glitter, None, None] , 5)
Here percept is binary predicate and stench etc. are constants storeq in th
e list.

2) The knowledge base must contain both the percept and the
, . . € time at whig,
occured. We will use integer for time steps.

3) The actions in Wumpus world can be represented using logical terms.
Turn (Right), Turn (Left), Forward, Shoot, Grab, Release, Climb.

To choose best action from action list the query can be constructed as,

it

3 a BestAction (a, 5).
Reasoning in Wumpus World using First Order Logic

1) We need percept data for reasoning.
2) Raw percept data implies certain facts about the current state.

For example :
v t, s, g m, c Percept ([s, Breeze, g, m, c], t) = Breeze (t)

v t, s, b, m, c Percept ([s, b, Glitter, m, c], t) = Glitter (t).

ning process called perception

3) These rules exhibit a trivial form of the reaso
p]jcation

4) Simple reflex behavior can also be implemented using quantified im

sentences.
For example : V t Glitter (t) = BestAction (Grab, 1) ost act
the
5) Given all above axioms the 'BestAction’ query would returit
as 'Grab'.
—

e o
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K nowledge Engineering in First Order Logic

cess of constructing knowledge base is called as knowledge base engineering.
The pf‘:’vledge base engineering projects vary widely in content, scope and difficulty.
0

These l'mll desigﬁated person called as knowledge engineer will do task of knowledge
A spf;;n};' He is a person who,

in .

) Investigates domain.
2)

3)
M we have Two Types of Knowledge Base

Understands which concepts are important in that domain.

Creates format for representing objects and relations.

1) General purpose knowledge base : Which is intended to support queries about

full range of human knowledge. In this, we can expect any kind of query which
knowledge base will have to infer.

7) Special purpose knowledge base : Which has restricted domain [which can be a
certain problem specific domain].

Here expected queries are known in advance.

[EX1 steps in Knowledgebase Engineering Process
1) Identify the task :

i. The knowledgebase engineer must find the range of questions that

knowledgebase will support. He should also find the facts that would be
available for each specific problem instance.

ii. Once the task is identified it will determine what knowledge must be
represented in order to relate problem instances to answers.

iii. Note that identifying the task is similar to PEAS designing.

iv. For example : In Wumpus world knowledgebase engineering process, knowledge
engineering should decide = Whether knowledgebase need to be able to choose

actions or it is required to answer questions only about the contents of the
environment ?

2) Assemble the relevant knowledge :
1 This is the process of knowledge acquisition.

ii. At this stage knowledge is gathered.
iii. This step helps to understand how the domain actually works.

TECHNIT LICA TJDNS® - An up thrust for knowledge
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iv. This process is carried out by an expert in the underlyin

Vi,

g d()m :
knowledge base engineer himself or knowledgebase engineer can taﬂkln_ [eithe,
&

help).
For example : In Wumpus world, the set of rules, the relat

8

. , ed an
understood in this phase of knowledgebase engineering procegs. Actig -
In real world domain it is difficult to study and gathe, e
environment is complex. edge -

For example : In VLSI design one needs to consider stray Capacitances
effects. and g

3) Decide vocabulary of predicates, functions, and constants :

1.

ii.

iv.

This step move towards formal representation of knowledge assembled i
€p 2

Domain-level concepts are translated into logic level names, The
translation will involve lots of questions about domain like, what is
it likes ?, What it do ?, How it changes states etc.

Process

this ?, What

The translated version of problem domain knowledge will contain
functions, constants, terms. All these things together form the voc
problem-domain.

Predicates,
abulary of

Vocabulary of problem-domain is called as Ontology. The ontology determine
what kinds of things exists, but does not determine specific properties ang
relationship about them.

4) Encode knowledge about the domain :

In this step knowledge engineer formally list down the axioms for all the
vocabulary terms. It is noting of the meaning of the terms, enabling the expert to
check the content.

If some terms are found missing or irrelevant then the mistakes are corrected
using step 3 again.

If additional terms are found they are added to ontology. Invalid terms are
removed from ontology. Thus the ontology is updated.

5) Encode a description of the specific problem instance : -

1.

1.

If ontology is well defined encoding the description becomes easy-

This step involves writing simple atomic sentences about instances of van®
concepts that are part of ontology.

. b !
For example : For a logical agent various problem instances can be suPphed }
its sensors.
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Jisembodied knowledge base the instances can be generated by expected
For 15

input:

ories to Inference procedure and get outputs : -

u

g e : this step the trials (demos) of querying the knowledge base are conducted.

In

The inference procedure is applied on axioms and problem specific facts to get
e

ii.
the reSUltS-

7) Debud the knowledgebase :

. 1f step 6 succeds, its the reward of the first 5 steps.

1.

. But if one is getting unexpected results of queries then knowledge base is
g debugged for errors.

i, There are various reasons why inferencing can fail. The axioms can be missing,
l g - -
axioms can be weak to infer related query, axioms is wrong, are some of the
reasons for failure.

For example :

The axiom V x Numoflegs (x, 4) = Mammal (x)

The above statement is false for reptiles. Here some other necessary axioms are
missing.

iv. Step 6 and 7 will be carried out repeatedly to make 100 % error free knowledge
base.

[EE] Knowledge Engineering in First Order Logic for the Electronic Circuits
Domain
 Electronic circuit domain example - One-bit full adder

1. Identify the task : Does the circuit actually add properly ? (circuit verification)

2. Assemble the relevant knowledge :

N =
9 9

>r+—>—L

Ol )12

5
R

Fig. 6.3.1 A digital circult C1 designed for one bit full adder

e -

T
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3. Decide on a vocabulary / encoding :
Alternatives -
Type (Xq) = XOR
Type (X1, XOR)
XOR (X1)

4. Encode general knowledge of the domain :

YVt , b Connected (t1, t2) = Signal (t;) = Signal (t,)

VtSignal(t)=leignal(t)=0 1#0

Y ty, t, Connected (ty, t,) = Connected (t2, t;) |

v g Type (g) = OR= (Signal (out (1, g) =1 3In Signal (In (n, §)=1
v g Type (g) = AND = (Signal (out (1, g)) = 0 < 3n Signal (n (n, g) -

v g Type (g) = XOR=> (Signal (out (1, g)) =1 = Signal (n 1, g)) # Signal n

v g Type (g) = NOT = Signal (out (1, g)) # Signal (In (1, g)).
5. Encode the specific problem instance :
Type (X;) = XOR Type (X;) = XOR
Type (A1) = AND  Type (A ;) = AND
Type (04) = OR.
connected (Out (1, X,), In (1, X;))
connected (In (1, C1), In (1, X;))
connected (Out (1, X;), In (2, A,))
connected (In (1, C1), In (1, A{))
connected (Out (1, A,), In (1, O1))
connected (In (2, C;), In (2, X;))
connected (Out (1, A ), In (2, O,)
connected (In (2, Cy), In (2, A{))
connected (Out (1, X,), Out (1, C,))
connected (In (3, C;), In (2, X,))
connected (Out (1, O,), Out (2, Cy)
connected (In (3, C;), In (1, A 5))
6. Pose the queries to the inference procedure.

o it 7
What are the possible sets of values of all the terminals for the adder ia
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i, A Signal (In (2, C1)) = iz A Signal (In 3, C4)) =

i, A Signal (Out (1, ¢1) = 01 A Signal (Out (2, Cy) = 0,
3

Debug the knowledge base -
May be you have omitted assertions like 1 # 0, etc. ?

X1 Inference in First Order Logic

We have seen how to make sound and complete inference for Propositional logic.
These results can be extended to obtain algorithms that can answer any question (if it
has answer) stated in first order logic.

[XE] Inferencing in First Order Logic

The semantics of first order logic provides a basis for a formal theory of logical
inferences. These new derived inferences are correct in the sense that they are consistent
with all previous interpretations of the original set of expressions.

6-25 First Order Logic - Predicate Logic

The inference rules provide a computationally feasible way to determine when an
expression, a component of an interpretation, logically follows for that interpretation.

The concept "logically follows" provides basis for proofs of the soundness and
correctness of inference rules.

An interpretation that makes a sentence true is said to satisfy that sentence. An
interpretation that satisfies every member of a set of expressions is said to satisfy the set.

An expression X logically follows from a set of first order logic expressions S if every
interpretation that satisfies S also satisfies X. The function of logical inference is to
produce new sentence that logically follow a given set of first order logic sentences.

The inference rule is essentially a mechanical means of producing new first order
logic sentence from other sentences.

When every sentence X produced by an inference rule operating on a set S of logical
expressions, logically follows from S, the inference rule is said to be sound.

If the inference rule is able to produce every expression that logically follows from S,
then it is said to be complete.

m Definition of Various Terms used in Inference Theory
L. Satisfy, Model :

For a first order logic expression X and an interpretation I,

If X has a value of T under I and a particular variable assignment, then [ is
said to satisfy X.

L= If I satisfies X for all variable assignments, then I is a model of X.

TECHNICAL PUBL!CAT!ONS® - An up thrust for knowledge
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2. Inconsistent :
For a first order logic expression X and an interpretation I,
X is satisfiable if and only if there exist an interpretation

- Variap),

L
assignment that satisfy it; otherwise it is unsatisfiable.

e A set of expressions is satisfiable if and only if there exist an interpret,y; -
and

variable assignment that satisfy every element.
If a set of expressions is not satisfiable, it is said to be inconsistent,

3. Valid :
For a first order logic expression X and an interpretation I, If X hag , value T ¢,
r

all possible interpretations, X is said to be valid.

4. Proof Procedure :
A proof procedure is combination of an inference rule and an algorithm s
applying that rule to a set of logical expressions to generate new sentences.

EXE] inference Rules

1) Modus ponens :
If the sentence P and P -> Q are known to be true, then modus ponens lets ys
infer Q.
For example : If we have statment, " If it is raining then the ground will be wet"
and "It is raining". If P denotes " It is raining"” and Q is "The ground is wet" then
the first expression becomes P — Q. Because it is indeed now raining (P is true),

our set of axioms becomes,
B0

P}
Through an application of modus ponens, the fact that "The ground is wet" (Q
may be added to the set of true expressions.

¢ The generalized modus ponens :
For atomic sentences P;, P, and q, where there is a substitution Q such that

SUBST (6, P{) = SUBST (8, P)),
For all i,

10— I);,;(Pl APZA....APn=>q)
SUBST(B,q)

the one

There are n+1 premises to this rule : - The 'n' atomic sentences p; and the
implication. The conclusion is the result applying the substitution 6 t©

conseq uent q.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge



g

- ntelligence —
il MeN9Z——

Princess (Cindrella) Py is - Princess (x)

6-27 First Order Logic - Predicate Logic

Py 8 - | .
[)i is - Kmd ()7) P2 is - Kind (x)
8 is {x/Cindrella, y/ cindrella} q is GoodHearted (x)

GUBST ( 8, q) is, GoodHearted (cinderella).
) Modus tollens :

Under the inference rules modus tollens, if P—Q is known to be true and Q is
1nown to be false, we can infer - P.

For example : Given that,
i) EngineStarts A = FlatTireJ=> Car OK

[ —)
P Q
ij) -~ Car OK
Q

Then by Modus tollens,

- (Engine Starts A — FlatTire) which is equivalence to — [Engine Starts v FlatTire]
~P

3) And elimination :

And elimination allows us to infer the truth of either of the conjuncts from the
truth of a conjunctive sentence. For instance, P A Q is true. Lets us conclude that
P and Q are true.

4) And introduction :

And introduction lets us infer the truth of a conjunction from the truth of its
conjuncts. For instance, if P and Q are true, then P A Q is true.

5) Inference rules for quantifiers :
L. Universal Instantiation (UI) :

This rule states that, we can infer any sentence obtained by substituting a
ground term (a term without variable) for the variable.

Formally, this rule is described with the concept of substitution.
Substitution :

SUBST (6, S) denotes the result of applying the substitution 8 to the sentence S.

With the substitution we can write Ul rule as follows,
_ Yovs
SUBST ({v /g},Sj

f”r any variable V, ground term g.
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UI can be applied many times to produce many different consequences.

For example :

All beautiful princess are GoodHearted.

V x Princess (x) A Beautiful (x) = GoodHearted (x)

From above axioms we can infer following permissible sentences : -

1. Princess (Seeta) A Beautiful (Seeta) = GoodHearted (Seeta)

ii. Princess (Indumati) A Beautiful (Indumati) = GoodHearted (Indumati)

iii. Princess (Mother (Seeta)) A Beautiful (Mother (Seeta)) = Good Hearted (Mothey
(Seeta))

2. Existential Instantiation (EI)

This rule states that, "For any sentence S, variable V and constant symbol k that does
not appear else where in the KB, following statement holds,
3NS5
SUBST({V / k},S)

Basically the existential statement say that, there is some object satisfying a condition.

The instantiation process is just giving a name to this object. [It should be noted that
this name must not already belong to another object].

For example :
3 x Crown (x) A OnHead (x, Cindrella)

We can infer sentence,

Crown (H) A On Head (H, Cindrella) as long as H does not appear else where in the
knowledge base.

Existential Instatiation can be applied once and then existentially quantified sentence
can be discarded.

For example :

If we add sentence,

Arrested (Police, Thief) then we do not need,

3 x Arrested (x, Thief)

EXX3 Reducing First Order Logic Inferences to Propositional Inferences

1) In first order logic, we can use rules of quantified sentences to infer
non-quantified sentences.

2) Using this rules we can reduce first order lo

e e i
gic inferences to Propositional 108!
inferences.

__.__________,_,-ﬂ
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Universal instantiation sentence can be replaced by all possible instantiations.
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technique : - ; 5 :
The tified sentence can be replaced by one instantiations. (i.e one

-quantified sentence).

For example :

v x Princess (x) A Beautiful (x) = GoodHearted (x).

We can apply universal instantiation to this sentence, using all ground terms in
knowledgebase.

For example -

We can have ground terms,

Princess (Cindrella)
Beautiful (Cindrella),
then from universal instantiation we get,

GoodHearted (Cindrella)

4)

5)

6)

We can add the sentence to knowledge base and discard universal quantified
sentence. This technique is called as Propositionalization. Once we get all terms

in Propositional logic, we can apply all algorithms of Propositional logic to these
sentences.

Every first order logic knowledge base and first order logic query can be

Propositionalized in such a way that entailment is preserved. It is a complete
decision procedure.

Critical Problem : When a knowledge base contains functional symbol a set of
possible ground term substitution is infinite.

For example :

‘Mother' symbol can be infinitely nested like,
Mother (Mother (Mother (Seeta)))

For first order logic, if we are deriving inference, the algorithm for inferring is
surely going to output true for every entailed sentence. But there is no algorithm
which outputs false to every non-entailed sentence. This is termed as
semidecidable property of first order logic for entailment.

m Concept of Lifting

1)

2)

Lifting means giving additional facilities (that is generating new modified version
with upgradation).

Generalized Modus Ponen is lifted version of Modus Ponen (A rule in
Propositional logic).
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3) Lifting of the rule is done from Propositional logic version to first Order logjc
version.

4) Similar to Modus ponen we are going to st—ud}‘r lifted upgrated. \.:ersions [fTOm
Propositional logic to first order logic] of unification, forward chaining, Backwar d
Chaining and resolution procedures.

XX} unification

1) It is the process of finding substitutions for lifted i'nference rules, which iy
make different logical expression to look similar (identical).

2) Unification is an procedure for determining substitutions needed to make ty,q
first order logic expressions match.

3) Unification is important component of all first order logic inference algorithmg

4) The unification algorithm takes two sentences and returns a unifier for them, jf
one exists.

The algorithm statement is as follows : -
Unify (p, q) = 6 where,

SUBST (6, p) = SUBST (8, q).

For example :

Suppose we have query-whom does Manmohan meets ? ie first order logic
query is Meets (Manmohan, x)

Some answers to this query can be found by searching all the sentences in
knowledge base that unify with Meets (Manmohan, x).

Following are results with 4 different sentences that might be in knowledge base.
L. Unify (Meets (Manmohan, x), Meets (Manmohan, Sonia)) = { x/ Sonia}

ii. Unify (Meets (Manmohan, X), Meets (y, Sharad)) = { x/Sharad,
y/Manmohan}

iii. Unify (Meets (Manmohan, x), Meets ( y/Friend (y))) = { y/Manmohan,
x/Friend (Manmohan)}

iv. Unify (Meet (Manmohan, X), Meets (x, Mayawati)) = Fail
The last unification failed.

Note that, Meets (x, Mayawati) means everybody meet Mayawati. It was very straight
forward that Manmohan meets Mayawati. But problem arised due to clash between
variable name x, which appeared in both sentences,

Solution to variable name-clash :

We can rename variable in one of the sentences where it is clashed. This is called a3
Standardizing apart one of the two sentences.

——'—'_'—_'_—'-.-—-
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For €

Meets gentence,

(X Mayawah) we rename X as Z. |
- (}V[eets (Manmohan, ), Meets ( Mayawati)) = { x/Mayawati, z/Manmohan}
Unify

fn our

‘thfY

ggf',/—/
tion unify (EL, E2) ;

Func
begin

Case
poth E1 and E2 are constants or the empty list: // Recursion stops

f E; = E, then return {}
else return FAIL ;
El is a variable :
If E1 occurs in E2 then return FAIL
else return {E2/E1} ;
E2 is a variable :
if E2 occurs in E1 then return FAIL
else return {E1/E2}
either E1 or E2 are empty then return FAIL // the lists are of different sizes
Otherwise : // both E1 and E2 are lists.
begin
HE1 : = First element of E1 ;
HE2 : = First element of E2 ;
SUBSI1 : = Unify (HE1, HE2) ;
if SUBS1 : = FAIL then return FAIL ;
TE1 : = apply (SUBI, rest of E1) ;
TE2 : = apply (SUBI, rest of E2) ;
SUBS2 : = Unify (TE1, TE2) ;
if SUBS2 = FAIL then return FAIL ;
else return composition (SUBS1, SUBS2)

end

end // end case
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e Most General Unifier : (MGU) : “G\QE
1) We are finding substitution that makes two arguments look the same.
2) There can be more than one substitutions that can make twq argumeng, ;
same. 90K the
In our example of Meets sentence
Unify (Meets (Manmohan, x), Meets (y,z))
will return
{ y/Manmohan x/z}
OR { y/Manmohan, x/Manmohan, z/Manmohan}
3) From above example we can conclude that
First unifier gives Meets (Manmohan, z)
Second unifier gives Meets (Manmohan, Manmohan)
The second unifier is obtained from first by an additional substitution,
{ z/Manmohan}
Here, we say that first unifier is more general than the second because it places
fewer restrictions on the values of the variables.
4) For every such unifiable pair of expressions, there is a single most geners)
unifier which is unique upto renaming of variables.
In our example { y/Manmohan, x/z}
5) General steps to find Most General Unifier (MGU) and problems associated in

finding MGU.

i) The algorithm recursively explore the two expressions simultaneously "side
by side", building up a unifier along the way. It fails at a stage when two
corresponding points in the structure do not match.

ii) The algorithm has one expensive step, (in terms of multiple checks). When
matching a variable for a complex term, one must check whether the variable
itself occurs inside the term. If it does occurs then the match fails because 10
consistent unifier can be constructed. This "Occur check" make algorithm
expensive in terms of time. The time complexity becomes equivalent 10

quadratic in the size of the expressions being unified.

i
lii) Because of huge time complexity some systems drops the "Occur u:h.c:ckmmr
fore mat

these systems then can become unsound inference systems. There Have

: e
systems use different procedures for finding MGU, than the one w
discussed here.
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tion algorithm procedure :
(Parents X (Father X) (Mother bill)) and (Parents

o senting unifica
A Tre€ diag’ in the unification of
| (Father bilD) Y)-
er X)(Mother Bill)), (Parents Bill (Father Bill)Y))

Unify First Elements
and Apply

1. Unify ((Parent X (Fath

/
: —— 3. Unify ((X(Father X)(Mother Bill)),
2. Unify (Parents, Parents) (Bill(Father Bill)Y))

Fig. 6.4.1 Unification Process 1

Further steps in unification of (Parents X (Father X) (Mother bill) and (Parents bill

(Father bill) Y)

1. Unify ((Parents X (Father X)(Mother Bill)), (Parents Bill (Father Bill)Y))

Unify First Elements
and Apply
#\Substitutions to Rest

/ Return { }

/
2. Unify (Parents, Parents) 3. Unify (X(Father X)(Mother Bill)),
(Bill(Father Bill)Y))

Unify First Elements
and Apply

7/ Substitutions to Rest

(A
7" Return {Bill/X}

4. Unify (X, Bill) 5. Unify (((Father Bill)(Mother Bill)),
((Father Bill)Y))

Fig. 6.4.2 Unification Process 1I

* Final tra.ce of the unification of (parents X(father X) (mother bill)) and (parents bill
(father bill) Y). (See Fig. 6.4.3 on next page.)

Eﬂ Storage and Retrieval of Data from Knowledge Base
1) .
E)HOWIedge base has basic two functions for storing and then fetching the data
I use.
i 5 ;
) The TELL function is used to store data in knowledge base.
ii. ,
The FETCH function is used to retrieve data from knowledge base.

——

—

L
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1. Unify (Parents X (Father X)(Mother Bill), (Parents Bill (Father Bill)Y))
;(Unify First Elements \Returﬂ {(Mother Bill) /Y,

and Apply BIll/X)
/#\substitutions to Rest

\‘\‘I

4
__"retum{ }
', .
—— A " 3. Unify (X(Father X)(Mother Bill)),
2. Unify (Parents, Parents) (Bill(Father Bill)Y))
Unify First Elements 5
and Apply Ret
/#\Substitutions to Rest U (Mother Bily v
_‘,/Rerum {bill/X} \
4, Unify (X, Bill) 5. Unify (((Father Bill)(Mother Bill)),
((Father Bill)Y))
Unify First Elements
and Apply
//“\Substitutions toRest
/ /I'Rsturn{}
6. Unify ((father bill),(father bill)) 11. Unify ( l(Mothe
r
Unify first elements Unify Fi Bm]
and apply an::ISt Clomen
/.- substitutions to rest SUbStitutlonst R
return O Rest/\
/" return {} 0 / Return {(Mothar \
Bill ry

8. Unify ((BI") (Bill)) 12, Unify[ (Mother Bm Y)

Unify First Elements
and Apply
Return {} /#\ Substitutions to Rest Return {}

9. Unify (Bill, Bil) 10, Unrfy 0.0)

7. Unify (Father, Father)

Fig. 6.4.3 Unification Process III

2) Internally TELL function is implemented as STORE(S) primitive (basic
functionality), which stores a sentence S into the knowledge base.

3) Internally ASK function is implemented as FETCH(q) primitive (basic
functionality), which returns all unifiers such that the query 'q' unifies with some

sentence in knowledge base.

Knowledge base implemented as a long list
1) The simplest way to implement STORE and FETCH is to keep all the facts in the

knowledge base in one long list.

2) The given query 'q' will then call UNIFY (g, s) for every sentence S in the lis
use it will unify each aﬂd
entences)

s only

3) Such a process is inefficient in terms of time taken beca
every statement of knowledge base (which may unify unnecessary

4) In such case FETCH can be made efficient by unifying those sentence

which will have a chance to be unified. //
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For example : | |
There is N0 point in trying to unify
ts (Manmohan, x) with the sensence,
Mee
Father (Ram, Manmohan)

We can avoid such unification by indexing the facts in the knowledge base.

A simple indexing called predicate indexing puts all the "Meets" facts in one
bucket (stored collection) and all the 'Father facts in another bucket. These
puckets (stored collection) can be stored in hash table for fast access.

Predicate indexing is useful when there are man
are few clauses for each symbol.

If there are many clauses for single symbol then the bucket of this symbol will
be too large and again the search will be inefficient (more time incurred),
We can solve large buckets problem with the help of multiple indexing.

We can index fact both by predicate and by first or
by using composite (combined) key for hash table.

Y predicate symbols and there

second argument of the fact

Then we can simply construct the key from the query and retrieve exactly those
facts that unify with the query.

If we index the fact with first argument combined with predicate then it can be
stored under multiple index keys.

(P which will answer various queries, unified by this predicate).
Given a sentence to be stored in a knowledge base it is possible to construct
indices for all queries that unify with it.
For example :
The fact TEACHES ( Radhakrishnan, Dipu)
Will have following sets of queries
a. TEACHES (Radhakrishnan, Dipu)
Does RadhaKrishnan teaches Dipu ?
b.  TEACHES (x, Dipu)
Who teaches Dipu ?
¢. TEACHES (Radhakrishnan, y)
Whom does Radhakrishnan teach ?
d. TEACHES (x, y)

Who teaches whom ?
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10) The subsumption lattice :

; lection fre
i. The above set of queries are said to form @ aal ¢ called o

Subsumption lattice.
ii. Properties of subsumption lattice :
a. The child of any node in the lattice is
substitution.
b. The highest common descendent of an
applying their most general unifier.

c. The portion of the lattice, above any gro
systematically as shown in following figure,
TEACHES (X, ¥)

o

TEACHES (x, Dipu) TEACHES (Radhakrishnan, y)

~_

TEACHES (Radhakrishnan.Dipu)
Fig. 6.4.4 Portion of subsumption lattice

obtained from its parent by singje
y two nodes is the result

und fact can be constructeq

A subsumption lattice whose lowest is the sentence,
TEACHES (Radhakrishnan, Dipu).

d. A sentence with repeated constants has a slightly different lattice as
shown in following figure.

TEACHES (x, ¥)

T~

TEACHES (x, Dipu) ~ TEACHES (x,x) TEACHES (Radhakrishnan, y)

\/

TEACHES (Dipu, Dipu)

Fig. 6.4.5 Portion of subsumption lattice with repeated constants

e. Function symbols and variables in the sentence will have different lattice
structure.

The lattice representation work well when it contains small number of
nodes.

g For a predicate with n arguments, the lattice contains O (2") nodes.

—
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First Order Definite Clauses

They are disjunctions of literals of which exactly one is positive.
A definite clause is either atomic sentence or is an implication whose antecedants
(left hand side clause) is a conjunction of positive literals and consequent (Right

hand side clause) is a single positive literal.

For example :
Princess (X) A Beautiful (x) = GoodHearted (x)

Princess (X)

Beautiful (x)

First order logic literals can include variables, in which case those variables are
assumed to be universally quantified.

Generally, universal quantifiers are omitted while writing definite clauses.
Definite clauses are suitable formal forms to used with generalized modus
ponen.

Not every knowledge base can be converted into a set of definite clause, because
of single-positive-literal condition.

Set of FOL definite clauses with no function symbols is called as Datalog
knowledge base.

The absence of function symbols in Datalog Knowledge base helps to make
inferencing easy.

X inferencing Algorithm for First Order Logic

[YXX] Forward Chaining (Lifted Forward Chaining)

1)
2)

3)

4)

5)

—

Forward chaining is applied to first order logic definite clauses.

Definite clauses such as, situations = Response are especially useful for systems
that make inference in response to newly arrived information. Forward chaining
can be more efficient than resolution theorem proving if systems are represented
in definite clauses.

Starting from known fact, it triggers all the rules whose premises are satisfied,
and add their conclusions to known facts.

The process repeats until query is answered (assuming there is only one answer
expected) or no new facts are added (that is query remains unanswered).

Fact is not considered new if it is simply renamed version of existing fact. One
sentence is renaming of another sentence if they are identical except for the

names of the variable.

R —— s i e
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For example :
Likes (x, Rose) and
Likes (y, Rose)

are renaming of each other because they differ only in variabje Name, -
means the same "Everyone likes Rose".

6) In the algorithm a situation comes when no more new inferences are

. . . pOSSible‘ At
this stage, knowledge base is called as Fixed Point of the inference Process

First Order Logic Fixed Point (KnowledgeBases) can include Uniy

ETSaly
quantified atomic sentences.
7) Performance measurement of forward chaining : -

i. It is sound. Every inference is just an application of generalized Mody

ponen which is sound.

ii. It is complete for definite clause knowledge base. It answers query
knowledge base entails it. One can prove completeness of Datalog i
simple steps.

iii. If K- is the maximum arity (number of arguments) of any predicate, P- the
number of predicates and n - number of constant symbols then there can
be maximum (P*n)K distinct ground facts. After this, algorithm will reach
fixed point.

8) Definite clauses with function symbols can generate infinitely many new facts. So
extra care should be taken here to avoid infinite knowledge base growth.

9) If the query has no answer the algorithm may fail to terminate in some cases.

Forward chaining procedure :

Function FOL-FC-ASK (KB, ) returns a substitution or false

inputs : KB, the knowledge base,

a set of first-order definite clauses. o, the query, at
atomic sentence,

Local variables : New, the new sentences inferred on each iteration.
repeat until new is empty

new « {}

For each sentence r in KB do

~ Fn = q) < STANDARDIZE - APART (1) / * Resolve name clash */
For each 6 such that SUBST ©, P; A ... AP,) = SUBST (o, Bi e By)

For some P.... P/, in KB I

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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ming of some sentence already in KB or new

then do
add q’ to new

o « UNIFY (q’ o)
s not fail then return ¢ add new to KB.

Forward chaining example :
Consider the following problem :

"The law says that it is a crime for an American to sell weapons to hostile nations.
The country Nono, an enemy of America, has some missiles, and all of its missiles were
sold to it by Colone West, who is American".

We need to prove "West is Criminal".

The first order definite clause for above problem domain are as follows : -

1)

2)

3)

4)

5)

6)
7)

".... it is a crime for an American to sell weapons to hostile nations" : -
G American (x) A Weapon (y) A Sells (x, y, z) A Hostile (z) = Criminal (x).

"Nono...has some missiles". The sentence 3 x Owns (Nono, x) A Missile (x) is
transformed into two definite clauses by existential elimination, introducing a
new constant M; : G

Owns (Nono, M,)
Missile (M)
"All of its missiles were sold to it by Colonel West" : G
Missile (x) A Owns (Nono, x) = Sells (West, x, Nono)
“We will also need to know that missiles are weapons :
Missile (x) = Weapon (x)
We must know that an enemy of America counts as "hostile” : G
Enemy (x, America) = Hostile (x).
"West, who is American .... " :G American (West).
"The country Nono, an enemy of America ...." G Enemy (Nono, America).

m * In the proof tree initial facts appear at the botiom level.

\_‘_-_-‘__‘__‘_—-——_

e

* Facts inferred on the first iteration appear in the middle level.
o Facts inferred on the second interation appear at the top level.
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Facts inferred —
on the second Criminal (West)
iteration

Facts inferred
on the first
iteration

Weapon (M4) Sells (West,M,,Nono)

|_—

| »
Initial fact | American (West) Missile (M) om0 ik

Fig. 6.4.6 A proof tree generated by forward chaining algorithm on crime eXample
Efficiency of Forward Chaining :
Source of complexity for first order logic forward chaining - ASK are a5 follows,
1) Inner loop searches all unifiers therefore Pattern matching is expensive,
2) Every rule is tested again in each iteration.
3) Algorithm may produce many facts not relevant for the goal.

1) Matching rules with known facts :
i. To apply Missile (x) = Weapon (x), find all facts which unify with Missile (
G This can be done in constant time using indices.
ii. To apply Missile (x) A Owns (Nono, x) = Sells (West, x, Nono),
We can either,

G First find all objects Nono owns
and then test if the objects are
missiles or

X).

First find all missiles and then
test if they are owned by Nono.

G This is the problem of conjugate
order.

a) Choose and order which
minimizes  overall  costs
(depends on knowledgebase).

b) Use heuristics, example,
"most constraint variable"
aka "Minimum Remainin

the
Value (MRV)", Fig. 6.4.7 Constrait '%r::h for colouring
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C) Pattem m
Every conjunct is 2 constraint for the contained variables.
d) Bv
.. Hard matching example :
iii. Consider the constraint graph for colouring the map [Refer chapter 3 for detail
0
description]
Every CSP with finite domain can be expressed as follows : -
L]

o Asa single definite clause : -
Diff (wa, nt) A Diff (wa, sa) A Diff (nt, q)

A Diff (nt, sa) A Diff (g, nsw) A Diff (g, sa)

« Diff ( nsw, v) A Diff (nsw, sa) A Diff (v, sa) = Colorable ( )
. With the according facts : -
Diff (Red, Blue) Diff (Red, Green)

Diff (Green, Red) Diff (Green, Blue)
Diff (Blue, Red)  Diff (Blue, Green)
¢, Colorable ( ) is inferred iff the CSP has a solution,
G, CSPs include 3SAT as a special case, hence matching is NP - hard.

G, NP completeness of forward chaining in its inner loop put into following aspects
perspective : -

a) Most rules in real world knowledge bases are small and simple in contrast to
CSP formulation.

i) In database world :
1. Often there are limits for rule sizes and predicate arity.
2. Inference complexity is just dependent on number of facts.
b) Generate subclasses of rules which are efficient.
1. Each Datalog clause can be seen as CSP.
2. Solve the CSP, if it is a tree, it is solvable in linear time.

3. Same can be done for the rules, for example, delete SA in prior example.
That is,

Diff (wa, nt)  Diff (nt, q) A Diff (q, nsw) A Diff (nsw, v) = Colorable ()
¢) It avoids redundant rule matches.

2) Incremental forward chaining :

. Simple first order logic - forward chaining - ASK would repetitively and
redundantly match rules,

TECHNICAL !'-’L:‘BLJ’C."l'."'A‘CJ.‘\J'S® - An up thrust for knowledge
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Missile (x) = Weapon (x) during second iteration.
Observation :

No need to match rule on iteration k if a premise wasn't addeq ... .
(k-1)! O iteragiy,

a. Match each rule whose premise contains a newly added positiye litera]

b. Match rule its premises contain a fact P which unifies with 5 fact p/ 4.

duri i den\'ed
uring k-1.

¢. The algorithm

The algorithm for every iteration k \

for every rule r i

for each Pi in premises (r)
for each Pi derived during k-1
if unify (Pi, P;) = match (r) Q
2. Database indexing allows O(1) retrival of known facts.
Example :

Query Missile (x) retrieves Missile (M)
3. Redundancy can be avoided if partial derivations are buffered :

Rete - Algorithm : It uses a data propagation network which propagates variabje
bindings.

Every node is literal from premises.

4. Rete and successors were basis for production systems like, XCON (DEC)
hardware configuration and OPS-5, a general language or for cognitive

architectures like ACT (Anderson, 1983) or SOAR (Laired et al., 1987)
3) Irrelevant Facts :

1. Deduction of facts is not required for a given goal (similar to forward chaining
in propositional logic.)

2. Solution : -

(i) Use of subset of rules (see propositional logic).

(ii) From deductive database research : Use a magic set
* Only consider rules with a given variable binding : For e.g. if goal is Crimind

(West), then the rule that concludes Criminal (x) can be written with extra conjuct
that constraints the value of x. That is,

Magic (x) A American (x) A Weapon (y) A Sells (x, y, 2) A Hostile (@) =
Criminal (x)
e
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m gackward Chaining (Lifted Backward Chaining)
It use generalized Modus ponen backwards to prove query q, and work

back“’a.rds.
_ 1t checks if q is known already.

_ Otherwise it proves by backward chaining all premises of a rule concluding g.

) The list of goals can be thought of as a "stack" waiting to be worked on; if all of
them can be satisfied, then the current branch of the proof succeeds. The
algorithm takes the first goal in the list and finds every clause in the knowledge
base whose positive literal, or head, unifies with the goal. Each such clause

creates a new recursive call in which the premise, or bo 3, of Wit dawse in
added to the goal stack.

1)

3) The algorithm uses composition of substitutions. COMPOSE (9, 6 ,) is the

substitution whose effect is identical to the effect of applying each substitution in
furn. That isr

SUBST (COMPOSE (81, 8,), P) = SUBST (8,, SUBST (8, P).

In the algorithm, the current variable bindings, which are stored in 6, are
composed with the bindings resulting from unifying the goal with the clause
head, giving a new set of current bindings for the recursive cell.

The backward chaining Procedure :
Function FOL-BC-ASK (KB, goals, 6) return a set of substitutions. I

Inputs : KB, a knowledgebase goals, a list of conjucts forming a query (@ already
applied)

6, the current substitution, initially the empty substitution | }
Local variables : answers , a set of substitution§, initially empty.
if goals is empty then return {8}

q' « SUBST (8, FIRST (goals))

For each sentence r in knowledge base where STANDARDIZE - APART
=P ... AP, = q)

and 6"  UNIFY (q, q') succeeds new-goals « [Py, ....., P, /REST (goals)]
answers « FOL-BC-ASK (KB, new-goals, COMPOSE (8, 8)) U answers

P
"operties of backward chalning :

1) It uges depth-first search for proof. It's memory requirement is linear in size of

Pproof,
\——__

e
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2) It is incomplete due to infinite loops. It should check if ney Subgoal i
an goal stack. o

dy
3) It is inefficient due to repeated subgoals (success and failure),

It shoylg -
previous results and check for new subgoal. che

4) We can have two versions of it. Find any solution, OR Find ] solutiong.

5) It is used for logic programming : Prolog

Criminal (West) | x| West, y|M,, z|Nono
@D (22) 3)

Step 2) | American (West) | | Weapon (y) Sells (West, M, z)

-Hosti!e (Nong
Q{;) [z 0] }
4 ®

Missile(y) | | Missile(M,) | [Owns (Nono, M,) Enemy(mm@

@) yMy] Mo @1 @)

Fig. 6.4.8 Proof tree generated by backward chaining to prove that 'West Is criminay

* Backward chaining example :

B2 17 trec shoutd e read depth first, left to right.
To prove criminal (west), we have to prove the four conjucts below it.

Some of the required conjucts are in knowledgebase and some conjucts are needed to pe
proved.
Bindings of for each successful unification are shown next to the corresponding subgoal.

ce one subgoal in a conjuction suceeds, its substitution is applied to subsequent subgoals.

Thus, by the time FOL-BC-ASK gets to the last conjuct, originally. Hostile (z), z is already
bound to Nono.

Forward Chaining Vs Backward Chaining
1) Forward chaining is data driven.
- It is automatic unconscious processing.
- Example - Object reorganition, routine decisjons.
- It may do lots of work that is irrelevant to the goal.
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Ba ackward chaining is goal driven.
It is appropnate for problem solving.
_ Example : Where are my keys ?,
How do I get into a PhD programme ?

2)

_ Complexity of backward chaining can be much less than linear in size of
knowledgebase.

ﬂm Resolution

It is procedure of inferencing the given statement based on available data. The
resolution procedure we are going to study is the lifted version of resolution procedure
in proposmonal logic.

In first order logic, for resolution, it requires the sentences in Conjunctive Normal
Form (CNE). That is, a conjunction of clauses, where each clauses is a disjunction of
iterals. Literals can contain variables, which are assumed to be universally quantified.

o General format of conjunctive normal form with exactly K literals per clause is

(1,1 Veu VI A Allg 1, Ve Vg k)
o Generally there can be any number of literals in a single clause.
For example :

(Av-BABv-Cv-D)
o CNF statement with quantifiers -
[Vx A(x) v Yy B(y)] A [ 3z C(2)]
Consider another example :
¥x American (x) A Weapon (y) A Sells (x, y, z) A Hostile (z) = Criminal (x)

The above sentence in CNF becomes, — American (x) v — Weapon (y) v
— Sells (x, y, z) v — Hostile (z) v Criminal (x)
Note that,

CNF sentence will be unsatisfiable only when original sentences is unsatisfiable
Therefore we will have resolution proofs by contradiction on the CNF sentences.

;The general steps for converting first order logic sentences to conjunctive normal
orm

1. (VX)(P(x)) = ((¥y)(P(y) = P(F(x.y))) A~(¥y)(Q(x.y) = P(y)))like A= B A C)
2, Ehmmateli-‘ \ }
(¥X)(=P(x) v ((VX)(=P(y) v P(F(x.y))) A=(¥y)(—Q{x.y)vP(y)))

3. Reduce scope of negation :
(V%) (< P() v ((¥y) (= P(y) v P (E(x, y)) A (3y) @ y) A= Py
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4. Standardize variables :
(¥x) (< P v ((vy) C POV P(E(x, ) A B2) (Q% z) A P(z))))

—P(y) v(ﬂP{y)vP(F[x,y})) A(BZ)(Q(X.Z]»-.ﬂF’(z))))

(¥X)(=P(X) V(YY)

5. Eliminate existential quantification.

(Skolemizalion) [The detail procedure is expl
(vx)(~P(X) v ((VY)-P() v PECy)) AQAK G

6. Drop universal quantification symbols :
(- PX) v (= P(y) v PE(, y)) A (Q(x, g(x)) » = P(g(x))))
7 Convert to conjunction of disjunctions :
P v = Py) v P (Ex, Y)) A 6 PO v Q0 80D A (PR v  Pigey)
(. P(x) v ~ Ply) v P (B(x, ) A (2 P() v QO 80 A (2 P() v = Plgiyp
8. Create separate clauses :
~ P(x) v = P(y) v P(E(x, y))
~ P v Q (%, g(X)
- P(x) v = P(g(x))-
9. Standardize variables :
- P(x) v = P(y) v P(F(x, y))
- P@) v Q (z g(2)
- P(w) v = P(g(w)).
Skolemize :
1) Skolemization is the process of removing existential quantifier by elimination.

2) Thls methods converts a sentence with existential quantifier into a sentence
?mthout existential quantifier such that the first sentence is satisfiable if and onl
if the second is. y

3) To elimin o 5
) Sl?ofem ﬁ;te o existential quantifier, replace each occurrence of its variable by 2
R ction whose arguments are the variables of universal quantifier whose
pe includes the scope of the existential quantifier being eliminated.
4 istenti - limina
) If the existential quantifier being eliminated is not within the scope of &V

universal quantifier, the _ =
/ skolem fun s a
constant. ction has no arguments that 15, it

e
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Skolemizaﬁon example :

yx Jy (Person (x) A Person (y)) = Loves (x, y)
is converted to

vx (Person (X) A Person f(x) = Loves (x, f(x))

Where f(X) specifies the person that x Loves.

The sentence "Everyone has a brain" is represented as
vx Person (x) = Jy Brain (y) v Has (x, y)

1f we simply substitute the constant B for the existentially qualified variable y,
we get a sentence that says "Everyone has the same brain", not what we want to

say!
vx Person (x) = Brain (B) A Has (x, B)

Using the Skolem function B(x) to represent a function that denotes the object
that is x's brain, the correct skolemization of our original sentence is,

Vv x Person (x) = Brain (B(x)) ~ Has (x, B(x)).
3. 3 x Rich (x) becomes Rich (G1) where G1 is a new "Skolem constant”

3k -di-(KY) = KY becomes di (eY) = e¥ more tricky when 3 is inside ¥
y y

Example : "Everyone has a heart".

vx Person (x) = 3y Heart (y) A Has (x, y)
Incorrect : Vx Person (x) = Heart (H1) A Has (x, H1).
Correct : Vx Person (x) = Heart (H(x)) A Has (x, H(x))

[If x has a y we can infer that y exists. However, its existence is contingent on x,
thus y is a function of x as H(x)].

Where H is new symbol ("Skolem" function)

Skolem function arguments : All enclosing universally quantified variables.
Detail example :
Converting first order logic (predicate logic) sentences in to CNF :

1) The conversion procedure is almost the same as Propositional logic with the
major difference arises where we need to eliminate existential quantifier.

2) We will consider sentence,
"Everyone who loves all animals is loved by someone”.
The first order logic representation for above sentence is,

¥ x [Vy Animal (y) = Loves (x, y)] = [By Loves (y, x)]
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3) The steps to convert above first order logic sentence into CNF are 55 follows

Consider following sentence,
vx [Vy Animal (y) = Loves (x, y)] = By Loves (y, x)]
The steps are as follows :
1. Elimination implications :
vx [ = ¥y = Animal (y) v Loves (x, y)] v By Loves (y, x)]

2. Move — inwards :
In addition to the usual rules for negated connectives, we need rules for negat
ated

quantifier. Thus we have,
i. = ¥x P becomes 3x = P

ii. —3x P becomes Vx — P.
Our sentence goes through the following transformations :

i. ¥x[3y- (- Animal (y) v Loves (x, y)] v By Loves (y, x)].
ii. Vx[3y—— Animal (y) A— Loves (x, y)] v By Loves (y, x)].
iii. ¥x [ 3y Animal (y) A— Loves (x, y)] v By Loves (y, x)].

m How a universal quantifier (Vy) in the premise of the implication has become gn
existential quantifier. The sentence now reads "Either there is some animal that x doesn’s
love, or (if this not the case) someone loves x,” Clearly, the meaning of the original sentence

has been preserved.

3. Standardize Apart Variables (Remove name clash)
For sentences like (Vx P(x)) v (3xQ(x)) which use the same variable name twice
chanie;:i the name of the variables. This avoids confusion later when we drop the
)c(l;;an er. Thus we have ¥x [By Animal (y) A = Loves (x, y) v [ 3 z Loves (z,
4. Apply this rule to our sample sentence, we obtain
Yx [Animal (A) A - Loves (x, A)] v Loves (B, x).

which h ‘ -

5 p:rﬁcua;rthe .wrclmg meaning entirely : It says that everyone either fails to love

s anoanuna A or is loved by some particular entity B. In fact, our original

e ws each person to fail to love a different animal or to be loved by 2
person. Thus we want the skolem entities to depend on x.

7x [Animal (F(x)) A - Loves (x, F(x))] v Loves (G(x), x).

Here F and G are Skolem functions.

T
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Drop_unjversal quantlflers :
5. - . ,
At this point, all remaining Vaflablles must be universally quantified. More over,
the sentence is equivalent to one in which all the universal quantifier have been
moved to the left. We can therefore drop the universal quantifier.
[ Animal (F(x)) A — Loves (x, F(x))] v Loves (G(x), x).
s, Distribute A over vV :

(Animal (F()) v Loves (G(X), )] A [~ Loves (x, F(x))] v Loves (G(x), ¥)]
This step may also require flattening out nested conjunctions and disjunctions.

The sentence is now in CNF and consists of two clauses,

The resolution inference rule :

1) The resdlyfiail e for Atk Grder’ dlamses ¢ simply a lifted version of the
propositional resolution rule.

g “Tivo dlauac, SBICH Ave-aimased et shandlindig apart so that they share no
variables, can be resolved if they contain complementary literals.

3) First order literals are complementary if one unifies with the negation of the
other.

4) The resolution inference rule is

II,V.‘.VIk, mIVV m,
SUBST @11, V.o Vi1 V, i1 Ve VI Vi, VooV g Vo VoV,

where UNIFY (/;, = mj) = 6 for example,

we can resolve the two clauses,
[Animal (F(x)) v Loves (G(x), x)] and [~ Loves (u, v) v - kills (u, v)]

by eliminating the complementary literals Loves (G(x), x) and — Loves (u, v),
with unifier.

6 = {u/G(x), v/x], to produce the resolvent clause.

[Animal (F(x)) v — kills (G(x), X)]

5) The rule we have just given is the binary resolution rule, because it resolves

exactly two literals. The binary resolution rule by itself does not yield a complete
inference procedure.

The full resolution rule resolves subsets of literals in each clause that are
unifiable,

Another approach is to extend factoring. Factoring means the removal of
redundant literals in first order case. Propositional factoring reduces two literals
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to one if they are identical; first order factoring reduces two litery) to

they are unifiable.

™
“ O

Statement proving by resolution :
Resolution proves that KB = « by proving KB A -« unsatisfiable, i, by den’vm .
empty clause. It is a proof by contradiction. 8 the

Following are steps taken in resolution proof,
Convert all problem statements to first order logic.
Convert first order logic statements into conjunctive normal form.

1)
2)
3)
4)

Assert the negation of the goal.

Resolve clauses together until FALSE is derived.

Algorithm always chose to resolve with a clause whose positive litera] Unifies
with the leftmost literal of the ‘current' clause. This is exactly what happens ip
backward chaining. (See Fig. 6.4.9 on next page.)

Resolution example 1 :
Problem statement in English,

1.
2
3.
4.

"Everyone who loves all animals is loved by someone".

"Anyone who kills an animal is loved by no one."
“Jack loves all animals."
"Either Jack or Curiosity killed the cat, who is named Tuna."

Statement to prove
"Did Curiosity kill the cat ?"
Expressing English Sentences

D)

1)
2)
3)
4)
5)

Express the knowledge in FOL.
The original sentences.

Some background knowledge, and
The negated goal G in first-order logic.

The original sentences in first order logic.
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— American (x) v- Weapon (y) v— Selis(x.y.z)
v= Hostile(z) v _Criminal(x}

~ Criminal (West)

- American (West) v — Waapon (y)
v = Sells (Westy,z) v — Hostile (y)

- Weapon{y} v = Sells. (West,y,z)
: \a' o HCBMB (z)

\ - Mlssib.{y) Ve Soﬂs{West,y.z}

;.; Miss;ie (M,)v—,ﬂms{!\lm. M;)V

Enamy (Nono America)

Fig. 6.4.9 A resolution proof that "West Is Criminal"

English statement 1 :

A. ¥ x [Vy Animal (y) = Loves (x, y)] = [By Loves (y, x)].

TECHNICAL PUBL!CATIONS® - An up thrust for knowledge
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English statement 2
B, ¥V x [3}' Animal (y) A kills (X.« Y)] = [V z — Loves (Z: )(”

English statement 3
C. V¥ x Animal (x) = Loves (Jack, x)

English statement 4
D. Kills (Jack, Tuna) v Kills (Curiosity, Tuna).

2) Some background knowledge

E. Cat (Tuna)
E. V¥ x Cat (x) = Animal (x)
3) Negated goal G in first order logic

— G. = Kills (Curiosity, Tuna).

I) Apply the conversion procedure to convert each sentence to conjunctive
orm .

Al. Animal (F(x)) v Loves (G(X), )

A2. — Loves (x, F(x)) v Loves (G(x), x)

B. - Animal (y)v - Kills (x, y) v = Loves (z, x)
C. - Animal (x) v Loves (Jack, x)

— Cat(x) v Animal(x) Kills (Jack, Tuna) v Kills(Curiosity, Tuna)

Cat (Tuna)

\ / \ ~ Kills(Curiosit, Tura)

Animal {Tuna) | [ = {aves(y,.x; v = Animal (z) v — Kiils(i,z_) Kills(Jack, Tuna)| | ~ Loves(x.f(x)) v Loves(G(x)x)

= Animal (x) V
Loves (Jack, x)

— Loves(y.x) v — Kills(x, Tuna) - Animal(F(Jack)) v Animal (F(x)) v
Loves (G(Jack), Jack) Loves (G(x), x)
- Loves(y, Jack) Loves(G(Jack), Jack)

\/

Fig. 6.4.10 Resolution Tree : "Did Curiosity kill the cat 7"
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p. Kills (Jack, Tuna) v Kills (Curiosity, Tuna)
F. - Cat (x) v Animal (x)
G. — Kills (Curiosity, Tuna)
The resolution proof for the statement "Curiosity killed the cat"
Note that, the use of factoring in the derivation of the clause Loves (G(Jack), Jack).
Resolution example 2 :

Anyone passing his/her history exams and winning the lottery is happy. But anyone
who studies or is lucky can pass all his/her exams. Nimu did not study. Nimu is lucky.
Anyone who is lucky wins the lottery.

To prove : Is Nimu happy ?

Step 1 : Convert to first order logic.

1) Anyone passing his history exams and winning the lottery is happy.

V x Pass (x, History) A Win (x, Lottery) Happy (x)

But anyone who studies or is lucky can pass all his exams,
¥ x Vy Study (x) v Lucky (x) Pass (x, y)

3) Nimu did not study, but Nimu is lucky.

- Study (Nimu) A Lucky (Nimu)

Anyone who is Lucky wins the lottery.

¥ x Lucky (x) Win (x, Lottery)

Step 2 : Convert to CNF

2)

i) Eliminate implications :

1. ¥V x — (Pass (x, History) A Win (x, Lottery)) v Happy (x).
2.YxVy~ (Study (x) v Lucky (x)) v Pass (x, y)
3. = Study (Nimu) A Lucky (Nimu)

4.V x = Lucky (x) v Win (x, Lottery)
Move - inward

L.V x - Pass (x, History) v — Win (x, Lottery)) v Happy (x).
2YxVYy (@~ Study (x) A — Lucky (x)) v Pass (x, y).

3. - Study (Nimu) A Lucky (Nimu).

4.V x = Lucky (x) v Win (x, Lottery).

_q—-_'_'_"‘—‘—-—-—-_._.__.._
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il) Standardize variables : e
No action needed.

ili) Move quantifier left :

No action needed except drop quantifier.
iv) Skolemize :
No action needed.
v) Distribute A over v
1. - Pass (x, History) v = Win (x, Lottery)) v Happy (x).
2. (= Study (x) v Pass (x, y)) A (= Lucky (x) v Pass (x, y)).
3. = Study (Nimu) A Lucky (Nimu).
4. = Lucky (x) v Win (x, Lottery).
vi) Flatten nested conjunctions and disjunctions : no action necessary,
vii) State as a set of disjunction of literals
1. = Pass (x, History) v - Win (x, Lottery)) v Happy (x).
2. a) - Study (x) v Pass (x, y)
b) Lucky (x) v Pass (x, y)
3. a)- Study (Nimu)
b) Lucky (Nimu)
4. = Lucky (x) v Win (x, Lottery).
viii) Standardize Variables apart
1. = Pass (x1, History) v = Win (x1, Lottery) v Happy (x1).
2. a) - Study (x2) v Pass (x2, y1)
b) = Lucky (x3) v Pass (x3, y2)
3. a) - Study (Nimu)
b) Lucky (Nimu)
4. = Lucky (x4) v Win (x4, Lottery)
Now, this is in conjunctive normal form (CNF).
Step 3 : Resolution proof procedure
¢ Assert negation of goal :
- In this case the goal is to prove Happy (Nimu).
- Add the negation of the goal clause to the knowledge base — Happy (Nimu)-
* Resolve clauses together until FALSE is derived.

——'—'—"—"-——’F—"
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=

x‘l History) V- Win(x1 Lottery) v Happy(x )

\/ 8 {x1 = x4)

- Lucky(x4) v Win(x4, Lottery)

- Pass (x. Hislory) v Happy(x ) v = Lucky(x4)

~ Pass (x, History) v Happy(x)

N

6 = {x4 = Nimu}

Lucky (Nimu)

o Lucky(x3) V P.asg(x& ¥2)

B {x = x3, y2 = History}

" Happy(x) v — Lucky(x3)
* Lucky (Nimu)
{x3 Nimu}
HaﬂPY(*} . : -xHaﬁpy (Nimu)

w Nimu}

False

Fig. 6.4.11 Resolution proof tree for the goal-Happy(Nimu)

Resolution example 3 :

s Consider following knowledgebase

-~ PhD(Y v HQfX) - HQX) v Rieh(x)
-~ PHD(X) v Rich(x)  PhD(x) v ES(X)

N

Rich(x) v ES(x)

- ES{x) v Rich(x)

Want to prove —s

N

Rich(x)

- R!Ch{M‘Q)

W/

Fig. 6.4.12 Resolution proof tree for the goal Rich (me)
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(i) = PhD (x) v HighlyQualified (x)
ii) PhD (x) v EarlyEarnings (x)
iii) - HighlyQualified (x) v Rich (x)

(
(

- - !"'.;"I
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= 80
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(iv) ~ Early Early Earnings (x) v Rich (x)
e To prove Rich (me), add — Rich (me) to the knowledge base
For resolution proof tree refer Fig. 6.4.12.

Resolution example 4 :

e Consider following knowledge base.
(i) Cats like fish - Cat (x) v likes (x, fish)
(ii) Cats eat everything they like — Cat (y) v - likes (y, z) v eats (y, 2).

(iii) Mani is a cat Cat (Mani)

e To prove "Mani eats fish", eats (Mano,

knowledge base.

* Resolution proof tree

- eats(Mani, Fish)

Catly) v~ likes(y.2) v eats (y2)

Wani, ZlﬁSh}

- Cat(Mani) v  likes(Mani, fish) | [  Cat (Mani)

~ Cat(x) v likes(X, Fish)

- Likes(Mani, fish)

A= {xiManV//

- Cat (Mani)

Cat (Mani)

\/

Contradiction

Negation of goal : - eats (Mani, fish)
Fig. 6.4.13 Resolution proof tree for the goal eats (mani, fish)

Resolution example 5

= Consider following english sentences,

1)

Everyone who loves all animals is loved by someone.

2) Anyone who kills an animal is loved by no one.

-_—
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3) Jack loves all animals.

5) Either Jack or John killed tlhe cat named Tuna.

_, Represent above sentences in FOL and prove that '
step 1: We need to express“
) The original sentences, ii) Some background knowledge, and
jii) The negated goal G in first order logic,

Step 1 works as follows,

i) The original sentences in first order Logic.
English statement 1 :
A. Y x [Vy Animal (y) = Loves (x,
English statement 2 :
B. V x [By Animal (y) A kills (x, Y)] = [V z = Loves
English statement 3 :

C. ¥ x Animal (x) = Loves (Jack, x).
English statement 4 :

D. kills (Jack, Tuna) v kills (John, Tuna)
ii) Some backward knowledge

E. Cat (Tuna)

F. V x Cat (x) = Animal (x)
iii) Negated goal G in first order logic.

- G. = kills (John, Tuna)

Step 2 : Apply the conversion procedure to convert each sentence to conjunctive
normal form :

Al. Animal (F(x)) v Loves {G(x), x)
A2. - Loves (x, F(x)) v Loves (G(x), x)
B. - Animal (y) v — kills (x, y) v = Loves (z, x)
C. = Animal (x) v Loves (Jack, X)
D. kills (Jack, Tuna) v kills (John, Tuna)
E. Cat (Tuna)
F. - Cat (x) v Animal (x)
= G. = kills (John, Tuna)
Step 3 : The resolution proof tree for the statement "John killed the cat".

Tohn killed the cat",

y)1= By Loves (5, x)].

(z, x)].

®
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= Cal(x) v Animal(x)

Cat (Tuna)

Kills (Jack, Tuna) v Kills(John, @

2

—~

/

/

- Loves(y,x) v = Animal (z) v = Kiilé(xvz)

Kills(Jack, Tuna

Animal (Tuna)

= Anima| (x
LQVOS {Jack?\x,]

~ Loves{y,x) v - Kills(x, Tuna) = Animal(F(Jack)) v Animal (Fix)

Loves (G(Jack), Jack) Loves (G(x), )

e

~ Loves(y, Jack) Loves(G(Jack), Jack)

Fig. 6.4.14 Resolution Tree : "Did John Kill the cat 7"

e Completeness of resolution :
1) Resolution is refutation complete, it means that if a set of sentences i
unsatisfiable, then resolution will always be able to derive a contradiction

2) Resolution cannot be used to generate all logical consequences of set of
sentences, but it can be used to establish that a given sentence is entailed by the
set of sentences. Hence, it can be used to find all answers to a given question,
using the negated-goal method.

3) The statement of proof is,

If S is an unsatisfiable set of clauses, then the application of a finite number of
resolution steps to S will yield a contradiction.

A proof that proves, "Resolution proofs for entailment is complete”. The basic
structure of the proof :

Proof proceeds as follows :

1. First, we observe that if S is unsatisfiable, then there exists a Pam.cum‘ S?t ?:
ground instances of the clauses of S such that this set is also unsatisfia?
(Herbrand's theorem).

jtional
2. We then appeal to the ground resolution theorem, which states that proposit
resolution is complete for ground sentences.
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use a lifting lemma - Lifting lemma states that for every resolution
5 We th‘-‘r'n a set of ground formulae, there exists a corresponding proof based on
roof ; ground formulae that originate the ground ones.

the nO

Any set of sentences S is representable
in clausal form

l

Assume S is unsatisfiable.
and in clausal form

<—— Herbrand's theorem
(If a set S of clauses is
unsatisfiable, then there
exists a finite subset of
Hs (8) that is also
‘} unsatisfiable]

Some set S’ of ground instances is
unsatisfiable

== Ground resolution theorem
[A completeness theorem
for resolution in propositional
logic]
J

Resolution can find a contradiction in Y

<+— Lifting lemma

J

There is a resolution proof for the
contradiction in S'

Fig. 6.4.15 Structure of a completeness proof for resolution

* Resolution strategies :
1) Unit preference :

- Clauses with just one literal are prefered.

Unit resolution : Incomplete in general, complete for horn knowledgebase.
2) Set of support :

- At least one of the clauses makes part from the set of support.

- Complete if the remainder of the sentences are jointly satisfiable.

Using the negated query as set-of-support.
3) Input resolution :

= At least one of the clauses makes part from the initial knowledgebase or the
query.

Complete for horn, incomplete in the general case.

-‘-‘-‘-‘-‘-‘-‘-‘-"-‘—-—-_-__

TECHNICAL PUBLICATIONS® - An up thrust for knowledge

T



Artificial Intelligence 6- 60 _ First Order Logic - Predisy

kno
base or P is an ancestor of Q in the proof tree; complete. Wledge

4) Subsumption :

Gl
- Linear resolution : P and Q can be resolved if P is in the Origina| ~
. All sentences subsumed by others in the knowledgebase are elinm'j-lalle d

Types of Resolution

There are various types of resolution are possible depending on the types
number of parent clauses as follows : ang

1) Binary resolution - Two clauses having complementary literals are cop,

disjuncts to produce a single clause after deleting the CGH‘PlementaIy litEr:E:dF;:
example

- P(x, a) v Q(x) and

- Q(b) v R(x)
is just

- P(b, a) v R(b)

The substitution {b|x} was made in the two parent clauses to produce the
complementary literals Q(b) and — Q(b) which were then deleted from the disjunction of
the two parent clauses.

2) Unit Resulting (UR) Resolution - A number of clauses are resolyeq
simultaneously to produce a unit clause. All except one of the clauses are ynjt
clauses, and that one clause has exactly one more literal than the total number of
unit clauses. For example, resolving the set

{ = MARRIED (x, y) v =~ MOTHER (x, z) v
FATHER (y, z), MARRIED (sue, joe),
— FATHER (joe, bill) }
Where the substitution B = {sue | x, joe | y, bill | 2z} is used, results in the unit
clause = MOTHER (sue, bill).

3) Linear Resolution - When each resolved clause C; is a parent to the clause Cj.,
(i=1,2 ...,n-1) the process is called linear resolution. For example, given 2
set S of clauses with Cy ¢S, C, is derived by a sequence of resolutions, Cg with
some clause By to get C;, then C; with some clause B, to get C; and so on
until C,, has been derived.

4) Linear Input Resolution - If one of the parents in linear resolution is always from
the original set of clauses (the Bi), then it is a linear input resolution. For
example, given the set of clauses.

I
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6 e from the set S and resolving this with C we obtain the resolvent Q = C,.

vQ 4t now be chosen from S and the resolvent of C| and B; becomes C,
By ™

aﬂd s0 On.
et _of-support resolution - Let S be an unsatisfiable set of clauses and T be a
5)

pset of 5. Then T is 2 set-of-support for S if S-T is satisfiable. A set-of-support
susolution is a resolution of two clauses not both from S - T.
re

This essentially means that given an unsatisfiable set (A i,........... , A ¢}, resolution
should not be performed directly among the A ;.

taken to speed up resolution
Steafshen the choice of the clauses to resolve together at each step is made in certain
tematic ways, then the resolution procedure will find a contradiction if one exists.
:{gwever, it may take a very long time. Strategies exist there so as to speed up the

process considerably, as given below

1) Resolve only those pairs of clauses that contain complementary literals, since
only such resolutions produce new clauses that are harder to satisfy than their
parents.

7) Eliminate certain clauses as soon as they are generated so that they cannot
participate in later resolutions, such as tautologies (which can never be
unsatisfied) and that are subsumed by other clauses (ie. they are easier to
satisfy. For example, P v Q is subsumed by P).

3) Whenever possible, resolve either with one of the clauses that is part of the

statement which is one trying to refute or with a clause generated by a
resolution with such a clause. This is called set-of-support strategy.

4) Whenever possible, resolve with clauses that have a single literal. Such
resolutions generate new clauses with fewer literals than the larger of their
parent clauses and thus are probably closer to the goal of a resolvent with zero
terms. This method is called the unit-preference strategy.

For example consider following set of statements -

i) Marcus was a man.

i) Marcus was a pompeian.

iii) All pompeians were Romans,

Iv) Caesar was a Ruler.

V) All Romans were either loyal to Caesar or hated him.
vi) Everyone is loyal to someone.

vii) People only try to assassinate rulers they are not loyal to.
-__-_-—-_"-l—-—_
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viii) Marcus tried to assassinate Caesar.
- Now, prove hate (Marcus, Caesar) i.e.,, Marcus hate Caesar.

- TFor this, first of all convert these facts into clause form as shown, beloy,

Axioms in Clause form
1. man (Marcus)
Pompeian (Marcus)
— Pompeian (x;) v Roman (x;)
ruler (Caesar)
— Roman (x,) v loyalto (x3, Caesar) v hate(x,, Caesar)
loyalto(x 3, f1(x3))
— man(xy) A — ruler (y 1) v — tryassassinate (x4, y 1) v loyal to (X4, y1)
tryassassinate (Marcus, Caesar)
- For proving hate (Marcus, Caesar), negate the clause having

— hate (Marcus, Caesar) as the resulting clause.

® N G e w o

- Now try to prove using steps given above. This procedure is shown in
Fig. 6.4.16.

—hate(Marcus, Caesar)

\A reus/x,

3 —Roman(Marcus) v loyalto(Marcus, Caesar)

Marcus/x,

-Pompein(Marcus) v loyalto(Marcus, Caesar)

\/

7 loyalto(Marcus, Caesar)

Marcus/x, Caesarly,
7 —man(Marcus) v-ruler(Caesar)-tryassassinate(Marcus, Caesar)

—ruler(Caesar)-tryassassinate(Marcus, Caesar)

\/

—ltryassassinate(Marcus, Caesar) 8
Fig. 6.4.16 A resolution proof hate (Marcus, Caesar)

e
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E’f'ﬂc grart this prOOf with clause - hate (Marcus, Caesar) and consider, clause 5 as

ond parent, telling x, = Marcus, the resolvent clause generated is
the seC
Roman (Marcus) v loyal to (Marcus, Caesar).

Now, consider another contradictory clause i.e. clause 3 as parent with it and
oW,
generate a resolvent clause.

—, pompeian (Marcus) v loyalto (Marcus, Caesar) telling Marcus = x;.
Further, clause 2 is considered and resulting clause is
loyalto (Marcus, Caesar).
Further, take 7t clause as parent and resulting resolvent is
_ Man (Marcus) v — Ruler (Caesar) v - tryassassinate (Marcus, Caesar)
with putting X = Marcus and y ; = Caesar.
. Further, clause 1 is taken that generates resulting clause
— Ruler (Caesar) v — tryassassinate (Marcus, Caesar).
. Next, 4™ clause is taken that generates clause
~ tryassassinate (Marcus, Caesar).
Which with clause 8 result into an empty clause.

- Empty clause means that the clause which is initially taken totally contradicts
and cannot be true any how. Which result that

- Hate (Marcus, Caesar) is false and its contradict

i.e. Hate (Marcus, Caesar) is true.

Dealing with Equality

The unification algorithm described in the previous section will not unify pairs of
sentences such as

i) isPriminister (M_Singh) and

i) isPriminister (Manmohan_Singh), and rightly so, because syntactically, the
constants M_Singh and Manmohan_Singh are quite different. We would not
want our theorem proving agent to go around making assumptions about the
equality of constants just based on their names, as this would make the system
unsound. Surely we would want it to be able to unify the two isPrimirnister
Predicates, as this will allows it to do more resolution steps.

One way to get around the problem with equality is to add lots of extra clauses to
our knowledge bage, expressing every thing we wanted to say about equality. These are

Own ag equality axioms. In particular, we would have to say that it is reflexive,
§ .
YMmetyic and transitive :
-N""—-___‘____‘__
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Yx (x=x) [Reflexive]
¥x y(x=y-y=x [Symmetric]
VX y,z(X=yAy=z—X=2) [Transitive] |
This is nc;t enough to enable the system to realize wher.l 1tfcan unify tw, COHStams
We would have to put in additional statements about equality for each of the predicages'

i redicate P of arity 1 was .
in our knowledge base. So for example, if the p s Pl e I Mentiongg X
the knowledge base, then we would have to add the fo g owledge base .

Vx’y(x:y-)'P(X)=P(Y))- ‘
This kind of thing will have to be done for every predicate and function, jf 1, ey,

i ity for unification.
be sure not to miss any opportunity : | . |
An alternative way to get a proving agent to use equality to its full is ¢, emply

another inference rule called demodulation. Like the. resolution rule, _this takes gy,
sentences as input, but one of them must be an e'quahty sentence rela{tmg (WO term
Then, if, in the other sentence, there is a term T which can be unified with the left hang
substituted for T. It's more obvious when written as following rule :
X=Y,A [T] ;
' U (x,s)=0
SUBST ®,A ) Y

We can also allow demodulation to work the other way, i.e. replace y with but a
with rewritting we need to take care not to get stuck in any loops. Our presidentia]
example would be a trivial case for the demodulation rule : -

Manmohan_Singh = M_Singh,
isPriminister (Manmohan_ Singh)
isPriminister (M_ Singh)

In this case, the unifying substitution is just the trivial identify substitution.

Most state of the art resolution theorem provers have resolution at their heart, but
use a number of other inference rules, including demodulation, and its big brother
paramodulation, which deals with cases where we only know that

x=y v P(x)
¢ Induction is done over many different structures.

¢ It allows reasoning about recursion or iteration.
(It is useful for hardware or software verification).

LEAYY Theorem Provers (Automated Reasoners)

1) They accept full first order logic sentences.

2) In most theorem provers, the synthetic form chosen for the sentences does not
affect the result.
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Applicaﬁon areas : Verification of software and hardware
3)

In mathematics theorem provers have a high standing. Now a days they have

4 come up with novel mathematical results.

5 For example, in 1996 a version of well known OTTER was the first to prove
(eight days of computation) that the axioms proposed by Herbert Robbins in
1933 really define Boolean algebra.

6) Following are various types of Theorem provers.

i, Inductive Theorem Proving :
. « Deduction is done by mathematical inducation.
P(o) Vx- (P(x) = P(x+1))
Vx-P (x)

ii. Interactive theorem proving :

o In this theorem proving it is necessary to interact with humans in order to

prove
theorems of any difficulty.

o These are like Mathematician's assistant. Let a theorem prover do simple tasks
while Mathematician develop a theory (example : Buchberger's Theorem)

¢ Itis a Guided theorem proving. Users follows and guides computer proof attempt.
* It needs visualization tools for proof trees.

iii. Higher order theorem proving
* It provides deduction in higher order logics.

* It allows more natural and succinct statements.

¢ Higher order theorem prover are used for verification tasks [Example - Verification

of cryptographic protocols].

¢ It uses induction and interactive control.

m Monotonic and Non-Monotonic Reasoning
GTU : Winter-18,19, Summer-18,19,2(

There are various reasoning approaches used to solve problems posed by uncertain,
fuzzy and often changing knowledge in the problem world.

m Monotonic Reasoning

1) 1t is the reasoning in which the axioms and for the rules of interference are
extended to make it possible to reason with consistent and complete information.
2) The only way it can change is that the new facts can be added as they become

available.
h--__‘_'_'_'—-—-__

TECHNICAL PUBLICATJ'ONS® - An up thrust for knowledge



Artfcil Inteligence 6-66  FrstOmeriog,
_‘_-____H_““-- = O‘eralle
ety
: Qi
3) If these new facts are consistent with all the other facts that hava e N

asserted, then nothing will ever be retracted from the set of facg that ,, y b@en
to be true. This property is called monotonicity, and a reasonmg bas %n
property is known as Monotonic reasoning. hlx
It works with information that is consistent and complete wig, respe
Ct

4
) domain of interest. to the
5) In other words, all the facts that are necessary to solve a probler, i
the system or can be derived from those that are by conventiong, Sfmin
first-order logic. TUlgg of
6) Itisa method of reasoning under consistent, complete, "‘“Changin -

facts. It was implicity assumed that a sufficient amount of reliable knoc iy
was available with which to deduce confident conclusions. wl

7) Thus a monotonic reasoning system cannot work effecthely in reg)
environments because - lifg
i) Information available is always incomplete.

ii) As process goes by, situations change and so are the solutions,

iii) Default assumptions are made in order to reduce the search time and
_ r
quick arrival of solutions.
8) Logic based systems are monotonic in nature, ie., if a proposition is made which
is true, it remains true under all circumstances. But in real life, all statements
made do not necessarily mean that they are correct under all circumstances,

9) Whenever one make a statement, one do not make it in a ad hoc fashion. The
statement is made by manipulating a set of beliefs. Experts predict, diagnose and
perform majority of their mental activity by relying on their beliefs. It is possible
that during the course of action, events may take place which can either enhance
the beliefs or reduce the dependency on the beliefs already existing.

10) Monotonic reasoning -

¢ Advantages -
1) In monotonic reasoning new axioms are asserted, new wff's may become

provable, but no old proofs ever become invalid. 1

2) It gives valid deduction which remains so always.
¢ Drawbacks -
1) Itis not possible to describe many envisioned or real world concepts; that 15
it is limited in expressive power.
2) There is no way to express uncertain, imprecise, hypothetical of vag
knowledge, only the truth or falsity of such statements.
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ailable inference methods are known to be inefficient
3 AV

There is n0 Way to produce new knowledge about world. Tt is only possible
4) 1o add what is derivable from the axioms and theorems in the knowledge
base.

@ Nonmonotonlc Reasoning

It is the reasoning in which the axioms and/or the rules of inference are
1) extended to make it possible to reason with incomplete information.

») These system preserve, however, the property that, at any given moment, a
) statement is either believed to be true, believed to be false,

or not believed to be
either.

3) Al systems provide solutions for those problems whose facts and rules of
inference are explicitly stored in the database and knowledge base. But data and
knowledge are incomplete in nature and generally default assumptions are made.

4) For example, if we say that "Somu is a bird" the conclu
default) is that Somu can fly. But it is not necessary that So
cannot fly because of many reasons such as -

i) Somu could be an Ostrich.

sion the arrive (by
mu can fly. May be it

ii) Somu's wings are broken.

iii) Somu is too weak to fly.

iv) Somu could be caged.

v) Somu could be dead bird etc.

5) So, if one says that "Somu is a bird" by default conclusion is that Somu can fly.
But if one adds a statement that "Somu is a Ostrich" then this added statement

retract the previous made assumption. This is the basic logic behind
fonmonotonic reasoning,

It means that new facts become known which contradict and invalidate old
knowledge. The old knowledge was retracted causing other dependent
knowledge to become invalid, thereby requiring further retractions. The

Tetractions led to a shrinkage or nonmonotonic growth in the knowledge at
times,

7) Non-monotonic reasoning -

. Advantages .

1) In this logic, axioms and/or rules of inference are extended to make it
possible to reason with incomplete information.

T ®
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2) It can express uncertain,
preserves, however the propert
or false or not pelieved to be either.

Drawbacks - ) ) '
. 1) Adding a new assertion may invalidate the old inference i
d g

the absence of that assertion.
2) The old knowledge is retracted causing other depen deni -
become invalid. . - oWle dge t
e Comparison (Monotonic and NOH-M(.)I'\OtOI:uC Reason?ng) _ 9
The conclusions derived using monotonic logics are valid deductj ons ang "
so. Adding new axioms increases the amount of knowledge contained S ey femgy,
base. Therefore, the set of facts and inferences in such systems can o iy l'incmrledgE
they cannot be reduced, that is they increase monotonically. grow Iarger,
Whereas, in non-monotonic logic, new facts became known which —
invalidated old knowledge. The old knowledge was retracted causing other dl;::d
El'ldent

knowledge to become invalid, thereby requiring further retractions. The ret, o
a shrinkage or non-monotonic growth in the knowledge. OnS leg 4,

Solved Examples

Convert the following sentences to predicate logic -
i) Marcus was a man i) Marcus was a pompeian  iii) All pompeians were Romg
ns

iv) Caesar was a ruler  v) All romans were either loyal to caesar or hpteq him |
vi) Everyone is loyal to someone vii) People only try to assassinate rulers they are not
loyal to  viii) Marcus tried to assassinate caesar.

Solution : Set of wff's in predicate logic are as follows -

i) Marcus was a Man - Man (Marcus)

The representation captures the critical fact of Marcus being a man, but if fails to
capture some of the information in the english sentence, namely the notion of past tense,
ie., one cannot conclude from above representation that a Marcus was a man, or Marcus
is a man, or Marcus will be a man etc. Whether this omission is acceptable or not
depends on the use to which we intend to put the knowledge. For this example, it wil

be all right.
ii) Marcus was a Pompeian
Pompeian (Marcus) - Its explanation is same as of first one.

iii) All pompeians were Romans

¥x : Pompeian (x) — Roman (x)
._ ) o - _,_.——'/
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In this Presentatiorl universal quantifier v is used to present universal value of x. i.e.,

for all X in universe.
(x) indicates that x is a pompeian. Next symbol '—' is implies i.e., means

m eian
pomE indicates that x is Roman.

aﬂd roman (x)
n other words we say that all x i.e., all pompeians were Roman.
jy) Caesar was a ruler

ruler (Caesar)

Here, one can ignore the fact that proper names are often not references to unique
. dividuals, since many people share the same name. Sometimes deciding which of
ceveral people of the same name is being referred to in a particular statement may
require a fair amount of knowledge and reasoning,

y) "All romans were either loyal to Caesar or hated him"
«x : Roman (x) = loyalto (x, Caesar) v hate (x, Caesar)

In English, the word "OR" sometimes means the logical inclusive-OR and sometimes
means the logical exclusive-OR (XOR).

Here, inclusive interpretation is used.

But, if one considers it as 'exclusive-OR' then presentation would be some what
different as follows -

vx : Roman (x) — [loyalto (x, Caesar) v

hate (x, Caesar)) A

- (loyalto (x, Caesar) A hate (x, Caesar))]
vi) "Everyone is loyal to someone"
wx : Jy : loyalto (x, y).

Here, one can use both the quantifiers ie. v — universal quantifier and 3 —
existential quantifier.

So, one can read above presentation as for all x, there exists a y such that x is loyal
to y or indirectly we say

"Everyone is loyal to someone".

But here one can understand a different meaning i.e. there is someone to whom
everyone is loyal, which would be written as

3y : vx : loyalto (x, y)
Now read it as, there exists a y, such that for all x, x is loyal to y.
Or

‘everyone is loyal to y".

—————
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vii) "People only try to assassinate rulers they are not loyal to
wX vy : person (x) A ruler (y) A

tryassassinate (x, y) = - loyal to (x, y)

This sentence, too, is ambiguous. Does it mean that the only rulers that people iy 1
assassinate are those to whom they are not loyal, one above presented or does it Meap

that the only thing people try to do is to assassinate rulers to whom they are not loya] »
viii) "Marcus tried to assassinate Caesar”

tryassassinate (Marcus, Caesar)
Convert the following sentences to predicate logic - |
i) Marcus was a man i) Alive means not dead  iii) If x divides y and y divides 7 4,
x divides z.
Solution : i) Refer to example 6.1.
ii) Alive means not dead
wX : vt : [alive (x, t) = — dead (x, t)]
A [- dead (x, t) — alive (x, t)]
This is not strictly correct, since — dead implies alive only for animate objects.
iii) If x divides y and y divides z then x divides z.
3x : Jy : 3z : [divides (x, y) A divides (y, z)] — divides (x, z)
Suppose you are given some facts about Marcus as follows -
i) Marcus was a man. i) Marcus was pompeian. i) Marcus was born in 40 AD,
i) All men are mortal.  v) All pompeians died when the volcano erupted in 79 AD.
vi) No mortal lives longer than 150 years. vii) It is now 1991.
Now, answer the question "Is Marcus alive”? By proving.
Solution : Representing facts in predicate logic :
i) Marcus was a man.
man (Marcus)
Again we ignore the issue of tense.
i) Marcus was a pompeian.
Pompeian (Marcus).
iii)  Marcus was born in 40 A.D.
born (Marcus, 40).

iv)  All men are mortal.

¥X : man (x) — mortal (x)
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Mrff mpeians died when the volcano erupted in 79 A.D.
3 Al P:: d (volcano, 79) A »x : [Pompeian (x) — died (x, 79)]
_ ;rz}:-noﬁal lives longer than 150 years.
vi) vty vty mortal (x) A born (x, t;) A gt(lt,-t;, 150) — dead (x, t;)

are various ways that the content of this sentence could be expressed. For
D one could introduce a function age and assert that its value is never greater

Here, exploit the idea of equal quantities that can be substituted for each other.
By using above facts we try to answer that whether "Marcus is alive or dead".
This can be done in two ways.

a) Prove that Marcus is dead because he was killed by the volcano.

b) Show that if Marcus is alive today, then it must of age more than 150 years,
which is not possible.

To prove this additional knowledge is required.
For example.
viii) Alive means not dead.
wx vt : [alive (X, t) —» — dead (x, t)]
A [~ dead (x, t) — alive (x, t)]
ix) If someone dies, then he is dead at all later times.
wX @ vty 1wty s died (x, tp) A gt(ty, t1) — dead (x, t5).
This representation says that one is dead in all years after the one in which one died.
It ignores the question of whether one is dead in the year in which one died.
To answer that requires breaking time up into smaller units than years.

If this is done then one can add rules that say such things as "one is dead at the
(yearl, month1) if one died during (yearl, month2) and month 2 precedes month 1"
One can extend this to days and hours etc.
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Fig. 6.1 and 6.2 shows these propfs by dﬁferent ways.

alive(Marcus, now) -, alive(Marcus, now)
— ’

T (9, substitution) _ T (9, substitution)

dead(Marcus, now) * dead(Marcus, now)

1 (10, subtitution) | 1 (7, subtitution)
died(Marcus, t;) A gt{now, ty) ! mortal(Marcus) A
T (5, substituion) born(Marcus, t1) A
Pompeian(Marcus) A gt(now, 79) gt(now - ty, 150)
T @ T (4, substitution)
gt(now, 79) | man(Marcus) A
T (8, substitute equal) born(Marcus, t;) A
gt(1991, 79)  gtlnow - ty, 150)
T (compute gt) T ()
nil ) : . bomn(Marcus, ty) A
........................................................................................ | .t A
(G
gt(now - 40, 150)
T @)

 gt(1991 - 40, 150)

T (computer minus)
| gt(1951, 150)

| T (compute gt)

S .
Fig. 6.1 One way of proving Fig. 6.2 Another way of proving that
that Marcus is dead Marcus is dead

¢ From looking at the proofs just shown, two things should be clear -
a) Every very simple conclusions can require many steps to prove.

b) A variety of processes, such as matching, substitution and application of

modus ponens are involved in the production of a proof. This is true even
for the simple statements we are using,

_//
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Example 6.4 Consider the following set of sentences -
§) Marcus was @ man i) Marcus was a pompeian i) All pompeians were Romans
iv) Caesar was a ruler v) All romans were either loyalto caesar or hated him

vi) Everyone is loyal to someone vii) People only try to assassinate rulers they are not
loyal to viii) Marcus tr:ed to assassmfe caesar.

prove that was Marcus loyal to caesar. :
golution : All the given sentences in predicate logic are given in example 6.1

Now, by using the above facts one need to answer that, was marcus loyal to caesar
or not.

Let's try to produce a formal proof, reasoning backward from the desired goal -
- loyal to (Marcus, Caesar)

In order to prove the goal, one need to use the rules of inference to transform it into

another goal that can in turn be transformed and so on, until there are no satisfied goals
remaining.

But there is a problem, that is, although we know that Marcus was a man, one do
not have any way to conclude that Marcus was a person. So one add this fact

ix) Marcus was a person
¥X : man (x) — person (x)

Now one can satisfy the goal and produce proof that Marcus was not loyal to Caesar
(as seen from rule (vii) and (viii))

Proof -
- loyalto (Marcus, Caesar)

T (7, substitution)

person (Marcus) A

ruler (Caesar) A

tryassassinate (Marcus, Caesar)
T @

person (Marcus)

tryassassinate (Marcus, Caesar)
T@®)

person (Marcus)
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Consider the following sentences :
:')UXisantopafythenysupwrfsx

3 t
i) If X is above y and they are touching each other
iii)Acup:Saboz'eabooh

iv) A cup is touching a boo . o
Transtate these statements in predicate logic Prove by backward reasoning "Boo) Strpor

hen x is on top of y.

Cup'.
Solution : Co
i) Ix:3y: on-top-of (X,
3x : Jy : [above (x, y) A touch (x, y) ~

nversion of above statements in predicate logic as follows -

y) — support (¥, X) i

ii)

touch (y, ¥)] = on-top-of (X, ¥) - i)
jif) 3x : 3y : above (cup, book) )
iv)3x : 3y : touch (cup, book) e (i)

Proof by backward reasoning is as follows -
It predicate logic conversion will be -
Support (Book, cup)
T (1, substitution)
Ontopof (Cup, Book)
T (2, substitution)
above (Cup, Book) A touch (Cup, Book) A touch (Book, Cup)
(3, substitution)
touch (Cup, Book) A touch (Book, Cup)
T (4 substitution)
Nill
The proof of given statement is as above. The term Nil at the end of proof indicate

that the list of conditions remaining to be proved is empty and so the proof has
succeeded.

Convert the following statement into clause form
i) (vx) Gy) (v2) [p(x, ¥) A g(x, 2) > r(z, X)]
i) (vx) (vy) [G2) plx, 2) A ply, 2)) - Gu) Qx, y, w)]
Solution : i) Given statement is
(+x) @y) (v2) [p(x, y) A q(x, 2) - r(z, x)]
By applying rule 1,
(x( @y) (v2) [~(p(x, y) A q(x, ¥)) v 1(z, x)]
_//
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By applying rule &
(vx) @y) &2) [~p(x, y) v ~q(x, 2) v 1(z, x)]
Rule 3 and 41 not required here, so by applying rule 5,
(V-X) ("'Lz) [“‘P (X, A(X)) v "‘(](x.« Z) v r(z, X)]
By applying rule &
[~p(x, A(x)) v ~q(x, z) v r(z, x))
By applying rule 7,
~p(x, A(X)) v ~q(x, 2) v 1(z, x)
The above expression is a clausal form.

ii) Given staternent is

(»x) (+y) [(@2) p(x, 2) A P(y, 2)) - Bu) Q(x, y, u)]
By applying rule 1,
(vx) (+y) [~(@2) p(x, ) A p(y, 2)) v Gu) Q(x, y, u)]
By applying rule 2,
(+x) (+y) [(+2) ~p(x, 2) v ~ply, 2)) v (Bu) Q(x, y, u)]
By applying rule 4,
(vx) (vy) (+2) BGu) [((~p(x, 2) v ~ply, 2)) v Eu) Q(x, y, u)]
By applying rule 5,
(vx) (vy) [(~p(x, A(x, ¥)) v ~p(y, A(x, ) v Q(x, A(x, y), B(x, y))]
By applying rule 6,
[(~p(x, Ax, y)) v ~ply, Alx, ¥))) v Q(x, A(x, y), B(x, y))]
By applying rule 7,
~p(x, A(x, y)) v ~p(y, Alx, y) v Q(x, A(x, y), B(x, y))

The above expression is a clausal form.

Explain the following terms in common sense -

i) Ribbon (Object, Sidey, Side,) i) Along (x, y) iii) Across (x, y).

Solution : i) Ribbon (Object, Side,, Side,) -

. b}
A ribbon is essentially a curve viewed at a ;

coarser level of granularity, resulting in a

two-dimensional ribbon like shape. Q *2
X

The problem world contains many objects that 1

arg w@y viewed as ribbons, e.g., rivers and Fig. 6.31_'&:0(:53@:;"&1(!.1“5“32{2) and
bndges (Fig. 6.3).

————
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TERMINAL (P, ¢) =
INSIDE (P, ) A
v ¢y, ¢; ¢ INSIDE (cy, ¢) A INSIDE (c,, ©)
 INSIDE (P, c¢;) A INSIDE (p, c))

— INSIDE (cy, ¢;) v INSIDE (cy, ¢y)

It is the definition of a terminal point P of a curve c.
i1) Along (x, y) -
ALONG (x, y) = CURVE (x) A RIBBON (y, s1, S7) A
v, : INSIDE (z, x) — ADJACENT

@ y)
iii)  Across (x, y) -
ACROSS (x, y) = CURVE (x) A RIBBON (y, s, 52) A
PERPENDICULAR (x, AXIS ¥, sy, $2)
ADJACENT (x, y) A ADJACENT (x, $) 1

ADJACENT (x, s5)

These definitions assume that the terms PERPENDICULAR, AXIS and ADJA
have been defined and that the commonsense axiom that an object x is AD]ACENT o
an object y if any part of x is ADJACENT to y, are supplied.

A robot could use the ALONG relation to plot a course down the river's edge. |t
could similarly use the ACROSS relation to navigate to the other side of the river
Unfortunately, the ACROSS relation is not enough, as the robot might try to cross the
river without using the bridge.

Consider the following sentences -
a) Krishna like all kind of food. b) Apples are food.  c) Bread is food. d) Anything
anyone eat and is not killed by is food. e) Ravi eats peanuts and is still alive. f) Chetan
eat everything Ravi eats.  g) Translate these sentences into formula in predicate logi
h) Prove that Krishna likes peanuts using resolution.
Solution : i) Translation in Predicate logic -
a)  Krishna like all kind of food.
¥x : food (x) — like (Krishna, X)
b)  Apples are food.
food (Apple)
c) Bread is food.
food (Bread)
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9 Anything everyone eat and is not killed by is food
wx vy eat (X, y) A ~ kill (x, y) - food (y)
o) Ravieats peanuts and is still alive
eat (Ravi, peanut) A alive (Ravi)
f)  Chetan eat everything Ravi eats
»x : eat (Chetan, x) — eat (Ravi, x)
i) Proof by resolution - Need to prove that like (Krishna, peanut)
Assume the negation of the result
~ like (Krishna, peanut)
- The given axioms are
wx : food(x) — like(Krishna, x)
food(Apple)
food(Bread)
wx vy o eat(x, y) A ~ kill(x, y) — food(y)
eat(Ravi, peanut) A alive (Ravi)
vx : eat(Chetan, x) — eat(Ravi, x)
- Equation (ii) can be written as
~ food(x) v like(Krishna, x)
- In equation (viii), substitute x = peanut
~ food(peanut) v like(Krishna, peanut)
- Resolving equations (i) and (ix), we have

~ food(peanut)

First Order Logic - Predicate Logic

« (%)

- Resolving equations (iii) and (x) contradiction arrives. Hence, the negation of

the result is false or the result is true.

Convert the following sentences to predicate logic, clause form and thus prove by

resolution that - "Marcus was a Roman"

i) Marcus was a Pompeian. i) All Pompeian were Romans.
Solution : In Predicate logic -

i) Marcus was a Pompeian.
Pompeian (Marcus)
ii) All pompeians were Romans.

¥x : Pompeian (x) — Roman (x)

————
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In clause form -

i) Pompeian (Marcus).
ii) — Pompeian (x;) v Roman (x1)
To prove -

Roman (marcus)

Proof -

(if)

—Roman(Marcus)
\/ﬂarcus!x1

(i) —~Pompein(Marcus)

Fig. 6.4

Empty clause means that the clause which initially taken is totally contradict ang
cannot be true, which results that

— Roman (marcus) is FALSE or

Roman (marcus) is TRUE. Hence proved,
Convert the following sentences into propositional form :
Given :
Sentence Symbol
If rains r
Picnic is cancelled pc
be wet wet
stay at home s

1) I will be wet if it rains
1) If it rains but I stay at home I won't be wet
i) If it rains and the picnic is not cancelled or I don't stay at home, I will be wet.
w) Either it does not rain or I am staying at home
v) Whether or not the picnic is cancelled, I am staying at home, if it rains
Solution : 1. Propositional form :
i) r - wet
ii) (rvs) — wet
i)  ((r A= pc) v —s) > wet
iv) =rvs

v) (pcv-ape)ar—s
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Convert the following sentences into FOL representation
a) Some students took English in spring 2004

) Every student who takes English passes it

¢) John is @ man

4) Father of Bill is a teacher

¢) John likes books and music

f) John lives in a yellow house

g) If the car belongs to John then it is green

h) All elephants are gray in color

i) John likes all kind of foods

j) Anything any one eats and isn't killed by is food.
k) Sue eats zverythmg Bill eats
1) Not all smdent take both Hwtory and Bzalogy
m Only one student faded in History

Solution :
a)  3x Student (x) A Take (x, English, Spring2004)
b) WX Student (x) A Take (x, English)=>Passes (x, English)
¢  Man (John)
d)  Teacher (Father of (Bill))
e)  Likes (John, Books)  Likes (John, Music)
f)  Lives (John, House) A Color (House, Yellow)
(or)
Lives ((John, Color(House, Yellow))
g)  Belongs (Car, John)=> Color(Car, Green)
h)  Vx Elephant (x)=> Color (x, Gray)
i) vx Likes (John, x) A Food(x)
i) VxVy Person(x) A Food(y) A Eats(x, y) A - Killed(x)=>Isfood(x)
k)  Vx Eats (Sue, x) = Eats (Bill, x)
)  3x student (x) A Take(x, History) A Take(x, Biology)
m) 3 student (x) A Failed (x, History) A Yy y # X =~ Failed (y, History)
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SEVNENRVY [ From the following KB, solve the given task using any one of the resolutiy,

techniques.

1. Mani likes easy games 2. Boxing
4. Table Tennis is an indoor game. |
Task : Find the name of the game. which is liked by Mani.

I1. From the following KB, solve the given task using any one of the resolution technigyes
for INF and CNF representation.

1. Jack owns a dog 2. Every dog owner is an animal lover 3. No animal lover kijj an
animal 4. Either Jack or Curiosity killed the cat, who is named Tuna 5. Tuna s g cat

is hard 3. All the indoor games are easy

6. All cats are animals
Task : Show that Kills (Curiosity, Tuna) is true.
[11. For each pair of atomic sentences, give the most general unifiers if it exists.
a) P(A, B, B), P(x, y,2) b) Q(y, G(A, B)), Q(G(x, y), y)
Solution : I. FOL representation :
1. vx Easygame (x) — Likes (Mani, Game (x))
2. Hard (Boxing)
3. Vx Indoorgame (x) — Easygame (x)
4. Indoorgame (TableTennis)
CNF representation :

1. ~Easygame (x) v Likes (Mani, Game (x))
2. Hard (Boxing)
3. ~Indoorgame (x) v Easygame (x)
4. Indoorgame (TableTennis)
Proof :
~U i ~ Easygame(x)
Livns (Manl, Game(x) V Likes (Mani,Game(x))
(Negation
and Step 1
~ Indoorgame (x
~ Easygame (x) % Easyggme (i) :
Step 3
Ind Indoorgame
~ Indoorgame (x) (Tabletennis)

\\A

x = Table Tennis

Fig. 6.5 (a)
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‘ Mani like TableTennis

1. FOL representation :

1. 3x Dog (x) A Owns (Jack, x)

vx @y Dog (y) A~ Owns (x, y)) = Animallover (x)
vx Animallover (x) = Vy Animal (y) = - Kills (x,
Kills (Jack, Tuna) v Kills (Curiosity, Tuna)

Cat (Tuna)

y)

RS I S RN

vx Cat (x) = Animal (x)

INF representation :

1. a. Dog (D)

b. Owns (Jack, D)

Dog (y) A ~Owns (x, y) = Animallover (x)
Animallover (x) A Animal (y) A Kills (x, y) = False
Kills (Jack, Tuna) v Kills (Curiosity, Tuna)

Cat (Tuna)

AN U T i

Cat (x) = Animal (x)

CNF representation :

1. a. Dog (D)

b. Owns (Jack, D)

~ Dog (y) v ~ Owns (x, y) v Animallover (x)

~ Animallover (x) v ~ Animal (y) v ~ Kills (x, y)
Kills (Jack, Tuna) v Kills (Curiosity, Tuna)

Cat (Tuna)

6. ~ Cat (x) v Animal (x)

L S
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Resolution with refutation using INF representation :

Dog(D) Dog(y)AOwns(x,y) ==>Animallover(x)

(Step1a and
Step 2)

{y/D}
Owns(x,D) == Animaliover(x) Own(Jack, D)
Animallover(Jack) @
Cat(Tuna) Cat(x) = Animal(x)
(Step 5 and Step 6)
o
T Animallover (x) A Animal(y)
Animal(Tuna) AKills (x,y) = False
_ Animallover(Jack) | | Animaliover(x)A Kills(x,Tuna) = False

\ W
Step 7

Kills(Jack, Tuna) = False | | Kills(Jack, Tuna)vKills
: (Curosity, Tuna)

[Kills(Curiosity, Tuna)
(Step 4 and — False
Negation)

Kills(Jack, Tuna)

 e———

False

Fig. 6.5 (b)

To solve the given task we assumed the negation (Kills (Curiosity, Tuna) = False)
and using inference rules we derive a contradiction, False, which means that the
assumption must be false, and Kills (Curiosity, Tuna) is true.
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Resolution with refutation using CNF representation :

e g Kills(Curiosity, Tuna)

(Negation and
Step 4)

Kills(Jack, Tuna) *ﬁniml%vg;((ﬁl)sz; ;\nimal()f)

{x/Jack,
yfTuna} /" Step 3

~Dog(y) V ~ Owns (x) | |~Animallover(Jack) V ~ Animal(Tuna)
 VAnimallover (x) PRI, :

{x/Jack, y/Tuna}
Step 2

{Jack, Tuna) V ~ Animal (Tuna) Dog(D) |

W/
Step 1.a

Own(Jack, D) - ~Owns(Jack,Tuna)
W S |V ~ Animal(Tuna)

{D/Tuna}

Step 1-b
~Animal (Tuna) ~Cat(x) V Animal(x)
\M
~Cat(Tuna)| | Cat(Tuna)
\A’p >
Ay

Fig. 6.5 (c)

To prove the given task, we assumed the negation of it (i.e.) ~ Kills (Curiosity, Tuna)
and using inference rule we derive a contradiction as empty set, which means that the
assumption must be false, and Kills (Curiosity, Tuna) is true.

IIL  a (x|A,y|B, z|B}
b. No unifer (x cannot bind to both A and B)
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Example 6.13 Represent the following sentences in FOL :

a) Perrier is a kind of water

b) John has perrier in his water bottle
¢) Water is a liquid between 0 and 100 degrees
d) The water in John's water bottle is frozen.
Solution : a) Perrier ¢ Water
b) 3b ¥V w w € Water A b € WaterBottles A Has (John, b, Now) A Inside (w, b, Now)
= w € Perrier.
¢) Vw w e Water = (Degree (0) < Temperature (w) < Degree (100)) < w € Liquid,

d) b ¥ w w e Water A b € WaterBottles » Has (John, b, Now) A Inside (w, b, Now)
= (w € Solid, Now)

Consider the following facts :

o Steve only likes easy courses.

e Science courses are hard.

o All the courses in the HaveFun department are easy.

® BK301 is a HaveFun department course.

Use resolution to answer the question “What course would Steve like”?

Solution : The following statements are assumed to be true :

1. Steve only likes easy courses.

2. Science courses are hard.

3. All the courses in the HaveFun department are easy.

4. BK301 is a HaveFun deparment course.

To answer : What course would Steve like ?
The predicate logic encoding of the premises of the previous problem is as follows :
1. forall x easy(x) -> likes(steve,x)

2. forall x science(x) -> ~easy(x)

3. forall x HaveFun(x) -> easy(x)

4. HaveFun(BK301)
The conclusion is encoded as

likes(steve,x).

First put premises in the clause form and the negation of conclusion to the set of
clauses.

¢ (1) ~easy(x) or likes(steve,x)

* (2) ~science(x) or ~easy(x)

TECHNICAL F'UBLJCATIONS® = An up thrust for knowledge




: - First Order Logic - C
artificlal Intelligence _’lﬁﬁ//" oglc - Predicate Logic

(3) ~science(x) or ~easy(x)
(4) ~HaveFun(x) or easy(x)
(5) HaveFun(BK301)

(6) ~likes(steve,x)

A resolution proof may be obtained by the following sequence of resolutions (eafcfll
step includes a parenthesized number of the resolvent generated in the current step;
and 5 means that we resolve clauses (1) and (5)):

o (7)1 and 6 yields resolvent ~easy(x).

e (8) 4 and 7 yields resolvent ~basketweaving(x).
¢ (9) 5 and 8 yields empty clause; the substitution x/BK301 is produced by the

unification algorithm which says that the only wff of the form likes(steve,x) which
follows from the premises is

likes(steve, BK301).

Thus, resolution gives us a way to find additional assumptions (in this case x=BK301)
which make theorem true.

1

5.
6.

Ans.

Convert the following sentences to predicate logic : i) Marcus was a man. ii) All men are mortal.
iii) No mortal lives longer than 150 years. (Refer section 6.1.8)
Convert the following sentences to predicate logic : i) All Romans were either loyal to Caesar or |
hated him. ii) Everyone is loyal to someone. iii) Marcus tried to assassinate Caesar. iv) Caesar
was ruler. (Refer section 6.18)
Give resolution in propositional logic. (Refer section 6.4)
Write down and explain the unification algorithm in predicate logic.
(Refer section 6.4)
OR
Explain unification algorithm.
OR
Write short note on unification algorithm.
Differentiate the monotonic and non-monotonic reasoning. (Refer section 6.5)
Name two standard quantifier.

: The two standard quantifier are universal quantifiers (represented as V, which

means "For all") and existential quantifier (represented as 3, which means "there exists
some object").

They are used for expressing properties of entire collection of objects rather than just a
single object.
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For example : R of discourse is people, then

i) vV x Happy (x) means that "if the
everyone is happy"-

ii) 3 x Happy (x) means
means that there is at le

7. What is a purpose of unification ?
finding substitutions for _
look identical. It helps to match to logic

rithm in first order logic. '
oxists in the world) of first order logic ? Represent the

that "if the universe of discourse is people, then this

ast one happy person".

inference rules, which can make different

Ans. : It is used for 1 expressions. Therefore it

Jogical expression t0
is used in many algo

8. What is ontological commitment (what

sentence "Brothers are siblings” in first order logic.
i e makes about th
Ans. : Ontological commitment means what assumptions languag e
nature if reality.
Representation of "Brothers are siblings" in
v x, y [Brother (x, y) = Siblings (x, V)l

9. Diffentiate between propositional versus ’

OR Distinguish between predicate logic and propositional 10gic.

OR Diffentiate propositional and first order logic. N | |
Ans. : Following are the comparative differences between propositional logic and first
order logic

1) Propositional logic is less expressive and do not reflect individual object's

properties explicitely.
First order logic is more expressive and ¢
with all its properties.

2) Propositional logic can not

order logic can represent relationship.
ositional logic do not consider generalization of objects where as first order

first order logic is

first order predicate logic.

an represent individual object along

represent relationship among objects whereas first

3) Prop
logic handles generalization.

4) Propositional logic includes sentence letters (A, B, C) and logical connectives,
but not quantifier.
First order logic has the same connectives as propositional logic, but it also has
variables for individual objects, quantifier, symbols for functions, and symbols
for relations.
10. What factors justify whether the reasoning is to be done in forward or backward reasoning ?
Ans. : Following factors justify whether the reasoning is to be done in forward or
backward reasoning -
1) Which state is more possible to begin with, the start state or goal state ?

I
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2) Is there a need to justify the reasoning ?
3) What kind of events trigger the problem - solving ?

4) In wl'fjch direction is the branching factor greatest ? One should go in the
direction with lower branching factor.

11. Define diagnostic rules with example.

Ans. : Diagnostic rules are used in first order logic for inferencing. The diagnostic rules

generate hidden causes from observed effect. They help to deduce hidden facts in the
world. For example consider the wumpus world.

The diagnostic rule finding 'pit' s,

"If square is breezy some adjacent square must contain pit", which is written as,
Vs Breezy(s) = 3, Adjacent (r,s) A pit(r)
12. Represent the following sentence in predicate form "All the children likes sweets”.
Ans. : Vx child(x) A sweet(y) A likes (x,y).
13. What is skolemization ?
Ans. : Skolemization is the process of removing existential quantifier by elimination. It
converts a sentence with existential quantifier into a sentence without existential
quantifier such that the first sentence is satisfiable if and only if the second is.
For eliminating an existential quantifier, each occurance of its variable is replaced by a

skolem function whose argument are the variables of universal quantifier whose scope
includes the scope of the existential quantifier.

14. Define the first order definite clause.
Ans. : 1) They are disjunctions of literals of which exactly one is positive.

2) A definite clause is either atomic sentence or is an implication whose
antecedants (left hand side clause) is a conjunction of positive literals and
consequent (Right hand side clause) is a single positive literal.

For example :
Princess (x) A Beautiful (x) = GoodHearted (x)
Princess (x)
Beautiful (x)
15. Write the generalized modus ponens rule.
OR State generalized modus ponens.

Ans. : 1) Modus ponens :

If the sentence P and P -> Q are known to be true, then modus ponens lets
o usinferQ.
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s : g ound will b.
For example : If we have statment, " If it is raining tl'l;nothiz El[-he o i:
wet" and "It is raining". If P denotes " It is raining an

use it is indeed now
wet" then the first expression becomes p — Q. Beca

raining (P is true), our set of axioms becomes,

(P-Q

P ] " und . =
Through an application of modus ponens, the fact that "The ground is wet

(Q) may be added to the set of true expressions.

¢ The generalized modus ponens :
For atomic sentences P;, P;, and q, where there
SUBST (6, P;) = SUBST (6, P),

For all i,

is a substitution Q such that

P!, P, ...Ph, (P APy A-APn = O

SUBST(6, q)
i i - n' i tences p; and the
mises to this rule : - The atomic sen :
g g the substitution 6 to the

one implication. The conclusion is the result applyin,
consequent .

Q.16 Define atomic sentence and complex sentence.

Ans. : ;
i An atomic sentence is formed from a predicate symbol followed by a

parenthesized list of terms.
For example : Stepsister (Cindrella, Drizella)

ii, Atomic sentences can have complex terms as the arguments.
For example : Married (Father (Cindrella ), Mother(Drizella))

iii. Atomic sentences are also called atomic expressions, atoms or propositions.
For example : Equal (plus (two, three), five) is an atomic sentence.

Complex sentences
i. Atomic sentences can be connected to each other to form complex sentence.

Logical connectives, A, v, =, = can be used to connect atomic sentences.

For example :

— Princess (Drizella) — Princess (Cindrella)

ii. (foo (two, two, plus (two, three))) — (equal (plus (three, two), five) = true) is a

sentence because all its components are sentences, appropriatly connected by
logical operators.
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. Various sentences in first order logic formed usin

: o g connectives :
1) If S is a sentence, then so is its negation, — S,

9) If Sy, and S, are sentences, then so is thejr conjunction, S; A S,.

3) If Sy and S, are sentences, then 0 is their disjunction, S, v S,.

4) If Sy and S, are sentences, then so is their implication, S1— S,.

5) If S; and S, are sentences, then so is their equivalence, S,

= 52.
17. What is unification ?

Ans. : 1) It is the .process of finding substitutions for lifted inference rules, which can
make different logical expression to look similar (identical).

2) Unification is an procedure for determim'ng substitutions needed to make two
first order logic expressions match.

3) Unification is important component of all first order logic inference
algorithms.

4) The unification algorithm takes two sentences and returns a unifier for them,
if one exists.

18. Differentiate forward chaining and backward chaining.
Ans. : 1) Forward chaining is data driven.
- It is automatic unconscious processing.
- Example - Object recognition, routine decisions.
- It may do lots of work that is irrelevant to the goal.
2) Backward chaining is goal driven.
- It is appropriate for problem solving.
- Example : Where are my keys ?,
How do I get into a PhD programme ?

- Complexity of backward chaining can be much less than linear in size of
knowledgebase.
19. Define meta rules.

Ans. : The rules that determine the conflict resolution strategy are called meta rules.
Meta rules define knowledge about how the system will work. For example, meta rules
may define that knowledge from Expert 1 is to be trusted more than knowledge from
Expert 2. Meta rules are treated by the system like normal rules, but are they are given
higher priority.
20 Convert the following into Horn clauses.
Vx : Wy : cab(x) v fish(y) — likes_to_eat(x,y)
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"Ans. : Hom clauses are as follows,
- cat(x) v — fish(y) v likes_to_eat (x,Y)
- jon 6.4)
21, Discuss forward and backward chaining ? (Refer secti
22. Explain resolution procedure 7 (Refer section 6.4) f 6D
' r section 6.
23. Discuss the syntax and semantics of first order logic. (Re ef o 5)
' - ooring 7 er sectl ¥
24, Describe the general process of knowledge engineer™s o tion 6.4)
' ; on 6.
25. Discuss forward and backward chaining with example 7 (Refer sectl
: » =
26. Describe forward chaining and backward chaiming algorithm
(Refer section 6.4) )
. O ction 6.4)
27. Apply both algorithm to prove that "West is criminal (Refer :Be
28, What is conjunctive normal form of @ rule ? Define Skolemizatior
(Refer section 6.4) ’ ,
29, Describe in detail the steps involved in the knowledge engineerii process !
(Refer section 6.3) ’
30. Explain Unification algorithm used for reasoning under predicate logic (first order logic) with an
example. (Refer section 6.4)
31. Explain the forward chaining process in detail with example. What is the need of incremental
chaining ? (Refer section 6.4)
32. Explain the inferencing process in first order logic, using suitable example.
(Refer section 6.4)
33. Explain the steps involved in knowledge engineering process with example.
(Refer section 6.3)
34. Discuss backward chaining algorithm. (Refer section 6.4)
35. Explain the algorithm for computing most general unifiers. (Refer section 6.4)
36. Explain with an example the use of unification algorithm to prove the concept of resolution.
(Refer section 6.4)
37. Explain the forward chaining process and efficient forward chaining with example. State its usage.
(Refer section 6.4.9)
38. State and explain the various steps in knowledge engineering process. (Refer section 6.3)
39. (Pl\;h;t are the steps to convert first order logic sentence to normal form ? Explain each step.
efer section 6.4.11)
40. Represent the following sentences in predicate logic and convert the following sentences to CNF

form.
(1) All women who like ice-creams like chocolates.

(2) No man is happy with a spendthrift wife.
(3) The best movie in Hollywood is always better than the best movie in Bollywood.
(4) Some people like eating outside all the time and some people like eating at home all the time.
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41.

42.

43.

45.

47.

51.
52.

53.

First Order Logic - Predicate Logic

(5) It might be argued that one aspect of intelligent behavior is the ability to infer new facts about
the world by combining existing ones. Has the theory of logic given us a tool to allow computers to
display this sort of intelligence ? Can humans make other leaps of inference that are impossible
with logic alone ? (Refer section 6.4.11)

Differentiate propositional logic with FOL. List the inference rules along with suitable examples for
first order logic. (Refer section 6.1)

Consider the following sentences :

(1) John likes all kinds of food.

(2) Apples are food.

(3) Chicken is food.

(4) Anything anyone eats and isn't killed aliye,

(5) Sue eats everything bill eats.

(A) Translate these sentences into formulas in predicate logic.
(B) Convert the formulas of a part into clause form.

(C) Prove that "John likes peanuts” using forward chaining.

(D) Prove that “John likes peanuts” using backward chaining. (Refer section 6.4.11)

Explain standard quantifiers of first order logic with example.
(Refer section 6.4.3)

. Explain the forward chaining algorithm with the help of the pseudo-code.

(Refer section 6.4.9)

Give the completeness proof of resolution. (Refer section 6.4.11)

Explain forward chaining and backward chaining algorithm with an example.
(Refer section 6.4.9)

lllustrate the use of first order logic to represent knowledge. (Refer section 6.1)

. Write short note on unification. (Refer section 6.4.6)
49,

Explain forward chaining and backward chaining algorithm with an example.
(Refer section 6.4.9)

lllustrate the use of first order logic to represent knowledge. (Refer section 6.1)
Write short note on unification. (Refer section 6.4.6)

Explain in detail about forward and backward chaining with an example.
(Refer section 6.4.9)

Consider the following sentences :

John likes all kinds of food

Apples are food

Chicken is food

Anything anyone eats and isn't killed by is food

Bill eats peanuts and is still alive

Sue eats everything Bill eats.

i) Translate these sentences into formulas in predicate logic.

ii) Convert the formulas of part a into clause form. (Refer section 6.4)
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54. Trace the operation of the unifacination algorithm on each of the following pairs of literals :

i) f{Marcus) and f(Caesar)

i) flx) and fig(y))
iii) fiMarcus, g(x,y)) and fix, g(Caesar, Marcus) (Refer section 6.4)

55. Consider the following facts :
* Steve only likes easy courses.
* Science courses are hard.
o All the courses in the HaveFun department are easy.
* BK301 is a HaveFun department course.
Use resolution to answer the question "What course would Steve like"?

(Refer example 6.14)
56. Relate first order logic with proposition logic and discuss in detail about the same.
(Refer section 6.1)
57. Describe a procedure for converting a sentence to CNF with an example.
(Refer section 6.4)
58. Explain forward chaining and backward chaining for proportional definite clauses.
(Refer section 6.4)
59. Consider the following facts
1) All students in 4" year are intelligent.
2) Raja is a 4" year student.
3) Ragu is a 3 year student.
4) 3 year studensts are not intelligent.
5) 4™ year students have no friends in 3" year. -
Represent the facts in predicate convert to clause form and prove by resolution, "Raja is not frm;d
of Ragu”. (Refer section 6.4) -

60. Explain the unification algorithm with an example. (Refer section 6.4)
61. Consider the following facts

1) There are 5000 employees in XYZ company.

2) Employees earning more than X 25000/- annum pay tax.

3) John is a manager in XYZ company.

4) Manager earns T 50,000/-.

Represent the facts in predicate convert to clause form and prove by resolution, "John pays tax”.
(Refer section 6.4)

62. Explain dempster shafer theory with an example. (Refer section 6, 5)
63. What are fuzzy membership functions ? Explain them with examples,
(Refer section 6.5)
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m University Questions and Answers

al
Q.2

Q3

Q4

Qs

Q.6

Q.7

. Summer - 18

Discuss non-monotonic reasoning. (Refer section 6.5) [3]

Explain following terms in reference to predicate logic Resolution.
a. Unsuccessful attempt at resolution b, Equality  c. Reduce

d. Trying several substitute (Refer section 6.4) (7]
~ Winter-18

Explain the procedure to convert well formed formula to clause form with the help of

example. (Refer section 6.1) M

Differentiate monotonic and non-monotonic reasoning. (Refer section 6.5) [4]

Explain resolution in predicate logic. (Refer section 6.4) M
. Summer - 19

Discuss non-monotonic reasoning. (Refer section 6.5) 31
. Winter-19

Write a note on non-monotonic reasoning. (Refer section 6.5) [4]
Summer - 20

Define the following words in the context of Al : Logical reasoning.

(Refer section 6.1) (1]

Define predicate logic. (Refer section 6.1) i2]

List out the property of monotonic and non monotonic reasoning.

(Refer section 6.5) [4]
QQaQ
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Artificial Intelligence 7-2 Uncerts,,,
S

Acting Under Uncertainty

Introduction

A agent working in real world environment almost never has access to whole truth
about its environment. Therefore, agent needs to work under uncertainity.

Earlier agents we have seen make the epistemological commitment that either the
facts (expressed as propositions) are true, false or else they are unknown, When g,
agent knows enough facts about its environment, the logical approach enables jt
derive plans, which are guaranteed to work.

But when agent works with uncertain knowledge then it might be impossible s
construct a complete and correct description of how its actions will work. If 5 logica]
agent can not conclude that any perticular course of action achieves its goal, then it wi]|
be unable to act.

The right thing logical agent can do is, take a rational decision. The rational decision
depends on following things :

* The relative importance of various goals.

* The likelihood and the degree to which, goals will be achieved.

An agent would possess some early basic knowledge of the world (Assume that

knowledge is represented in first order logic sentence). Using first order logic to handle
real word problem domains fails for three main reasons as discussed below :

1) Laziness :

It is too much work to list the complete set of antecedents or consequents needed to
ensure an exceptionless rule and too hard to use such rules.

2) Theoretical ignorance :

A perticular problem may not have complete theory for the domain.

3) Practical ignorance :

Even if all the rules are known, perticular aspects of problem are not checked yet or
some details are not considered at all (missing out the details).

The agent's knowledge can provide it with a degree of belief with relevent sentences.
To this degree of belief probability theory is applied. Probability assigns a numerical
degree of belief between 0 and 1 to each sentence.

Probability provides a way of summarizing the uncertainity that comes from our
laziness and ignorance.

Assigning probability of 0 to a given sentence corresponds to an unequivocal belief
saying that sentence is false. Assigning probability of 1 corresponds to an unequivocal

- —
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pelief saying that the sentence is true. Probabilities between 0 and 1 correspond to
intermediate degree of belief in the truth of the sentence.

The beliefs completely depends on percepts of agent at perticular time. These
ercepts constitute the evidence on which probability assertions are based. Assignment
of probabilit‘y to a proposition is analogous to saying that whether the given logical
sentence (or its negation) is entailed by the knowledge base rather than whether it is
true or not. When more sentences are added to knowledge base the entailment keeps on
changing. Similarly the probability would also keep on changing with additional
knowledge.

All probability statements must therefore, indicate the evidence with respect to which
the probability is being assessed. As the agent receives new percepts, its probability
assessments are updated to reflect the new evidence. Before the evidence is obtained, we
talk about prior or unconditional probability; after the evidence is obtained, we talk
about posterior or conditional probability. In most cases, an agent will have some

evidence from its percepts and will be interested in computing the posterior probabilities
of the outcomes it cares about.

Uncertainty and rational decisions :

The presence of uncertainty drastically changes the way an agent makes decision. At
perticular time an agent can have various available decisions, from which it has to
make a choice. To make such choices an agent must have a preferences between the
different possible outcomes, of the various plans.

A perticular outcome is completely specified state, along with the expected factors
related with the outcome.

For example : Consider a car driving agent who wants to reach at airport by a
specific time say at 7.30 pm.

Here factors like, whether agent arrived at airport on time, what is the length of
waiting duration at the airport are attached with the outcome.

Utility Theory

Utility theory is used to represent and reason with preferences. The term utility in
current context is used as "quality of being useful”.

Utility theory says that every state has a degree of usefulness called as utility. The
agent will prefer the states with higher utility.

The utility of the state is relative to the agent for which utility functien is calculated
on the basis of agent's preferences.
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functions. The utility of a
gh for the agent playing

For example : The pay off functions for games are utility f
state in which black has won a game of chess is obviously hi
black and low for the agent playing white.

There is no measure that can count test or preferences.

icecream and someone loves chocochip icecream. A utili
altruistic behavior, simply by including the welfare of other as on

contributing to the agent's own utility.

Someone loves deep chocolate

ty function can account for
e of the factors

Decision theory

Preferences as expressed by utilities are
rational decisions. This theory, of rational decision making 1

Decision theory can be summarized as,

Decision theory = Probability theory + Utility theory.

e The principle of Maximum Expected Utility (MEU) : .
Decision theory says that the agent is rational if and only if it chooses the action that

yields highest expected utility, averaged over all the possible outcomes of the action.

o Design for a decision theoretic agent :
Following algorithm sketches the structure of an agent that uses decision theory to

select actions.

The algorithm

Function : DT-AGENT (percept) returns an action.

Static : belief-state, probabilistic beliefs about the current state of the world.

combined with probabilities for making
s called as decision theory.

action, the agent's action.
- Update belief-state based on action and percept
- Calculate outcome probabilities for actions,
given actions descriptions and current belief-state
- Select action with highest expected utility
given probabilities of outcomes and utility information
- Return action.

A decision therotic agent that selects rational actions.

‘The deFision theoretic agent is identical, at an abstract level, to the logical agent. Th
primary difference is that the decision theoretic agent's knowledge of the currengt sta;te i:

uncertain; the agent's belief state is a representation of iliti
e P n of the probabilities of all possible

| As time passes, the agent accumulates more evidence and its belief state chan
Given the belief state, the agent can make probabilistic predictions n e
and hence select the action with highest expected utility

of action outcomes
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The Basic Probability Notation

The probability theory uses propositional logic language with additional
expressivness.

The probability theory uses represent prior probability statements, which apply before

any evidence is obtained. The probability theory uses conditional probability statements
which include the evidence explicitly.

Propositions

1) The propositions (assertions) are attached with the degree of belief.
2) Complex proposition can be formed using standard logical connectives.

For example : [(Cavity = True) A (Toothache = False)] and [(Cavity A — Toothache)]
both are same assertions.
¢ The random variable :
1) The basic element of language is random variable.

2) It reffers to a "part" of the world whose "status" is initially unknown.

For example : In toothache problem 'cavity' is a random variable which can refer
to my left wisdom tooth or right wisdom tooth.

3) Random variables are like symbols in propositional logic.

4) Random variables are represented using capital letters. Whereas unknown random
variable can be represented with lowercase letter.

For example : P (a) =1 - P (—a)

5) Each random variable has a domain of values that it can take on. That is domain
is, set of allowable values for random variable.

For example : The domain of cavity can be < true, false >

6) A random variable's proposition will assert that what value is drawn for the
random variable from its domain.

For example : Cavity = True is proposition.
Saying that "there is cavity in my lower left wisdom tooth".

7) Random variables are divided into three kinds, depending on their domain. The
types are as follows.

i) Boolean random variables : These are random variables that can take up
only boolean values.

For example : Cavity, it takes value either true or false.
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ii) Discrete random variables : They take values from countable 4
They also include boolean domain. The values in the domaty mom in,
mutually exclusive and exhaustive (finite). ust be

. Weather, it has domain < sunny, rainy, cloudy, colq -

For example
iii) Continuous random variables : They take values from real Numberg
domain can be either entire real line or subset of it like intervalg 2 3]'

For example : X = 4.14 asserts that X has exact value 4.14

Propositions having continuous random variable can have inequalities lik
e

X < 4.14.

Atomic Events
1) An atomic event is a complete specification of the state of the world about

which agent is uncertain.
2) They are represented as variables. These variables are assigned values from the

real world.

For example : If the world is consists of cavity and Toothache then there are four

distinct atomic events,
a) Cavity = False A Toothache = True
b) Cavity = False A Toothache = False
c) Cavity = True A Toothache = False
d) Cavity = True A Toothache = True
e) properties of atomic events
i) They are mutually exclusive - That is at most one can actually be the case.
For example : (Cavity A Toothache) and (Cavity A — Toothache) can not

both be the case.

The set of all possible atomic events is exhaustive out of

must be the case. That is, the disjunction of all atomic events is

equivalent to true.

iii) Any particular atomic event entails the truth or falsehood of every
proposition, whether simple or complex.

which at least oné
logically

ii)

For example -

The atomic event ood ©of

(Cavity A— Toothache) entails the truth of cavity and the Falseh

(cavity — toothache). mic
iv) Any proposition is logically equivalent to the disjunction of all 3%

events that entail the truth of the proposition.
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For example : The proposition cavity is equivalent to disjunction of the
atomic events (cavity A toothache) and (cavity A — toothache).

@ prior Probability (Unconditional Probability)

1) The prior (unconditional) probability is associated with a proposition ‘a"

7) Itis the degree of belief accorded to a proposition in the absence of any other
information.

3) Itis written as P(a).

For example : The probability that, Ram has cavity = 0.1, then prior probability
is written as, P(Cavity = true) = 0.1 or P(Cavity) = 0.1

4) It should be noted that as soon as new information is received, one should
reason with the conditional probability of 'a’ depending upon new information.

5) When it is required to express probabilities of all the possible values of a
random variable, then a vector of values is used. It is represented using P(a).
This represents values for the probabilities of each individual state of the ‘a".

For example : P(Weather) = < 0.7, 0.2, 0.08, 0.02 > is representing four
equations

P (Weather = Sunny) = 0.7
P (Weather = Rain) = 0.2

P (Weather = Cloudy) = 0.08
P (Weather = Cold) = 0.02

6) The expression P(a) is said to be defining prior probability distribution for the
random variable ‘a'.

7) To denote probabilities of all random variables combinations, the expression
P(a;,a,) can be used. This is called as joint probability distribution for
random variables a1,a;. Any number of random variables can be mentioned
in the expression.

8) A simple example of joint probability distribution is,
—» P<Weather, Cavity> can be represented as;}x 2 \tible of probabilities.

(Weather's probability) (Cavity probability)

9) A joint probability distribution that covers the complete set of random
variables is called as full joint probability distribution.

10) A simple example of full joint probability distribution is,

If problem world consists of 3 random variables, wheather, cavity, toothache
then full joint probability distribution would be,

P<Weather, Cavity, Toothache>

TECHNICA ?LJCATIONSGJ - An up thrust for knowledge
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It will be represented as, 4x2x2, table of probabilities.

11) Prior probability for continuous random variable :

i) For continuous random variable it is not _fea.sil_ale to represent vector of
possible values because the values are mf“_“te' F.or continuoys randoml
variable the probability is defined as a function with parameter whig,
indicates that random variable takes some value x.

For example : Let random variable x denotes the tomorrow's temperature
in Chennai. It would be represented as,

P(X=x) = U[25 - 37] (x).

This sentence express the belief that X is distributed uniformly between %
and 37 degrees celcius.

ii) The probability distribution for continuous random variable has Probability
density function.

Conditional Probability

1)

2)

3)

4)

When agent obtains evidence concerning previously unknown random variables jn
the domain, then prior probability are not used. Based on new information
conditional or posterior probabilities are calculated.

The notation is P(a|b) where a and b are any proposition.

The 'P' is read as "the probability of a given that all we know is b". That is when b
is known it indicates probability of a.

For example : P (Cavity | Toothache) = 0.8
it means that, if patient has toothache (and no other information is known) then
the chances of having cavity are = (.8

Prior probabiﬁty are infact special case of conditional probability. It can be
represented as P(a) which means that probability ‘a' is conditioned on no evidence.

Conditional probability can be defined interms of unconditional probabilities. The
equation would look like,
P(aAb)

P(a/b) = PD)

+ it holds whenever P(b) > 0 s (734)

The above equation can also be written as,
P(a ~ b) = P(a|b) P(b)

This is called as product rule. In other words it says, for 'a’ and 'b' to be true W¢
need 'b’ to be true and we need a to be true given b. |t can be also written as,

P(a A b)= P(ba) P(a).
e — e o

= An up thrust for knowledge
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5) Conditional probability are used for probabilistic inferencing.

6)

P notation can be used for conditional distribution. P(x|y) gives the values of
P(X = x; | Y = y;) for each possible i, .

following are the individual equations,
P(X—_—Xl/\Y=Y1) = P(X=X1|Y=YJ)P(Y=y1)
PX=x1AY=y2)=PX=x1|Y=y,)P(Y=y,)

These can be combined into a single equation as,
P(X, Y) = PX[Y) P(Y)

Conditional probabilities should not be treated as logical implications. That is,
"When 'b' holds then probability of 'a' is something", is a conditional probability
and not to be mistake as logical implication. It is wrong on two points, one is, P(a)
always denotes prior probability. For this it do not require any evidence. Secondly
P(a|b) = 0.7, is immediately relevant when b is available evidence. This will keep
on altering. When information is updated logical Implications do not change over
time.

The Probability Axioms

Axioms gives semantic of probability statements. The basic axioms (Kolmogorov's
axioms) serve to define the probability scale and its end points.

1)
2)

3)

All probabilities are between 0 and 1. For any proposition a, 0< P(a) < 1.
Necessarily true (i.e, valid) propositions have probability 1, and necessarily false
(ie., unsatisfiable) propositions have probability 0.

P(true) =1  P(false) = 0

The probability of a disjunction is given by

P(av b) = P(a) + P(b) - P(aab)

This axiom connects the probabilities of logically related propositions. This rule
states that, the cases where 'a' holds, together with the cases where b’ holds,

certainly cover all the causes where 'avb' holds; but summing the two sets of
cases counts their intersection twice, so we need to subtract P(a Ab).

Note : The axioms deal only with prior probabilities rather than conditional
probabilities; this is because prior probability can be defined in terms of conditional
probability.

TECHNICAL P! IHL}CATIONS® - An up thrust for knowledge



B

Artificial Intelligence 7-10 Unceny,

R -

Using the axioms of probability :
From basic probability axioms following facts can be deduced.
P(av—a) = P(a)+ P(~a)-P(a A—a) (by axiom 3 with b = = a)
P(true) = P(a) + P(—a) - P(false) (by logical equivalence)
1 = P(a)+P(~a) (by axiom 2)

P(—a) = 1 - P(a) (by algebra).
e Let the discrete variable D have the domain <dj,.....,

n
Then, Y P(D=d;) =1
i=1
That is, any probability distribution on a single variable must sum to 1.

e It is also true that any joint probability distribution on any set of variables muyst
sum to 1. This can be seen simply by creating a single megavariable whose
domain is the cross product of the domains of the original variables.

e Atomic events are mutually exclusive, so the probability of any conjunction of
atomic events is zero, by axiom 2.

o From axiom 3, we can derive the following simple relationship : The probability of
a proposition is equal to the sum of the probabilities of atomic events in which it
holds; that is P(a)= Y P(e;) ... 7.32)

e € e(a)

Inference using Full Joint Distribution

Probabilistic inference means, computation from observed evidence of posterior
probabilities, for query propositions. The knowledge base used for answering the query
is represented as full joint distribution. Consider simple example, consists of three
boolean variables, toothache, cavity, catch. The full joint distribution is 2x2x2, as shown

below.

Toothache Toothache

Catch — Catch Catch — Catch
Cavity ~ 0.108 0.012 0.072 0.008
- Cavity 0016 0.064 0.144 0576

Note that the probability in the joint distribution sum to 9.

e One perticular common task in inferencing is to extract the distribution over some
subset of variables or a single variable. This distribution over some variables ©f
single variables is called as marginal probability.

For example : P(Cavity) = 0.108 + 0.012 + 0.072 + 0.008 = 0.2

TECHNICAL PUBLICA TJ'ONSQ = An up thrust for knowledge



ntelligence 7-11 Uncerfajn{y_z

This process is called as marginalization or summing. Because the variables other
than 'cavity' (that is whose probability is being counted) are summed out.
o The general marginalization rule is as follows,
For any sets of variables Y and Z,

P(Y) = 3, P(Y,2). .. (733)

It inrficates that distribution Y can be obtained by summing out all the other
variables from any joint distribution X containing Y.
+ Variant of above example of general marginalization rule involved the conditional
probabilities using product rule.

P(Y) = Y R(Y|2) P(2) . (734)
Z
This rule is conditioning rule.

For example : Computing probability of a cavity, given evidence of a toothache
is as follows,

By | ooibache) = eapipalootiache] 0108 +0012

= =06
P(Toothache) 0108+0.012+0.016+ 0.064
¢ Normalization constant : It is variable that remains constant for the distribution,
which ensures that it adds in to 1. ot is used to denote such constant.

For example : We can compute the probability of a cavity, given evidence of a
toothache, as follows :

. P(Cavity AToothache)
Toothache) =
P(Cavity | Toothache) P(Toothache)
_ 0.108+0.012 =06
~ 0108+0.012+0016+0.064 ~
Just to check we can also compute the probability that there is no cavity given a

toothache :

P (= Cavity A Toothache)
P (Toothache)

_ 0.016+ 0.064 _
~ 0.108+0.012+ 0.016+ 0.064

Notice that in these two calculations the term 1/P (toothache) remains constant, no

matter which value of cavity we calculate. With this notation we can write above two
equations in one.

P(Cavity | Toothache) = = P(Cavity, Toothache)

= @ [P(Cavity, Toothache, Catch) + P(Cavity, Toothache, — Catch))
= [< 0.108, 0.016> + <0.012, 0.064>]

P (Cavity/Tootache)

0.4
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=qa <0.12, 0.08> = <0.6, 0.4>
From above one can extract a general inference procedure.

Consider the case in which query involves a single variable. The notation Used jg |
X be the query variable (cavity in the example), let E be the set of evidence Variahl::
(just toothache in the example) let e be the observed values for them, and let y e
remaining unobserved variable (just catch in the example). The query is P(X/e) ang an
be evaluated as

P(X|e) = P(X, &) = & Y P(X.e.y) .. (735)

where the summation is over all possible ys (i.e. all possible combinations of values
of the unobserved variables 'y'). Notice that together the variables, X, E and Y constityte
the complete set of variables for the domain, so P (X, e, y) is simply a subset of
probabilities from the full joint distribution.

Independance

It is a relationship between two different sets of full joint distributions. It is also
called as marginal or absolute independance of the variables. Independence indicates
that whether the two full joint distributions affects probability of each other.

The independance between variables X and Y can be written as follows,

P(X|Y) = P(X) or P(Y|X) = P(Y) or P(X, Y) = P(X) P(Y)

o For example : The weather is independant of once dental problem. Which can be
shown as below equation.

P(Toothache, Catch, Cavity, Weather) = P(Toothache, Catch, Cavity) P(Weather).

o Following diagram shows factoring a large joint distributing into smaller
distributions, using absolute independence. Weather and dental problems are
independent.

Cavity
Toothache  Catch
Weather

| Decomposes
il into
Cavity '
Toothache Catch

Fig. 7.3.1 Factoring a large joint distributing into smaller distribution

Bayes' Rule

Bayes' rule is derived from the product rule.
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The product rule can be written as,
P(aab) = P(a|b) P(b) . (7.3.6)
P(aab) = P(b|a) P(a) w {2.37)

[because conjunction is commutative]
Equating right sides of equation (7.3.6) and equation (7.3.7) and dividing by P(a),
_ P(a|b)P(b)
P(b|a) = T Pa)
This equation is called as Bayes' rule or Bayes' theorem or Bayes' law. This rule is
very useful in probabilistic inferences.
Generalized Bayes' rule is,
_ PX|Y) P(Y)
P(Y|X) = P

(where P has same meanings)

We can have more general version, conditionalized on some background evidence e.

P(X|Y,
P(Y|X, ) = ( |P(§)l:')(Y|e)

General form of Bays' rule with normalization's
P(y|x) = a P(x|y) P(y).

Applying Bays' Rule :

1) It requires total three terms (1 conditional probability and 2 unconditional
Probabilities). For computing one conditional probability.

For example : Probability of patient having low sugar has high blood pressure is
50 %.

Let, M be proposition, 'patient has low sugar'.

S be a proposition, 'patient has high blood pressure'.

Suppose we assume that, doctor knows following unconditional fact,
i) Prior probabilition of (m) = 1/50,000.
ii) Prior probability of (s) = 1/20.

Then we have,

P(s|m) = 05
P(m) = 1|50000
P(s) = 1|20
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P(s | m)P(m)
P(s)

0.5x1/50000

120

P(m|s)

= 0.0002

That is, we can expect that 1 in 5000 with high B.P. will has low sugar.

2) Combining evidence in Bayes' rule.
Bayes rule is helpful for answering queries conditioned on evidences.
For example : Toothache and catch both evidences are available then cavity is sy,

to exist. Which can be represented as,
P(Cavity | Toothache A Catch) = o <0.108, 0.016> = <0.871, 0.129>

By using Bayes' rule to reformulate the problem :
P(Cavity | Toothache A Catch) = « P(Toothache A Catch|Cavity) P(Cavity)
- (7.38)

For this reformulation to work, we need to know the conditional probabilities of the
conjunction Toothache A Catch for each value of Cavity. That might be feasible for just
two evidence variables, but again it will not scale up.

If there are n possible evidence variable (X-rays, diet, oral hygiene, etc.), then there
are 2" possible combinations of observed values for which we would need to know
conditional probabilities.

The notion of independence can be used here. These variables are independent,
however, given the presence or the absence of a cavity. Each is directly caused by the
cavity, but neither has a direct effect on the other. Toothache depends on the state of the
nerves in the tooth, where as the probe's accuracy depends on the dentist's skill, to

which the toothache is irrelevant.
Mathematically, this property is written as,
P(Toothache ~ Catch |Cavity) = P(Toothache | Cavity) P(Catch | Cavity) .. (7.39)
This equation expresses the conditional independence of toothache and catch, given
cavity.
Substitute equation (7.3.3) into (7.3.4) to obtain the probability of a cavity :
P (Cavity | Toothache A Catch) = o P (Toothache | Cavity) P (Catch | Cavity) P (Cavity)
Now, the information requirement are the same as for inference using each piece of

evidence separately the prior probability P(Cavity) for the query variable and the

conditional probability of each effect, given its cause.
I
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Conditional independence assertions can allow probabilistic systems to scale up; more
over, they are much more commonly available than absolute independence assertions.
When their are 'n' variables given that they are all conditionally independent, the size of
the representation grows as O(n) instead of O(2"M).

For example -
Consider dentistry example, in which a single cause, directly influences a number of
effects, all of which are conditionally independent, given the cause.

The full joint distribution can be written as,
P(Cause, Effect ,..., Effect,) = P(Cause) IT P(Effect; | Cause).

Such a probability distribution is called as naive Bayes' model - "naive" because it is
often used (as a simplifying assumption) in cases where the "effect"variables are not

conditionally independent given the cause variable. The naive Bayes model is sometimes
called as Bayesian classifier.

1. Explain the process of inference using full joint distribution with example.
(Refer section 7.3.6)

2. Define Dempster-Shafer theory.

Ans. : The Dempster-Shafer theory is designed to deal with the distinction between
uncertainty and ignorance.

Rather than computing the probability of a proposition, it computes the probability the
evidence that supports the proposition.

3. Define : Baye's theorem.
Ans. : lnfprobabi].ity theory and applications, Baye's theorem (alternatively called as
Baye's law or Bayes rule) links a conditional probability to its inverse.

P(a|b)P
ppla) =~

This equation is called as Baye's Rule or Baye's Theorem.
4. What is reasoning by default ?

Ans. : We can do qualitative reasoning using technique like default reasoning.
Default reasoning treats conclusions not as "believed to a certain degree”, but as
"believed until a better reason is found to believe something else".

5. What are the logics used in reasoning with uncertain information ?
Ans. : There are two approaches that can be taken for reasoning with uncertain |
gﬁormation in which logic is used.
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Non-monotonic logic is used in default reasoning process. Default reaSOn;;;i;r')“
uses other type or logic called as default logic.

The second approach towards reasoning is vaguenesls which _u§es fuzzy |, c
Fuzzy logic is a method for reasoning with logical expressions descrlbmg membeIshlpl |
in fuzzy sets.

An;: D;ﬂgepprrir;; ?ﬁfgﬁgﬁﬁoml} probability is associated with a proposition '3"

The prior probability is the degree of belief accorded to a proposition in the
absence of any other information. |

It is written as P(a). For example, the probability that, Ram has cavity = 0.1, thep
the prior priobility is written as,

P(Cavity = true) = 1 or P(cavity) = 0.1

7. State the types of approximation methods. ' . '
Ans. : For approximate inferencing randomize sampling algorithm (Monte Cay,

Algorithm) is used. There are two approximation methods that are used in randomige
sampling algorithm which are 1) Direct sampling algorithm and 2) Markov chain
sampling algorithm.

In direct sampling algorithm samples are generated from known probability
distribution. In Markov chain sampling each event is generated by making a random
change to the preceding event.

8. What do you mean by hybrid Bayesian network ?

Ans. : A network with both discrete and continuous variables is called as hybrid
Bayesian network. In hybrid Bayesian network, for representing the continuous variable
its discretization is done in terms of intervals because it can have infinite values.

For specifying the hybrid network two kinds of distribution are specified. The
conditional distribution for a continuous variable given discrete or continuous parents
and the conditional distribution for a discrete variable given continuous parent.

9. Define computational learning theory.
Ans. : The computational learning theory is a mathematical field related to the analysis
of machine learning algorithms.

The computational learning theory is used in the evaluation of sample complexity
and computational complexity. Sample complexity targets the issue that, how many
training examples are needed to learn a successful hypothesis ? The ComPutatioml

complexity evaluates that how much Computational effort is needed to learn ﬂ‘
successful hypothesis ?

In addition to performance bounds, computational learning theory also deals withJ

the time complexity and feasibility of learning. R

. =
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10. Give the full specification of Bayesian network.

Ans. : Bayesian network : Definition : It is a data structure which is a graph, in which

each node is annotated with quantitative probability information.

The nodes and edges in the graph are specified as follows :-

1) A set of random variables makes up the nodes of the network. Variables may be
discrete or continuous.

2) A set of directed links or arrows connects pairs of nodes. If there is an arrow from
node X to node Y, then X is said to be a parent of Y.

3) Each node X;, has a conditional probability distribution P(X; |Parents(X;)) thaf
quantifies the effect of the parents on the node.

4) The graph has no directed cycles (and hence is a directed, acyclic graph, or DAG).

The set of nodes and links is called as topology of the network. i

University Question with Answer
Winter - 18

Q1  Explain Bay's theorem. (Refer section 7.3) [41

aaa
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Representing knowledge in uncertain domain :

Independence and conditional independence relationships among variables can
greatly reduce the number of probabilities that need to be specified in order to define
the full joint distribution. There is technique called as Bayesian Network which cap Be
used to represent the dependencies among variables and to give a concise Specification
of any full joint probability distribution.

EXEN Representing Knowledge in an Uncertain Domain and Bayesiap
Network

EXEED Bayesian Networks Definition

It is a data structure which is a graph, in which each node is annotated wit
quantitative probability information.

The nodes and edges in the graph are specified as follows :-

1) A set of random variables makes up the nodes of the network. Variables may be
discrete or continuous.

2) A set of directed links or arrows connects pairs of nodes. If there is an arrow
from node X to node Y, then X is said to be a parent of Y.

3) Each node X;, has a conditional probability distribution P(X; | Parents(X;)) that
quantifies the effect of the parents on the node.

4) The graph has no directed cycles (and hence is a directed, acyclic graph, or DAG).

The set of nodes and links is called as topology of the network. The topology of the
network specifies the conditional independence relationships that hold in the domain.

The intutive meaning of an arrow between two nodes
constructed network, is that "X has direct influence on p
person who can identify such influence associations.

Once Bayesian network topology is specified then conditional probability distribution

for each variable is specified. For specifying continuous probability distribution for a
variable, its parent information is required.

X and Y, in a properly
The domain expert is a

The combination of topology and the co

nditional distributions is sufficient to Specjf)'
the full joint distribution for all the variable

8.

ple world consisting of variables toothache, cavity, catch

pendent of other variables. Toothache and Catch ar

conditionally independent if given the information of cavity
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This relationships are represented by Bayesian network as shown below :

Coomr 2
Toothache @

Fig. 8.1.1 A simple Bayesian network in which Weather is independent of other three
varlables and Toothache and Catch are conditionally independent, glven the cavity

i The conditional independence of toothache and catch given the cavity is

'mdlcatecl b’y the absence of a lmk between toothache and catch.

-::__2_} The network represents the fact that cavity is a direct cause of toothache and

-3 No dlme causal relatlonshxp exists between tooﬂxache and catch.

Consider another example of burglar alarm installed at A's home. This alarm notifies
in case of burglary and can occasionally respond to minor earthquakes. There are two
neighbours to A, M and J. M and ] promised to call A in office when they hear alarm.
] always calls A when he hears alarm, but many times he is confused between telephone
ring and burglar alarm. M many a times misses alarm because he keeps on listening to
loud music. Given the evidence of who has or has not called, we are to estimate the

probability of burglary.

The Bayesian network for above problem along with the associated probabilities is

shown below :

Earthquake

Burglary

P(E)

002

A [PU)
t|-90
f | .05

Fig. 8.1.2 A Typical Bayesian network, showing both the topology and the conditional

probability tables (CPTs).

A [P(M)

t|-70
fl-01
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(Y i the figure, in the CPTs, the letters B, E, A, ] and M stand for Burglary, Eartpg, .
Alarm, Johncalls, Marycalls respectively. '

1) In the figure, each distribution is shown as conditional probability table. Eac, ow
in the table contains the conditional probability of each node valye for ,
conditioning case. A conditioning case is just a possible combination of vajyes ok
the parent nodes. Each row must sum upto 1 because the entries represen; an
exhaustive set of cases for the variable.

2) For boolean variable if it is true and its probability is know to be P' then whep, it
is false its probability is 1-P and it is ommited from the table (because it can p,
deduced from 'P').

3) A table for a boolean variable with k boolean parents contains gk independenﬂy

specifiable probabilities. A node with no parents has only one row, representing
the prior probabilities of each possible value of the variable.

:§KW¥] The Semantics of Bayesian Networks

There are two ways through which semantic (meaning) of Bayesian network can be
understood.

One way is to view network as a representation of the joint probability distribution,
This view helps to constructs networks. Second way is to view a network as an
encoding of a collection of conditional independence statements. This view helps in
designing inference procedure semantically both views are equivalent.

Understanding semantic of Bayesian network method 1
o Representing the full joint distribution :
1) Every entry in the full joint probability distribution (hereafter abbreviated as

“joint") can be calculated from the information in the network.

2) A generic entry in the joint distribution is the probability of a conjunction of

3)
4)

particular assignments to each variable, such as P(X; = xjA....AX, = Xp)
The notation P(xq,....,X,) is used as an abbrevation for this.

The value of this entry is given by the formula.

P(xq,.00Xp) = f[] P(x; | parents (X;)) .. (8.1.1)

Where parents (x;) denotes the specific values of the variables in parents (x;)

Thus, each entry in the joint distribution is represented by the product of the
appropriate elements of the conditional probability tables (CPTs) in the
Bayesian network. The CPTs therefore, provide a decomposed representation
of the joint distribution.

S
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We can calculate the probability that the alarm has sounded, but neither a
burglary nor an earthquake has occurred and both ] and M call. We use
single letter names for the variables :

PG amAans-bnane)=P(|a)Pm|a) Pa]~b e P b) Pe)
= 0.90x 070 0.001x 0.999 0.998 = 0.00062

Remember that the full joint distribution can be used to answer any query
about the domain.

If a Bayesian network is a representation of the joint distribution, then it too
can be used to answer any query, by summing all the relevant joint entries.

o A method for constructing Bayesian network :
1) We rewrite the joint distribution in terms of a conditional probability, using

2)

3)

4)

5)

the product rule.

Then the process is represented, reducing each conjunctive probability to a
conditional probability and a smaller conjunction. We end up with one big
product.

P(X],....,Xn) = P(xn|xn_1, ..... ,Xl)P(Xn_llxn_z,....,Xl) ..... P(XZIXI)P(XI)

n
= 'I--l] P(xilxi—lf"'xl) anh (8.1.2)

Above identity holds true for any set of random variables and is called the
Chain rule. Comparing it with equation (8.1.1). We see that the specification of
the joint distribution is equivalent to the general assertion that, for every
variable X; in the network,

P(Xi|Xi_1,....X1) = P(XiIParents(X,)),
provided that parents (X;) ciXi_1,...Xq). This last condition is satisfied by
labeling the nodes in any order that is consistent with the partial order
implicit in the graph structure.
Bayesian network is correct representation of the domain only if each node is
conditionally independent of its predecessors in the node ordering, given its
parents.
In order to construct a Bayesian network with the correct structure for the
domain, we need to choose parents for each node such that this property
holds. Intuitively, the parents of node X; should contain all those nodes in
Xi,....Xi_l that dn‘ectly influence Xi‘

For example : Suppose we have completed the network in Fig. 8.1.2 except

for the choice of parents for M calls, M calls is certainly influenced by

TECHNICAL PUBUCAT.'ONS® - An up thrust for knowledge
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whether there is a burglary or an earthquake, but not direct),, Nluence
Intitutively, our knowledge of the domain tells us that these evens loen,

i e
M'’s calling behaviour only through their effed on the alarm. Ajsq Siven g,
state of the alarm, whether ] calls has no influence on M calling

Fovq-h n
. . . ‘L ,aq .
speaking, we believe that the following conditional mdependenoe -‘tafenk; :
holds :

P(M Calls |]J Calls, Alarm, Earthquake, Burglary) = P(M calls
* Compactness and node ordering :
Bayesian network are compact and they possess a property of bein
structured (also called as sparse systems). In a locally structured svstem,
component interacts directly with only a bounded number of other
regardless of the total number of components.

= Local structure is usually associated with linear rather than exponential growt
complexity.

| Alarm)

& localy
each s

= We assume 'n' boolean variables for simplicity, then the amount of information
needed to specify each conditional probability table will be at most 2% numbers
Where each random variable is influenced by 'k’ other variables.
= The complete network can be specified by n2% numbers.

= With some values of 'n' the joint distribution contains 2™ numbers.

= To make this concrete, suppose we have n
(k=5). Then the Bayesian network requi
distribution requires over a billion.

= 30 nodes, each with five paren
960 numbers, but the full somt

Ordering of nodes in Bayesian network :

1) The correct order in which to add nodes is to add the "root causes” first, then the

variables they influence, and so on, until we reach the "leaves’, which have no
direct causal influence on the other variables,

2) If wrong order is choosen we get more complicated network.

For example : Consider network shown in following diagram.

The network construction process goes as follows :

i) Adding M calls : No parent.

i) Adding J calls : If M calls, that probably means the alarm has gone off whih
ofcourse would make it more likely that J calls. Therefore ] calls needs M calls &
a parent.

iil) Adding alarm : Clearly, if both call, it is more |

ikely that the alarm has gone oF
than if just one or neith

er call, so we need both M calls and ] calls as parent

: : —
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iv) Adding burglary : If we know the alarm state, then the call from ] or M might
give us information about phone ringing or M's music, but not about burglary
P(Burglary |Alarm, ] calls, M calls) = P(Burglary |Alarm).

Hence we need just alarm as parent.

v) Adding earthquake : If the alarm is on, it is more likely that there has been an
earthquake. (The alarm is an earthquake detector of sorts). But if we know that
there has been a burglary, then that explains the alarm, and the probability of an
earthquake would be only slightly above normal. Hence, we need both Alarm
and Burglary as parents. The network is shown below.

o Consider example of a very bad node ordering as shown in the diagram 8.1.4 :

Earthquake

Burglary

Burglary

Earthquake

Fig. 8.1.3 and 8.1.4 Network structure depends on order of introduction. In each network
nodes are added from top to bottom

M calls, J calls, Earthquake, Burglary, Alarm are nodes. This network requires 31
distinct probabilities to be specified exactly the same as the full joint distribution. It is
important to realize, however, that any of the three networks can represent exactly the
same joint distribution. The last two versions simply fail to represent all conditional
independence relationships and hence end up specifying a lot of unnecessary numbers
instead.

Efficient Representation of Conditional Distribution

One can start from a "topological' semantics that specifies the conditional
independence relationships encoded by the graph structure, and from these we can
derive the "numerical’ semantics. The topological semantics is given by either of the
following specifications, which are equivalent.

1) A node is conditionally independent of its non-descendants, given its parents. For
example, in Fig. 8.1.2 ] calls is independent of Burglary and Earthquake, given the
value of Alarm.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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2) A node is conditionally independent of all other nodes in the network, piv.

parents, children, and children's parents-that is, given its Markov blanket
For example : Burglary is independent of ] calls and M calls given Alary,

Earthquake.

This specifications are illustrated in
following  figures. ~From  these
conditional independence assertions
and the CPTs, the full joint
distribution can be reconstructed; thus
the "numerical” semantics and the
"topological” semantics are equivalent.

A node X is conditionally
independent of its non-descendants
(example - The Zy;s) given its parents
(the U; is shown in the gray area).

A node X is conditionally
independent of all other nodes in the
network given its Markove blanket
(the gray area).

Efficient representation of
conditional representation :

If the maximum number of parents
k is smallish, filling in the CPT for a
node, would require up to O(2K)
numbers.

To avoid this big relationship
number canconical distribution is
used. In this a complete table is
specified by naming the patterns

Fig. 8.1.5 (a) A node x Is conditionally
independent of its non-descendants. (e.g., the

Z;;s) given Its parents (the U;s shown In the gray

area).

Fig. 8.1.5 (b) A node x is conditionally
independent of all other nodes In the network
given its markov blanket (the gray area)

supplied with parameters, which can describe relationship which are necessary. A
deterministic node represents canonical distribution. A deterministic node is a node
whose value is exactly specified by the value of its parents with no uncertainity.

The uncertain relationships are often represented by noisy-OR relationships.
[Noisy-OR is generalization of logical OR]. The noisy-OR model allows uncertainity
about the parent to cause the child to be true j.e. the causal relationship between parent

and child would be inhibited.

For example : A patient could have cold (parent) but not exhibit a fever (child).

——-—-'-'-—.-—F.'
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For noisy-OR model it is required that all the possible effects of parent must be
listed. It should be clear that inhibition of one parent is independent of other parent.

m The Hybrid Bayesian Network

A network with both discrete and continuous variables is called as hybrid Bayesian

network. For representing continuous variable its discretization is done in terms of
intervals (because it can have infinite values).

To specify a hybrid network, we have to specify two new kinds of distributions. The
conditional distribution for a continuous variable given discrete or continuous parents;
and the conditional distribution for a discrete variable given continuous parents.

Consider the simple example in following diagram, in which a customer buys some
fruit depending on its cost, which depends in turn on the size of the harvest and
whether the government's subsidy scheme is operating. The variable Cost is continuous
and has continuous and discrete parents; the variable Buys is discrete and has a

continuous parent.
Subsidy

For the cost variable, we need to specify
P(Cost |Harvest, Subsidy). The discrete
parent is handled by explicit enumeration
that is, specifying both P(Cost|Harvest,
Subsidy) and P(Cost|Harvest, = Subsidy).

To handle Harvest, we specify how the 1

distribution over the cost 'c’ depends on ( Buys )

the continuous value 'h', of Harvest. In po 4.6 A simple network with discrete
other words, we specify the parameter of variables (Subsidy and Buys) and

the cost distribution as a function of h' continuous variables (Harvest and Cost).

Inferencing in Bayesian Networks

Exact Inference in Bayesian Networks

For inferencing in probabilistic system, it is required to calculate posterior probability
distribution for a set of query variables, where some observed events are given. [That is
we have some values attached to evidence variables].

¢ Notation Revisited :

The notation used in inferencing is same as the one used in probability theory.

X : Query variable.

E : The set of evidence variables Ey,...., Em and 'e' is the perticular observed event.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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Y : The set of non-evidence variables Y;,Y;,..... Yx [Non-evidence Variab]eg are g
0

X:
* Generally the query requires the posterior probability distribution P

called as hidden variables].

It the complete set of all the types of variables, where X = (X} UE |y

- iable the evid iables, if i .. |9
[assuming that query variable is not among the evidence variables, jf it is, g
posterior distribution for X simply gives probability 1 to the observeq value], o
[Note that query can contain more than one variable. For study purp
assuming single variable].
Example : In the burglary case, if the observed event is Jcalls = trye and Mg,
= true.
The query is 'Has burglary occured ?
The probability distribution for this situation would be,

P(Burglary ] calls = true, M calls = true) = < 0.284, 0.716 >

Ose We are

Inference by Enumeration

A Bayesian network gives a complete representation of the full joint distribution,
These full joint distributions can be written as product of conditional probabilities from
the Bayesian network.

A query can be answered using Bayesian network by computing sums of products of
conditional probabilities from the network.

The algorithm
The algorithm ENUMERATE-JOINT-ASK gives inference by enumerating on full
joint distribution.

Characteristics of algorithm :
1) It takes input a full joint distribution P and looks up values in it. [The same

2)

3)

algorithm can be modified to take input as Bayesian network and looking up in

joint entries by multiplying the corresponding conditional probability table entries
from Bayesian network.

The ENUMERATION-JOINT-ASK uses ENUMERATION-ASK (EA) algorithm
which evaluate expression using depth-first recursions. Therefore, the Spacé
complexity of EA is only linear in the number of variables. The algorithm sum™
over the full joint distribution without ever constructing it explicitely. The Ere
complexity for network with 'n' boolean variables is always O(2") which is il

than the O(n2") required in simple inferencing approach (using posterior

probability).

jon
The drawback of the algorithm is, it keeps on evaluating repeated subexpress'®

which results in wastage of computation time.
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The enumeration algorithm for answering queries on Bayesian network.
~ The algorithm
‘. function ENUMERATION-ASK (X, e, bn) returns a distribution over X.
\ Inputs : X, the query variable

‘ e, observed values for variables E.
| bn, a Bayes net with variables (X} UEUY/* y = Hidden variable */

Q(x) « A distribution over X, initially empty for each value x; of X do extend e
‘_ with value x; for X.

Q(x;) < ENUMERATE-ALL (VARS[bn] e) return NORMALIZE (Q(x)).
Function ENUMERATE-ALL (vars, e) returns a real number.
it EMPTY ? (vars) then return 1.0

| Y« FIRST (vars)

| If Y has value y in e.

Then return P(y | parents(Y)) X ENUMERATE-ALL (REST(vars), e)

else return Y /Py | parents(Y)) X ENUMERATE-ALL (REST(vars), e, )
where e, is e extended with Y = y.

Example :
Consider query,
P(Burglary |] calls = true, M calls = true)
Hidden variables in the queries are — Earthquake and Alarm.
using the query equation.
P(Burglary |j, m) = a P( Burglary, J, M) =« Y, Y’ P(Burglary,e,a,jm)
e a
The semantics of Bayesian networks (equation 8.1.1) then gives us an expression in
terms of CPT entries. For simplicity, we will do this just for Burglary = true.
Pblj,m)=a Y Y P(b)P(e)P(a|b,e)P(j|a)P(m|a)
e a

* To compute this expression, we have to add four terms, each computed by
multiplying five numbers.

* Worst case, where we have to sum out almost all the variables, the complexity of
the algorithm for a network with n boolean variables is O(n2").

TECHNICAL PUBL!CAT!ONS® - An up thrust for knowledge
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* An improvement can be obtained from the following simple Ubservations'
P(b) term is a constant and can be moved outside the summations over , g,
and the P(e) term can be moved outside the summation over a. Hence, we Have,

P@|j, m) = o P@)Y Pe)YPlalb ePGla)Ptma) - 81y

This expression can be evaluated by lOOPiﬂS_ through the variables in order
multiplying CPT entries as we go- For each summation, we. also. need to loop over the
variable's possible values. The structure of this computaht?n is shown in follyj,
diagram. Using the numbers from Fig. 8.1.2, we obtain P(b|j, m) = o x0.00059224, The
corresponding computation for — b yields & x0.0014919 ;

Hence,

P(B|j, m) = a < 0.00059224, 0.0014919 >

n

< 0.284, 0.716 >
That is, the chance of burglary, given calls from both neighbours is about 28 %.

P(b)

P(—a/b.e)
.05

Fig. 8.1.7 The structure of the expression shown in equation 8.1.3

(O i the Fig. 8.1.7, the evalution proceeds top to down, multiplying values along eac
path and summing at the "t" nodes. Observe that there is repetition of paths for j and m.

The Variable Elimination Algorithm

The enumeration algorithm can be improved substantially by eliminating Cﬂlﬂﬂaﬁ‘:ﬁ
of repeated sub expression in tree. Calculation can be done once and save the results
later use. This is a form of dynamic programming.

_///"
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working of variable elimination algorithm

1) It works by evaluating expressions such as [P(blj, m) = a P(b) Y Pe)
Z P(a|b,e) P(j|a) P(m|a)] in right-to-left order. -

2) Igtermediate results are stored and summations over each variable are done only
for those portions of the expression that depends on the variable.
For example : Consider the Burglary network.
We evaluate the expression :

PB|j,m) = « P(B) Y P(e) Y P(a|Be) P(jla) P(m]a)
% e E I G S VI

3) Factors : Each part of the expression is annotated with the name of the associated
variable, these parts are called factors.

Steps in algorithm :

i) The factor for M, P(m |a), does not require summing over M. Probability is stored,
given each value of a, in a two-element factor,

_ [P (m]a)
(&) = [P(mha)]

Note : fy; means that M was used to produce f.
ii) Store the factor for ] as the two-element vector f; (A).
iii) The factor for A is P(a|B, e) which will be a 2x2x2 matrix f5 (A, B, E).

iv) Summing out A from the product of these tree factors. This will give 2x2 matrix
whose indices range over just B and E. We put bar over A in the name of the
matrix to indicate that A has been summed out.

fy BB =Y fa @ B E)x @ xfy (@
= afA (a,B,E)x f](a)XfM (a) +fA (_I a, B, E)x

f] (—| a)fo (—1 a)
The multiplication process used is called a printwise product.

v) Processing E in the same way (i.e.) sum out E from the product of
fg (E) and f 4 py (B, E) :
fxm B) =fe(e) X frp B e +fgne) xfrpy B—e)

vi) Compute the answer simply by multiplying the factor for B. (i) (f5|B) = P(B), by
the accumulated matrix (B) :

P(B|j, m) = « fg (B)x f EA M (B).

TECHNICAL PUBLJ‘CATIONS® - An up thrust for knowledge
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From the above sequence of steps it can be noticed that two computationaj
operations are required.

a) Pointwise product of a pair of factors.

b) Summing out a variable from a product of factors.

Pointwise product of a pair of factors : The pointwise product of two facty, ¢
and f, yields a new factor f, those variables are the union of the variables i, ft
and f,. Suppose the two factors have variables Yi,....., Y. Then we have ]
YIYR) fZ(Ylf ..... Yk' Zl"“-zll).

a)

f(XIf"'fXijl!"“Yk'Zlf ..... Z;) = fl(Xl,....Xj,
If all the variables are binary, then f; and f; have 2

pointwise product has 21*k*! entries.
For example : Given two factors fj(A, B) and f,(B, C) with probability
distributions shown below, the pointwise product f; xf, is given as f;(A, B, (),

jtk and 2k+! entries and the

A B f£(ABD B C £,(8C0 A B C £(ABO

P T 3 T T 2 T T T 3x.2
T F 7 T F 8 T T F 3x.8
F T 9 F T 6 T F ¥ 7T x.6
F F 1 F F k) T F F 7x4

F T T 9x.2
F 4 F 9x.8
F F T 1x.6
F F P Ix4

b) Summing out a variable from a product of factors : It is a straight forward
computation. Any factor that does not depend on the variable to be summed out
can be moved outside the summation process.

For example :

Y efe (€) X f5(A,B,e) x fj(A) x fyg(A) = fi(A) x fg(A) x ¥ o fg (e) x f5 (A,B, e)
Now, the pointwise product inside the summation is computed and the variable is
summed out of the resulting matrix.

f(A) X f (A) x Y fe (e) x fy (A,B,e) = f; (A) x fyy (A) x =, (A,B).

Matrices are not multiplied untii we need to sum but a variable from the
accumulated product. At that point, multiply those matrices that include the variable t

be summed out.
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The procedure for pointwise product and summing is given below, the variable
elimination algorithm is shown below :

Function ELIMINATION-ASK (X, e, bn) returns a distribution over X
Inputs : X, the query variable

e, evidence specified as an event
bn, a Bayesian network specifying joint distribution P(Xy,...., Xp).
Factors « [ ] : vars « REVERSE (VARS [bn])
for each var in vars do
Factors < [MAKE-FACTOR (var, e) factors]
if var is a hidden variable then
Factors « SUM-OUT (var, factors)
| returns NORMALIZE (POINTWISE-PRODUCT (factors)).
P(J calls, Burglary = True)

The first step is to write out the nested summation.

P(|b) = o P(b) Y, P(e) Y P(a|be) P(|a) },P(M|a).

Evaluating this expression from right to left,
EP(M|a) is equal to 1.
m

KXY The Complexity Involved in Exact Inferencing

The variable elimination algorithm is more efficient than enumeration algorithm
because it avoids repeated computations as well as drops irrelevant variables.

The variable elimination algorithm constructs the factor, deriving its operation. The
space and time complexity of variable elimination is directly dependant on size of the
largest factor constructed during the operation. Basically the factor construction is
determined by the order of elimination of variables and by the structure of the network;
which affects both space and time complexity.
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For developing more efficient process we can construct singly connected Netw,
which are also called as polytrees. In singly connected ne‘mf(?rk, there is at oSt g,
undirected path between any two nodes in the networks. The smgly connected nety,,
have property that, the time and space complexity of exact inference in P°1Y’rree3 i
linear in the size of the network. Here the size is defined as the number of CpT eNtrieg
If the number of parents of each node is bounded by a constant, then the COmplexjt};
will also be linear in the number of nodes.

For example : The Burglary network shown in the Fig. 8.1.2 is a polytrees.

[Note that every problem may not be represented as polytrees].

In multiply networks [In this, their can be multiple undirected paths between 4,
two nodes and more than one directed path between some pair of nodes], variable
elimination takes exponential time and space complexity in the worst case, even when
the number of parents per node is bounded. It should be noted that variable eliminatioy |
includes inference in propositional logic as a special case and inference in Bayesiay ‘
network is NP-hard. In fact it is strictly harder than NP-complete problem.

Clustering algorithm : |

1) Clustering algorithm (known as joint tree algorithms) in which inferencing time
can be reduced to O(n). In clustering individual nodes of the network are joint to
form cluster nodes to such a way that the resulting network is a polytree.

P(C)=5

c| P(S) C| PR)
f| -50 fl| -20
S [R| P(W)
t{t| 99
t)f[ 90
flt] 90
flf] 00

Fig. 8.1.8 (a) A multiply connected network with conditional probability tables
__._._._'_'_._'_,..-l-'

TECHNICAL PUBLICA TIONSQ - An up thrust for knowledge



e

Aifict

8l Intelligence®

Probabilistic Reasoning

P(C)=5

\

P(S*R = x)
Sprinkler Clt o # #
. t|-08 02 72 18
S+R | PW) -
" R f |10 40 10 40

—_ = o~
— -

90 [
90

Fig. 8.1.8 (b) A clustered equivalent of the multiply connected network

2) The variable elimination algorithm is efficient algorithm for answering individual

queries. Posterior probabilities are computed for all the variables in the network.
It can be less efficient, in polytree network because it needs to issue O(n) queries
costing O(n) each, for a total of O(nz) time, clustering algorithm, improves over
it.

For example The multiply connected network shown in following
diagram 8.1.8 (a) can be converted into a polytree by combining the Sprinkler and
Rain node into a cluster node called Sprinkler + Rain, as shown in
diagram 8.1.8 (b). The two Boolean nodes are replaced by a meganode that takes
on four possible values: TT, TF, FT, FF. The meganode has only one parent, the
Boolean variable. Cloudy, so there are two conditioning cases.

Peculiarities of algorithm :

1) Once the network is in polytree form, a special-purpose inference algorithm is

2)

3)

applied. Essentially, the algorithm is a form of constraint propagation where the

constraints ensure that neighbouring clusters agree on the posterior probability of
any variables that they have in common.

With careful book keeping, this algorithm is able to compute posterior

probabilities for all the non-evidence nodes in the network in time O(n), where n
is now the size of the modified network.

However, the NP-hardness of the problem continues : If a network requires
€xponential time and space with variable elimination, then the CPTs in the
clustered network will require exponential time and space to construct.
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Im Approximate Inference in Bayesian
act inference in multiply conn

te inferencing.
mize sampling algorithm (Monte Carlo Alge
er of samples generated. Monte Carlo Algon‘thmj
it is difficult to calculate exact quantities, tha

ected network is
mhactab‘
le

Because of the fact that ex
problem, we go for approxima
For approximate inferencing rando
is used. Its accuracy depends on numb

is widely used in problem areas where
There are two families of Monte Carlo algorithm :

1) Direct sampling algorithm.
2) Markov chain sampling algorithm.

Direct Sampling Algorithm

1) The basic element in any sampling algorithm 1is the generation of samples from ,
known probability distribution.

. An unbiased coin can be thou,

values (heads, tails) and a prior distribution

this distribution is exactly like flipping the coin : with probability 0.5 it wil

ility 0.5 it will return tails. Given a source of

return heads, and with probab
random numbers in the range [0, 1], it is 2 simple matter to sample any

distribution on a single variable.

The simplest kind of random sampling process for Bayesian networks generates
events from a network that has no evidence associated with it. The idea is to
sample each variable in turn, in topological order.

The probability distribution from which the value is sampled is conditioned on
the values already assigned to the variable’s parents.

ght of as a random variable coin with

For example
P(coin) = <0.5, 0.5>. Sa_mp]jng Foeir

2)

3)

4) The sampling algorithm :
Function PRIOR-SAMPLE (bn) returns an event sampled from the prior
specified by bn.
inputs : bn, a Bayesian network specifying joint distribution P(Xy,...., X )
X ¢ an event with n elements. '

fori=1tondo
x; « a random sample from P(X; | parent (X;))
|

[ return x.
5) Applying operations of algorithm on 18 (@) assuming
. the network in di 8.1.8 (a) assumin
an ordering [Cloudy, Sprinkler, Rain, WetGrass] : e a
i) Sample from P(Cloudy) = <0.5, 0.5>; suppose this returns true.
ii) Sample from P(Sprinkler |Cl = '
false. prinkler | Cloudy = true) = <0.1, 0.95; suppose this ™
ili) Sample from P(Rain |Cloudy = true) = <0.8, 0.2>; suppose this returns frué
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6)

___[_’(Rain = true), is 0.511.

iv) Sample from P(WetGrass|Sprinkler = false, Rain = true) = <09, 0.1>;
suppose this returns true.
In this case PRIOR-SAMPLE returns the event [true, false, true, true].

PRIOR-SAMPLE generates samples from the prior joint distribution specified by
the nework. First, let Syi(x,....,x,) be the probability that a specific event is
generated by the PRIOR-SAMPLE algorithm. Just looking at the sampling process,
we have,

n
Sps(xlr-'"!xn) = 'nl P(xilparents(xi)).
j=

Because each sampling step depends only on the parent values. This expression is
also the probability of the event according to the Bayesian net's representation of
the joint distribution. We have,

Sps(xl,....,xn) = P(Xy:00+0 %5)

In any sampling algorithm, the answers are computed by counting the actual
samples generated. Suppose there are N total samples, and let N (xy,....,x,) be
the frequency of the specific event xj,...,x,. We expect this frequency to
converge in the limit, to its expected value according to the sampling
probability :-

lim N (X}_,....,Xn)
N —yos — P
- N

= Bl ves®n) = PO ey Ry) o (B14)

For example : Consider the event produced earlier : [true, false, true, true]. The
sampling probability for this event is,

Sps (true, false, true, true) = 0.5x0.9%0.8x0.9
= 0.324

Hence, in the limit of large N, we expect 324 % of the samples to be of this
event.

"

Whenever we use an approximate equality ("="), we mean it in exactly this sense
that the estimated probability becomes exact in the large sample limit. Such an
estimate is called consistent.

For example : One can produce a consistent estimate of the probability of any
partially specified event x4,....,x,, where m< n, as follows : -

P(xq,....;Xm) = Npg (X100, Xm) /N ... (8.1.5)

That is, the probability of the event can be estimated as the fraction of all
complete events generated by the sampling process that match the partially
specified event.

For example : If we generate 1000 samples from the sprinkler network, and 511 of
them have, Rain = true, then the estimated probability of rain, written as
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Rejection Sampling in Bayesian Networks

1)

2)

4)

Rejection sampling is a method for producing samples from a l1iu'd-to-s.an-.1:.le
distribution given an easy-to-simple distribution.

It can be used to compute conditional probabilities ; that is, to determine P(X|e).

The Rejection Sampling algorithm is,

function REJECTION-SAMPLING (x, e, bn, N) returns an estimate of P(X |¢)
inputs : X, the query variable
e, evidence specified as an event.
bn, a Bayesian network.
N, the total number of samples to be generated.
local variables : N, a vector of counts over X, initially zero.
forj=1to N do
X < PRIOR-SAMPLE (bn)
if X is consistent with e is N[x] « N[x] +1 where x is the value of X in x.
return NORMALIZE (N[x]).

The rejection sampling algorithm for answering queries given evidence in a
Bayesian network.

Working of algorithm :
i) It generates samples from the prior distribution specified by the network.
ii) It rejects all those samples that do not match the evidence.

iii) Finally, the estimate P(X = x|e) is obtained by counting how often X = x
occurs in the remaining samples.

Let P(X|e) be the estimated distribution that the algorithm returns. From the
definition of the algorithm, we have,

Nps X, e)

N ps (e)

from equation (8.1.5) this becomes,

P(x,e)
Ple) =P(x, e).

P(X|e) =« Nps(X, e) =

P(X|e) =

That is, rejection sampling produces a consistent estimate of the rule
probability.

Applying operations of algorithm on the network in the diagram 8.1.8(a), let us
assume that we wish to estimate P(Rain/Sprinkler = true), using 100 samples. Of
the 100 that we generate, suppose 8 have Rain = true and 19 have Rain = false.
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Hence,

P(Rain | Sprinkler = true) ~ NORMALIZE
(<8.19>) = <0.296, 0.704 >

The true answer is <0.3, 0.7>

6) As more samples are collected, the estimate will converges to the true answer.
The standard deviation of the error in each probability will be proportional to
1/ Jn, where 'n' is the number of samples used in the estimate.

7) The biggest problem with rejection sampling is that it rejects so many samples !
The fraction of samples consistent with the evidence ‘e’ drops exponentially as the

number of evidence variables grows, so the procedure is simply unusable for
complex problems.

Likelihood Welghing in Bayesian Network

1) Likelihood weighing avoids the inefficiency of rejection sampling by generating
only events that are consistent with the evidence 'e'.

2) The Likelihood Weighing algorithm is,

o,

Function LIKELIHOOD-WEIGHING (X, e, b, N) returns an estimate of P(X|¢)
inputs : X, the query variable 5
e, evidence specified as an event
bn, a Bayesian network.
N, the total number of samples to be generated.
Local variables : W, a vector of weighted counts over X, initially zero.
forj=1to N do
X, w « WEIGHTED-SAMPLE (bn)
WIX] < W[x] + w where x is the value of X in x.
return NORMALIZE (W[X]).
Function WEIGHTED-SAMPLE (bn, e) returns an event and a weight
X & an event with n elements; w « 1.
fori=1ton do
if X, has a value x; in e
then w  wX P(X; = x;| parents(X;))

else x; « a random sample from P(X; | parents (X;))

return X, w.

®
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Note on likelihood weighing algorithm -

i) It fixes the values for the evidence variables E and samples only the
remaining variables X and Y. This guarantees that each event generated jg
consistent with the evidence.

ii) Not all events are equal, however, before tallying the counts in the
distribution for the query variable, each event is weighted by the likelihoog
that the event accords to the evidence, as measured by the product of the
conditional probabilities for each evidence variable, given its parents.

iii) Intuitively, events in which the actual evidence appears unlikely should be
given less weight.
3) Applying operations of algorithm on the network Fig. 8.1.8 (a), with the query
P(Rain/Sprinkler = true, WetGrass = true). The process goes as follows :
i) The weight w is set to 1.0
ii) Now, an event is generated.
o Sample from P(Cloudy) = <0.5, 0.5>; suppose this returns true.

o Sprinkler is an evidence variable with value true. Therefore, we set
w « w xP (Sprinkler = true |Cloudy = true) = 0.1
Sample from P(Rain |Cloudy = true) = <0.8, 0.2>; suppose this returns true.
o WetGrass is an evidence variable with value true. Therefore, we set
w « w X P(Wet Grass = true|Sprinkler = true, Rain = true) = 0.099.
iii) Here WEIGHTED-SAMPLE returns the event [true, true, true, true] with
weight 0.099, and this is tallied under Rain = true.

iv) The weight is low because the event describes a cloudy day, which makes
the sprinkler unlikely to be on.

4) Likelihood Weighting working :
i) Examine the sampling distribution S, for WEIGHTED-SAMPLE.
ii) The evidence variables E are fixed with values 'e'.

iii) Call the other variables Z, that is, Z = Xjuy.

iv) The algorithm samples each variable in Z, in given its parent values :

!
SwelZ,e) = 1 i ;
ws(Z, ) Il P(Z;| parents (Z;)) .. (8.1.6)
Not%ce that Pafrents (Z;) can include both hidden variables and evidence variables.
Unlike the prior distribution P(Z), the distribution Sws pays some attention to the

evidence the sampled values for each Z; will be i
e inf] :
S ———— i uenced by evidence among
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v) On the other hand, S, pays less attention to the evidence than does the true

posterior distribution P(Z |e), because the sampled values for each Z; ignore
evidence among Z;'s non ancestors.

vi) The likelihood weight w makes up for the difference between the actual and
desired sampling distribution. The weight for a given sample 'x, composed
from Z and 'e', is the product of the likelihood for each evidence variable
given its parents (some or all of which may be among the Zj) :

Wiz, €) = iﬁl P(e; / parents(E; )) . (817)

vii) Multiplying equations (8.1.4) and (8.1.5), we see that the weighted probability
of a sample has the particularly convenient form,

Sws(Z,e) W(Z, e)

I
1 P(y; | parents(Y;)

=8

X P(e;| parents(E;)) P(y, e) .. (8.18)

Because the two products cover all the variables in the network, allowing us
to use equation (8.1.1) for the joint probability.

viii) It can be easy to show that likelihood weighting estimates are consistent.

For any particular value x of X, the estimated posterior probability can be
calculated as follows :

P(x|e) = aZNWS (x,v.e) w(x, y,e)
¥
from LIKELIHOOD-WEIGHTING.

= a'ESWS (x,y,8) w(x, ye)

y
from large N.

= 'Y P(x,y,€) by equation (8.1.8)
y
= a'P(x,e) = P(x|e)

Hence, likelihood weighting returns consistent estimates.
5) Performance of algorithm :

i) Likelihood weighting uses all the samples generated therefore it can be much
more efficient than rejection sampling.

ii) It will, suffer a degradation in performance as the number of evidence
variables increases.
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iii) Because most samples will have very low weights and hence the weighteq
estimate will be dominated by the tiny fraction of samples that accord mqpe
than an infinitesimal likelihood to the evidence-

iv) The problem is exacerbated if the evidence variables‘ occur late in the
variable ordering, because then the samples will be the simulations that beay
little resemblance to the reality suggested by the evidence.

"XIYY Markov Chain Monte Carlo (MCMC) Algorithm for I

Working of MCMC algorithm
1) MCMC generates each event by making a T
It is therefore helpful to think of the networ
specifying a value for every variable.

2) The next state is generated by randomly
evidence variables X;, conditioned on the curren

Markov blanket of X;.
3) MCMC therefore wonders randomly around the state space - the space of possible
but keeping the evidence

complete assignments flipping one variable at a time,
variables fixed.

nference in Bayesian Networks

andom change to the preceding event,
k as being in a particular current state

sampling a value for one of the non -
t values of the variables in the

4) For example : Consider the query P(rain |Sprinkler = true, WetGrass = true)
applied to the network of Fig. 8.1.8 (a). The evidence variables ‘Sprinkler' and
"WetGrass' are fixed to their observed values and the hidden variables 'Cloudy’
and 'Rain’ are initialized randomly. Let us say to true and false respectively. Thus,
the initial state is [true, true, false, true]. Now the following steps are executed
repeatedly :

a) Cloudy is sampled, given the current values of its Markov blanket variables :
in this case, we sample from P(Cloudy|Sprinkler = true, Rain = false),
(Shortly we will show how to calculate this distribution). Suppose the result
is Cloudy = false. Then the new current state is [false, true, false, true].

b) Rain is sampled, given the current values of its Markov blanket variables : In
this case we sample from P(Rain|Cloudy = false, Sprinkler = true,
WetGrass = true). Suppose this yields Rain = true. The new current state is
[false, true, true, true].

5) Each state visited during this process is a sample that contributes to the estimate,
for the query variable Rain. If the process visits 20 states where Rain is true and
60 states where Rain is false, then the answer to the query is NORMALIZE (<20,
60>) = <0.25, 0.75>).
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Functlon MCMC—ASK (X e, bn, N) retums an estunate of P(X | e)
local variables : NI[X], a vector of counts over X, initially zero.

7, the nonevidence variables in bn.

X, the current state of the network, initially copied from e.
initialize X with random values for the variables in Z.
forj=1toN do

N[x] « N[x] +1 where x is the value of X in x.

for each Z; in Z do

sample the value of Z; in X from P(Z;| mb(Z;)) given the value of MB (Zi) in X
retum NORMALIZE (N[XD).

Why MCHC works

1) It should be noticed that the sampling process settles into a "dynamic equilibrium"
in which the long-run fraction of time spent in each state is exactly proporitional
to its posterior probability.

2) This remarkable property follows from the specific transition probability with
which the process moves from one state to another, as defined by the conditional
distribution given the Markov blanket of the variable being sampled.

3) Let q(X— X) be the probability that the process makes a transition from state X to
X'. This transition probability defines what is called a Markov chain on the state
space.

4) Now suppose that we run the Markov chain for 't' steps, and let n;(X) be the
probability that the system is in state X at time 't".

- Similarly, let m,,  (X') be the probability of being in state X’ at time "t+1.

- Given m; (X)

- We can calculate 7, 1(X’) by summing for all states the system could be in at
time 't'.

- The probability of being in that state is the times the probability of making
the transition to X’ = 7., 1(X) = 3, 1 (X) gX = X)

5) We will say that the chain has reached its stationary distribution if m, = m, .
Call this stationary distribution ; its defining equation is therefore,
nX) = YnX) qX-X)forall X’ .. (8.1.9)
X
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6)

7)

8)

Under certain standard assumptions about the transition probability distribution q
there is exactly one distribution = satisfying this equation for any given q.

Above equation (8.1.8) can be read as saying that the expected "outflow" from
each state (i.e,, its current "population”) is equal to the expected "inflow" from 4

the state.
One way to satisfy this relationship is, the expected flow between any pair of
states is the same in both direction. This is the property of detailed balance :

(X) qX-X) =n(X) q X’ =X) forall X, X". .. (8.1.10)

It can be shown that detailed balance implies stationarily simply by summing
over X in equation (8.1.9). We have,
YrX) qX=X)=Yr(X)qX =X =n(X)Y, q X = X)=n(X).
X X X . ;
To show that the transition probability q(X — X’) defined by the sampling step in
MCMC-ASK satisfies the detailed balance equation with a stationary distribution
equal to P(X|e). (The true posterior distribution on the hidden variables).
This is done in two steps -

a) First, we will define a Markov chain in which each variable is sampled

conditionally on the current values of all the other variables, and we will

show that this satisfies detailed balance.
b) We will simply observe that, for Bayesian networks, doing that is equivalent
to sampling conditionally on the variable's Markov blanket.
Let X; be the variable to be sampled, and let X; be all the hidden variables other

than X;. Their values in the current state are x; and ;. If we sample a new x; for
X; conditionally on all the other variables, including the evidence, we have ,
gX-X) = q(xi,ii) = (X, X;) = P (x| x;, e).

This transition probability is called Gibbs sampler and is a particularly convenient
form of MCMC. Now we show that the Gibbs sampler is, in detailed balance with
the true posterior.

m(X) q(X > X') = P(X[e) P(x;|%;,€) = P(x;, X;|e) P(x}|X;,e)

= P(xi| X;, e) P(X;|e) P(x;|X;, e) (using the chain rule of first term).

= P (xj| X;, e) P(x}, X;|e) (using the chain rule backwards)

=n(X) q (X' > X).
Note that, a variable is independent of all other variables given its Markov
blanket; hence

P (xi +X;,e) = P (x| mb(X;))
where mb (X;) denotes the values of the variables in Xi's Markov blanket, MB
(X; ).
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The probability of a variable, given its Markov blanket, is proportional to the
probability of the variable given its parents times the probability of each child
given its respective parents :-

P (x'|mb (X)) =@ P(x" | Parents(X;)) x I1 P(y il Parents(Y;)) .. (8.1.11)
Y; € children(x;j)
. Hence, to flip each variable X;, the number of multiplications required is equal to

the number of X;'s children.

9) We have discussed here simple variant of MCMC, namely the Gibbs sampler. In
its most general form, MCMC is a powerful method for computing with
probability models and many variants have been developed, including the
simulated annealing algorithm presented.

¥ other Techniques for Uncertain Reasoning
GTU :

Summer-18,19,20, Winter-19

There are two basic reasons why probability can fail :-
1) One common view is that probability theory is essentially numerical, whereas
human judgemental reasoning is more "qualitative".

7) Probabilistic Reasoning did not scale up because of the exponential number of
probabilities required in the full joint distribution.

Default Reasoning

« We can do qualitative reasoning using technique like default reasoning.

e Default reasoning treats conclusions not as "believed to a certain degree", but as
"believed until a better reason is found to believe something else”.

¢ We have discussed default reasoning in detail in chapter 7.

EF¥] Rule-based

1) This approach hope to build on the success of logical rule-based systems, but add
a sort of "Fudge factor” to each rule to accommodate uncertainty. These methods
were developed in the mid-1970s and formed the basis for a large number of
expert systems in medicine and other areas.

2) Rule-based systems emerged from early work on practical and intuitive systems
for logical inference.

3) Logical systems in general, and logical rule-based systems in particular have three
desirable properties :

i) Locality : In logical systems, whenever we have a rule of the form A = B,
we conclude B, given evidence A, without worrying about any other rules. In
probabilistic systems, we need to consider all the evidence in the Markov
blanket.
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ii)

iii)

4) Ther

retain these advantages. The idea is to attach degree

Detachment : Once a logical proof is found for a proposition B, the
proposition can be used regardless of how it was clerive‘dl. l"[hat is, it can be
detached from its justification. In dealing with probabilities, on the othey
hand, the source of the evidence for a belief is important for subsequent

reasoning.
Truth functionality : In logic, the truth of complex sentences can be

computed from the truth of the components. Probability combination does
not work this way, except under strong global independence assumptions.

e have been several attempts to devise uncertain reasoning schemes that
s of belief to propositions and

rules and to devise purely local schemes for combining and propagating those

degrees of belief. The schemes are also truth functional.

For

example : The degree of belief in A v B is a function of the belief in A and the

belief in B.
5) Problem associated with rule based methods :-

i)

ii)

The properties of locality, detachment, and truth-functionality are simply not

appropriate for uncertain reasoning.
Let us look at truth functionality first. Let Hy, be the event that a fair coin
flip comes up heads. Let Ty be the event that the coin comes up tails on that
same flip, and let H; be the event that the coin comes up heads on a second
flip. Clearly, all three events have the same probability, 0.5, and so a truth
functional system must assign the same belief to the disjunction of any two
of them. But we can see that the probability of the disjunction depends on
the events themselves and not just on their probabilities.

It gets worse when we chain evidence together. Truth-functional systems
have rules of the form A — B that allow us to compute the belief in B as a
function of the belief in the rule and the belief in A. Both forward and
backward-chaining systems can be devised. The belief in the rule is
assumed to be constant and is usually specified by the knowledge
engineer.

For example : as A —(9 B
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Consider the WetGrass situation. If we wanted to be able to do both causal
and diagnostic reasoning, we would need the two rules,

Rain — WetGrass and WetGrass — Rain

These two rules form a feedback loop : Evidence for Rain increases the belief
in WetGrass, which in turn increases the belief in Rain even more. Clearly,
uncertain reasoning systems need to keep track of the paths along which
evidence is propagated.

Inter-causal reasoning (for explaining away) is also tricky. Consider what
happens when we have the two rules,

Sprinkler — WetGrass and WetGrass — Rain.

Suppose we see that the Sprinkler is on. Chaining forward through our rules,
this increases the belief that the grass will be wet, which in turn increases
the belief that it is raining. But this is ridiculous; the fact that the sprinkler is
on explains away the wet grass and should reduce the belief in rain. A truth
functional system acts as if it also believes Sprinkler — Rain.

6) If task is restricted and rules are engineered carefully then truth-functional
systems work well.

Ignorance

1) One area that we have not addressed so far is the question of ignorance, as
opposed to uncertainty. Consider the flipping of a coin. If we know that the coin
is fair, then a probability of 0.5 for heads is reasonable. If we know that the coin
is biased, but we do not know which way, then 0.5 is the only reasonable
probability. The two cases are different, yet probability seems not to distinguish
them. The Dempster-Shafer theory uses interval-valued degrees of belief to
represent an agent's knowledge of the probability of a proposition.

2) Representing ignorance using Dempster-Shafer theory :-

i) The Dempster-Shafer theory is designed to deal with the distinction between
uncertainty and ignorance.

ii) Rather than computing the probability of a proposition, it computes the
probability that the evidence supports the propositions.

iii) This measure of belief is called a belief function, written Bel(X).

iv) We return to coin flipping for an example of belief functions. Suppose a
shady character comes up to you and offers to bet you ¥ 10 that this coin
will come up heads on the next flip. Given that the coin might or might not

be fair, what belief should you ascribe to the event that it comes up heads?
Dempster-Shafer theory says that because you have no evidence either way,
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V)

vi) 'Dempster's rule' (Dempster, 1968) shows how to combin

you have to say that the belief Bel(Heads) = 0 and also thatl Bel(— Heads)
= 0. This make Dempster-Shafer reasoning systems skeptical in a way that
has some intuitive appeal.

Now suppose you have an expert at your disposal who testifies with 90 %,
certainty that the coin is fair (i.e he is 90 % sure that P(Heads) = 0.5): Then
Dempster-Shafer theory gives Bel(Heads) = 0.9x0.5 = ‘0-45" anC}l thW1§e Bel
(- Heads) = 0.45. There is still a 10 percentage point "gap that is not

accounted for by the evidence.
e evidence to give

new values for Bel, and Shafer's work extends this into a complete

computational model.

vii) Problems associated with Dempster-Shafer theory :-

viii)

1. There is a problem in connecting beliefs to actions.

2. With probabilities, decision theory says that if P(Heads) = P(— Heads) = 0.5
then (assuming that winning ¥ 10 and losing ¥ 10 are considered equal
magnitude opposites). The reasoner will be indifferent between the action
of accepting and declining the bet.

3. The Dempster-Shafer reasoner has Bel(- Heads) = 0 and thus no reason to
accept the bet, but then it also has Bel(Heads) = 0 and thus no reason to
decline it. Thus, it seems that the Dempster-Shafer reasoner comes to the

same conclusion about how to act in this case.

4. Unfortunately, Dempster-Shafer theory allows no definite decision in many
other cases where probabilistic inference does yield a specific choice.

One inter-pretation of Dempster-Shafer theory is that it defines a probability

interval, the interval for Heads is [0,1] before our expert testimony and [0.45,

0.55] after. The width of the interval might help in deciding when we need to

acquire more evidence. It can tell you that the expert's testimony will help you

if you do not know whether the coin is fair, but will not help you if you have

already learned that the coin is fair. However, there are no clear guidelines for
how to do this, because there is no clear meaning for what the width of an
interval means.

ix) In the Bayesian approach, this kind of reasoning can be done easily by

examining how much one's belief would change if one were to acquire more
evidence.

For example : Knowing whether the coin is fair would have a significant
impact on the belief that it will come up heads, and detecting an asymmetric
weight would have an impact on the belief that the coin is fair. A complete
Bayesian model would include probability estimates for factors such as these,
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allowing us to express our "ignorance" in terms of how our beliefs would
change in the face of future information gathering.

FEXA Vagueness

1) Probability makes the same ontological commitment as logic :- That events are
true or false in the world, even if the agent is uncertain as to which is the case.
Researchers in fuzzy logic have proposed an ontology that allows vagueness :-
That an event can be "Sort of' true. Vagueness and uncertainty are in fact
orthogonal issues.

2) Representing vagueness : (Fuzzy sets and fuzzy logic) :
i) Fuzzy set theory is used for specifying how well an object satisfies a vague
description.
ii) For example : Consider the proposition "Anil is tall". Is this true, if Anil is
5'10"? most people would hesitate to answer "true" or "false”, preferring to
say, "sort of".

iii) Note that this is not a question of uncertainty about the external world. We
are sure of Anil's height. The issue is that the linguistic term "tall” does not
refer to a sharp demarcation of objects into two classes and there are degrees
of tallness.

iv) Due to this reason, fuzzy set theory is not a method for uncertain reasoning
at all. Rather, fuzzy set theory treats Tall as a fuzzy predicate and says that
the truth value of Tall(Anil) is a number between 0 and 1, rather than being
just true or false.

v) The name "fuzzy set" derives from the interpretation of the predicate as
implicitly defining a set of its members - a set that does not have sharp
boundaries.

vi) Fuzzy logic :

1. Fuzzy logic is a method for reasoning with logical expressions describing
membership in fuzzy sets.

2. For example : The complex sentence Tall(Anil) A Heavy(Anil) has a fuzzy
truth value that is a function of the truth values of its components.

3. The standard rules for evaluating the fuzzy truth, T, of a complex sentence
are

T (A AB) = min (T(A), T(B))
T (A v B) = max (T(A), T(B))
T(=A) =1-T(A)

1
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t causes seri
4. Fuzzy logic is therefore a truth-functional system - 2 fact tha ous

vii)

viii

difficulties. .
_ 06 and T (Heavy(Anil)) = 04

5. For example : Suppose that T (Tall(Anil)) N _ 04, Which seems
Then we have T (Tall(Ani)) A T (HeavY(AAn;li)l;) a— (Tall(Anil)) = 04
reasonable but we also get the result T (Tall(

which does not. - truth-functional approach to take

6. The problem arises from the inability ) .ons among the component
into account the correlations Or anti-correlatio

propositions.
Fuzzy control : | |
i ms in which th
L. Fuzzy control is methodology for constructing control systems s
| el I and output parameters 1S represented

mapping between real-valued input
by fuzzy rules.

2. Fuzzy control has been very success
automatic transmissions, video cameras,

ful in commercial products such as
and electric shavers.

3. These applications enjoy success may be because they have sn;all 1;19 b:lses,
no chaining of inferences and tunable parameters that Cfln e adjuste .to
improve the system's performance. The fact that they are 1mp1er.nen.ted with
fuzzy operators might be incidental to their success; the key is simply to
provide a concise and intuitive way to specify a smoothly interpolated,
real-world function. _ |

i) fuzzy logic can be represented in terms of probability theory. One idea is to
view assertions such as "Anil is Tall" as discrete observations, made concerning
a continuous hidden variable, Anil's actual height. The probability model
specifies P(observer says Anil is tall/Height), using a probit distribution. A
posterior distribution over Anil's height can then be calculated in the usual
way, for example if the model is part of a hybrid Bayesian Network.

Fuzzy predicates can also be given a probabilistic interpretation in terms of
random sets - that is, random variables whose possible values are sets of
objects.

For example : Tall is random set whose possible values are sets of people. The
probability P(Tall = S;), where S; is some particular set of people, is the
probability that exactly the set would be identified as "tall" by an observer.

Then the probability that "Anil is tall" is the sum of th iliti
sets of which Anil is a member. e probabilities of all the

Both the hybrid Bayesian network approach and the random sets approach
appear to capture aspects of fuzziness without introducing degrees of truth. But
they. can not handle proper representation of linguistic observations land
continuous quantities that have been neglected by most outside the fuzzy
community.

TECHNICAL PUBLICA T!ONS® - An up thrust for knowledge



_ll

Artificiel Intelligence
A

1 Ex-;;ia.in in detail probabilistic reasoning system with example. (Refer section 8.1.1)
. Explain method of handiing approximate iference in Bayesian netuorks.

(Refer section 8.1.4)
Explain the need of fuzzy set and fuzzy logic with example. (Refer section 8.2.1)

8-33 Probabilistic Reasaning

)
4. Define Dempster-Shafer theory.

Ans. : The Dempster-Shafer theory is designe
ancertainty and ignorance.

Rather than computing the probability of a proposition, it computes the probability
the evidence that supports the proposition.

5. Define : Baye's theorem.
Ans. : In probability theory and applications, Baye's theorem (alternatively called as
Baye's law or Bayes rule) links a conditional probability to its inverse.

P(a|b)P
ro19- 2420

This equation is called as Baye's Rule or Baye's Theorem.

6. What is reasoning by default ?
Ans. : We can do qualitative reasoning using technique like default reasoning.

d to deal with the distinction between

Default reasoning treats conclusions not as "believed to a certain degree”, but as
elieved until a better reason is found to believe something else".

7. What are the logics used in reasoning with uncertain information ?
Ans.: There are two approaches that can be taken for reasoning with uncertain

information in which logic is used.
Non-monotonic logic is used in default reasoning process. Default reasoning also
uses other type or logic called as default logic.

The second approach towards reasoning is vagueness which uses fuzzy logic.
Fuzzy logic is a method for reasoning with logical expressions describing membership
in fuzzy sets.

8. Define prior probability.

Ans. : The prior (unconditional) probability is associated with a proposition ‘a".

The prior probability is the degree of belief accorded to a proposition in the
absence of any other information.

It is written as P(a). For example, the probability that, Ram has cavity = 0.1, then
the prior priobility is written as,

P(Cavity = true) = 1 or P(cavity) = 0.1
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9 State the types of approximation methods.
Ans. : For approximate inferencing randomize sampling algorithm (Monte Carlo

Algorithm) is used. There are two approximation methods that are used in randomize
sampling algorithm which are 1) Direct sampling algorithm and 2) Markoy chain
sampling algorithm.

In direct sampling algorithm samples are generated from known probability
distribution. In Markov chain sampling each event is generated by making a random
change to the preceding event.

10. What do you mean by hybrid Bayesian network ?
Ans. : A network with both discrete and continuous variables is called as hybrid

Bayesian network. In hybrid Bayesian network, for representing the continuous variable
its discretization is done in terms of intervals because it can have infinite values.

For specifying the hybrid network two kinds of distribution are specified. The
conditional distribution for a continuous variable given discrete or continuous parents
and the conditional distribution for a discrete variable given continuous parent.

11. Define computational learning theory. .
Ans. : The computational learning theory is a mathematical field related to the analysis

of machine learning algorithms.
~ The computational learning theory is used in the evaluation of sample complexity
- and computational complexity. Sample complexity targets the issue that, how many
training examples are needed to learn a successful hypothesis ? The computational |
complexity evaluates that how much computational effort is needed to learn a
successful hypothesis ?
In addition to performance bounds, computational learning theory also deals with
the time complexity and feasibility of learning.

12. Give the full specification of Bayesian network.
Ans. : Bayesian network : Definition : It is a data structure which is a graph, in which
each node is annotated with quantitative probability information. '
The nodes and edges in the graph are specified as follows :-

1) A set of random variables makes up the nodes of the network. Variables may be
discrete or continuous.

2) A set of directed links or arrows connects pairs of nodes. If there is an arrow
from node X to node Y, then X is said to be a parent of Y.

3) Each node X;, has a conditional probability distribution P(X; | Parents(X;)) that .
quantifies the effect of the parents on the node.

4) The graph has no directed cycles (and hence is a directed, acyclic graph, or
DAG,).

The set of nodes and links is called as topology of the network.
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m University Questions with Answers

Q.l
Q.2
Q3

Q4
Qs

a6

Q.7

Q.8

i Q9

Summer - 18
Differentiate Fuzzy logic and Crisp logic. (Refer sections 8.2) [3]
Discuss various defuzzification methods. (Refer section 8.2) 4]
Discuss Bayesian network and its application. (Refer sections 8.1) 4]
- Summer - 19

Differentiate fuzzy logic and crisp logic. Also describe set operations on fuzzy and

crisp logic. (Refer section 8.2) (71

Discuss various defuzzification methods. (Refer section 8.2) (41

Discuss Bayesian network and its application. (Refer section 8.1) [4]
Winter-19

Explain probabilistic inference in Bayesian networks with the help of a suitable

example. (Refer section 8.1) 4

Explain the difference between Boolean and fuzzy set membership using a suitable

example. (Refer section 8.2) 3l
- Summer - 20 |

What is the importance of fuzzy logic ? How do you perform union, intersection and
complement operation on the fuzzy sets 7 (Refer section 8.2) [4]

Qaaa
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What is Game ? - The Adverserial Search
GTU : Summer-12, 14, 15, 18, Winter-

- In adversarial search problem environment is multiagent, competitive where ;;
the agent's goals are in coflict. Adversarial search problems are commonyy
known as games.

- Mathematical game theory a branch of economics views any multiagen,
environment as a game, provided that, impact of each agent on th.e' others i
"significant” regardless of whether the agent are cooperative or competitive,

- The term game means a sort of conflict in which n individuals or groups (known
as players) participate.

- Game theory denotes games of strategy.

- John Von Neumann is acknowledged as father of game theory. Neumann
defined game theory in 1928 and established the mathermatical framework for a]]
subsequent theoretical developments.

- Game theory allows decision-makers (players) to cope with other decision-maker
(players) who have different purposes in mind. In other words, players determine
their own strategies in terms of the strategies and goal of their opponent.

- Games are integral attribute of human beings. Games engage the intellectual
faculties of humans.

- If computers are to mimic people they should be able to play games.

Game playing has close relation to intelligence and it has well-defined states and
rules.

Applications of Game Theory

» Applications of game theory are wide-ranging. Von Neunmann and Morgenstern
indicated the utility of game theory by linking with ecomomic behavior.

1. Economic models
* For markets of various commodities with differing numbers of buyers and sellers,
fluctuating values of supply and demand, seasonal and cyclical variations, analysis
of conflicts of interest in maximizing profits and promoting the widest distribution
of goods and services.

2. Social sciences
* The n-person game theory has interesting uses in studying the distribution of

power in legislative procedures, problems of majority rule, individual and group
decision making.
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y gpidemiolog Ists

Make use of game theory, with respect to immunization procedures and miethods
’ of testing @ vaccine or other medication.

4 Miltary strategists

Turn to game theorey to study conflicts of interest resolved through "battles"
' where the outcome or payoff of a war game is either victory or defeat.

m pefinition of Game
1. A game has at least two players. Solitaire is not considered a game by game
theory.
The term "solitaire” is used for single-player games of concentration.

2. An instance of a game begins with a player, choosing from a set of specified
(game rules) alternatives. This choice is called a move.

3. After first move, the new situation determines which player to make next move
and alternatives available to that player.

i) In many board games, the next move is by other player.

i) In many multi-player card games, the player making next move depends
on who dealt, who took last trick, won last hand, etc.

4. The moves made by a player may or may not be known to other players. Games

in which all moves of all players are known to everyone are called games of
perfect information. For example,

i) Most board games are games of perfect information.

ii) Most card games are not games of perfect information.

5. Every instance of the game must end.
When an instance of a game ends, each player receives a payoff. A payoff is a
value associated with each player's final situation. A zero-sum game is one, in
which elements of payoff matrix sum to zero. In typical zero-sum game :

i) Win = 1 point,

ii) Draw = 0 point,

iii) Loss = - 1 point
m Game Theory

* Game theory does not prescribe a way or say how to play a game. Game theory is

a set of ideas and techniques for analyzing conflict situations between two or more
parties. The outcomes are determined by their decisions.

TECHNICAL PUBUCATJONS® - An up thrust for knowledge



r

Artificial Intelligence

Game Playing
General Game Theorem

e In every two players, game like zero sum, non-random, perfect knowledge game

there exists a perfect strategy guaranteed to at least result in a tie game.
The frequently used terms in game theory : -

The term "game" means a sort of conflict in which n individuals or groups
(known as players) participate.

A list of "rules” stipulates the conditions under which the game begins.

A game is said to have "perfect information” if all moves are known to each of
the palyers involved.

A '"strategy" is a list of the optimal choices for each player at every stage of ,
given game.

A "move" is the way in which game progresses from one stage to another,
beginning with an initial state of the game to the final state.

The total number of moves constitute the entirety of the game.

The payoff or outcome, referes to what happens at the end of a game.

- Minimax : The least good of all good outcomes.

-  Maximin : The least bad of all bad outcomes.

The important and basic game theory theorem is the mini-max theorem. This
theorem says,

"If a minimax of one player corresponds to a maximin of the other player, then
that outcome is the best that both players can hope for."

EX3 Relevance of Game Theory and Game Playing

How relevant the game theory is to mathematics, computer science and economics is
shown in the figure below :

Mathematics

Mathematical
game
theory

Al:
Game theory
Game playing

Computer
science

Fig. 9.5.1 Game theory and its relevance to other fields
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m game Playing
eristics of Game Playing : -

~ Game Playing

Charac :
There is always an "unpredictable” opponent
1.

Opponent introduces uncertainty.

Opponent also wants to win,
). Time limit

Games are always played in time constraint environment.
handle time efficiently.

m Types of Games

1. Based on chance

Therefore is needs to

) Deterministic (not involving chance)
For example -
Chess, Checkers, Tic-tac-toe

ii) Non-deterministic (can involve chance)
For example -
Backgammon, Monopoly.

2. Based on information

i) Perfect information -

Here all moves of all players are known to everyone.
For example -

Chess, Checker, Tic-tac-toe.
ii) Imperfect information -
Here all moves are not known to everyone.
For example -
Bridge, Pocker, Scrabble.

3. General zero-sum games

Players must choose their strategies simultaneously, neither knowing what the
other player is going to do.

For example -

If you play a single game of chess with someone, one person will lose and one
person will win. The win (+1) added to the loss (- 1) equals zero.
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4. Constant - sum game ,

always constant, th

Here the algebraic sum of the outcomes are y ough not
necessarily zero.

It is strategically equivalent to zero-sum games.

5. Non-zero - sum game
um of the outcomes are not constant. In these games, the sum

Here the algebraic s

of the payoffs are not the same for all outcomes-
They are not always completely solvable but provide insights into important are,

of inter-dependent choice.
one player's losses do not always equal another player’s gains

In these games,
The non-zero-sum games are of two types : -
i) Negative sum games (Competitive) -
Here nobody really wins, rather everybody loses.
Example - A war or a strike.
ii) Positive sum games (Co-operative) -
Here all players have one goal that they contribute together.
Example - An educational game, building blocks, or a science exhibit.

6. N-person game
It involves more than two players.
Analysis of such games is more complex than zero-sum games.

Conflicts of interest are less obvious.

X3 Formal Representation of a Game as a Problem

EXX] A Game is Essentially a Kind of a Search Problem |

Game is formally defined with following four components : -

1. The initial state, which includes the board position and identifies the player to
move.

2. A successor function, which returns a list of (move, state) pairs, each indicating a
legal move and the resulting state.

3. A terminal test, which determines when the game is over. States where the game
has ended are called as terminal states.

4. A utility function (also called an objective function or payoff function), which
gives a numeric value for the terminal states. In chess, the (;utcome is a win, loss

e
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or draw, with values +1, - 1, or 0. Some game have a wider variety of possible
outcomes; the payoffs in backgammon range from + 192 to - 192.

@ Mixed Strategies

A players's strategy in a game is a complete plan of action for whatever situation
might arise. It is a complete algorithm for playing the game, telling a player what
to do for every possible situation throughout the game.

« A pure strategy provides a complete definition of how a player will play a game.
In perticula:, it determines the move a player will make for any situation they
could face. A player's strategy set, is the set of pure strategies available to that
player.

ntelligence 9-7 Game Playing

« A mixed strategy is an assignment of a probabiblity to each pure strategy. This
allows for a player to randomly select a pure strategy. Since probabilities are
contineous, there are infinitely many mixed strategies available to a player, even if
their strategy set is finite.

o+ A mixed stretegy for a player is a probability distribution, on the set of his pure
strategies.

[XE] The Game Tree

The initial state and the legal moves for each side, define the game tree for the game.
o Description of the game tree [Refer Fig. 9.8.1 on next page].
1. Root node -

Represents board configuration and decision, required as to what is the best single
next move.

If my turn to move, then the root is labeled a MAX node indicating it is my turn;
Otherwise it is labeled a MIN, node to indicate it is my opponent's turn.

2. Arcs -

Represent the possible legal moves for the player that the arcs emanate from.

3. At each level, the tree has nodes that are all MAX or all MIN.

4. Since moves alternate, the nodes at level 'i' are of opposite kind from those at level
i+ 1.
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_MAX move
X X X : TR I T
s e Bl vkl A bty x X T
ke I VR SERIE] I ORUWNNEST: X : X X
MIN move
X0 -] X 0] |x
i 0
3 MAX move
X 0 x] [x7o ] X0
X X
~ = _ MIN move
X0 X X 0 X] |X0X
0 X] |0 0 X X = Terminal
0 XX 0| [X00
-1 0 #1 = Utility

Fig. 9.8.1 Example of game tree
EX) Game Strategy

EXXE Concept of Strategy

A player's strategy in a game, is a complete plan of action for whatever situation
might arise. It is the complete description of how one will behave under every possible
circumstances. You need to analyze the game mathematically and create a table with
"outcomes" listed for each strategy.

A Two Player Strategy Table.

Players Strategies Player A Player A Player A etc.

Strategy 1 Strategy 2 Strategy 3
Player B strategy 1  Tie A wins mes
Player B strategy 2 B wins Tie A wins =
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Aboﬁé is a partial tree for the game of tic-tac-toe.
1.

The top node (root) is the initial state and MAX (player 1) moves first, placing X
5. The
in an empty square.

The rest of the search tree shows alternate moves for MIN (player 2) and MAX.
3.
4, Terminal states are assign utilities according to the rules of game.

=

@ Optimal Strategies

It is a techniques which always leads to superior solution than any other strategy, as
opponent is playing in perfect manner.

Roughly speaking, an optimal strategy leads to outcomes that are at least as good as
any other strategy when one is playing an infallible opponent.

Mini-Max Value

The minimax value for a given game tree is determined by optimal strategy by
evaluating minimax value of each node.

Mini-Max Theorem

Players adopt those strategies which will maximize their gains, while minimizing

their losses. Therefore the solution is, the best each player can do for him/herself in the
face of opposition of the other player.

Determining Optimal Strategy
8

Given a game tree the optimal strategy can be determined by examining the
minimax value of each node.

The minimax value of a node is the utility (for player called MAX) of being in the

corresponding state, assuming that both players play optimally from this stage to
the end of the game.

The minimax value of a terminal state is just its utility.

Given a choice, MAX will perfer to move to a state of maximum value, whereas
MIN prefers a state of minimum value.

TECHNICAL PUBL.'CATIONS® - An up thrust for knowledge



Artificial Intelligence -0 Gamepy,

GTU : Winter-12,

m Mini-Max Algorithm

The minimax algorithm computes the minimax decision from the current stay, % is
used as a searching technique in game problems. The minimax algorithm performs ,
complete depth-first exploration of the game-tree.

N[N The Algorithm

The start node is MAX (player 1) node with current board configuration,
Expand nodes down (play) to some depth of look-ahead in the game.
Apply evaluation function at each of the leaf nodes.

"Back up" values for each non-leaf nodes until computed for the root node.

At MIN (player 2) nodes, the backed up value is the minimum of the valyes
associated with its children.

6. At MAX nodes, the backed up value is the maximum of the values associateq
with its children.

15,18,19, Sumemr-14, 18 19 99

I S

Note :

The process of "backing up" values gives the optimal strategy, that is, both players
assume that your opponent is using the same static evaluation function as you are.

m Properties of Mini-Max
1. Minimax provides a complete solution for finite tree.
2. Minimax provides optimal strategy against an optimal opponent.
3. The time complexity is O (b™).

4. The space complexity is O(bm) for depth-first exploration where algorithm
generates all successor at once, or O(m) for an algorithm that generate successors
one at a time.

EXTEY Problem Associated with Mini-Max

This algorithm explores whole search space. If we have a game with huge search
spaces it will take long time.

In such cases then exact solution is completely infeasible.
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m Game Playing with Mini-Max-Tic-Tac-Toe [Noughts and Crosses]
Example

Assume that two players named MIN and MAX who are playing the game.

MAX is playing first.
As you can see initially MAX has nine possbile moves.

Play alternates between MAX and MIN until we reach leaf nodes corresponding
to terminal states such that one player has 3 in a row or all the squares are filled.

5. The number on each leaf node indicates the utility value of the terminal state
from the point of view of MAX.

6. High values are assumed to be good for MAX and bad for MIN.
7. It is MAX's job to make use of search tree to determine best move.

8. Static evaluation. Criteria - '+ 1' for a win, '0' for draw.

Example to Show How Mini-Max Algorithm Works

Consider game of tic-tac-toe with the initial state -

0]0]X
X| |0
X

Step 1 -
Start : MAX (player 1) moves (MAX is making X)

0]0(X

X 0

X
010X 0|0 X 0]0|X
X[X[0 x| |0 x[ 10
X X|x x| [x

Fig. 9.10.1 Max playing (X)
Step 2w

Next : MIN (player 2) moves.
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010(X
X 0
MAX's move X
0]o|x 0[0]X oog
X[X| 0 x| _[o ;
X X| X X
MIN move
0lo|X o|o|x olo[x o]0 0]0/]X 0]0o|X
X[xTo X[X[0 x[ofo x| [o X[0/X X[ [0
of [x 0[x 0|X|[X X[ X X|[0]|X
Fig. 9.10.2 Min playing (0)
Step 3 -
Again : MAX's moves
0{0]X
X 0
MAX move X
0]10(X 00X 0]0|X
X|X|0 X 0 X 0
X X| X X X
MIN move /\ /\
0[0|X 0f0]|X 0{0[X ofolx 010X 00X
X{X[{0 X|[x]|o0 X|0[0 x 0 X|0l0 X 0
0 X 0X XX  0fx|x X X X|0[X
MAX move ’ ‘ ‘ ’ ‘ ,
010X 0]0|x 0/0|X ofolx 001X 0]0|X
X{X[0 X|x]o X|o|0 X|X|0 X010 X|x|o0
OfX|X Xxlo|x XIX|x 0[X|X X|XIX X|olX

Fig. 9.10.3 Max playing (X)
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step 4 - » iteria '+ 1 in, 0 .
", 1" for a Wiy 0' for a draw. Criteria '+ 1' for a win, 0' for a draw
0]o|x
x| [0
MAXmUVG/ x
X[X[ 0 x| 10 x| |0
X % | X X
MINmove/\ /\ /\
olo|x ofo|x olo|x o]o]X olo|x o0]o]|X
x[x[o x|x[o x[o[o x| |0 x[o[o X[ [0
o] |x R x[x ofx|X x| x x]o|x
MAX move lo '1 ‘1 \0 ]1 I1
olo|x ofolx olo|x o]o|x olo|x ololx
X[x[o x]x]o x[olo Xx[x|o x[olo XXX
o|x|x X]o[x *xxix  o[x|x xJx{x  x]o|x
Fig. 9.10.4 Min playing (0)
Step 5 -
Level by level, on the basis of opponents turn UP : One level
0l0[X
X 0
MAX move X
0]0|X 0l0[X 00X
X[X]|0 X 0 X 0
X x| X X[ X
MIN move
0 1 1 0 1 1
olo|x\ ofo]x olo|x\ olo|x olo|x\ oo]x
x[x]0 \ x[x]0 x[0]0 \x[ [0 x[olo \X| 10
0 X 0| X XX [0{X|X X X IX|0|X
MAX move
(Back-up l \
max) 0 1 1 0 1 1
-
0j0[{X 0]0|X 0[0fx 0]0|X olo|x o]o|x
X{X|10 X|xX{o0 X|10{0 Xx|{xlo0 X|0{0 X 0
o{x|x x|o[x ¥pepe  0|X|[X LR 0] x

Fig. 9.10.5 One level up
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Step 6 -
UP : Two levels

0[0|X
X 0
X
MAX move 1
(choose max) 0 f,_.—/“ g\f\
0j0|X
0
Xl |0
Xl X
MIN moves
(back-up 1 1 1
min)
0]0|X
0 0f0 0[0]X 0]0]|X
X Xlo x| [0 X[0]0 \X 0
0 XX [O[X[X X| X [X]o|X
MAX move
(Back-up |1 0 1 1
max)
olo[x ofo|x olo[x o]o]x olo[]x olo|x
X|X]0 X[x{o0 X{0ofo Xx|[x|o X[0jo X|xjo
OX|x Xxjo|x xXpEpx 0X|X | H 01X

Fig. 9.10.6 One level up
Step 7 - Choose best move which is maximum

0[0]X
X| |0

Best move

MAX move
(choose max)

0
0[0|X
X|X|0 X
X
MIN move
(back-up
min) 0
0(X\ 0
X[0 \ X

o

—
—_

0 0| x ofo[x\ o|o]|x 0lo|x\ o|o|x
X x| 0 X[ofo \x[ [o x[ofo \xT [0
ol [x 0] X X[X [o[x[x X[ Ix [x]olx

MAX move /

(Back-up ‘ } ‘ ‘

s 0 1 1 0 1 1
0lo|x o]o|x 0/0[X ofo]x olo|X ololx
x[xTo X[x1o X100 x[xTo x[oTo Xx[xTo
o[x[x xlolx X 0[X [ X ¥ Xlolx

Flg. 9.10.7 Choosing best move
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Game Playing
The 'made-up’ Games and Concept of 'ply’
For study purpose we can form a game a tree which is constructed up to certain
L]

level (ie. upto certain depth). This is called as a made-up game. The term ply
refers to depth of the tree.

For example - ply 4 is level at depth 4 below the root node.
gxample |
A two ply game tree, for game of tic-tac-toe.
1. Assume that two players named MIN and MAX who are playing the game.
), MAX is playing first.

3. The possible moves for MAX at the root node are labeled a{,a; and a ;.
4 The possible replies to a; for MIN are by,b,, b3 and so on.
5, This particular game ends after one move each by MAX and MIN.
6. In game parlance, we say that this tree is one which, moves deep consisting of
two-half-moves, each of which is called a ply.
MAX move
MIN
move
3 12 8 2 4 g 14 5 2
Fig. 9.10.8 Game tree
Example
A three-ply game tree, for game of tic-tac-toe
MAX -3
a
@ - ©- -
d
b, b, ¢1,/C,/ ¢\ ) 1/d,| dy
MAX [E| [H L M [N
21 -3 12/ 70/] -4\ 100 -73\ - 14
€1 /€| &3\ f 91/ hy/ |hg Jq[ 2\ I3\ 3 ly] N2 \My N4\ N2
00@69000@00 OIPICHI®
23 28 21 -3 12 70 -4-12-70-5-100-73 -14 -8 -24

Fig. 9.10.9 Three ply game tree
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Mini-Max Algorithm for Playing Multiplayer Games

1. There are many multiplayer games like cricket, football, etc.
2. The multiplayer game can be played with minimax concept.

3. Here the single value for each node is replaced with a vector of values,
example, in a three-player game with players A, B, and C a vector
is associated with each node.

For

4. For terminal states, this vector gives the utility of the state from each Player
viewpoint. (In two player, zero-sum games, the two-element vector can be
reduced to a single value because the values are always opposite.

5. In this implementation UTILITY function return a vector of utilities.
6. For non-terminal states we can calculate utility function value as explain beloy -
Consider following diagram,

A

(1.26) (423) (612) (741) (51,1 (152) (7.7,1) (545)

Fig. 9.10.10 Utility function value calculation
7. For non-terminal states vector values should be calculated as explained.

Consider the node marked X in the game tree shown in above diagram. In this
state, player C choose what to do. The two choices lead to terminal states with
utility vector (V5 =1, Vg =2, Ve = 6)and (V, =4, Vg =2, Ve = 3). Since 6 is
bigger than 3, C should choose the first move. This means that if state X is
reached subsequent play will lead to a terminal state with utilities (Va =1,
Vg =2, Vi = 6). Hence the backed-up value of X is this vector.

8. In general, the backed-up value of a node n' is the utility vector of whichever
successor has the highest value for the player choosing at ‘n'.

9. Multiplayer games usually involve alliance, whether formal o informal, among
the players. Alliances are made and broken as the game proceeds.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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gﬂ Alpha-Beta Pruning

Game Playing

GTU : Summer-12,18, Winter-17,18,19

@ Motivation for o - B Pruning
_ The problem with minimax algorithm search is that the number of game states it
has to examine is exponenhal in the number of moves. |
roposes to compute the correct minimax algorithm decision without looking

2. aPp
at every node in the game tree.

o Pruning Example :

Step 1
MAX move =3
MIN move 3
MAX move
3 12 8
Fig. 9.11.1 Pruning example (i)
Step 2:
MAX move
MIN move
MAX move
3 12 8 2
Fig. 9.11.2 Pruning example (ii)
Step 3:
MAX move
MIN move
MAX move

3 12 8 2 14 S 2

Fig. 9.11.3 Pruning example (iil)
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m Steps in Alpha-Beta Pruning

1. MAX player cuts off search when he knows MIN-player can force a Provap|
outcome.

2. MIN player cuts of search when he knows MAX-player can force provably 20
(for MAX) outcome. %

3. Applying an alpha-cutoff means we stop search of a particular branch becay, -
see that we already have a better opportunity elsewhere. .

Y bag

4. Applying beta-cutoff means we stop search of a particular branch because v, see
that the opponent already has a better opportunity elsewhere.

5. Applying both forms is alpha-beta pruning.

:KE&Y Alpha Cutoff

It may be found that, in the current branch, the opponent can achieve a state with i
lower value for us than one achievable in another branch. So the current branch is ope
that we will certainly not move the game. Search of this branch can be safely
terminated.

For example -
Choose max
15
A No point in
Back-up min % qxploring
10 \, this branch
\0

Fig. 9.11.4 Alpha cutoff
tEEE.Y Beta-Cutoff

It is just the reverse of alpha-cutoff.

It may also be found, that in the
current branch, we would be able to
achieve a state which has a higher value
for us than one of the opponent can hold
us to in another branch. The current

Choose max

branch can be identified as one that the
opponent will certainly not move the
game. So search in this branch can be
safely terminated.

For example - (Refer Fig. 9.11.5)

Back-up min /

20 ! No pointin
\ exploring
\\ this branch

Back-up ma
PIRE o \

Fig. 9.11.5 Beta cutoff
_—.—'—'_'_'-.-'-——""‘
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m Algorithm of Alpha-Beta Pruning

/*
JIpha is the best score for max along the path to state.
p

peta is the best score for min along the path to state.

]f/the level is the top level, let alpha = - infinity, beta = + mﬁmty | )

If depth has reached the search limit apply static evaluation function to state an

return result.

If player is max : |
Until all of state's children are examined with ALPHA-BETA or until alpha is
equal to or greater than beta :

Call ALPHA-BETA (child, min, depth + 1, alpha, beta);
note result

Compare the value reported with alpha; if reported value is larger reset alpha to
the new value.

Report alpha
If player is min :

Until all of state's children are examined with ALPHA-BETA or until alpha is
equal to or greater than beta :

Call ALPHA-BETA, (child, max, depth + 1, alpha, beta);
note result.

Compare the value reported with beta; if reported value is smaller,

reset beta to
the new value.

Report beta.

m Example of Alpha-Beta Pruning (Upto 3rd Ply)

L In a game tree, each node represents a board position where one of the player
gets to choose a move.

2. For example,

look at node C in Fig. 9.11.6, as well as look at its left child.
3. We realize that if the

2. But the maximizer

never let the game
children,

players reach node C, the minimizer can limit the utility to

can get utility 6 by going to node B instead, so he would
reach C. Therefore we don't even have to look at C's other

TECHNICAL PUBLICA T!ONS® - An up thrust for knowledge
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Initially at the root of the
tree there is no gurantee
about what values the
maximizer and minimizer
can achieve. So beta is set
to - and alpha to - .

Then as we move down the
tree, each node starts with
beta and alpha values
passed down from its
parent.

8

If it's a maximizer node, O = Maximizer O = Minimizer
then alpha is increased if a
child value is greater than
the current alpha value. Similarly, at a minimizer node, beta may be dereaseq
This procedure is shown in Fig. 9.11.6.

Fig. 9.11.6 Alpha beta pruning

At each node, the alpha and beta values may be updated as we iterate over the
node’s children. At node E, when alpha is updated to a value of 8, it ends up
exceeding beta.

This is a point where alpha-beta pruning is required we know the minimizer
would never let the game reach this node, so we don't have to look at its
remaining children.

In fact, pruning happens exactly when alpha becomes greater than or equal to
beta - that is, when the alpha and beta lines hit each other in the node value.

EXEY Refinements and Heuristic for Cutting Off Search

A VAN Evaluation Functions

1.

a)

An evaluation function returns an estimate of the expected utility of the game
from a given position, just as the heuristic functions return an estimate of the
distance to the goal.

It should be clear that the performance of a game-playing program is dependant
on quality of its evaluation function. An inaccurate evaluation function will guide
an agent toward positions that turn out to be lost.

Designing evaluation function :

The evaluation function should order the terminal states in the same way as the
true utility function; otherwise, an agent using it might select suboptimal moves

even if it can see ahead all the way to the end of the game.
-

TECHNICAL PUBLICA TJONS® - An up thrust for knowledge
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ce
o ="
o must not take too long !

" computation .
b The . al states, the evaluation function should be strongly correlated with

Game Playing

imperfect and Real-time Decisions

ini i enerates the entire game search space, whereas the
s OF muuﬂ":lx o:ilti(;:mwg us to prune large parts of it. However, alpha-beta still
alpha‘beta :a]l the way to terminal states for at least a portion of the search
has ;::;C depth is usually not practical, because moves must be made in a
;::;able amount of time-typically a few minutes at most.

For making search faster we can make a heuristic evaluation f'unci_:ion that can be

lied to states in the search. It will effectively turn nonterminal nodes mfo
:J:nmal leaves. In other words, the suggestion is to alter minimax or alpha-beta in
two ways; the utility function is replaced by a heuristic evaluahonl function, which
gives an estimate of the positions utility, and the terminal test is replaced by a
cutoff test that decides when to apply heuristic function.

[EFH Cutting Off Search

. Cutting off search is simple approach for searching faster.
. The cutting off search is applied to limit the depth.

If Cutoff-Test (s, depth) then return E(S) problem in cutting off search. (Where E
is evaluation function).

. Cutoff test might be applied in adverse condition.

. It may stop search before allowable time.

. Iterative deepening go until time is elapsed.

. Quiescent position -

a) 1If a position looks "dynamic", don't even bother to evaluate it.

b) Instead, do a small secondary search until things calm down. For example -
After capturing a piece, things look good, but this would be misleading if
opponent was about to capture, right back.

¢) In general such factors are called continuation heuristics.

d) A quiescent position is a position which is unlikely to exhibit wild swings
(huge changes) in value in near future.

—_ ¢ Consider following example -

o

TECHNICAL PUBLICA 1"-'0NSO - An up thrust for knowledge
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Here [Refer Fig. 9.12.1] now
since the tree is further explored,
the values, which is passed to A,
is 6. Thus the situation calms
down. This is called as waiting
for quiescence. This helps in
avoiding the horizon effect of a

drastic change of values. /
7. The horizon effect -

A potential problem that arises
in game tree search (of a fixed
depth) is the horizon effect, which
occurs when there is a drastic
change in value, immediately
beyond the place where the
algorithm stops searching.
Consider the tree show in
Fig.9.12.2 (a). It has nodes A, B, C
and D. At this level since it is a
maximizing ply, the value which
will passed up at A is 5.

[

8

U'IIG)l

MAX move

MAX move

Suppose node B is examined
one more level as shown in
Fig.9.12.2 (b), then we see that
because of a minimizing ply, value

MIN move

(b)
at B is - 2 and hence the value Fig. 9.12.2 Horizon effect example

passed to A is 2. This results in a drastic change in the situation. There are two
proposed solutions to this problem

a) Singular extension -
Which expands a move that is clearly better than all other moves. Its cost is
higher with branching factor 1.

b) Secondary search -

One proposed solution is to examine the search space, beyond the apparently best
one, to see that if something is looming just over the horizon. In that case we 3"
revert to second-best move. Obviously then the second-best move has the sar
problem, and there isn't time to search beyond all possible acceptable moves:

__.——-"'"'//
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n Game Playing
ntellgen

It is another method for searching faster.

In this, some moves at a given node are pruned immediately without further

consideration. Clearly, most humans playing chess only consider a few moves
from each position (at least consciously).

Unfortunately, the approach is rather dangerous because there is noO guarantee
that the best move will not be pruned away.

This can be disasterous if applied near the root, because it may happen that, often
the program will miss some "obvious" moves.

Forward pruning can be used safely in special siturations. For example, when two

moves are symmetric or otherwise equivalent, only one of them need be
considered - or for nodes that are deep in the search tree.

Games with Chance

Games with a certain element of chance are often more interesting than those without
chance, and many games involve rolling dice, tossing a coin or something similar.

In the real world many situation infront of us are unpredictable. It is also
observed in many games.

Example : Dice rolling, backgammon.

Some time, in the game, imperfect information is available.
Example : Cards, dominose, etc.

In game with chance, we can introduce probabilities to our search diagrams and
calculate minimax solutions as in the normal games.

We add 1 more level in game tree i.e. the level of chance nodes.

Chance nodes have as many successors as outcomes of the random element.
Minimax with element of chance

1)di (i =1, .., n) - Outcomes from the chance nodes.
2) P (d;) - Probability of d;;

3) S (N, d;) - Moves from position N for outcome d;;

4) If N is MAX : Utility (N) = i P(d;) max g, 4i utility (s)

i=1

5) If N is MIN :

Utlity (N) = 3 P(d;) min g,y utility (5

i=1

-__-__-_'_—l—-__
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- The utility is not computed by using just the terminal values. Therefor, val
assigned to win, loss and draw affect the choice of moves. Ueg

- Time complexity increases (n outcomes from the chance nodes) to O (bdnd) |

- Alpha-Beta pruning is more complicated in this game trees.

MAX move
Probability
of a roll
[ Chance
level 1/6 1/6 116
nodes A
for _
(max)]
4\ 5\ 6
'/ 2/ 3 Value of
a roll
MIN move
[ Chance

level '

nodes v v
for

RV ANVANRVAN

Fig. 9.13.1 A game tree for a backgammon (Game of chance)
1 of chance ? (Refer section 9.13)
2. Explain perfect decisions in game playing. Give example. (Refer section 9.9)
3. Explain minimax algorithms and how it works for game of tic-tac-toe. (Refer section 9.10)
4. Explain minimax search procedure with example upto 3™ ply. (Refer section 9.10)
5

1LY A

. Explain minimax procedure for game playing. Is this DFS or BFS ? How it can be modified to be

used by a program playing three-four player game 7 (Refer section 9.10)
6. How minimax procedure can be modified to play multipalyer




15.
16.

ﬁumversity Questions with Answers

Ql

Q2

Q3

9-25 Game Playing

Jha-bffﬂ pruning using example. Show game tree upto 3% ply. (Refer section 9.11)
Desmze :;ni’"ax procedure and alpha-beta pruning. (Refer section 9.11)

Desm. e Ipha-beta pruning algorithm with example. (Refer section 9.11)

Bpe ap:m note on quiescent position and secondary search. (Refer sections 9.11 and 9.12)

Write @ 5

Explain horizon effect. (Refer sections 9.11 and 9.12)

Ip .

Explain minimax search algorithm for two player game. (Refer section 9.10)
xp .

Also explain alpha-beta pruning. (Refer section 9.10)

Explain the nature and scope of artificial intelligence. Why game playing problems are considered as
AJ;P problems ? (Refer sections 9.1 and 9.8)

Is the minimax procedure a depth-first or breadth-first search procedure ? (Refer section 9.10)

Why does the search in game-playing programs always proceed forward from the current position
rather than backward from a goal state ? (Refer section 9.10)

Summer -12
Explain the Alpha-Beta cutoff procedure in game playing. (Refer section 9.11) (7]
Winter - 12
Explain minmax procedure for game playing with any example. (Refer section 9.10)
(7]
Summer-14
Consider the game tree of Fig. 1 in which the static scores are from first player’s
point of view. Suppose the first player is maximizing player. Applying mini-max

search, show the backed-up values in the tree. What move will the MAX choose ? If

the nodes are expanded from left to right, what nodes would not be visited using
alpha-beta pruning. (Refer section 9.10) (3l

(M ® @® 6B @ 3 0 (-2 6 (@ (5) (8) 9 @
- Fig. 1 Game Tree
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.

Winter - 15

Explain Min-Max search procedure with an example. (Refer section 9.10)

Q.4 (7]
Winter - 17
Q5 Explain alpha-beta cut off search with an example. State a case when to 4, alphg
pruning. (Refer section 9.11) W
Q.6  Discuss min-max search method. (Refer section 9.11) I3
Summer - 18
Q.7 Consider the game tree given in Fig. 2, in which the evaluation function values qr,
shown below each leaf node for the max player. Assume that the root node correspongs
to the minimizing player. Assume that the search always visits children left-to-right,
Compare the backed-up values computed b the minimax algorithm by writing valyes
at the appropriate nodes in the tree given. (Refer section 9.10) 3]
MIN
MAX
~ 3 1 5 2 8 2
Fig. 2
Q8  For the game tree given in Fig. 2, which nodes will not be examined by the
alpha-alpha pruning algorithm ? Show the process of alpha-beta pruning to justify
your answer. (Refer sections 9.10 and 9.11) [7]
- Winter - 18
Q.9  Discuss alpha-beta cutoffs procedure in game playing. (Refer section 9.11) [4]
Q.10  Explain min max procedure in game playing. (Refer section 9.10) 7]
Summer - 19
Q.11  Discuss min-max search method with an example. (Refer section 9.10) (7]
L am
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Winter - 19
a2 Explain the MiniMax search procedure for game playing using suitable example.
" What is the significance of Alpha and Beta cut-offs ?
(Refer sections 9.10 and 9.11) -
Summer - 20
Qi3 Simulate the working of Tic-tac-toe problem with Minimax technique.
Refersection 9109 .
aaa
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Syllabus

The Blocks World, Components of a Planning System, Goal Stack Planning, Nonlinear Planning
Using Constraint Posting, Hierarchical Planning, Reactive Systems, Other Planning Techniques.

10.1
10.2
10.3
10.4

10.5
10.6
10.7
10.8
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Goal Stack Planning

Non-linear Planning using Constraint
Posting
Hierarchical Planning

Reactive Systems
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University Questions with Answers
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Artificial a‘nreﬂ."gence 10-2 Planning in A Agen

{ 'VQ".'.'_‘

m Blocks World % {

* Inorder to compare the variety of methods of planning, we should find it usefy to |
look at all of them in a single domain that is complex enough that the neeg for
each of the mechanisms is apparent yet simple enough that easy-to fo],
examples can be found.

* There is a flat surface on which blocks can be placed.

* There are a number of square blocks, all of the same size.

* They can be stacked one upon the other.

* There is robot arm that can manipulate the blocks
Why Use the Blocks world as an example ?

The blocks world is chosen because :
* It is sufficiently simple and well behaved.

* It is easily understood

* Yet still provides a good sample environment to study planning :
© Problems can be broken into nearly distinct subproblems.
°© We can show how partial solutions need to be combined to form a realistic
complete solution.

Actions of the robot arm
e UNSTACK(A,B)

A
e STACK(A,B)
e PICKUP(A)
e PUTDOWN(A)
* Notice that the robot arm can hold only one block at a time.
Predicates

Inorder to specify both the conditions under which an operation may be performed
and the results of performing it, we need the following predicates :

e ON(A,B)
e ONTABLES(A)
o CLEAR(A)

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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telligence

Arﬂﬁc""" In
, HOLDING(A)
. ARMEMPTY

simple Position
e State SO

. ON(A, B, S0) A ONTABLE(B, SO)ACLEAR(A, S0)
[f we execute UNSTACK(AB) in state S0, then the resulting state 51
HOLDING(A S1)ACLEAR(B S1).

To enable the complete situation to be described, we provide a set of rules called
frame axioms, that describe components of the state that are not affected by each

operator.
« ONTABLE(x,s) > ONTABLE(z, DO(UNSTACK(x,y),s))

e DO is a function that specifies for a given state and a given action, the new state
that results from the execution of the action.

Robot - problem solving system (STRIPS)
e List of new predicates that the operator causes : ADD, DELETE

e« PRECONDITIONS list contains those predicates that must be true for the operator
to be applied.
STRIPS style operators for BLOCKs World

e STACK(x,y)
» P : CLEAR(y)"HOLDING(x)
= D : CLEAR(y)"HOLDING(x)
« A : ARMEMPTYAON(x,y)
¢ PICKUP(x)
= P : CLEAR(x) ~ ONTABLE(x) "ARMEMPTY
= D : ONTABLE(x) ~ ARMEMPTY
A : HOLDING(x)

TECHNICAL PUBLICA TfONS® - An up thrust for knowledge
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A simple search tree

=

UNSTACK (AB

9  PUTDOWN (A)

3 Global database at thispant .
ONTABLE(B)'CLEAR(A)"CLEAR(E"ONTASL= 2,

Fig. 10.1.1

Planning

The methods which focus on ways of decomposing the origmal problem mip
appropriate subparts and on ways of recording and handlng mferactions among fe
subparts as they are detected during the problem-solving process are ofien called a
planning. Planning refers to the process of computing several steps of 2 problem-soivmg

procedure before executing any of them.

What does planning involve 7
Planning problems are hard problems :
o They are certainly non-trivial.
e Solutions involve many aspects that we have studied so far
o Search and problem solving strategies.
© Knowledge representation schemes.
o Problem decomposition - breaking problem into smaller pueces 2nd =77€ ¥
solve these first. ‘
We have seen that it is possible to solve a problem by conmsidermg D¢
form of knowledge representation and using algorithms o solve pars of
and also to use searching methods. )

SO TiEE

-

=

_///
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search in planning

Search basically involved moving from an initial state to a goal state. Classic search
techniques could be applied to Planning state in this manner :

A* Algorithm
- Best first search,

Problem decomposition

- Synthesis, Frame Problem.
AOQ* Algorithm

- Split problem into distinct parts.
Heuristic reasoning

Ordinary search backtracking can be hard so introduce reasoning to devise heuristics
and to control the backtracking.

The first major method considered the solution as a search from the initial state to a
goal state through a state space. There are many ways of moving through this space by
using operators and the A* algorithm described the best first search through a graph.
This method is fine for simpler problems but for more realistic problems it is advisable
to use problem decomposition. Here the problem is split into smaller sub problems and
the partial solutions are then synthesised. The danger in this method occurs when certain

paths become abortive and have to be discarded. How much of the partial solution can
be saved and how much needs to be recomputed.

The frame problem - deciding which things change and which do not - gave some
guidance on enabling us to decide on what stays the same and on what changes as we
go from state to state. If the problem concerned designing a robot to build a car then
mounting the engine on the chassis would not affect the rear of the car now-a-days.

The AO* algorithm enabled us to handle the solution of problems where the problem
could be split into distinct parts and then the partial solutions reassembled. However
difficulties arise if parts interacted with one another. Most problems have some
interaction and this implies some thought into the ordering of the steps; for example if
the robot has to move a desk with objects on it from one room to another; or to move a
sofa from one room to another and the piano is near the doorway. The thought process
involved in recombining partial solutions of such problems is known as planning. At
this point we run into a discussion about the role of the computer in the design of a
Plan as to how we can solve a problem. It is extremely unlikely at this stage that a
Computer will actually solve the problem unless it is a game and here some interaction
With a person is needed.

B e

®
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Generally the computer is used to decide upon or to offer words of Wisdom, B
best method of approaching the solution of a problem. In one sense this c;th‘
interpreted as a simulation; if we are considering the handling of queues at ap airp,, b
a post office there are no actual people and so we can try a range of possibu:i or
likewise in a traffic control problem there are no cars or aircraft piling UP at a jyp, -
or two miles over an airport. Once the computer based investigation has come yy, n

the best solution we can then implement it at the real site.

This approach assumes that there is continuity in the way of life. It cannoy bud
rapid change or revolution. How can this approach cater for unexpected evens §
a faulty component or a spurious happening such as two items stuck togethe
breakdown in the path somewhere vital such as in a camera reel. When a fay]t o
unrecognizable state is encountered it is not necessary to restart for much of
been successfully solved is still useful. Consider a child removing the needles
partially completed knitted sweater. The problem lies in restarting from a deag end ang
this will need some backtracking. This method of solution is pursued to reduce the leve]
of complexity and so to ensure successful handling we must introduce reasoning to he|
in the backtracking required to cater for faults. To assist in controlling bathrac}q‘ng
many methods go backward from the goal to an initial state.

8et for
uch as
Tor,
T some
hat by
from ,

* Components of a planning system

1. Choose the best rule to apply next based on the best available heuristic
information.

2. Apply the chosen rule to compute the new problem state that arises from its
application.
3. Detect when a solution has been found.

4. Detect when an almost correct solution has been found and employ special
techniques to make it totally correct.

5. Detect dead ends so that they can be abandoned and the system'’s effort directed
in more fruitful directions.

1. Choose the rules to apply

* The most widely used technique for selecting an appropriate rules to apply is first
to isolate a set of differences between desired goal state and then to identify those
rules that are relevant to reducing those differences.

¢ If several rules, a variety of other heuristic information can be exploited to choose
among them.

For example, if we wish to travel by car to visit a friend, then
* The first thing to do is to fill up the car with fuel

"
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4 (¢ we do not have a car then we need to acquire one.
L

The largest difference must be tackled first.
L]
APPW"‘U rules | |
1n simple systems, applying rules is easy. Each rule simply specified the problem
. state that would result from its application.

2

, In complex systems, we must be able to deal with rules that specify only a small
part of the complete problem state.

, One way is to describe, for each action, each of the changes it makes to the state
descﬂpﬁon-
. A number of approaches to this task have been used.

Basically this states that we note the changes to a state produced by the application of a
rule. Consider the problem of having two blocks A and B stacked on each other
(A on top). Then we may have an initial state S which could be described as :

ON(A, B,Sg) ~
ONTABLE(B, S) A
CLEAR(A, Sp)
If we now wish to UNSTACK(A, B). We express the operation as follows :
[CLEAR(x,8) A ON(x, y, 8)] =
[HOLDING(x, DO(UNSTACK(x,y),5)) A
CLEAR(y,DO(UNSTACK(x,),9))]

where ¥, y are any blocks, s is any state and DO() specifies that a new state results
from the given action.

The result of applying this to state S to give state S, then we get :
HOLDING(A, S;) CLEAR(B, S,).

There are a few problems with this approach :
The frame problem

- In the above we know that B is still on the table. This needs to be encoded into
frame axioms that describe components of the state not affected by the operator.

The qualification problem

If we resolve the frame problem the resulting description may still be
inadequate. Do we need to encode that a block cannot be placed on top of itself
? If so should this attempt fail ?

TECHNICAL PUBLICA TJONS® - An up thiust for knowledge
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If we allow failyre things can get complex - do we allow for a lot of unlikely ., |

‘ntg
The ramification problem

After unstacking block A, previously, how do we know that 4 is ng longer
nitial location ? Not only is it hard to specify exactly what does not lts

hﬂppen { ﬁ'ﬂm
problem) it is hard to specify exactly what does happen. e

State Description Approach

In this approach for each action, a change it makes to the state jg escripeg
everything else remains unchanged. '

The main advantage of this method is single mechanism (
perform all operations that are required for state description. Th

the number of axioms that are required becomes very large if
is complex.

that is l'ESOlutj()n) -
e major disadvantage is
problem-state dESCription

STRIPS Approach (1971)

STIPS proposed another approach :

* Basically each operator has three lists of predicates associated with it -
° alist of things that become TRUE called ADD.

° a list of things that become FALSE called DELETE.

° aset of prerequisites that must be true before the operator can be applied.
Anything not in these lists is assumed to be unaffected by the operation.

This method initial implementation of STRIPS - has been extended to include other

forms of reasoning/ planning (eg. Nonmonotonic meiliods, Goal Stack Planning
and even Nonlinear planning - We will see later.)

Consider the following example in the Blocks World and the fundamental
operations :

STACK

Requires the arm to be holding a block A and the other block B to be clear.
Afterwards the block A is on block B and the arm is empty and these are true -

ADD; The arm is not holding a block and block B is not clear; predicates that
are false DELETE;

UNSTACK

- Requires that the block A is on block B; that the arm is empty and that block A
is clear. Afterwards block B is clear and the arm is holding block A - ADD; The
arm is not empty and the block A is not on block B - DELETE;

TECHNICAL PUBLICA TIONSG) - An up thrust for knowledge
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- now greatly reduced the information that needs to be held. If a new
ve
we hd

mh-oduced we do not need to add new axioms for existing operators. Unlike
attfibutE! method we remove the state indicator and use a database of predicates to
jn G se current state
mdicai .f the last state was :

NT ABLE(B) ON(A,B) » CLEAR(A)

0 the unstack operation the new state is

aoﬁy:'rl"ABLE(B) A CLEAR(B) A HOLDING(A) " CLEAR(4)

3 e il solution can be detected if,

, We can devise a predicate that is true when the solution is found and is false
otherwise.

» Requires a great deal of thought and requires a proof.

4. Detecting 2 solution
+ A planning system has succeeded in finding a solution to a problem when it has

found a sequence of operators that transforms the initial problem state into the
goal state.

« How will it know when this has been done ?

o In simple problem-solving systems, this question is easily answered by a
straightforward match of the state descriptions.

o One of the representative systems for planning systems is, predicate logic. Suppose
that as a part of our goal, we have the predicate P(x). To see whether P(x) is
satisfied in some state, we ask whether we can prove P(x) given the assertions that
describe that state and the axioms that define the world model.

5. Detecting Dead Ends

¢ As a planning system is searching for a sequence of operators to solve a particular

problem, it must be able to detect when it is exploring a path that can never lead
to a solution.

The same reasoning mechanisms that can be used to detect a solution can often be
used for detecting a dead end.

If the search process is reasoning forward from the initial state, it can prune any
path that leads to a state from which the goal state cannot be reached.

If search process is reasoning backward from the goal state, it can also terminate
a path either because it is sure that the initial state cannot be reached or because
little progress is being made. In backward reasoning each goal is decomposed into
subgoals. Each of these subgoals may lead to a set of additional subgoals. The

major disadvantage is that every subgoal can lead to multiple subgoals making a
problem harder than original one.

i — N
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Detecting false trails is also necessary : i« made then this trail is aborteq in §

. o ess 1 avy,,

* Eg. A* search - if insufficient progr Oy

of a more hopeful one.

* Sometimes it is clear that solving 2

ioinal state.
that are harder than the origin it i i
parts tha ki 10 The initial state it is possible det

lves a conflict can be pruned oyt, Wt

problem one way has reduced the pr,

0

* By moving back from the goal ‘
conflicts and any trail or path that invo

e Reducing the number of possible pa
available for those left. .
Supposing that the computer teacher 15

alternatives : -
o Tiransfer a teacher from mathematics who knows computing

ths means that there are more Tesourcy

ill at a school there are twyq Possib

* Bring another one in.

Possible Problems : _

o If the mathematics teacher is the only teacher of mathematics the problem jg not

solved.

o If there is no money left the second solution could be impossible.

If the problems are nearly decomposable we can treat them as_ decomposable ang
then patch them, how ? Consider the final state reached by treating the problem
decomposable at the current state and noting the differences between the goal state and
the current state, and the goal state and the initial state and use appropriate Means Fnq
analysis techniques to move in the best direction. Better is to work back in the path
leading to the current state and see if there are options. It may be that one optional path
could lead to a solution whereas the existing route led to a conflict. Generally this
means that some conditions are changed prior to taking an optional path through the
problem.

Another approach involves putting off decisions until one has to, leaving decision
making until more information is available and other routes have been explored. Often
some decisions need not be taken as these nodes are never reached.

Repairing an Almost Correct Solution

® The kinds of techniques we are discussing are often useful in solving nearly
decomposable problems.

* One good way of solving such problems is to assume that they are completely
decomposable, proceed to solve the sub-problems separately, and then check that
when the sub-solutions are combined, they do in fact yield a solution to the
original problem.

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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ﬂ Goal stack Planning

[n this method, the problem solver makes use of a single stack that contains both

gols and operators that have been proposed to satisfy those goals.

The problem solver also relies on a database that describes the current situation
and a set of operators described as PRECONDITION, ADD, and DELETE lists.

The goal stack planning method attacks problems involving conjoined goals by
solving the goals one at a time, in order.

A plan generated by this method contains a sequence of operators for attaining the
first goal, followed by a complete sequence for the second goal etc.

At each succeeding step of the problem solving process, the top goal on the stack
will be pursued.

When a sequence of operators that satisfies it is found, that
the state description, yielding new description.

Next, the goal that is then at the
made to satisfy it, starting from
satisfying the first goal.

This process continues until the goal stack is empty.

Then as one last check, the original goal is compared to the final state derived
from the application of the chosen operators.

sequence is applied to

top of the stack is explored and an attempt is
the situation that was produced as a result of

If any components of the goal are not satisfied in that state, then those unsolved
parts of the goal are reinserted onto the stack and the process is resumed.

Goal stack planning

To start with goal stack is simply :
On (C, A)*ON (B, D)*ONTABLE(A)"\ONTABLE(D)

A

B c D

Start :

ON(B, AAONTABLE(A*
ONTABLE(C)
AONTABLE(D)
AARMEMPTY

c B
A D

Goal : ON(C, AY*ON(B, D)*
ONTABLE(A"ONTABLE(D)

TECHNICAL PUBUCAT:‘ONSG - An up thrust for knowledge
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*Exploring Operators

ne for each compg
This problem is separate into four subproblems, © POnent ¢

foet LE(D) are already gy, .
Two of the subproblems ONTABLE(A) and ONTABLE(D) ady trye in |

initial state.

Alternative 1: Goal stack :
ON (C, A)

ON (B, D)

ON (C, A)*ON(B, D)*OTAD
Alternative 2 : Goal stack :
ON (B, D)

ON (CA)

ON (C,A)AON(B,D)*OTAD

he

Pursuing alternative 1, we check for operators that could cause ON(C,A)

Of the 4 operators, there is only one STACK. So it yields :

STACK(C,A)

ON(B,D)

ON(C,A)AON(B,D)*OTAD

Preconditions for STACK(C,A) should be satisfied, we must establish them
subgoals :

CLEAR(A)

HOLDING(C)

CLEAR(A)"HOLDING(C)

STACK(C,A)

ON(B,D)

ON(C,A)AON(B,D)*OTAD

Here we exploit the Heuristic that if HOLDING is one of the several goals to be
achieved at once, it should be tackled last.

Next we see if CLEAR(A) is true, it is not. The only operator that could make it
true is UNSTACK(B, A). This produces the goal stack :

ON(B,A)
CLEAR(B)

A A
ON (B,A)*CLEAR(B)"ARMEMPTY -

TECHNICAL PUBLICA T."ONS® - An up thrust for knowledge
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HOLDING(O)
CLEAR(A)"HOLDING(C)
STACK(C,A)

ON(B,D)
ON(C,A)AON(B,D)*OTAD

We see that we can pop predicates on the stack till

we reach HOLD]NG(C) for
which we need to find suitable operator.

The operators that might make HOLDING(C) trye - PICKUP(C) and
UNSTACK(C,x). Without looking ahead, since we cannot tel]

operators is appropriate, we create two branches of

: the search tree corresponding
to the following goal stacks :
| ALT1 : _ALTZ :
ONTABLE(C) CI)I\;(C,X) .I
CLEAR(C) CLEAR(C)
ARMEMPTY ARMEMPTY
CAEILTE‘:BI{-(}(‘::()(E‘TARMEMP’I‘Y ON(C,X)"CLEAR(C)“ARMEWTY
PICKUP(C) UNSTACK(C,)_()
CLEAR(A)AHOLDING (C) CLEAR(A)AHOLDING (©)
STACK(C, A) STACK(C,A)
ON(B, D) ON(B,D)
ON(C,A)*"ON(B,D)AOT AD QN(C,A)"ON(B,D)"OT AD

Table 10.3.1 Goal stac.k

*Choosing Alternative

How should our program choose now between alternative 1 and alternative 2 ?

We can tell that picking up C( alt 1) is better than unstacking it because it is not

currently on anything. So to unstack it, we would first have to stack it. This
would be waste of effort.

But how could the program know that ?

If we pursue the alternative 1, the top element on the goal stack is ONTABLE(C)

which is already satisfied, so we pop it off. CLEAR(C) is also satisfied and is
popped off.
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* The remaining precondition of PICKUP(C) is ARME];'I[ACK‘(; i ;ﬂ:m Salisfiey
since HOLDING(B) is true.So we apply the operator G Makes p,
goal stack :

* CLEAR(D)

* HOLDING(B)

* CLEAR(D)AHOLDING(B)

¢ STACK(B,D)

* ONTABLE(C)ACLEAR(C)*)ARMEMPTY
* PICKUP(C)

* CLEAR(A)*HOLDING(C)

¢ STACK(CA)

¢ ON(B,D)

* ON(C,A)"ON(B,D)*OTAD

Artificial Intelligence 1014

*Complete plan
1. UNSTACK(C,A)
2. PUTDOWN(C)
3. PICKUP(A)
4. STACK(A,B)
5. UNSTACK(A,B)
6. PUTDOWN(A)
7. PICKUP(B)
8. STACK(B,C)
9. PICKUP(A)
10. STAKC(A,B)

EIXA Non-linear Planning using Constraint Posting
* Difficult problems cause goal interactions,

* The operators used to solve one subproblem may interfere with the solution to a
previous subproblem.

* Most problems require an interwined Plan in which multiple subproblems are
worked on simultaneously.

® Such a plan is called nonlinear plan because it is not composed of a linear
sequence of complete subplans.

I
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Let us reconsider the SUSSMAN ANOMALY.
L}

problems such as this one require subproblems to be worked on simultaneously.
. Thus a nonlinear plan using heuristics such as :
; Try to-achieve ON(AB) clearing block A-putting block C on. the table.

7. Achieve ON(B,C) by stacking block B on block C.
3, Complete ON(A,B) by stacking block A on block B.

Constraint posting has emerged as a central technique in recent planning systems
g MOLGEN and TWEAK)

Constraint posting builds up a plan by :

+ Suggesting operators,

o Trying to order them and

+ Produce bindings between variables in the operators and actual blocks.

The initial plan consists of no steps and by studying the goal state ideas for the
possible steps are generated. There is no order or detail at this stage. Gradually more
detail is introduced and constraints about the order of subsets of the steps are
introduced until a completely ordered sequence is created. In this problem means-end
analysis suggests two steps with end conditions ON(A,B) and ON(B,C) which indicates

the operator STACK giving the layout shown below where the operator is preceded by
its preconditions and followed by its post conditions :

CLEAR(B) CLEAR(C)
*HOLDING(A) *HOLDING(B)
STACK(A,B) STACK(B,C)
ARMEMPTY ARMEMPTY
ON(A.B) ON(B,C)
CLEAR(B) CLEAR(C)
~ HOLDING(A) ~ HOLDING(B)

NOTE

There is no order at this stage.

Unachieved preconditions are starred (*).

Both of the HOLDING preconditions are unachieved since the arm holds nothing
in the initial state.

Delete postconditions are marked by (-).
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: istics
Many planning methods have introduced heuris
o d . i
The TWEAK planning method brought all these‘toigether ur;n;ro ::; ifcortr:nahsrn. Othe,
methods that introduced /used the following heuristics are m N Dracketq in the

following section.

*Constraint Posting . s B
o The idea of constraint posting is t0 build up a p :m y mcr.eme“tally
hypothesizing operators, partial orderings between operators, and bmding o

variables within operators.

* At any given time in the problem-solving process, we may have a set of usefy]
operators but perhaps no clear idea of how those operators should be Ordereg

with respect to each other.
e A solution is a partially ordered, partially instantiated set of operators to generate

an actual plan, we convert the partial order into any of a number of total orders
*Constraint posting versus state space search

State Space Search
- Moves in the space :

Modify world state via operator
- Model of time :

Depth of node in search space
- Plan stored in :

Series of state transitions

Constraint Posting Search
* Moves in the space :

s Add operators

» Order operators

» Bind variables

= Or Otherwise constrain plan
* Model of Time :

= Partially ordered set of operators
* Plan stored in :

= Single node
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Tweak planning method involves the following heuristics :
The

step Adclltlon
_ Creating new steps (GPS).

p.—omotion
_ Constraining a step to go before another step (Sussman's HACKER).
Decwbberlng

_ Placing a new step between two steps to revert a precondition (NOAH, NONLIN).
simple Establishment

- Assigning a value to a variable to ensure a precondition (TWEAK).
Separation
- Preventing variables being assigned certain values (TWEAK).

Now lets look at the effect of each heuristic.

We must try and achieve the preconditions of the STACK operation above. We could
try picking up the respective blocks :

CLEAR(A) CLEAR(C)
ONTABLE(A) ONTABLE(B)
* ARMEMPTY *ARMEMPTY
PICKUP(A) PICKUP(B)
ONTABLE(A) — ONTABLE(B)
—~ ARMEMPTY -~ ARMEMPTY
HOLDING(A) HOLDING(B)

At the moment there is no plan as the postconditions of this set could negate the
preconditions of the first (STACK) plan so we must introduce order

¢ If the eventual plan contains a PICKUP then STACK step then.
* HOLDING preconditions would need to be satisfied by some other steps.

* Solve this by enforcing ordering by introducing constraints whenever step addition
is employed.

¢ In this case we need to state that a PICKUP step should precede a corresponding
STACK step. That is to say

PICKUP(A) « STACK(A,B)
PICKUP(B) « STACK(B,C)
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This gives four steps partially ordered and four unachieved conditions.

o *CLEAR(A) - Block A is not clear in initial state.

o *CLEAR(B) - Although block B is clear in @ﬁal state  STACK( AB) -
postcondition CLEAR(B) might precede the step with *CLEAR(B) precon ditio

e Two *ARMEMPTY - initial state makes ARMEMPTY but PICKUP Step

ARMEMPTY and could again precede this step.
We can use the promotion heuristic to force one operator to precede another 50 they
the postcondition of one operator STACK(A,B) does not negate the Preconditio,
CLEAR(B) of another operator PICKUP(B). This ordering is represented by

PICKUP(B) « STACK(A,B)
We can use promotion to achieve one of the ARMEMPTY preconditions :

Making PICKUP(B) precede PICKUP(A) ensures that the arm is empty and ] the
conditions for PICKUP(B) are met.

This is written

PICKUP(B) « PICKUP(A).

Unfortunately a postcondition of the first operator is that the arm becomes not
empty, so we need to use the declobbering heuristic to achieve the preconditions of the
second operator PICKUP(A).

Declobbering

* PICKUP(B) asserts = ARMEMPTY.

* But if we insert a step between PICKUP(B) and PICKUP(A) to reassert
ARMEMPTY then we can achieve the precondition.

¢ STACK(B,C) can do this so we post another constraint :
PICKUP(B) « STACK(B,C) « PICKUP(A)

We still need to achieve CLEAR(A) :

The appropriate operator is UNSTACK(x,A) by step addition. This leads to the
following set of conditions
*CLEAR(x)

*ON(x,A)
*ARMEMPTY

UNSTACK(x,A)

ON(x,A)
- ARMEMPTY
HOLDING (x)
CLEAR(A)
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sriable x can be bound to the block C by the simple establishment heuristic since
e ¥

A in the initial state. The preconditions CLEAR(C) and ARMEMPTY are
C lst:;by STACK(B,C) and by PICKUP(B) or PICKUP(A) however.
neg?

we must introduce three orderings by promotion to ensure the operator
ACK(CA).
UNS';TACK(C_ A) leftarrow STACK(B,C)
W UNSTACK(C,A) leftarrow PICKUP(A)
UNSTACK(C,A) leftarrow PICKUP(B)

promotion involves adding a step and this clobbers one of the preconditions of
PICKUP(B) viz ARMEMPTY, always a potential problem with this heuristic.

However all is not lost as there is an operator, PUTDOWN that has the required

postcondition and given that the operator UNSTACK(C,A) had generated the

precondition for it of HOLDING(C) we can produce an extra operator successfully
HOLDING(C)

PUTDOWN(C)

—~HOLDING(C)
ONTABLE(C)

ARMEMPTY
This operator declobbers the operator PICKUP(B) yielding the sequence
UNSTACK(C,A) « PUTDOWN(C) « PICKUP(B)
This yields the final sequence :
1. UNSTACK(C,A)
2. PUTDOWN(C)
3. PICKUP(B)
4. STACK (B,C)
5. PICKUP(A)
6. STACK(A B)
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Let us finish this section by looking at the formal form of the TWEAK algo"lfhm ‘ '

1.
2.

Initialize S to be the set of propositions in the goal state.

Repeat
a. Remove some unachieved proposition P from S.

b. Achieve P by using one of the heuristics.
Review all the steps, including additional steps to find al .
ach.lew'-e d

% ;
preconditions, add these to § the set of unachieved preconditiong ]

set S is empty.
3. Complete the plan by converting partial orders into a total order Petformyy
i iati indi the variables g all
necessary instantiations, binding of the variables.
*Modal Truth Criterion

¢ A proposition P is necessarily true in a state S if and only if two conditiong holg:

there is a state T equal or necessarily previous to S in which P i necessary],
asserted; and for every step C possibly before S and every proposition Q POSsibI;-
co-designating with P which C denies, there is a step W necessarily between ¢
and S which asserts R, a proposition such that R and P co-designate Whenever p
and Q co-designate.

Modal truth criterion tells us when a proposition is true.

lm Hierarchical Planning

In order to solve hard problems, a problem solver may have to generate long
plans.

It is important to be able to eliminate some of the details of the problem until 3
solution that addresses the main issues is found.

Then an attempt can be made to fill the appropriate details.

Early attempts to do this involved the use of macro operators.

But in this approach, no details were eliminated from actual descriptions of the
operators.

As an example, suppose you want to visit a friend in Europe but you have a
limited amount of cash to spend. First preference will be find the airfares, since
finding an affordable flight will be the most difficult part of the task. You should
riot worry about getting out of your driveway, planning a route to the airport etc,
until you are sure you have a flight.

The assignment of appropriate criticality value is critical to the success of this
hierarchical planning method.

Those preconditions that no operator can satisfy are clearly the most critical.
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. blem of moving robot f ;

- .amples solving a pro g % for spEing

b:;,ﬂp THROUGH DOOR, the precondition that there 8 operator,
P e 3

exist a door big enough for
ot 1 get through is of high criticality since there i nothjng we can do
:\bout it if it is not true.

ABSTRIPS . . ;
ABSTRIPS actually planned in a hierarchy of abstraction Spaces, in each of which
. orecon ditions at a lower level of abstraction were ignored.

ABSTRIPS approach is as follows :
‘ Fifgt solve the problem completely, considering only preconditions whose
criticality value is the highest possible.

These values reflect the expected difficulty of satisfying the precondition.

To do this, do exactly what STRIPS did, but simply ignore the preconditions of
lower than peak criticality.

- Once this is done, use the constructed

pPlan as the outline of a com
and consider preconditions at the next-

plete plan
lowest criticality level,

- Because this approach explores entire plans at one level of detaj] before it looks
at the lower-level details of any one of them, it has been called length-first
approach.

Reactive Systems

The idea of reactive systems is to avoid planning altogether, and instead use the
observable situation as a clue to which one can simply react.

A reactive system must have access to a knowledge base of some sort that
describes what actions should be taken under what circumstances.

A reactive system is very different from the other kinds of planning systems we
have discussed because it chooses actions one at a time.

It does not anticipate and select an entire action sequence before it does the first
thing,

Example is a thermostat. The job of the thermostat is to keep the temperature
constant.

Reactive systems are capable of surprisingly complex behaviours.

The main advantage reactive systems have over traditional planners is that they
Operate robustly in domains that are difficult to model completely and accurately.

Reactive systems dispense with modeling altogether and base their actions directly
on their perception of the world.
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o Another advantage of reactive systems is that they are extremely Tesponsiye

they avoid the combinatorial explosion involved in deliberative p1Mg ce

This makes them attractive for real time tasks such as driving and walking

Thermostat

Is an example for reactive systems.
Its job is to keep the temperature constant inside a room.

One might imagine a solution to this problem that requires significant amoung
planning, taking into account how the external temperature rises and fa]js g
the day, how heat flows from room to room, and so forth.

of
Uring
Real thermostat uses simple pair of situation-action rules :

1. If the temperature in the room is k degrees above the desired temperature, -
turn the airconditioner on.

2. If the temperature in the room is k degrees below desired temperature, thep
turn the airconditioner off.

Other Planning Techniques

* Triangle tables [Fikes et al.,, 1972] - It provides a way recording the goals that each

operator is expected to satisfy as well as the goals that must be true for its correct
execution. If some exceptional situation occurs during execution of the plan, then a
table is provided that stores the information which is required to patch the plan.
Metaplanning [Stefik,1981 a] - It is a technique for reasoning about the problem
being solved, which also provides a way organizing the planning process.

Macro-operators [Fikes and Nilsson, 1971] - It allows a planner to build new
operators which represent commonly used sequences of operators.

Case-based planning [Hammond, 1986] - It makes use of already existing plan to
develop new plans there by providing reusability of existing plans.

2. What is regression ? (Refer section 10.2)
3. What are differences and similarities between problem solving and planning ?

4. Explain the concept of planning with state-space search with suitable example.

5. Write algorithms for TWEAK and STRIPS. (Refer section 10.2)

| =

Explain various planning techniques ? (Refer sections 10.2, 10.3, 10.4 and 10.5)

(Refer section 10.2)

(Refer section 10.2)

Explain goal stack planning method. (Refer section 10.3)

TECHNICAL PUBL!CAT;‘ONSO - An up thrust for knowledge

)

Y l.'{‘;



o

et 0z Pranning in Al Agent Worc
Amﬁda.f Intellige:

7. Explain oarious ways of applying rules in complex system. (Refer section 10.4)
|8 Explain non-linear planning method. (Refer section 10.4)

o, Explain heirarchical planning with example. (Refer section 10.5)
10, Write short note on learning methods. (Refer section 10.2)

11. Design the operators and specify their respective precondition (P), delete (D) and ada lits.
(Refer section 10.2)

12. Consider the following representation on from blocks world.
Start :  ON(B, D) » ON(C, B) » ONTABLE (D) A ONTABLE (A).
Goal :  ON(A, B) » ON(C, D) » ONTABLE (B) » ONTABLE (D).
i) Show how STRIPS would solve this problem.

ii) Did these processes produce optimum plans and if not justify how it can be done ?
(Refer section 10.2)

13. Explain goal stack planning. Solve the following using goal stack planning. (Refer section 10.2)

D
A C D B A C

14. Solve the following using goal stack planning. (Refer section 10.2)

C
C v A D

15. Consider the problem of swapping the contents of two registers A and B. Suppose that the single
operator ASSIGN (x, v, v, Ov) is available which assigns the values v, which is stored in location
1o to location 2 which previously contained the value Ov.

ASSIGN (x, v, 1v, Ov)

P : CONTAINS (1v, v) » CONTAINS (x, Ov)

D : CONTAINS (x, Ov)

P : CONTAINS (x, 1v)

Assume that there is atleast one additional register C available.

a) What should STRIPS do with this problem 2 ?

b) How might you design a program to solve this problem ? (Refer section 10.2)
I6. Write a note on reactrve system. (Refer section 10.6)

m University Questions with Answers

Summer - 14 ‘

Q1 Explain goal stack planning using suitable example. (Refer section 10.2) m ‘

e J
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Summer - 16
Q2  Explain steps of natural language processing. (Refer section 10.1)
Q3  Write a short note o : Hopfield networks. (Refer section 10.1) y
Summer- 18
Q4  Discuss nonlinear planning using constraint posting with exampl.
(Refer section 10.4)
 Winter - 18
Q5  Discuss goal stack planning. (Refer section 10.3)
L]
)
QaqQ

/’
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m Introduction

Uncertain reasoning methods can be used for lean?i?lg from Obﬁe.l'vations. Agengs
handle uncertainity by using the methods of probability and decision theory,. For t:‘“
first they should learn their probabilistic theories of the world from experience. I,

IARRE Statistical Learning

In statistical learning, data are evidence, that is instantiation of some ¢ all

, of th
random variables describing the domain. ¢

The hypothesis are probabilistic theories of how the domain works, including logicy]
theories as a special case.

For example -

Suppose there are five kinds of bags of candies :

10 % are hy : 100 % cherry candies

20 % are h; : 75 % cherry candies + 25 % lime candies

40 % are h 3 : 50 % cherry candies + 50 % lime candies

20 % are h : 25 % cherry candies + 75 % lime candies

10 % are hs : 100 % lime candies.

\/ \/

Lime
Cherry 0~0 ‘
candies (o O 0o candies
00
Bag 1 Bag 3 Bag 4 Bag 5

Fig. 11.1.1 The candy bags example

Then we observe candies drawn from some bag :

000000000

Fig. 11.1.2 Lime candies drawn from some bag
What kind of bag is it ? What flavour will the next candy be ?

Despite of its apparent triviality, this scenario serves to introduce many of the major

issues. The agent really does need to infer a theory of its world, albeit a very simple
one.
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e

payesian Learning

it calculates the probability of each hypotheses, given the data and makes the

) Predictions are made by using all the hypotheses, weighted by their probabilities,

cather than a single "best’ hypothesis. This way learning is reduced to
probabilistic inference.

3) Let D represent all the data with observed value d, then the probability of each
) hypothesis obtained by Bayes' Rule -

Phi|d) = « P(d [h;) Peh;) . (11.1.1)

If we want to make predicition about an unknown quantity X, then we have,

PX|d) = Y, P(X|d, h;) P(h;|d)
= Y P(X|h;) P(h|d) . (1112)
i
Where it is assumed that each hypothesis determines a probability distribution
over X.

4) Equation (11.1.2) shows that predictions are weighted averages over the
predictions of the individual hypotheses.

The important quantities in Bayesian learning are the hypothesis prior - P(h;) and

the likelihood of the data under each hypothesis - P(d |h ).

The basic characteristic of Baysian learning is that "True hypothesis dominates the

Bayesian prediction”.

7) For any fixed prior that does not rule out the true hypothesis, the posterior
probability of any false hypothesis will eventually vanish, simply because the
probability of generating "uncharacteristic" data indefinitely is vanishingly small.

8) The Bayesian prediction is optimal whether the data set be small or large.

9) For real learning problems, the hypothesis space is usually very large or infinite.

10) Approximation in Bayesian learning : -

i) A prediction can be made on the basis of single most probable hypothesis,

h;, that maximizes P(h;|d). This is called as maximum a posteriori or MAP
hypothesis.

ii) Predictions made according to an MAP hypothesis h,,, are approximately
Bayesian to the extent that P(X|d) = P(X|h, ap)

iii) Finding MAP hypothesis is often much easier than Bayesian learning,

because it requires solving an optimization problem instead of a large
summation.
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iv) Overfitting Trade-offs : |

a) Overfitting can occur when the hypothesis space is too express;,
contains many hypotheses that fit the data set well.

b) Rather than placing an arbitrary limit on fhe l"lyp0theses FO be COnsie,
Bayesian and MAP learning methods use the prior to penalize complexjty

c) Typically, more complex hypothesis have a lower prior pr(’babiﬁl‘y-in ;
because there are usually many more complex hypotheses Ra
hypotheses.

d) On the other hand, more complex hypotheses have a greater ca
the data.

V) Hence, the hypothesis prior embodies a trade-off between the
a hypothesis and its degree of fit to the data.

€, 59 thas

&,

S

Omplexity of

vi) If H contains only deterministic hypothesis, then in that case, P(d [h,) i 1 i
h; is consistent and 0 otherwise. Looking at equation (11.1.1) we see hy
hyap will then be the simplest logical theory that is consistent with the gyt,

Therefore, maximum a posteriori learning provides a natural embodimen o
Ockham's razor.

vii) a) Another trade-off between complexity and degree of fit is obtained by
taking the logarithm of equation (11.1.1). '

b) Choosing hyap to maximize P(d|h;) P(h;) is equivalent to minimizing
~logy P(d|h;) - log, P(h;)

¢) Using the connection between information encoding and probability we see
that the - log, P(h;) term equals the number of bits required to specify the
hypothesis h;.

d) log; P(d/h;) is the additional number of bits required to specify the data
given the hypothesis.

e) To see this, consider that no bits are required if the hypothesis predicts the
data exactly as with hs and the string of lime candies and log,1=0.
f) MAP learning is choosing the h

ypothesis that provides maximum
compression of the data,

g) The same task is addressed more directly by the minimum desa'ipﬁon_
length or MDL, learning method, which attempts to minimize the size of
hypothesis and data encodings rather than work with probabilities.

viii) a) Another approximation is provided by assuming a uniform prior over the
space of hypotheses. In that case, MAP learning reduces to choosing an hy
that maximizes P(d|H;). This is calleq a maximum-likelihood (M
hypothesis, h ), .

——-—-'_—-."‘-’
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b) Maxi wum-likelihood learning is very common in statistics, a discipline in
which many researchers destruct the subjective nature of hypothesis priors.
It is reasonable approach when there is no reason to prefer one hypothesis

over another a priori. For example, when all hypotheses are equally
complex.

o It provides a good approximation to Bayesian and MAP learning when the
data set is large, because the data swamps the prior distribution over
hypotheses, but it has problems (all we shall see) with small data sets.

m Learning with Complete Data

Im Maximum-Likelihood Parameter Learning : (Discrete Models)

Gtatistical learning methods have important task which is parameter learning with

complete data. Parameter learning task involves finding the numerical parameters for a
probability model whose structure is fixed.

Data is said to be complete when each data points contains values for every variable
in the mode.

Consider candy-bag example : -

New manufacturer : Then the lime/Cherry proportions is completely unknown.
Parameter : 8 € [0, 1] (proportion of cherry)

Hypothesis : hg

Assumption : All proportions equally likely a priori.

BN's variables : Flavour € {Cherry, Lime)}

N unwrapped candies : C cherries and | = N - C limes.
Likelihood of this particular data set :

N
Pd|hg) = IT P(djlhg)=0° (1 - 6)
)=

* Finding the maximum-likelihood hypothesis hy is then equivalent to maximising
the log-likelihood :

L(d|hg) = logP(d|hg)

N
Y. log P(dj|hg) = clog + /log (1 - 6)
j=1

To that end : 1) differentiate L with respect to 8 and
2) set the resulting expression to 0.
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de 8 1-6 c+l N

* Previous result is obvious, but the process is important : - '
1) Write down the expression for the likelihood of the data as a function of the

parameter(s).
2) Write down the derivative of the log-likelihood with respect to each parameter.
3) Find the parameter values such that the derivatives are zero.
The last step can be tricky, using iterative solution algorithms or numerica]
optimisation.

e Problem with ML learning : .
If some events have never been observed, h) assigns them 0 probability.

P (F = cherry) P (F = cherry)
] 6
( flavor )
F |P(w=redF)

cherry 04
lime 8,

]

wrapper
(a) Wrapper unknown (b) Wrapper known

Fig. 11.1.3 Problem in ML Learning
New pb(b) : Wrappers red or blue. Colors selected probabilistically (see new BN)
P (Flavor = Cherry, Wrapper = green | hg,e;,6,)
P (Flavor = cherry | hg g, 9,) P (Wrapper = green | Flavor = Cherry, hg,6,,6,)
6:(1-94)
Experiment :

N

c+l = (e +ge) +(r +8,)
Likelihood :

P(d|ho,6,6,) = 6°(1-6)" 8 (1-8,)8.0] (1- g8

log-likelihood :
L = [clogb + Ilog (1-0)] + [r.log8 + g log(1-6)]
+[r,logf + g, log (1-6,)]
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Derivatives :
i 8. L i .
Hé_ - 6 1 = B E I
dL = —I.L _ gc - = 0= l'(
8, 61 1-8 o
. = il_ - L - = 4= I
o, 62 1-6 o

with complete data, ML parameter learning for a BN decomposes into separate
learning problems (one per parameter).

[EEEE] Naive Bayes Models

1) This is the most common Bayesian network model used in machine learning.

2)

In this model, the "class" variable C (which is to be predicted) is the root and the

"attribute" variables X; are the leaves.

3) The model is "naive” because it assumes that the attributes are conditionally

4)

8)

9

independent of each other, given the class.

Assuming Boolean variables the parameters are,

0 = P(C=true),8-l1 =P(Xi =true|C=true),

8 = P(X; = true|C = false)

The maximum - likelihood parameter values are found in exactly the same way as
shown in Fig. 11.1.3 (b).

Once the model has been trained in this way, it can be used to classify new
examples for which the class variable C is unobserved. With observed attribute
values, x, X3, .... X, the probability of each class is given by,

P(C|xy,%3,...x5) = a P(C) TP(x;|C)
1
A deterministic prediction can be obtained by choosing the most likely class.

The method learns fairly well but not as well as decision-tree learning; this is
presumably because the true hypothesis - which is a decision tree - is not
representable exactly using a naive Bayes model.

Naive Bayes learning do well in a wide range of applications; the boosted version
is one of the most effective general-purpose learning algorithm.

Naive Bayes learning scales well to very large problems : with n Boolean
attributes, there are just 2n+1 parameters, and no search is required to find hyg ,
the maximum - likelihood naive Bayes hypothesis.
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difficulty with noisy data and can give prop.

"
Qe

10) Naive Bayes learning has no
predictions when appropriate.

ing : (Continuous Models)
EEEEX] Maximum-Likelihood Parameter Leam

1) Continuous probability model such as the linear-Gaussian model s used ;.

maximum - likelihood parameter learning.

7) Because continuous variables are ubiquitous in real-world applicationg i
important to know how to learn continuous models from data.

3) The principles for maximum likelihood learning are identical to those of e
discrete case.

4) a) Let us begin with a very simple case : Learning the parametes of a Gaussigy
density function on a single variable.

b) That is, the data are generated as follows : -

IS

_t\—u):
P(x) = l_e 20

The parameters of this model are the mean and the standard deviation ¢

(Notice that the normalizing "constant” depends on ¢, so we cannot ignore
it.)

¢) Let the observed values be x;, ..., xy. Then the log likelihood is,

{\'—u}z
N 1 L=
L = Z log e e 207
i=1 v £No
— N (x:- 2
= N(-log v2n- logo) - E (' a
= 262
=1

d) Setting the derivatives to zero as usual, we obtain,

) 1 N E‘X'

S = o7 Zj=1 (R =0 == 11\1'
b2

e § g SOV TN

5) The ’maxi.rnlum.-ljkeljhood value of the mean is the sample average and the
maximum-likelihood value of the standard deviation is the square root of the

sample variance. Again, these are comforting results that confirm "commonsense”
practice.
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) Now consider a linear Gaussian model with one continuous parent x and a
6) 2 continuous child Y.

b) Y has a Gaussian distribution whose mean depends linearly on the value of
X and whose standard deviation is fixed.

¢) To learn the conditional distribution P(Y|X), we can maXimize fhe
conditional likelihood.
_(y~ (B1x+ 8))?
e 202

1
P(y|x) = J2n0
d) Here, the parameters are 01,

8, and 0. The data are 2 collection of (x;,y5)
pairs, as shown in Fig. 11.1.4. !

e) Using the usual methods, we can find the maximume-likelihood values of the
parameters.

Fig. 11.1.4 (a) A linear Gaussian model described as y =6 + 6, plus Gaussian noise
with fixed variance

11
+ +
y F o .
018 -."‘ﬁ_““ + +
+ + ;-..__“" +++ i N
* + * -“"'-. +
+ + +
+ + - +
06 ] +h\"‘-+ + +
Y e TS~ s+ o+
+ + FTs o+
+ S~ +t
i * + P
0.4 1 % b
+
0.2 4
0 T L) L] T

1
T T

0 0102 03 04 05 06 07 08 09 1

— X

Fig. 11.1.4 (b) A set of 50 data points generated from model in Fig. 11.1.4 (a)

e
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f)

8

i ider just th

Here we want to make a different point If’W%:&“j;:erx] ond ye ﬁaLMeters
6, and 0, that define the linear relatlonsl’_llt}I: o e p’aramecomes
clear that maximizing the log-likelihood with resp kit dbove i eters g
the same as minimizing the numerator 1f the expone quation,

$ 2
E = E (Y]—(le] +92))
j=1
is the error for (xi,yi) that is, the difference

The quantity (y; - 01 Xj +62)) dicted value (81 xj +63). So E is the

between the actual value y; and the pre
well-known sum of squared errors.

This is the quantity that is minimized by
procedure.

Minimizing the sum of sq
straight line model, provided
of fixed variance.

the standard linear regressiop

vared errors gives the maximum - likelihood
that the data are generated with Gaussian nojse

Bayesian Parameter Learning

-

ML learning is simple, but not appropriate for small data sets.

Example -
If only cherries have been observed, hyg — 6 =1.0
¢ Bayesian Approach :

It uses hypothesis prior over possible values of the parameters.
Update of this distribution is used as the data arrives.

¢ Candy example with Bayesian view : -

0 : unknown value of a variable ©.
Hypothesis prior : P (6). (Continuous over [0, 1] and integrating to 1).

28 1 [5,5] ... 61
- 5‘ ::
2 (30,10 ;
4. :
=~ 15 { =)
5 15 22 ]
) AT TN 2 ¥
a i & L) 3 &
//, \\ 2
05{ / )
/ \\\ 1
i/
’ \
0 T T T T _“l D -
0 02 0.4 ! . ' I r |
0.6 0.8 1 0 02 04 06 08 1
Parameter 6 Parameter 6
[ (a) (b) |

Fig. 11.1.5 (a) and (b) Examples of the beta ][a, b] distribution for different values of

[a, b

o [T
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Candldates : .
. peta distributions, defined by 2 hyperparameters a and b

peta [a, b] (B) =@ pa-1 (1-9)b-1
, Nice property of the beta family

1f © has prior beta [a, b] and a data point is observed, then the posterior for © is also
2 beta distribution.

Beta family :

A beta family is called as the conjugate prior for the family of distributions for a
Boolean variable.

P® | Dy = Cherry)

o P(D; = Cherry | 8) P(6)

0.’8-beta [a, b] (B) = o’ 8-02~1 (1 - §)>-!

' 6% (1-08)°"! =beta[a+1,b] (6
Note : a and b are virtual counts (starting with beta [1, 1]).

With wrappers : 3 parameters. It need to specify P(6,6,,8,).

Assuming parameter independence : P(8,0,,8,) = P(6) P (8,) P (8,)

" Fig. 11.1.6 A Bayesian network that corresponds to a Bayesian learning process.
osterior dlstributl-_:ms for the parameter variables ©, ©,, ©, can be inferred from their
prior distributions and the evidence in the flavour, wrapper; variables

* View of Bayesian learning as inference in a BN.
Variables : Unknown parameters + variables describing each instance.

P (Flavor; = Cherry | ©=86) =6
P (Wrapper; = red | Flavor; = Cherry, ©) =8,) =0,

TECHNICAL PUBL:‘CAT!ONS® - An up thrust for knowledge
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EEKEXS Loarning Bayes Net Structures

Often the Bayes net structures are easy to
ebatable.

get from expert knowledge. But sometimes

the causality relationships are d
For example
Smoking = Cancer ?
too Much TV = Bad at school ?
e To search for a good model : then learn parameters
Start with a linkless model and add

and measure accuracy of the resulting model. |
guess of the structure, and use hill-climbing or simulated

adding, or deleting arcs).
rdering over nodes to constrain

parents to each node,

_ Start with an initial
annealing to make modifications (reversing,

Note : To avoid cycles, many algorithms use an O

arcs' orientations.
« Two ways for deciding when a goo
1) Test whether the condition
structure, are satisfied in the data.
P(Fri | Sat, BarIWillWait)
It requires an appropriate statistical test (with

2) Measure the degree to which the proposed mod

hypothesis would give a fully connected network.

o Here we need to penalize complexity : -

a) MAP (MDL) approach : Substrac
structure.

b) Bayesian approach : places a joint prior over structures and parameters.

d structure has been found : -
al independence assertions implicit

in the
= P(Fri| Sat| WillWait) P(Bar | WillWait)
appropriate threshold).

el explains the data. The ML

ts a penalty from the likelihood of each

It too many structures are there then use sampling rather than exact

methods.
Learning with Hidden Variables

AR NE Introduction

Many real world problems have hidden (or latent) variables. There is no training data
va::ble. The model cannot be built without training data and inference can not be done
without model. So we have a problem in hand that- ith hi
e P that-How to learn models with hidden

For example :

Example : Medical records include observ
ed s to 3
outcome of the treatment, but rarely the disease. ymptoms, treatment applied and

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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(a) A simple diagnostic network for heart whichis  (b) The equivalent network with heart disease
assumed to be a hidden variable. Each variable removed. Notice that symptom variables
has three possible values. Each veriable is labeled  are no longer conditionally independent
with the number of independent parameters in its

\ given their parents. This network requires
conditional distribution; the total number is 78 708 parameters

Fig. 11.1.7
Question : Why include the disease in the model ?
- Each node has 3 values : None, moderate, severe.
- Model with hidden variable has 78 parameters.
- Model without hidden variable has 708 parameters.

- Hidden variables allow simpler models.

KEEX®] Unsupervised Clusering : Learning Mixtures of Gaussians

Unsupervised clustering is the problem of discerning multiple categories in a
collection of objects.

It is "unsupervised" because no "category" label is given.

Example :

'Red giant" or "white dwarfs" are categories created according to characteristics of
stars (spectrum, size ... ).

Linnaean taxonomy of organisms : species, genera, orders ...
* Probabilistic mixture models :
- Consider a mixture model of the form

k
P(X|m0) = Y My P(X|6y)
h=1
a) P(X|8y)is the h™ mixing component.
b) Ty, is the mixing weight.

————
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= Mixing component :
a) P (X |0y)is a density function with parameter 6.
b) Example : Gaussians, multinomials, Bernoulli.
¢) Each component corresponds to one cluster.
- Mixing weight :
a) Forms a probability distribution over components, YoMy =1

b) Relative proportion of each cluster.
* The mixture model learning problem : -
- Given : Data x = {X;,..., Xy}

- Assume :
a) 7 is generated by a mixture model.
b) k is the number of components in the mixture model.
¢) P(X|6y)is from a known (exponential) family.
- A point X is generated as follows :
a) Sample component h with probability IT,.
b) Sample X with probability P (X |6y,)

- Problem : Find (n,0) that maximizes

n n
P(x| m0) = ‘l'llP(Xi | m,0) = 2 log P (X; | m,0)
1= i=1

- (n",8") best explains the observed data.

This can be used as a model for the data domain.
¢ EM algorithm for mixture models :
- Assume ) is generated from a mixture of Gaussians.

- Each point X generated from one component.

a) It is unknown that which component generated X.

b) It is unknown what the (u},, ¥} ) of each component is
~ If component assignments were known,

a) It can estimate (uy,, X} ) using ML estimates.

b) It can estimate [T}, using ML estimate.

- If parameters [Ty, (uy, 2y )) were known

TECHNICAL PUBLICATIONS® - An up thrust for knowledge
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2) It can estimate (probabilistic) component assignments P(h|x).

Learning mixture models

2) Pretend component parameters Iy, (uy, 21} are known.
b) Estimate component assignments P(h |x) for every point.

¢) Estimate parameters (ITy, (1}, .1,)} based on current assignments,
d) Repeat till convergence.

. EM Algﬂrithm :
- Initialize : component parameters (T, (
- E-step : compute P(h|x;)

Bayes Rule, P(h| x;) = Py = o1, P (i /up, Zp)

M-step : compute component parameters

Mh, Zp)))

Poo= X iPu

My = b

" Th'p,
Hh = X Py Xi/Py

2k

2 P (%5~ ) X - )T/ B,

Increase log-likelihood at every iteration.

It converges to local minimum (mostly).
- Issues:

a) Degenerate solutions can give high likelihood.

b) Local minima (or saddle point) may be very bad.
* Learning mixtures of Gaussians : -

The question is that what probability distribution has generated the data ?
The answer is,

Clustering — mixture distribution P : k components, each being a distribution

k
PX) = ) P(C=i)PX|C=i
=]
Data point generation : -

1) Choose a component, then

2) Sample from that component.

For continuous data : a multivariate Gaussian for each component is used (mixture of
Gaussians family).

* (Original mixture of Gaussians used for generating the 500 points).
“--_‘_-__——-—_.___
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00 02 04 06 08 1

ions
a) 500 datapoints in two dimensions,
su(g;);esting the presence of three clusters

14

0.81

il V
0.8 '\( )J‘ / [
\ \\ _/a’ o --~--._._".
R <t 1 NN Mot

0.61 ".‘ 1:\‘0 | }

S ranaanee

0.41

0.21

0-_—7__‘ﬂ—-_-_‘_'_‘_\‘
0 02 04 06 0g |

b) A Gaussian mixture model with three
(b) The weigths (left to right) are 0.2, 0.3 anr:?;“’"h.
The data in 11.1.8 (a) were generated frop, ey

0.21

\, ~ sz Py - — )
05l AN
-

0 - - T T 1
0 02 04 06 08 1

Learned model

(c) The model reconstructed by EM from the data in 11.1.8 (b)

Fig. 11.1.8

Parameters (for each component) :
wi = P(C=i)lu1! E]

Problems in learning :

- We do not know from which component each data point comes.

- With the parameters, we could compute P(C|X).

Basic idea of EM, is iterate until convergence :

~ Pretend we know the parameters.
-~ Infer P(C|X) for each data point.

- Refit each component i to data. Points (weighted by P(C = i| X))

TECHNICAL PUBLICATI ONSQ
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res of Gaussians :
p: Compute
P = P(C=1i|X;)
o P(X;|C=1) P(C=1)

= Zi Pij

o For
1 E-ste

L« le_ Z Py (Xj — i) (X - up)T
: A

Wi & Pl
. E-step computes the expected values Py of hidden indicator variables.

- M-step finds parameter values ma)ummng the log-like lihood of the data.
Z (=1 if datum X; generated by i" component)

¢« Comments :
- Log-likelihood of learned model exceeds that of original model !

_  EM increases the log-likelihood at each iteration. (This fact can be proved in
general). In certain conditions, EM can be proven to reach a local maximum.
- EM resembles a gradient-based hill-climbing (with no step size).
¢ Bad Behaviours :
- A Gaussian component covers only one data point.
(Varience — 0, likelihood — )
- 2 components are merged.
(same data points, same mean and varience).
¢ Solutions :
- MAP version of EM (with priors on parameters), or
- restart a component with random parameters.
¢ About initialisation :
- Reasonable values, and
~ Random ones components have to be distinct !!!).
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11 - 18 Stﬂ”Sf."Ca; Leam
n

Artificial Intelligence n
Loty
k2

EZERE] Learning BN with Hidden Variables

Problem :

2 bags of candies mixed together:

Flavour, Wrapper, Hole (see below Fig. 11 1 9)

Candies have 3 features :

bution in each bag : Naive Bayes model.

— Distri

P (Bag=1)
9

Bag | P (F = cherry |B)

(b) Bayesian network for a
Tha_ mean and covariancgea::: tslian o
variables X depend on the comx:

(a) A mixture model for candy. The proportions
different flavours, wrappers and numbers of
holes depend on the bag, which is not observed

Fig. 11.1.9

ixturs,
se rvap| e
entC,

Can we recover composition of the 2 bags ?
Let's apply EM.
1000 data samples generated with parameters : -
8=0506F =6w; =0y =08,6p =0y =0y =03
W = Red W = Green
H=1 H=0 H=1 H =0
F = Cherry 273 93 104 90
F = Lime 79 100 94 167

Initially : 6 = 0.6

gl® 0 _ 0
F1 9“’1 —B(H}l = 0’6

’

©
0 F2

0 _ 40
BWZ -em = 04

gs

gl - N(Bag: 1)
N

_///

TECHN
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P (Bag = 1 | Flavorj, Wrapper;, holes;)
1

|
1‘—"
1 Mz

i
N i P(f;| Bag= 1) P(W;| Bag= 1) P(h;| Bag= 1) P(Bag= 1)
- Ni=1 ZiP[fi|Bag=i)P(WilBag=i) P(h;|Bag=1i) P(Bag=1i)

With the 273 red-wrapped cherry candies :

) 40) f(0) (0
273 BHB B0

w1 Y H1

T = (0.22797
0) (0 K0 (0 (0) o(0) [(0)

1000 9(1:18\»\4*191119“*999\&29112(1 =5

o) = 0.6124

For other parameters, as O, the expected count of cherry candies from bag 1 is :

3 P (Bag= 1|Flavor; = Cherry, wrapper;, holes; )
j Flavor j = Cherry

Again, with a Bayes Net algorithm, we get :

o) = 06124

o) = 0.6648 o) = 0.3886
6y, = 0.6483 oy, = 03817
6l = 06558 of), = 03827

Log-likelihood increases from — 2044 to — 2021 (likelihood x 1010)

-1975

—1980]
-1985
-1990
-1995
-2000
-2005
-2010
-2015
-2020
-2025

-7,¢::ti ________________

-likelihood L

Log

0 20 40 60 80 100 120
Iteration number

Fig. 11.1.10 Graph showing the log-likelihood of the data L, as a function of them
iteration. Graph for the Bayesian network in Fig. 11.1.9 (a)
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* After 10 iterations :
- Better likelihood than original model.
- Very slow progress.
(gradient-based algorithm to speed-up learning)
* Bayesian network learning with hidden variables : -d ot fens
~  Repeat : do inference, update parameters (base :
- Only local posterior probabilities are needed for each parameter,
General case :
Ok = P(X;=Xj | Py;=Pay)
N =X, By = pag) | Ny = pai)
* Learning HMMs :
- Unrolled dynamic Bayesian network.
- Estimate transition probabilities from observation sequences.
- The model does not change 6;; = 6
- Initialize transition probabilities 8.
- Estimate the number of times a transition happens.
* E-step, can be solved by inference.
- Estimate the parameters of the HMM.
* M:-step, simple ML estimates.
- Baum-Welch Algorithm
Ro | PRy Ro | PR) |[R; | PR) | [R: | PRy
PRI M [ o7 PRI [ o7 |t | o7 t | o7 ;
07 f | o3 o7 |Lf [ o3 J[f] o3 Pl 98 Jis1 8 -'
@ @ D
Ry | PW,) Ry [ P(U) Ry [ P(U,) Ry | P | %, 1 ii:
t | 09 t [ 09 t | os t | o9 1
f | 02 i | 02 f | o2 f | o2
Fig. 11.1.11 An unrolled dynamic Bayesian network that represents a hidden Markov
model
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General Form of EM Algorithm

_ Compute expected values of hidden variables.
_ Recompute parameters.

- Model has known and hidden components (x, Z).
~ The log-likelihood of the complete model L(X, Z

o But Z is a random variable.

).
o For a given 80P (Z = z|x, o) is known.

With observed variable x, hidden variables Z and parameters E, EM algorithm
computes,

01 = argmaxg ¥, P(Z = 2|x00) L(x,Z = 7|p)
z

E-step : Summation (computes the expected log-likelihood of the "completed” data)
M-step : Maximisation (of this log-likelihood).

[Note : Important step : Identifying hidden variables.]
Computing the expectations :

° May very straight forward, example - Mixture models,

° May need exact inference algorithms, example - Bayes nets.

° May need approximate inference such as Gibbs sampling.
¢ Learning BN with hidden variables :
Here there are 2 combined difficulties,

1) Simple case : List of hidden variables known.
Example - learn the structure knowing that HeartDisease exists.

2) With no or incomplete knowledge of hidden variables : One has to learn structure
with possibility to add or remove variables.

Note : When inventing variables, the algorithm does not know what it represents
(can not call it HeartDisease )

But a human expert may be able to interpret the network and identify variables.

As with full observability, a complexity penalty should be used (to avoid fully
connected BNs).

Upto now, process with two loops : -
Outer loop : Structural search.

Inner loop : EM (+ gradient ?), including NP-hard problem of computing posteriors
in a BN,

TECHNICAL PUBLICATIONS™ - An up thrust for knowiedge
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A more practical approach is structural EM : -
EM with possibility to update structure as well as parameters.

m Neural Networks GTU : Summer-18,19.20. Winter. g 1o

Introduction
A neuron is a cell in the brain whose principle function is the collection, pI'OCGSSing
and dissemination of electrical signals.

Axonal arborization

|

Axon from another cell

Nucleus Synapse

Dendrite
Synapses

Cell body or soma

Fig. 11.2.1 Schematic diagram of a typical neuron

_E-IThe brain has 101 neﬁro_ns of greater than 20 types, 10" synapses, 1 ms - 10 ms
cycle time. The signals are noisy “spike trains” of electrical potential. This method works for
learning. The models have been developed based on neurons.]

The brain's information-processing capacity is thought to emerge primarily from
networks of such neurons. For this reason, some of the earliest Al work aimed to create
artificial neural networks.

¢ McCulloch - Pitts (1943)
It is the basis of neural networks which is mathematical model of neuron as shown in

following Fig. 11.2.2.
Roughly speaking, it "fires" when a linear combination of its inputs exceeds somé
threshold.
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11-23
ficial |ntelligenc®

Statistical Leaming Methods
o=

_ Bias Weight a= g(in;)
80 P

Input Input  Activation

Output  Output
Links Function Function

Links
Fig. 11.2.2 Mathematical model of Neuron

The output is a "squashed” linear function (mostly weighted sum) of the inputs. A

oss oversimplification of real neurons, but its purpose is to develope understanding of
what networks of simple units can do.

¢ Various parts in neural networks : -
i) Neural networks are composed of nodes or units connected by directed links.
ii) A link from unit j to unit i serves to propagate the activation a; from j to i.

iii) Each link also has a numeric weight W, associated with it, which
determines the strength and sign of the connection.

iv) Each unit i first computes a weighted sum of its inputs :

v) Then it applies an activation function g to this sum to derive the output :

n
a; = g(in;)=g| ), Wi ia
j=0

vi) Notice that we have included a bias weight W ; connected to a fixed input
ag = -1,

¢ Activation function :

The activation function g is designed to meet two things. First, we want the unit to
be "active" (near + 1) when the “right" inputs are given and "inactive'" (near 0) wl‘fen the
‘wrong" inputs are given. Second, the activation needs to be nonlinear, otherwise the
entire neural network collapse into a simple linear function.
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|
| +1
" /_

n. in
| 1
iny
(a) Activation function is a step (b) Activation function is a sigmoid
function or threshold function. function 1/(1 + e_,).

Fig. 11.2.3 Activation function example

Changing the bias weight W ; moves the threshold location.
¢ Implementing logical functions :

W, =15 Wy =05
W1=1\\ W1=1\\
O~ O~z

W, =1 W, =1
AND OR

Wy =-0.5

NOT

Fig. 11.2.4 Logical functions implementations

McCulloch and Pitts original motivation is that, every Boolean function can be

implemented.
¢ Network structure :
1) Feed-forward networks :

These Acyclic networks, called as feed-forward networks implement functions and
they have no internal state. There can be, single-layer perceptrons or multi-layer
perceptrons feed-forward networks.

2) Recurrent networks :
Recurrent neural nets have directed cycles with delays.

This have internal state (like flip-flops), they can oscillate, reach stability, or even
expose chaotic behaviour, etc.

Examples :
i) Hopfield networks have symmetric weights Wi = Wi i)
ii) g(x) =sign(X),a; =t 1, holographic associative memory.

iii) Boltzmann machines use stochastic activation functions.
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Feed-forwal'd example :
L]

W13

1 W1_I4 @ %\
®
: Wasa @ /W“'

Wy,

Fig. 11.2.5 Feed forward network [Note : Bias is ignored in this example]

. Feed-forward network = A parameterized family of nonlinear functions : -
as = §(W35a3+W,5a,)

8W3s8Wi3a+Wyja,) 4 Wys g (

- Adjusting the weights changes the function,
- We can simulate learning by stepwise adjusting the weights.
o Single-layer perceptrons :

Feed-forward networks are normally arranged in ]

ayers. The simplest one having
only one layer, no hidden layers is called as perceptron network.

Wisai+ Wy, ay))

Perceptron output

1
o}
08
07]
06]
051
04
03]
02
01]
Ve
Input \y  Output =4
Units © Units

:
(a) A perceptron network consisting of three perceptron (b) Output of a simple one-Perception
output units that share five inputs. Note that, in second unit with two input value
output unit, weights on its incoming links have no
effects on the other output units.

Fig. 11.2.6 Single layer perceptrons

The output units all operate separately and there are no shared weights.

Adjusting weights moves the location, orientation and steepness of cliff.
* Expressivenes of perceptrons :

Consider a perceptron with g = step function (Rosenblatt, 1957, 1960). It can represent

AND, OR, NOT, majority, etc. but not XOR. It represents a linear separator in input
Space,
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]lt 1 O
‘ ?
0
0l 1_,1_ X 0 1 b
0 1% (c) 1y xor I,

(a)1;and I, (b) 14 OF I, -
eptrons. Black dots indicate a point jp
lity in mre?h:cl;fiop: I;i "I,, and white dots indicate a point Whetrgo
jue of the fu gion on the non-shaded side of thg

the re
"r::u ::&; :Il'r:at correctly classifies the inputs

Fig. 11.2.7 Linear separabi
input space where the va
the value is 0. The perceptron
line. In (c) no such

The insufficiency of perceptrons, pointed out by Minsky and Papert (1969).
o Perceptron learning : B
Learn by adjusting weights to minimize squared
error for an example with input X and true output y 15,

d error on training set. The squareq

_le2 -1 gohw)?
E_EErr —Z(Y w (%)

Perform optimization search by gradient descent of E (the gradient of a vector gives
the direction of the steepest descent).
For us this means, we have to calculate for each weight,

6E _ OErr
m—j— = ErrxSwj
6 1
= EHXW g y—.zo iji
J.._—

- Errx g'(in) X Xx;

Here, g’ is the derivation of the activation function, example - for sigmoid,
g’ = g (1-g). This leads to a simple weight update rule.
W; & Wj+ecx Errx g’ (in)x x;
Example :
Positive error — Increase network

Output — Increase weights on positive inputs, decrease on negative inputs.
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The perceptrons learning algorithm :
' rmin— )

tion PERCEPTRONS
U

-LEARNING (examples, network) returns j perceptrons
othesis

hyP —_
mputs Examples, a set of examples, each with input X

=k S TT, Xn and Ou['put y.
Network, a perceptrons with weights W

i»7=0..nand activation function g
Repeat

For each e in examples do.
in « Z?:g W x;[e]
Err « y [e] - g(in)
W; & W +eex Errx g’ {in)x x;[e]
until some stopping criterion is satisfied.

return NEURAL-NET-HYPOTI-@g%M(I}Igtwork).

Remarks on perceptrons learning algorithm :-

- For threshold functions (where g’ cannot be calculated),
Since g” is the same for all weight, it onl
direction of the update for each example.

g’ is simply committed.
y changes the magnitude but not the

- Each cycle through the examples is called an epoch.

- The stop criterion is typically that the weight changes become very small.
* Perceptron learning (diagramatic representation)
Perceptron learning rule converges to a consistent function for

any linearly separable
data set.
?IJ" 14 D 1<‘
4 w
g 09/ 09
6 0.81 X 5 0.8 Decision tree ——
I WL i e ° Perceptron ===~ -
Bor] g 07
8 8 ___._--.._,’\v’\\_\ /
€ 06 Perceptron —— g061| --="~" v
= Decision tree = =%~ =]
8 051 805
£ 04— 2 . S
L0+ — a 0. R e
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60. 70 80 90 100
Training set size Training set size
t learning the
(a) Perceptrons are better at learning (b) Decision trees are better a
the majority function of 11 inputs will wait predicate in the restaurant example

Fig. 11.2.8 Comparing the performance of perceptrons and decision trees

®
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DTL is hopeless.

~ Perceptron learns majority function easily,
t represent it,

- DTL learns restaurant function easily, perceptron canno

(recall : Only linearly separable functions are learnable). .
* How to overcome the limitation of linearly separable functions ?
Solution : Multi-layer perceptron networks !
* Multi-layer perceptrons :
- Layers are usually fully connected.

- Numbers of hidden units typically chosen by hand.

Output units g

Hidden units &

Input units 3y
Fig. 11.2.9 Multilayer percetrons network

o Expressiveness of MLPs :
All continuous functions with 2 layers, all functions with 3 layers.

hw(X1X2) =
| ;/4';'7,; hyy(X1.X2)
) W7 0.9 -
08, i 0%
05 i 06
sl ;, o8-
0.3 ::*j‘ﬁ?%, /| 4 04 -
02 - l,}:’.f{*/;‘%‘ 2 03 T
¥ " Y 0.2 7y ,h\\\\ :
0.118 . : ‘
] 0.1 - Al
s — A
4

soft threshold functions to produce a ridge. (b) The result of combining two
ridges to produce a pump

(a) The result of combining two opposite - facing

Fig. 11.2.10
- Combine two opposite-facing threshold functions to make a ridge.
— Combine two perpendicular ridges to make a bump.

—~ Add bumps of various sizes and locations to fit any surface.
R
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o i Requires exponentially (over the input) many

proble ¢ all boolean functions : 2“/ n units are needed.

ample 10 , .
Ex packp ropagation learning :
L]

Here output Jayer is same as for single-layer perceptron.
er
W]-, “— Wiri +°ﬂxaj)(ﬁi

hidden units. In general,

vere, A1 = Emix g(ing)
wr r

Hidden layer : Back-propagate the error from the output layer.
A = g @)Y Wi A
Update rule for weights in hidden layers.
Wi & Wi jt=xaypxa;

(Remark : Most neuroscientists deny that back-propagation occurs in the brain).
+ Back-propagation learning algorithm :

~ Function BACK-PROP-LEARNING (examples, network) returns a neural network

Inputs : examples, a set of examples, each with input vector x and output vector y.

Network, a multilayer network with L layers, weights Wi’ i» activation function g,
Repeat

for each e in examples do
for each node j in the input layer

doai<—-xi [e]
forl=2toMdo

i.ni — Z] lei ai

a; « g (in;)
for each node i in the output layer do
Ay « g’ (ing) X (y;le]- a;)
forl=M-1to1do

for each node j in layer ! do

Aj « g’ (in;) Z; Wj; A

for each node i in layer I + 1 do

lei — lei + =< X a]»x!_\.i
until some stopping criterion is satisfied

retun NEURAL-NET-HYPOTHESIS (network).

* Back-propagation learning [diagramic representation]
At each epoch, sum gradient updates for all examples.

Training curve for 100 restaurant examples (with a single hidden-layer network with

4 hidden units) is shown in Fig. 11.29. They converge to a perfect fit to the training
data,

e
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14 -
12 1
10 4

Total error on training set

] = (s3] o
i i L "

0 50 100 150 200 250 300 350 400
Number of epochs

Fig. 11.2.11 (a) Training curve showing gradual reduction in error as weights are
modified over several epochs, for a given set of examples in the restaurant domaijp

Typical problems : Slow convergence, local minima.
Learning curve for MLP with 4 hidden units : -

0.8 1 s

V4
/!
~ -
v

o
o

Decision tree —_—
51 Multilayer network ----

0.4

Proportion correct on test set
[==] o
-u...4

0 10 20 30 40 50 60 70 80 90 100
Training set size

Fig. 11.2.11 (b) Comparative earning curves showing that decision-tree learning does
slightly better than back-propagation in a multilayer network

MLPs are quite good for complex pattern recognition tasks, but resulting hypotheses
cannot be understood easily.

* Neural Networks-Summary :

~ Most brains have lots of neurons : Each neuron = linear - threshold unit (?)

- Perceptrons (one-layer networks) is insufficient in expressiveness.

- Multi-layer networks are sufficiently expressive; can be trained by gradient
descent, i.e. error back propagation.

- Many applications : Speech recognition, handwriting, fraud detection, economics,
etc.

- Engineering, cognitive modelling, and neural system modelling subfields have
largely diverged.
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Itis relatively new family of learning methods that use an efficient training algorithm
1 can represent complex, non-linear function. Kerne] machines are generally called as
;I:lpport Vector Machines (SVM).

A classifier derived from statistical learning theory by V. Vapnik, et.al.in 1992,
VM became famous when,
neural.nenvork with hand-desi

Statistical Leamning Methods
s

using images as input, it gave accuracy comparable to
gned features in a handwritting recognition task.
Currently, SVM is widely used in object detection an
image retrieval, text recognition, biometrics,
for regression.
o Characteristics of SVM :

- It is supervised learning algorithm (V apnik 98).

d recognition, content-based
Speech recognition, etc, They are also used

It is efficient, it can represent complex, non-linear functions,

" — It is suitable for training data that is not linear]
data is mapped to a higher-dimensional space (fe

- The data are linearly-separable in the new s
dimension space, they will always be lin
points in a space of N-1 dimensions).

¢ Mapping a bidimensional data to 3-D :
The example :

Y separable (input space), the
ature space).

pace by maping data into a higher
early separable (example - N-data

1.5 1

0.5 4
™
>
0 4
-0.5 1
A0
o]
-1 B T T T T T ' =
=15 -1 -05 0 05 1 15
e
(a) A two dimensional training with positive (b) The same data after mappi".f in? three
éxamples as black circles and negative examples dimensional input space *i v Xz, (V2 x4, Xp).
as white circles. The true decision boundary, The circular decision boundry in (a) becomes a
Xy ¢+ xzz <1, is also shown. linear decision boundry in three dimensions.
Fig. 11.31
--_'_'-‘—\—____
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puts through a vector of features :

1deal : We express all in

2
fi * %

f = X
f3 = Jﬂl/x;
In the new 3.dimensional space the data becomes linearly separable |

The observation in a space with sufficiently many dimensions, makes all 4
aty

to become linearly separable !
of overfitting if D ~ N!

on, N - number

Problem : Danger
o Optimal linear separator
If d = N, d - dimensi
of examples overfitting.

- Optimal linear separator : The largest

margin between it and the positive
on one side and the 0.8

examples
negative examples on the other side. 58

- Quadratic programming optimization
problem :

0.4

Examples x; classifications : y = t 1. 0.2

- Maximizing the expression : 0
1 0
§ai = iEiOtiO‘-j;yiyj (Xi'xj) 02 04 06 08 1 X
: Fig. 11.3.2 A close-up projected onto
This function has a single glob i it the first two dimensions, o# the optimal
' seperator shown in Fig. 11.3.1 (b). The
separator is shown as a heavy line,
with the closest points-the support
W% o= sign ety i) vectors - marked with the circles. The
= Falv=h margin is the seperation between the
positive and negative examples

The equation of the separator : -

¢ Support vectors : -

Are the points closest
ot 0), est to the separator (the only ones for which the weights ar

The Optlmal number
of support .
¢ Non-linear SVMs : port vectors is usually much smaller than N!

Datasets that are I
inearly separable wi -
ith noise, work
s out great : -

o' ¥ X

F - i
E; 11.3.3 (a) Linearly seperable data
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put what are we going to do if the dataset is just too hard ?

PP
—r—=—

g
Fig. 11.3.3 (b) Hard dataset
How about mapping data to a higher-dimensional Space as shown in below figure.

TS ’

& 1
Fig. 11.3.3 (c) Data mapped to higher dimension
¢ Non-linear SVMs : Feature space
- General idea The original input Space can be mapped to

higher-dimensional feature space where the training set is separable.
¢ Non-linear SVM : The Kernel Trick

— With this mapping, our discriminant function is now : -

8 = WTo(+b=ieSV T o ox)T o9 +b

iesv i i

Some

No need to know this mapping explicitly, because we only use the dot product
of feature vectors in both the training and test.

- A kernel function is defined as a function that corresponds to a dot product of
two feature vectors in some expanded feature space.

1&
*I.
) °
d x> p(x) ” R
L4 [ ¢
o T - ®
S e|e ® ¢ ®
7 T .
/ . ‘e ® ~
* e l‘ - * * T -
| Y L ] ’I ° ¢ 2 L
\ L /e " e
® kY
e
o -t
.

Fig. 11.3.3 (d) Input mapping to higher dimension

TECHNICAL PUBLICATIONSE - An up thrust for knowledge



Artificial Intelligence

Statistical Leammg Mot
11-34 = - T

KX, X) = oXp)" o X))

=[x1 X2 ] ’
- An example : 2-dimensional vectors X =[x

T v.\2
Let K(x;, Xj) = (1+ X; Xj)

AT o(X:) :
Need to show that K(X;, X;) = #(X1)" ¢(%)

@+ XJ X))?

K(Xi,Xj) ;

2 2 + 2x; Xi1 + Xij2 Xip

1+x5 Xj21+2xil xjt Xi2 Xz + Xi2 %2 = e
i

2 =
2 xplt [ szﬁ XjtXj2 X V2 Xj1 V2 xp]

(138 VE e KT

2 2 2 3
0(X;)" 0(X;), where 0 (X) = [1x] V2 x1X2 X3 V2 X1 V2 x,]

e Examples of commonly-used kernel functions : -
i)  Linear kernel :

T
KX, X)) = X X;

ii)  Polynomial kernel :
KX, X) = 1+XF )P

iii) Gaussian (Radial-Basis Function (RBF)) kernel :
1% = Xjl1°

K(X;,X:) = exp| -
(1 ]) P 202

iv)  Sigmoid :
K(X;,X;) = tanh@oX] X; +B1)

- In general, functlons that sahsfy Mercer's condition can be kemel functmns

1) Choose a kernel funchon.

2) Choose a value for C.

3) Solve the quadratic programming problem (many software packages ar
available).

4) Construct the discriminant function from the support vectors.

_____—-_’___'____,_‘-—"
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ome issues of SVM
. ghoice of kernel :

sian OF polynomial kernel is default.

Taul

= L;a’l offective, more elaborate kernels are needed.
~Jpm

Domain experts can give assistance in formulating appropriate similarity measures,
5 Choice of kernel parameters :
=

Example : 0 10 Gaussian kernel.

s is the distance between closest points with different classifications.

In the absence of reliable criteria, applications re]
or cross-validation to set such parameters.
= Optimization criterion :

y on the use of a validation set

_ Hard margin V.S. soft margin

_ A lengthy series of experiments in which various parameters are tested.

1. Write a rote on statistical learning. (Refer section 11.1.1)
2. How is learning done with hidden variables ? Explain unsupervised clustering with hidden
variables. (Refer section 11.1.4)

3. Explain EM algorithm. (Refer section 11.1.4)

Explain the concept on learning using decision trees and neural networks approach.
(Refer section 11.2)

Distinguish between feed-forward and recurrent neural network strucuture.
(Refer section 11.2)

Explain back propagation process with its algorithm.
(Refer section 11.2)

How statistical learning method differs from reinforcement learning method ?
Ans. : Reinforcement learning is concerned with how an agent decides to take actions
in an environment so as to maximize some notion of long-term reward. Reinforcement

learning algorithms attempt to find a policy that maps states of the world to the
actions the agent thought to take in those states.

Statistical learning is inferring a function from supervised training data. The trammg
data consist of a set of training examples. In this learning, each example is a pair
consisting of an input object (typically a vector) and a desired output value (also called
the Supervisory signal). The inferred function should predict the correct output Yalue for
any valid input object. This requires the learning algorithm to generalize from the
Wraining data to unseen situations in a "reasonable” way.

Z

Reinforcement learning differs from statistical learning because correct in.Pl.ll’/ outpu:
pairs are never presented nor sub optimal actions explicitly corrected. In reinforcemen

h\_----_-—_—-—-—__
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learning there is a focus on on '
between exploration (of uncharted territory)

11 - 36 Stati

KXY University Questions with Answers

Q1
Q2

Q3

Q4
Qs
Q.6

Q.7

Q.8

Q.9

Summer - 18

Explain Hopfield Network. (Refer section 11.2)
What is meant by perceptron ? Give one example. (Refer section 11.2)

Winter; 13
List and explain the application of neural network. (Refer section 11.2)
. s“mmer-lg
Define epoch with respect to ANN. (Refer section 11.2)

Discuss perceptron. (Refer section 11.2)
Explain hopfield network. (Refer section 11.2)

. Winter-19

Enlist some applications of neural networks. (Refer section 11.2)
- Summer-20

How do you define artificial neural network ? How does it learn ?

(Refer section 11.2)

-line performance, which involves findin
and exploitation (of current knoWledg:)anCE

™~

lq)
(3)

7

3]
3]
(4]

B

4]

What do you understand by classification in neural network ? Briefly explain

perceptron algorithm and also narrate its limitation. (Refer section 11.2)
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