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IntroductiontoAl:

WhatisArtificiallntelligence?

Intoday's world, technologyis growing veryfast, and we are getting in touchwithdifferent new
technologies day by day.

Here, one of the booming technologies of computer science is Artificial Intelligence which is
ready to create a new revolution in the world by making intelligent machines.The Artificial
Intelligence is nowallaroundus. It iscurrentlyworkingwitha varietyofsubfields, ranging from
general to specific, such as self-driving cars, playing chess, proving theorems, playing music,
Painting, etc.

Alisoneof thefascinatinganduniversalfieldsofComputersciencewhichhasagreatscopein

Artificial Intelligence is composed of two words ArtificialandIntelligence, where Artificial
defines"man-made,"and intelligence defines"thinking power”, hence Al means"a man-made
thinking power."

So,wecandefineAl as:

"It is a branch of computer science by which we can create intelligent machines which can
behave like a human, think like humans, and able to make decisions."

Artificial Intelligence exists when a machine can have human based skills such as learning,
reasoning, and solving problems

With Artificial Intelligence you do not need to preprogram a machine to do some work, despite
that you can create a machine with programmed algorithms which can work with own
intelligence, and that is the awesomeness of Al.

It is believed that Al is not a new technology, and some people says that as per Greek myth,there
were Mechanical men in early days which can work and behave like humans.

WhyArtificiallntelligence?

Before Learning about Artificiallntelligence, we should know that what is the importance of Al
and why should we learn it. Following are some main reasons to learn about Al:

o With the help of Al, you can create such software or devices which can solve real-world
problems very easily and with accuracy such as health issues, marketing, traffic issues,
etc.



o WiththehelpofAl,youcancreateyourpersonalvirtual Assistant,suchasCortana, Google
Assistant, Siri, etc.

o Withthe help ofAl, you canbuild suchRobots whichcanwork inanenvironment where
survival of humans can be at risk.

o Alopensapathforothernewtechnologies, newdevices, andnew Opportunities.

GoalsofAtrtificiallntelligence
FollowingarethemaingoalsofArtificiallntelligence:

Replicatehumanintelligence
SolveKnowledge-intensivetasks
Anintelligentconnectionofperceptionandaction
Buildingamachinewhichcanperformtasksthatrequireshumanintelligencesuch as:

o Provingatheorem

o Playingchess

o Plansomesurgicaloperation

o Drivingacar intraffic
5. Creating some system which can exhibit intelligent behavior, learn new things by itself,
demonstrate, explain, and can advise to its user.
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WhatComprisestoArtificialIntelligence?

Artificial Intelligence is not just a part of computer science even it's so vast and requires lots of
other factors which can contribute to it. To create the Al first we should know that how
intelligence is composed, so the Intelligence is an intangible part of our brain which is a
combination ofReasoning, learning, problem-solving perception, language understanding,
etc.

To achieve the above factors for a machine or software Artificial Intelligence requires the
following discipline:

Mathematics
Biology
Psychology
Sociology
ComputerScience
Neurons Study
Statistics
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AdvantagesofAtrtificiallntelligence

FollowingaresomemainadvantagesofArtificiallntelligence:

High Accuracy with less errors: Al machines or systems are prone to less errors and
high accuracy as it takes decisions as per pre-experience or information.

High-Speed:Al systems can be of very high-speed and fast-decision making, because of
that Al systems can beat a chess champion in the Chess game.

High reliability: Al machines are highly reliable and can perform the same action
multiple times with high accuracy.

Useful for risky areas: Al machines can be helpful in situations such as defusing a
bomb, exploring the ocean floor, where to employ a human can be risky.

Digital Assistant: Al can be very useful to provide digital assistant to the users such as
Al technology is currentlyused byvarious E-commerce websites to showthe products as
per customer requirement.

Useful as a public utility: Al canbe veryusefulfor public utilities suchas a self-driving car
which can make our journey safer and hassle-free, facial recognition for security purpose,
Natural language processing to communicate with the human in human- language, etc.

DisadvantagesofAtrtificiallntelligence

Everytechnologyhassome disadvantages, and thesame goesfor Artificial intelligence. Being so
advantageous technology still, it has some disadvantages which we need to keep in our mind
while creating an Al system. Following are the disadvantages of Al:
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High Cost: Thehardwareandsoftwarerequirement ofAl is verycostlyas it requires lots of
maintenance to meet current world requirements.

Can't thinkout ofthebox: Evenweare makingsmartermachineswithAl, but stillthey
cannot workout ofthebox, astherobot willonlydo that work for whichtheyaretrained, or
programmed.



o No feelingsand emotions: Al machinescanbeanoutstandingperformer,but stillit does not
have the feeling so it cannot make anykind ofemotionalattachment withhuman, and may
sometime be harmful for users if the proper care is not taken.

o Increase dependency on machines: With the increment of technology, people are
getting more dependent on devices and hence they are losing their mental capabilities.

o No Original Creativity: Ashumansare so creative and can imagine some new ideas but
stillAl machinescannot  beatthispowerofhumanintelligenceandcannotbecreativeand
imaginative.

Prerequisite

BeforelearningaboutArtificiallntelligence, youmust havethe fundamentalknowledgeof following
so that you can understand the concepts easily:

o Any computer language such as C, C++, Java, Python, etc.(knowledge of Python will be
an advantage)

o KnowledgeofessentialMathematicssuchasderivatives, probabilitytheory,etc.
FutureofArtificialIntelligence:

1. HealthCarelndustries

India is 17.7% of the worlds’ population that makes it the second-largest country in terms of
China’spopulation. Healthcare facilitiesare not availableto allindividuals living inthe country. It
is because of the lack of good doctors, not having good infrastructure, etc. Still, there are
peoplewho couldn’t reachto doctors/hospitals. Al hastheabilityto providethe facilitytodetect
disease based on symptoms; even if you don’t go to the doctor, Al would read the data from
Fitness band/medical history of an individual to analyze the pattern and suggest proper
medication and even deliver it on one’s fingertips just through cell-phone.

As mentioned earlier Google’s deep mind has already beaten doctors in detecting fatal diseases
like breast cancer. It’s not far away when Al will be detecting common disease as well as
providing proper suggestions for medication. The consequences of this could be: no need for
doctors in the long term result in JOB reduction.

2. Alin Education

The development of a country depends on the quality of education youth is getting. Right now,
wecanseetherearelotsofcoursesareavailableonAl. Butinthe futureAl isgoingtotransform the
classical way of education. Now the world doesn’t need skilled labourers for manufacturing
industries, which is mostly replaced by robots and automation. The education system could be
quite effective and can be according to the individual’s personality and ability. It would give

chance brighter students to shine and to imbecile a better way to cop up.



Right Education can enhance the power of individuals/nations; on the other hand, misuse of the
same could lead to devastating results.

3. Alin Finance

Quantification of growth for any country is directly related to its economic and financial
condition. As Al has enormous scope in almost every field, it has great potential to boost
individuals’ economic health and a nation. Nowadays, the Al algorithm is being used in

managing equity funds.

An Al system could take a lot number of parameters while figuring out the best way to manage
funds. It would performbetterthana human manager. Al-drivenstrategies inthe field offinance are
going to change the classical way of trading and investing. It could be devastating for some fund
managing firmswho cannot afford such facilitiesand could affect businessona large scale, as the

decision would be quick and abrupt. The competition would be tough and on edge all the time.

4. AlinMilitary andCybersecurity

Al-assisted Military technologies have built autonomous weapon systems, which won’t need
humans at all hence building the safest way to enhance the security of a nation. We could see
robot Military in the near future, which is as intelligent as a soldier/ commando and will be able

to perform some tasks.

Al-assisted strategies would enhance mission effectiveness and will provide the safest way to
execute it. The concerning part with Al-assisted system is that how it performs algorithm is not
quiteexplainable. Thedeep neuralnetworkslearnfasterandcontinuouslykeep learningthe main
problem herewould beexplainable Al. It couldpossessdevastatingresultswhenit reaches inthe

wrong hands or makes wrong decisions on its own.

IntelligentAgents:

TypesofAl Agentsor(StructureofAgents):

Agents can be grouped into five classes based on their degree of perceived intelligence and
capability. All these agents can improve their performance and generate better action over the
time. These are given below:



SimpleReflexAgent
Model-basedreflexagent
Goal-basedagents
Utility-basedagent
Learningagent
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1. SimpleReflexagent:

o TheSimplereflexagentsarethesimplest agents. Theseagentstakedecisionsonthebasis of the
current percepts and ignore the rest of the percept history.

o Theseagentsonlysucceedinthefullyobservableenvironment.
TheSimplereflexagentdoesnotconsideranypartofperceptshistoryduringtheir decision and
action process.

o TheSimplereflexagent worksonCondition-actionrule, whichmeans it mapsthecurrent state
to action. Such as a RoomCleaner agent, it works only ifthere is dirt in the room.

o Problemsforthesimplereflexagentdesignapproach:

o Theyhaveverylimitedintelligence

o Theydonothave knowledgeofnon-perceptualpartsofthecurrentstate
o Mostlytoobig to generateand to store.
o Notadaptivetochanges inthe environment.
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2. Model-basedreflexagent

o TheModel-basedagentcanworkinapartiallyobservableenvironment,andtrackthe situation.
o Amodel-basedagenthastwo importantfactors:

o Model: It is knowledge about "how things happen in the world,"” so it is called a
Model-based agent.

o InternalState:It isarepresentationofthecurrent statebased onpercept history.

o These agents have the model, "which is knowledge ofthe world™" and based onthe model
they perform actions.

o Updatingtheagentstaterequiresinformationabout:
a. Howtheworld evolves



b. Howthe agent's actionaffectstheworld.
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3. Goal-basedagents

o The knowledge of the current state environment is not always sufficient to decide for an
agent to what to do.
Theagentneedstoknowitsgoalwhichdescribesdesirable situations.

o Goal-based agents expand the capabilities ofthe model-based agent byhaving the
"goal"information.

o Theychooseanaction,sothattheycanachieve the goal.

o These agents may have to consider a long sequence of possible actions before deciding
whether the goal is achieved or not. Such considerations of different scenario are called
searching and planning, which makes an agent proactive.
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4. Utility-basedagents

o Theseagentsaresimilar tothegoal-basedagent but provideanextracomponent ofutility
measurement which makes them different by providing a measure of success at a given
state.



o Utility-basedagentactbasednotonlygoalsbutalsothebestwaytoachievethe goal.

o TheUtility-basedagentisusefulwhentherearemultiplepossiblealternatives,andan agent has
to choose in order to perform the best action.

o The utility function maps eachstateto arealnumberto check how efficientlyeachaction
achieves the goals.
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5. LearningAgents

o Alearning agent inAl isthetypeofagent whichcanlearnfromitspast experiences, orit has
learning capabilities.
o It startsto act with basic knowledge and thenable to act and adapt automaticallythrough
learning.
o Alearningagenthasmainlyfour conceptualcomponents,whichare:
a. Learning element: It is responsible for making improvements by learning from
environment
b. Critic: Learningelementtakesfeedbackfromcriticwhichdescribesthathow well the
agent is doing with respect to a fixed performance standard.
c. Performanceelement: It isresponsibleforselectingexternalaction
d. Problemgenerator: Thiscomponentisresponsibleforsuggestingactionsthat will
lead to new and informative experiences.
Hence, learningagentsareableto learn,analyzeperformance, and look fornewwaysto improve the
performance.
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NatureofEnvironments:

Theenvironment istheTaskEnvironment(problem) forwhichtheRationalAgentisthe solution.
Any task environment is characterised on the basis of PEAS.

Performance—What istheperformancecharacteristicwhichwouldeither maketheagent
successful or not. For example, as per the previous exampleclean floor, optimal energy
consumption might be performance measures.
Environment—Physicalcharacteristicsandconstraintsexpected.Forexample,woodfloors,
furniture in the way etc
Actuators-Thephysicalorlogicalconstructswhichwouldtakeaction. Forexample forthe
vacuum cleaner, these are the suction pumps

Sensors—Againphysicalor logicalconstructswhichwouldsensetheenvironment.
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Rational Agents could be physical agents like the one described above or it could also be a
programthatoperatesinanon-physicalenvironment likeanoperatingsystem. Imaginea bot



https://blog.knoldus.com/ai-rational-agents-and-operating-environments/

websiteoperatordesignedtoscaninternet newssourcesandshowtheinteresting itemsto its users,
while selling advertising space to generate revenue.
Asanotherexample,consideranonlinetutoring system

Agent Performance Environment Actuator Sensor
IM athE SLAdefinedscore Student, Teacher, Comput_e rd |splaysys_temfor Keyboard,
earning exercises, corrections,
on the test parents Mouse
system feedback

Environmentscanfurtherbeclassifiedintovariousbuckets. Thiswouldhelpdeterminethe intelligence
which would need to be built in the agent. These are

Observable — Fullor Partial?Iftheagentssensors get fullaccessthentheydo not need to pre- store
any information. Partial may be due to inaccuracy of sensors or incomplete information about
an environment, like limited access to enemy territory

NumberofAgents— Forthevacuumcleaner, it worksinasingleagent environment but for
driver-lesstaxis,everydriver-lesstaxiisaseparateagent andhence multiagent environment
Deterministic—Thenumberofunknowns intheenvironment whichaffectthepredictabilityof the
environment. For example, floor space for cleaning is mostlydeterministic, the furniture is
where it is most of the time but taxidriving on a road is non-deterministic.
Discrete—Doestheagent respondwhenneededordoes it havetocontinuouslyscanthe
environment. Driver-less is continuous, online tutor is discrete
Static—Howoftendoestheenvironment change. Cantheagent learnabouttheenvironment and
always do the same thing?

Episodic—Iftheresponseto  acertainprecept isnotdependentonthepreviousone i.e.it is
stateless(static methodsinJava)thenit isdiscrete.lfthedecisiontakennowinfluencesthe future
decisions then it is a sequential environment.

Agentsin Artificiallntelligence

An Al system can be defined as the study of the rational agent and its environment. The agents
sense the environment through sensors and act on their environment through actuators. An Al
agent can have mental properties such as knowledge, belief, intention, etc.

WhatisanAgent?

An agent can be anything that perceiveits environment through sensors and act upon that
environment through actuators. An Agent runs in the cycle ofperceiving,thinking, andacting.
An agent can be:

o Human-Agent: A human agent has eyes, ears, and other organs which work for sensors
and hand, legs, vocal tract work for actuators.

o RoboticAgent: Aroboticagentcanhavecameras,infraredrangefinder,NLPfor sensors and
various motors for actuators.



o Software Agent: Software agent can have keystrokes, file contents as sensory input and
act on those inputs and display output on the screen.

Hence the world around us is full of agents such as thermostat, cellphone, camera, and even
we are also agents.

Beforemovingforward,weshould firstknowaboutsensors,effectors,andactuators.

Sensor: Sensor is a device which detects the change in the environment and sends the
information to other electronic devices. An agent observes its environment through sensors.

Actuators: Actuators are the component of machines that converts energy into motion. The
actuators are only responsible for moving and controlling a system. An actuator can be anelectric
motor, gears, rails, etc.

Effectors: Effectors arethe devices whichaffect the environment. Effectors canbe legs, wheels,
arms, fingers, wings, fins, and display screen.

Sensors

Percepts e

Environment T——— Effectors

Actions

Intelligent Agents:

An intelligent agent is an autonomous entity which act upon an environment using sensors and
actuators for achieving goals. An intelligent agent may learn from the environment to achieve
their goals. A thermostat is an example of an intelligent agent.

Followingarethemainfourrules foranAlagent:

o Rulel: AnAl agentmusthavetheabilitytoperceivethe environment.

o Rule2:Theobservationmustbeusedtomakedecisions.

o Rule3:Decisionshouldresultinanaction.

o Ruled:TheactiontakenbyanAl agentmustbearationalaction.
Rational Agent:

A rationalagent is an agent which has clear preference, models uncertainty, and acts in a wayto
maximize its performance measure with all possible actions.

Arationalagent is said to performthe right things. Al is about creating rationalagents to use for
game theory and decision theory for various real-world scenarios.



For an Al agent, the rational action is most important because in Al reinforcement learning
algorithm, for each best possible action, agent gets the positive reward and for each wrongaction,
an agent gets a negative reward.

Note:RationalagentsinAlare verysimilartointelligentagents.

Rationality:

Therationalityofanagent ismeasuredbyitsperformance measure.Rationalitycanbe judgedon the
basis of following points:

Performancemeasurewhichdefinesthesuccesscriterion.
Agentpriorknowledgeofitsenvironment.
Bestpossibleactionsthatanagentcanperform.

@)
@)
@)
o The sequence ofpercepts.

Note:RationalitydiffersfromOmnisciencebecauseanOmniscientagentknowstheactual outcome of
its action and act accordingly, which is not possible inreaity.

StructureofanAl Agent

The taskofAl isto designanagent programwhich implementsthe agent function. The structure
ofan intelligent agent is a combination ofarchitecture and agent program. It can be viewed as:

Agent=Architecture+Agentprogram

Followingarethemainthreeterms involvedinthestructureofanAl agent:
Architecture: Architectureismachinerythat anAlagent executeson.
Agent Function:Agent function is used to map apercept to anaction
f:P* — A

Agent program: Agent program is an implementation of agent function. An agent program
executes on the physical architecture to produce function f.

PEASRepresentation

PEAS is a type of model on which an Al agent works upon. When we define an Al agent or
rational agent, then we can group its properties under PEAS representation model. It is made up
of four words:

o P:Performancemeasure
o E:Environment
o A:Actuators



o S:Sensors
Hereperformance measure isthe objective forthesuccessofanagent'sbehavior.
PEAS for self-driving cars:
Let'ssupposeaself-drivingcar thenPEASrepresentationwill be:
Performance: Safety, time, legal drive, comfort
Environment:Roads,othervehicles,roadsigns,pedestrian
Actuators: Steering, accelerator, brake, signal, horn
Sensors:Camera,GPS,speedometer,odometer,accelerometer,sonar.

ExampleofAgentswiththeir PEASrepresentation

Agent Performancemeasure Environment Actuators Sensors
1. i o Healthypatient O Patient O  Tests Keyboard
MedicalD L Hospital (Entryof symptoms)
iagnose ] Minimizedcost O ospita O Treatments
O  Staff
2 O  Cleanness o Room O  Wheels O  Camera
Vacuum .. . q
=T o Efficiency O  Table (@) Brushes (@) Dirtdetections
o Batterylife O  Woodfloor O  Vacuum ensor
O  Security O  Carpet Extractor O  Cliffsensor
o Variouso O BumpSensor
bstacles O InfraredWallS
ensor
3.Part- f
i Percentage o Conveyor  belt O JointedArms O Camera
pickingRo . X .
bot ofparts in withparts, O  Hand O  Joint
correctbins. o) Bins angle

sensors.

AgentEnvironmentin Al:

An environmentis everythingin theworld which surrounds the agent, but itis not a part of an
agent itself. An environment can be described as a situation in which an agent is present.

Theenvironment iswhereagent lives,operateandprovidetheagent withsomethingtosenseand act
upon it. An environment is mostly said to be non-feministic.



FeaturesofEnvironment

Environmentcanhavevariousfeaturesfromthe point ofview ofanagent:

FullyobservablevsPartiallyObservable
Staticvs Dynamic

Discretevs Continuous
DeterministicvsStochastic
Single-agentvsMulti-agent
Episodicvssequential
KnownvsUnknown
Accessiblevslnaccessible
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1. FullyobservablevsPartiallyObservable:

o Ifan agent sensor can sense or access the complete stateofan environment at each point of
time then it is a fully observable environment, else it is partially observable.

o Afullyobservableenvironment iseasyasthere isno needto maintainthe internalstateto keep
track history of the world.

o Anagentwithnosensorsinallenvironmentsthensuchanenvironmentiscalled as
unobservable.

2. DeterministicvsStochastic:

o Ifanagent's current state and selected action can completely determine the next state of
the environment, then such environment is called a deterministic environment.

o Astochasticenvironment israndomin natureand cannot bedeterminedcompletelybyan

agent.
o Inadeterministic,fullyobservableenvironment,agentdoesnotneedtoworryabout uncertainty.

3. EpisodicvsSequential:

o Inanepisodicenvironment,thereisaseriesofone-shotactions,andonlythecurrent percept is
required for the action.

o However,inSequentialenvironment,anagentrequiresmemoryofpastactionsto determine the
next best actions.

4. Single-agentvsMulti-agent

o Ifonlyoneagentisinvolvedinanenvironment,andoperatingbyitselfthensuchan environment
is called single agent environment.

o However, ifmultipleagentsareoperating inanenvironment,thensuchanenvironment is
called a multi-agent environment.

o Theagent designproblems inthe multi-agent environment aredifferent fromsingleagent
environment.



5. StaticvsDynamic:

o Ifthe environment canchange itselfwhile anagent isdeliberating thensuchenvironment is
called a dynamic environment else it is called a static environment.

o Static environments are easy to deal because an agent does not need to continue looking
at the world while deciding for an action.

o Howeverfordynamicenvironment,agentsneedtokeeplookingattheworldateach action.

o Taxidriving is an example of a dynamic environment whereas Crossword puzzles are an
example of a static environment.

6. DiscretevsContinuous:

o If in an environment there are a finite number of percepts and actions that can be
performed within it, then such an environment is called a discrete environment else it is

called continuous environment.
o Achess gamecomes under discrete environment as there is a finite number ofmoves that

can be performed.
o Aself-drivingcarisanexampleofacontinuous environment.

7. KnownvsUnknown

o Knownandunknownarenotactuallyafeatureofanenvironment,butitisanagent's state of
knowledge to perform an action.

o Inaknownenvironment,theresultsforallactionsareknowntotheagent.Whilein unknown
environment, agent needs to learn how it works in order to perform an action.

o Itis quite possible that a known environment to be partiallyobservable and an Unknown
environment to be fully observable.

8. Accessiblevsinaccessible

o If an agent can obtain complete and accurate information about the state's environment,
then such an environment is called an Accessible environment else it is called

inaccessible.

o An empty room whose state can be defined by its temperature is an example of an
accessible environment.

o Informationaboutanevent onearthisanexampleoflnaccessible environment.

SearchAlgorithmsinArtificiallntelligence:
Searchalgorithmsareoneofthe mostimportantareasofArtificiallntelligence.

Problem-solving agents:

InArtificiallntelligence,Searchtechniquesareuniversalproblem-solvingmethods.Rational
agentsorProblem-solvingagentsinAlmostlyusedthesesearchstrategiesoralgorithmsto



solve a specific problem and provide the best result. Problem-solving agents are the goal-based
agents and use atomic representation. In this topic, we will learn various problem-solving search
algorithms.

SearchAlgorithmTerminologies:

o Search: Searchingis a step bystep procedureto solve a search-problem in a given search
space. A search problem can have three main factors:

a. Search Space: Searchspacerepresentsasetofpossiblesolutions, whichasystem may
have.

b. StartState:It isastatefromwhereagentbeginsthesearch.

c. Goal test: It is a function which observe the current state and returns whether the
goal state is achieved or not.

Search tree: Atree representationofsearchproblemiscalled Searchtree.The root ofthe search tree
is the root node which is corresponding to the initial state.

Actions:Itgivesthe descriptionofallthe available actionstothe agent.

Transitionmodel: Adescriptionofwhateachactiondo,canberepresentedasatransition model.
PathCost: Itisafunctionwhichassignsanumericcosttoeachpath.

Solution:It isanactionsequencewhich leadsfromthestartnodeto thegoalnode.
OptimalSolution:Ifasolutionhasthe lowest costamongallsolutions. Properties of

Search Algorithms:

Followingarethefouressentialpropertiesofsearchalgorithmstocomparetheefficiencyof
thesealgorithms:

Completeness: Asearchalgorithmis saidto becomplete ifit guaranteesto returnasolutionifat least
any solution exists for any random input.

Optimality: Ifasolutionfoundforanalgorithmisguaranteedtobethebestsolution(lowest path cost)
among allother solutions, then such a solution for is said to be an optimal solution.

TimeComplexity: Timecomplexityisameasureoftimefor analgorithmtocompleteitstask.

Space Complexity: It is the maximum storage space required at any point during the search, as
the complexity of the problem.

Typesofsearchalgorithms

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



Search Algorithm
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UninformedSearchAlgorithms:

Uninformed search is a class ofgeneral-purpose searchalgorithms whichoperates inbrute force-
way. Uninformed search algorithms do not have additional information about state or search
space other than how to traverse the tree, so it is also called blind search.

Followingarethevarioustypesofuninformed searchalgorithms:
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Breadth-firstSearch
Depth-firstSearch
Depth-limitedSearch
Iterativedeepeningdepth-firstsearch
Uniformcost search
BidirectionalSearch

1. Breadth-firstSearch:

Breadth-firstsearchisthemostcommon search strategy for traversingatree or graph.
Thisalgorithmsearchesbreadthwise ina treeor graph, so it iscalled breadth-first search.

BFS algorithm starts searching from the root node of the tree and expandsall successor
node at the current level before moving to nodes of next level.

Thebreadth-firstsearchalgorithmisanexampleofa general-graphsearchalgorithm.
Breadth-first searchimplementedusingFIFOqueuedatastructure.

Advantages:

O

e}

BFS willprovideasolution ifanysolutionexists.
Iftherearemorethanonesolutionsforagivenproblem,thenBFSwillprovidethe minimal
solution which requires the least number of steps.



Disadvantages:

o ltrequireslotsofmemorysinceeachlevelofthetreemustbesavedintomemoryto expand the
next level.

o BFSneedslotsoftimeifthe solution isfarawayfromthe rootnode.
Example:
In the below tree structure, we have shown the traversing of the tree using BFS algorithm from
therootnodeSto goalnodeK. BFSsearchalgorithmtraverse in layers, so it willfollowthepath which

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

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

Breadth First Search

> Level 0

/\
/\ /\
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/\ -
E
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Time Complexity: Time Complexityof BFS algorithmcan be obtained bythe number of nodes
traversed inBFS untilthe shallowest Node. Where the d= depthofshallowest solutionand b is a
node at every state.

> Level 1

T (b)= 1+b%+b%+....... +b9=0(b%

Space Complexity: Space complexityof BFS algorithmis given bythe Memorysize of frontier
which is O(bY).

Completeness: BFS is complete, which means if the shallowest goal node is at some finite
depth, then BFS will find a solution.

Optimality: BFSisoptimalifpathcostisanon-decreasingfunctionofthedepthofthe node.

2. Depth-firstSearch

o Depth-firstsearchisarecursivealgorithmfortraversingatreeor graphdata structure.



o ltiscalledthedepth-firstsearchbecauseitstartsfrom therootnodeandfollowseach path to its
greatest depth node before moving to the next path.

o DFSusesastack datastructurefor itsimplementation.
o TheprocessoftheDFSalgorithmissimilar totheBFS algorithm.

Note:Backtrackingisanalgorithm techniqueforfindingallpossible solutions usingrecursion.

Advantage:
o DFS requires very less memory as it only needs to store a stack of the nodes on the path
from root node to the current node.

o Ittakes less time to reachto the goalnode than BFS algorithm(if it traverses in the right
path).

Disadvantage:

o There is the possibility thatmany states keep re-occurring,and there is noguarantee of
finding the solution.

o DFSalgorithmgoes fordeepdownsearchingandsometimeitmaygototheinfiniteloop.

Example:

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

Rootnode--->Leftnode ----- >rightnode.
It will start searching fromroot node S, and traverse A, then B, thenD and E, after traversing E, it

will backtrack the tree as E has no other successor and still goal node is not found. After
backtracking it willtraverse node C and then G, and here it will terminate as it found goal node.

Depth First Search
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Completeness: DFS search algorithm is complete within finite state space as it will expandevery
node within a limited search tree.



Time Complexity: Time complexity of DFS will be equivalent to the node traversed by the
algorithm. It is given by:

T(n)=1+n%+n+............ +nM=0(n™)

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

Space Complexity: DFS algorithm needs to store only single path from the root node, hence
space complexityof DFS is equivalent to the size of the fringe set, which is O(bm).

Optimal: DFS search algorithm is non-optimal, as it may generate a large number of steps or
high cost to reach to the goal node.

3. Depth-LimitedSearchAlgorithm:

A depth-limited search algorithm is similar to depth-first search with a predetermined limit.
Depth-limited searchcansolve the drawback ofthe infinite path inthe Depth-first search. Inthis
algorithm, the node at the depth limit will treat as it has no successor nodes further.

Depth-limitedsearchcanbeterminatedwithtwoConditionsoffailure:

o Standardfailurevalue:ltindicatesthatproblemdoesnothaveanysolution.
o Cutofffailurevalue:ltdefinesnosolutionfortheproblemwithinagivendepthlimit.

Advantages:
Depth-limitedsearchisMemoryefficient.
Disadvantages:

o Depth-limitedsearchalsohasadisadvantageofincompleteness.

Example:

Depth Limited Search
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Completeness: DLS searchalgorithmiscompleteifthesolution isabovethedepth-limit.
Time Complexity: Time complexity of DLS algorithm is O(b").
SpaceComplexity: SpacecomplexityofDLSalgorithmisO(bx{).

Optimal:Depth-limitedsearchcanbeviewedas aspecialcaseofDFS,anditisalsonot optimal
evenif £>d.

4. Uniform-costSearchAlgorithm:

Uniform-cost search is a searching algorithm used for traversing a weighted tree or graph. This
algorithm comes into play when a different cost is available for each edge. The primary goal of
the uniform-cost search is to find a path to the goal node which has the lowest cumulative cost.
Uniform-cost search expands nodes according to their path costs form the root node. It can be
used to solve any graph/tree where the optimal cost is in demand. A uniform-cost search
algorithm is implemented by the priority queue. It gives maximum priority to the lowest
cumulative cost. Uniformcost search is equivalent to BFS algorithm if the path cost of alledges is
the same.

Advantages:
o Uniformcostsearchisoptimalbecauseateverystatethepathwiththeleastcostis chosen.

Disadvantages:

o It does not care about the number ofsteps involve in searching and onlyconcerned about
path cost. Due to which this algorithm may be stuck in an infinite loop.

Example:

Uniform Cost Search
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Completeness:



Uniform-cost searchiscomplete,suchas ifthereis asolution, UCSwillfindit.
TimeComplexity:

LetC* isCostoftheoptimal solution,and &is each step togetcloser to the goal node.Then the
number of stepsis = C*/e+1. Here we have taken +1,as we start from state 0 and end to C*/e.

Hence,theworst-casetimecomplexityofUniform-costsearch isO(b*€*l)/,
Space Complexity:

The same logic is for space complexity so, the worst-case space complexity of Uniform-cost
search is O(b!1€"el),

Optimal:

Uniform-costsearchisalwaysoptimalas itonlyselectsapathwiththelowestpathcost.

5. Iterativedeepeningdepth-first Search:

The iterative deepening algorithm is a combination of DFS and BFS algorithms. This search
algorithm finds out the best depth limit and does it bygradually increasing the limit until a goalis

found.

This algorithm performs depth-first search up to a certain "depth limit", and it keeps increasing
the depth limit after each iteration until the goal node is found.

This Search algorithm combines the benefits of Breadth-first search's fast search and depth-first
search's memory efficiency.

The iterative searchalgorithm is usefuluninformed searchwhensearchspace is large, and depth of
goal node is unknown.

Advantages:

o ItcombinesthebenefitsofBFSandDFSsearchalgorithmintermsoffastsearchand memory
efficiency.

Disadvantages:
o Themaindrawback ofIDDFSisthatitrepeatsall theworkoftheprevious phase.
Example:
Following tree structure is showing the iterative deepening depth-first search. IDDFS algorithm

performs various iterations until it does not find the goal node. The iteration performed by the
algorithm is given as:



Iterative deepening depth first search
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1'stlteration ----- >A

2'ndlteration ---->A,B,C

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

4'thlteration------ >A, B,D,H,LE,C,F.K,G

Inthefourthiteration,thealgorithmwill find thegoalnode.

Completeness:

Thisalgorithmiscomplete isifthe branching factorisfinite.

TimeComplexity:
Let'ssupposebisthebranchingfactoranddepthisdthentheworst-casetimecomplexity is O(b9).

Space Complexity:

ThespacecomplexityofIDDFSwillbe O(bd).

Optimal:

IDDFSalgorithmisoptimalifpathcostisa non-decreasingfunctionofthe depthofthe node.

6. BidirectionalSearchAlgorithm:

Bidirectional search algorithm runs two simultaneous searches, one form initial state called as
forward-search and other from goal node called as backward-search, to find the goal node.
Bidirectional search replaces one single search graph with two small subgraphs in which one
starts the search from an initial vertex and other starts from goal vertex. The search stops when

these two graphs intersect each other.

BidirectionalsearchcanusesearchtechniquessuchasBFS,DFS,DLS,etc.



Advantages:

o Bidirectionalsearchisfast.
o Bidirectionalsearchrequireslessmemory

Disadvantages:

o Implementationofthe bidirectionalsearchtreeisdifficult.
o Inbidirectionalsearch,oneshouldknowthegoalstatein advance.

Example:

In the below search tree, bidirectional search algorithm is applied. This algorithm divides one
graph/treeintotwo sub-graphs. It startstraversing fromnodel inthe forwarddirectionand starts

from goal node 16 in the backward direction.

Thealgorithmterminatesatnode9 wheretwosearchesmeet.

Bidirectional Search
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Completeness:BidirectionalSearchiscomplete

ifweuseBFS  inbothsearches.

TimeComplexity: Timecomplexityofbidirectionalsearchusing BFS isO(bY).

Space Complexity: Space complexity of bidirectional search is O(b9).

Optimal:BidirectionalsearchisOptimal.

Informed Search Algorithms:

Sofarwehavetalkedabouttheuninformedsearchalgorithmswhichlookedthroughsearch
space for all possible solutions of the problem without having any additional knowledge about
searchspace.Butinformedsearchalgorithmcontainsanarray of knowledgesuchashowfarwe



are from the goal, path cost, how to reach to goal node, etc. This knowledge help agents to
explore less to the search space and find more efficiently the goal node.

The informed search algorithm is more useful for large search space. Informed search algorithm
uses the idea of heuristic, so it is also called Heuristic search.

Heuristics function: Heuristic is a function which is used in Informed Search, and it finds the
most promising path. It takes the current state of the agent as its input and produces the
estimationofhowcloseagent isfromthegoal. Theheuristic method,however, might not always give
the best solution, but it guaranteed to find a good solution in reasonable time. Heuristic function
estimates how close a state is to the goal. It is represented by h(n), and it calculates the cost of an
optimal path between the pair of states. The value of the heuristic function is always positive.

Admissibilityoftheheuristicfunction isgiven as:
h(n)<=h*(n)
PureHeuristicSearch:

Pure heuristic search is the simplest formof heuristic search algorithms. It expands nodes based
on their heuristic value h(n). It maintains two lists, OPEN and CLOSED list. In the CLOSEDlist,
it places those nodes which have already expanded and in the OPEN list, it places nodes which
have yet not been expanded.

On each iteration, each node n with the lowest heuristic value is expanded and generates all its
successors and n is placed to the closed list. The algorithmcontinues unit a goalstate is found.

Intheinformed searchwewilldiscusstwomain algorithmswhicharegivenbelow:

o BestFirstSearchAlgorithm(Greedysearch)
o A*Search Algorithm

1.) Best-firstSearchAlgorithm(GreedySearch):

Greedy best-first search algorithm always selects the path which appears best at that moment. It
is the combination of depth-first search and breadth-first search algorithms. It uses the heuristic
function and search. Best-first search allows us to take the advantages of both algorithms. With
the help of best-first search, at each step, we can choose the most promising node. In the bestfirst
search algorithm, we expand the node which is closest to the goal node and the closest cost is
estimated by heuristic function, i.e.

f(n)=g(n).
Were,h(n)=estimatedcost fromnodento thegoal.

Thegreedybestfirstalgorithmisimplementedbythepriorityqueue.



Bestfirstsearchalgorithm:
o Stepl:Placethestartingnodeinto theOPENIist.
o Step2:1ftheOPENIistisempty,Stopandreturnfailure.

o Step 3: Remove the node n, fromthe OPEN list which has the lowest value of h(n), and
places it in the CLOSED list.

o Step4:Expandthenoden,and generatethesuccessorsofnode n.

o Step 5: Check eachsuccessorofnode n, and find whether anynode isa goalnode ornot. If
any successor node is goal node, then return success and terminate the search, else
proceed to Step 6.

o Step 6: For each successor node, algorithm checks for evaluation function f(n), and then
check if the node has been in either OPEN or CLOSED list. If the node has not been in
both list, then add it to the OPEN list.

o tep7: ReturntoStep2.

Advantages:

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

o ThisalgorithmismoreefficientthanBFSandDFS algorithms.

Disadvantages:
o Itcanbehaveasanunguided depth-firstsearch intheworst casescenario.
o It canget stuckinaloop asDFS.
o Thisalgorithmis notoptimal.

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

iteration, each node is expanded using evaluation function f(n)=h(n) , which is given in the
below table.
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Inthissearchexample,weareusingtwo listswhichare OPENandCLOSEDLIists.Following are the
iteration for traversing the above example.
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ExpandthenodesofSandputintheCLOSEDIist Initialization:
Open [A, B], Closed [S]
Iteration1:Open[A], Closed[S,B]

Iteration2:Open|[E,F, A],Closed|[S,B]
:Open[E,A],Closed [S,B,F]

Iteration3:Open[l,G,E,A],Closed[S, B,F]
:Open[l,E,A], Closed[S, B,F,G]

Hencethefinalsolutionpathwillbe:S---->B----->F --------- >G
TimeComplexity: TheworstcasetimecomplexityofGreedybestfirstsearchisO(b™).

SpaceComplexity: TheworstcasespacecomplexityofGreedybestfirstsearchisO(b™). Where, m is
the maximum depth of the search space.

Complete:Greedybest-firstsearchisalsoincomplete, evenifthegivenstatespaceisfinite.

Optimal:Greedybestfirstsearchalgorithmisnot optimal.

2.) A*Search Algorithm:

A* search is the most commonlyknown formofbest-first search. It uses heuristic function h(n),
and cost to reach the node n from the start state g(n). It has combined features of UCS
andgreedybest-first search, bywhich it solve the problemefficiently. A* search algorithm finds
the shortestpaththroughthesearchspaceusingtheheuristicfunction. Thissearchalgorithm



expands less search tree and provides optimal result faster. A* algorithm is similar to UCSexcept
that it uses g(n)+h(n) instead of g(n).

In A* search algorithm, we use search heuristic as well as the cost to reach the node. Hence we
can combine both costs as following, and this sum is called as a fitness number.

f(n) = gln) + h(n)

el
ik

Estimated cost Cost to reach
of the cheapest Cost to reach from node n to
solution. node n from goal node
start state.
AlgorithmofA*search:

Stepl:Placethestarting nodeintheOPENIist.
Step2:CheckiftheOPENIistisemptyornot,ifthelistisemptythenreturnfailureand stops.

Step 3:Select the node from the OPEN list which has the smallest value of evaluation function
(g+h), if node n is goal node then return success and stop, otherwise

Step 4:Expand node n and generate allof its successors, and put n into the closed list. For each
successor n', check whether n' is already in the OPEN or CLOSED list, if not then compute
evaluation function for n' and place into Open list.

Step 5:Else if node n' is already in OPEN and CLOSED, then it should be attached to the back
pointer which reflects the lowest g(n’) value.

Step6:ReturntoStep2.

Advantages:
o A*searchalgorithmisthebestalgorithmthanother searchalgorithms.
o A*searchalgorithmisoptimalandcomplete.
o Thisalgorithmcansolve verycomplexproblems.

Disadvantages:
o Itdoesnotalwaysproducetheshortestpathasitmostlybasedonheuristicsand approximation.
o A*searchalgorithmhassomecomplexityissues.

o The main drawback of A* is memory requirement as it keeps all generated nodes in the
memory, so it is not practical for various large-scale problems.



Example:
Inthisexample, wewilltraversethegivengraphusingthe A*algorithm. The heuristicvalueof

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

Herewewilluse OPENand CLOSED list.

Initialization: {(S,5)}

Iterationl:{(S-->A4),(S-->G,10)}

Iteration2:{(S-->A-->C, 4), (S-->A-->B, 7), (5-->G,10)}

Iteration3: {(S-->A-->C--->G,6),(S-->A-->C--->D,11), (S-->A-->B, 7), (5-->G,10)}

Iteration 4 will give the final result, as S--->A--->C--->G it provides the optimalpath with cost
6.



Points toremember:

o A*algorithmreturnsthepathwhichoccurredfirst,anditdoesnotsearchforall remaining paths.
o TheefficiencyofA*algorithmdepends onthequalityofheuristic.
o A*algorithmexpandsallnodeswhichsatisfytheconditionf(n)<=""li="">

Complete: A*algorithmiscompleteas longas:

o Branchingfactoris finite.
o Costateveryactionisfixed.

Optimal: A*searchalgorithmisoptimalifitfollowsbelowtwoconditions:

o Admissible: thefirstconditionrequiresforoptimalityisthath(n)shouldbean admissible
heuristic for A* tree search. An admissible heuristic is optimistic in nature.

o Consistency:SecondrequiredconditionisconsistencyforonlyA*graph-search.
Iftheheuristicfunctionisadmissible, thenA*treesearchwillalways findtheleastcostpath.
Time Complexity: The time complexity of A* search algorithm depends on heuristic function,
and the number of nodes expanded is exponential to the depth of solution d. So the time

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

SpaceComplexity: ThespacecomplexityofA* searchalgorithm is O(b”d)



AL3391 ARTIFICIALINTELLIGENCE
UNITII

1. HeuristicSearchStrategies:
What is Heuristics?

Aheuristicisatechniquethatisusedtosolveaproblemfasterthantheclassicmethods. These
techniquesareusedtofindtheapproximatesolutionofa problemwhenclassicalmethodsdo not.
Heuristics are said to be the problem-solving techniques that result in practical and quick
solutions.

optimal, butthosesolutionsaresufficient inagivenlimitedtimeframe. Why
do we need heuristics?

Heuristicsareusedinsituationsinwhichthereistherequirementofashort-termsolution.On

facing complex situations with limited resources and time, Heuristics can help the companies to
make quick decisions by shortcutsand approximated calculations. Most ofthe heuristic methods
involve mental shortcuts to make decisions on past experiences.

The heuristic method might not always provide us the finest solution, but it is assured that it
helps us find a good solution in a reasonable time.

Based on context, there can be different heuristic methods that correlate with the problem’sscope.
The most common heuristic methods are - trial and error, guesswork, the process of elimination,
historical data analysis. These methods involve simply available information that is not
particulartothe problembut is most appropriate.Theycan include representative, affect,and
availability heuristics.

HeuristicsearchtechniquesinAl(Artificiallntelligence)

Hill Climbing

Heuristic Search | Constraint Satisfaction Problems
in Artificial

Intelligence Simulated Annealing

Best-First Search ( BFS )

WecanperformtheHeuristictechniquesinto two categories:



DirectHeuristicSearchtechniquesinAl

It includes Blind Search, Uninformed Search, and Blind control strategy. These searchtechniques
are not always possible as they require much memory and time. These techniques search the
complete space for a solution and use the arbitrary ordering of operations.

The examples of Direct Heuristic search techniques include Breadth-First Search (BFS) and
Depth First Search (DFS).

WeakHeuristicSearchtechniques inAl

It includes Informed Search, Heuristic Search, and Heuristic control strategy. These techniques
are helpful when they are applied properly to the right types of tasks. They usually require
domain-specific information.

TheexamplesofWeakHeuristicsearchtechniquesincludeBest First Search(BFS)andA*.
Beforedescribingcertainheuristictechniques, let'sseesomeofthetechniqueslistedbelow:

BidirectionalSearch
A*search
SimulatedAnnealing
HillClimbing
BestFirst search
Beamsearch

o O O O O O

First,let'stalkabouttheHillclimbinginArtificialintelligence. Hill
Climbing Algorithm

Itisatechniqueforoptimizingthemathematicalproblems.HillClimbingiswidely usedwhena
goodheuristicisavailable.

It is a local search algorithm that continuously moves in the direction of increasing
elevation/value to find the mountain's peak or the best solution to the problem. It terminateswhen
it reachesa peak value where no neighbor hasa higher value. Traveling-salesmanProblem is one
of the widely discussed examples of the Hill climbing algorithm, in which we need to minimize
the distance traveled by the salesman.

It is also called greedy local search as it only looks to its good immediate neighbor state and not
beyond that. The steps of a simple hill-climbing algorithm are listed below:

Stepl:Evaluatetheinitialstate. Ifitisthegoalstate,thenreturnsuccessand Stop.

Step2:LoopUntilasolutionisfoundorthereisnonewoperatorlefttoapply.



Step3:Selectand applyanoperatortothecurrent state.

Step4:Checknewstate:

Ifitisagoalstate,thenreturntosuccessand quit.

Else ifit isbetterthanthecurrent state, thenassignanewstateasacurrent state. Else if

not better than the current state, then return to step2.

Stepb5: Exit.

Bestfirstsearch(BFS)

This algorithmalways chooses the pathwhichappears best at that moment. It is the combination of
depth-first search and breadth-first search algorithms. It lets us to take the benefit of both
algorithms. It uses the heuristic function and search. With the help of the best-first search, ateach
step, we can choose the most promising node.

Bestfirstsearchalgorithm:

Stepl:Placethestartingnodeinto theOPENIist.

Step2:1ftheOPEN istisempty,Stopandreturnfailure.

Step 3:Remove the nodenfromthe OPEN list,whichhasthe lowest value ofh(n), and places it in
the CLOSED list.

Step 4:Expandthenode n,andgeneratethe successorsofnode n.

Step 5: Check each successor ofnode n, and find whether any node is a goalnode or not. Ifany
successor node is the goal node, then return success and stop the search, else continue to next
step.

Step 6:For each successor node, the algorithm checks for evaluation function f(n) and then check
ifthe nodehasbeenineither OPENor CLOSEDIist. Ifthenodehasnot beeninbothlists, then add it to
the OPEN list.

Step7:ReturntoStep2. A*

Search Algorithm
A*searchisthemostcommonlyknownformofbest-firstsearch.Itusestheheuristicfunction

h(n) and cost to reach the node n from the start state g(n). It has combined features of UCS and
greedy best-first search, by which it solve the problem efficiently.



It finds the shortest path through the search space using the heuristic function. This search
algorithm expands fewer search tree and gives optimal results faster.

AlgorithmofA*search:
Stepl:PlacethestartingnodeintheOPENist.
Step2:CheckiftheOPENIistisemptyor not. Ifthelistisempty,thenreturnfailureandstops.

Step 3:Select the node from the OPEN list which has the smallest value of the evaluation
function (g+h). If node n is the goal node, then return success and stop, otherwise.

Step 4:Expand node n and generate allof its successors, and put n into the closed list. For each
successor n', check whether n' is already in the OPEN or CLOSED list. If not, then compute the
evaluation function for n' and place it into the Open list.

Step 5:Else, if node n' is already in OPEN and CLOSED, then it should be attached to the back
pointer which reflects the lowest g(n’) value.

Step6: ReturntoStep2.

Examplesofheuristicsineverydaylife

SR Examples of

Heurisitics

Educated Guess

Common
sense

Rule of thumb

Profiling

Someofthereal-lifeexamplesofheuristicsthatpeopleuseasawaytosolveaproblem:

o Common sense: It is a heuristic that is used to solve a problem based onthe observation
of an individual.

o Rule of thumb:In heuristics, we also use a term rule of thumb. This heuristic allows an
individual to make an approximation without doing an exhaustive search.

o Working backward: It lets an individual solve a problem by assuming that the problem
is already being solved bythemand working backward intheir minds to see how mucha
solution has been reached.

o Availability heuristic: It allows a person to judge a situation based on the examples of
similar situations that come to mind.



o Familiarity heuristic: It allows a person to approach a problem on the fact that an
individual is familiar with the same situation, so one should act similarly as he/she acted
in the same situation before.

o Educated guess: It allows a person to reach a conclusion without doing an exhaustive
search. Using it, a person considers what they have observed in the past and applies that
historyto the situation where there is not anydefinite answer has decided yet.

Typesofheuristics

There are various types of heuristics, including the availability heuristic, affect heuristic and
representative heuristic. Each heuristic type plays a role in decision-making. Let's discuss about
the Availability heuristic, affect heuristic, and Representative heuristic.

Availabilityheuristic

Availability heuristic is said to be the judgment that people make regarding the likelihood of an
event based on informationthat quicklycomes into mind. On making decisions, people typically
rely on the past knowledge or experience of an event. It allows a person to judge a situationbased
on the examples of similar situations that come to mind.

Representativeheuristic
Itoccurswhenweevaluate anevent'sprobabilityonthe basisofitssimilaritywithanotherevent.

Example: We can understand the representative heuristic by the example of product packaging,
as consumers tend to associatethe products quality with the externalpackaging ofa product. Ifa
company packages its products that remind you of a high quality and well-known product, then
consumers will relate that product as having the same qualityas the branded product.

So, instead of evaluating the product based on its quality, customers correlate the productsquality
based on the similarity in packaging.

Affectheuristic

Itisbasedonthenegativeandpositive feelingsthat arelinkedwithacertainstimulus. It includes quick
feelings that are based on past beliefs. Its theory is one's emotional response to a stimulus that
can affect the decisions taken by an individual.

When people take a little time to evaluate a situation carefully, they might base their decisions
based on their emotional response.

Example: The affect heuristic can be understood by the example of advertisements.
Advertisements can influence the emotions ofconsumers, so it affects the purchasing decisionof a
consumer. The most common examples of advertisements are the ads of fast food. When fast-
food companies run the advertisement, they hope to obtain a positive emotional response that
pushes you to positively view their products.



If someone carefully analyzes the benefits and risks of consuming fast food, they might decide
that fast food is unhealthy. But people rarely take time to evaluate everything they see and
generally make decisions based on their automatic emotionalresponse. So, Fast food companies
present advertisements that rely on such type of Affect heuristic for generating a positive
emotional response which results in sales.

Limitationof heuristics
Alongwiththebenefits, heuristicalsohassomelimitations.

o Although heuristics speed up our decision-making process and also help us to solve
problems, theycanalso introduce errorsjust because something hasworked accurately in
the past, so it does not mean that it will work again.

o It will hard to find alternative solutions or ideas if we always rely on the existing
solutions or heuristics.

2. HeuristicFunctionsin Artificiallintelligence:

Heuristic Functions in Al: As we have already seen that an informed search make use of
heuristic functions inordertoreachthegoalnodeina moreprominent way. Therefore,thereare
severalpathways in asearchtreeto reachthegoalnodefromthecurrent node.Theselectionofa good
heuristic function matters certainly. A good heuristic function is determined by its efficiency.
More is the information about the problem, more is the processing time.
Sometoyproblems,suchas8-puzzle, 8-queen,tic-tac-toe,etc.,canbesolvedmore efficiently
withthehelpofaheuristicfunction. Let’sseehow

Consider thefollowing8-puzzleproblemwherewehaveastart stateandagoalstate.Ourtaskis to
slidethetilesofthecurrent/start stateand placeit inanorderfollowed inthegoalstate. There can be four
moves either left, right, up, or down. There can be several ways to convert the current/start
stateto the goalstate, but, we canuse a heuristic functionh(n) to solve the problem more
efficiently.

1 2| 3 1 2| 3
8| 6 8 4
71 5| 4 7] 6| 5
Start State Goal State

Aheuristicfunctionforthe8-puzzleproblemisdefinedbelow:

h(n)=Numberoftiles outofposition.

So,thereistotalofthreetilesoutofpositioni.e., 6,5and4. Donot counttheemptytilepresent in the goal
state). i.e. h(n)=3. Now, we require to minimize the value of h(n) =0.
Wecanconstructastate-spacetreetominimizetheh(n) valueto0,asshownbelow:


https://www.tutorialandexample.com/heuristic-functions
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It is seen fromthe above statespace treethat the goalstate is minimized fromh(n)=3 to h(n)=0.
However, we cancreate and use several heuristic functions as per the reqirement. It is also clear
fromthe above example that a heuristic function h(n) can be defined asthe informationrequired to
solve a given problem more efficiently. The information can be related to the nature of the
state,costoftransformingfromonestatetoanother,goalnodecharacterstics, etc.,whichis
expressed as a heuristic function.

3. LocalSearchAlgorithmsandOptimizationProblem:

The informedanduninformedsearchexpandsthenodessystematicallyintwo ways:

o keepingdifferentpathsinthe memoryand
o selectingthebest suitablepath,

Which leads to a solution state required to reach the goal node. But beyond these “classical
searchalgorithms,"wehavesome“localsearch algorithms”wherethepathcostdoesnot matters,
and only focus on solution-state needed to reach the goal node.
Alocalsearchalgorithmcompletes its taskbytraversingonasinglecurrent noderatherthan multiple
paths and following the neighbors of that node generally.
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Althoughlocalsearchalgorithmsarenotsystematic,stilltheyhavethefollowingtwo advantages:

o Localsearchalgorithmsusea verylittleorconstantamount ofmemoryastheyoperate only
on a single path.

o Mostoften,theyfindareasonablesolutioninlargeorinfinitestatespaceswherethe
classical or systematic algorithms do not work.

Doesthelocalsearch algorithmworkfora pureoptimized problem?

Yes, thelocalsearchalgorithmworksforpureoptimizedproblems. Apureoptimizationproblem is one
where all the nodes can give a solution. But the target is to find the best state out ofall according
to the objective function. Unfortunately, the pure optimization problem fails to find high-quality
solutions to reach the goal state from the current state.

Note: An objective function is a function whose value is either minimized or maximized in
different contextsoftheoptimizationproblems. Inthecaseofsearchalgorithms, anobjective function
can be the path cost for reaching the goal node, etc.

Workingofal ocalsearchalgorithm

Let'sunderstandtheworkingofa localsearchalgorithmwiththehelpofanexample: Consider the
below state-space landscape having both:

o Location:It isdefinedbythestate.
« Elevation:Itisdefinedbythevalueoftheobjectivefunctionorheuristiccostfunction.

Objective Function
Global
A Maximum

Local
Maximum

) State space

A one-dimensional state-space landscape in which elevation
corresponds to the objective function

The localsearchalgorithmexplorestheabovelandscapebyfindingthefollowingtwopoints:

e GlobalMinimum: Iftheelevationcorrespondstothecost,thenthetaskistofindthe lowest
valley, which is known as Global Minimum.

e GlobalMaxima: Iftheelevationcorrespondstoanobjective function,thenit findsthe
highest peak which is called as Global Maxima. It is the highest point in the valley.

Wewillunderstandtheworkingofthese points betterinHill-climbingsearch.
Belowaresomedifferent typesoflocalsearches:



e Hill-climbingSearch
e SimulatedAnnealing
e LocalBeamSearch

HillClimbingAlgorithminAl

HillClimbingAlgorithm:Hillclimbingsearchis a localsearchproblem. Thepurposeofthehill
climbing search is to climb a hill and reach the topmost peak/ point of that hill. It is based on
theheuristicsearch techniguewherethepersonwho isclimbinguponthehillestimatesthe direction
which will lead him to the highest peak.

State-spaceLandscapeofHillclimbingalgorithm

To understand the conceptofhillclimbing algorithm, consider the below landscape representing
thegoalstate/peakandthecurrent stateoftheclimber. Thetopographicalregionsshowninthe figure
can be defined as:

o GlobalMaximum:lItisthehighestpointonthehill,whichisthegoalstate.

e LocalMaximum: Itisthepeakhigherthanallotherpeaksbut lowerthantheglobal
maximum.

o Flatlocalmaximum:It isthe flat areaoverthehillwhere it hasno uphillordownhill.lt is a
saturated point of the hill.

o Shoulder:lItisalso aflatareawherethesummitis possible.

e Currentstate: Itisthecurrentpositionofthe person.

Objective function Global
Maximum

Local
Maximum

Shoulder

“Flat” Local

]Maximum

} State Space

Current
state

A one-dimensional state-space landscape in which elevation
corresponds to the objective function
TypesofHillclimbing search algorithm
Therearefollowingtypesofhill-climbingsearch:

e Simplehillclimbing

o Steepest-ascenthillclimbing
e Stochastic hillclimbing

e Random-restarthillclimbing
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Simplehillclimbingsearch

Simple hill climbing is the simplest technique to climb a hill. The task is to reach the highest
peakofthemountain.Here,the movement oftheclimberdependsonhismove/steps.Ifhe finds his
next step better than the previous one, he continues to move else remain in the same state.
Thissearch focusonlyonhispreviousand nextstep.

SimplehillclimbingAlgorithm

Createa CURRENTNode,NEIGHBOUR node,and a GOALnode.

Ifthe CURRENTNode=GOALnode,returnGOALandterminate the search.
ElseCURRENTNnode<=NEIGHBOURnNode,move ahead.

Loopuntilthe goalisnot reached orapointisnotfound.

el ol

Steepest-ascenthillclimbing

Steepest-ascent hillclimbingisdifferent fromsimplehillclimbingsearch.Unlikesimplehill
climbing search, It considers all the successive nodes, compares them, and choose the node
which is closest to the solution. Steepest hill climbing search is similar to best-first

search becauseitfocusesoneachnodeinsteadofone.

Note:Bothsimple, aswellassteepest-ascent hillclimbingsearch, failswhenthereisno closer node.

Steepest-ascenthillclimbingalgorithm

CreateaCURRENTnodeandaGOA L node.

Ifthe CURRENTnNnode=GOAL node,returnGOALandterminatethe search.
Loopuntilabetternode isnot found to reachthe solution.
Ifthereisanybettersuccessor nodepresent,expand it.

Whenthe GOAL isattained,returnGOALandterminate.

orwNE

Stochastichillclimbing

Stochastic hillclimbingdoesnot focusonallthenodes. It selectsonenodeatrandomand decides
whether it should be expanded or search for a better one.

Random-restarthillclimbing

Random-restart algorithm is based on try and try strategy. It iteratively searches the node and
selectsthebestoneat eachstepuntilthegoalisnotfound. Thesuccessdependsmost commonly onthe
shape ofthe hill. If there are few plateaus, local maxima, and ridges, it becomes easy to reach the
destination.



LimitationsofHillclimbingalgorithm
Hillclimbingalgorithmisa fast and furiousapproach.ltfindsthesolutionstaterapidlybecause it is
quite easyto improve a bad state. But, there are following limitations of this search:

e Local Maxima: It is that peak ofthe mountain which is highest than all its neighboring
statesbut IowerthanthegIObaImaXima. It isnotthe goalpeakbecausethereisanotherpeakhigherthanit.

A Global Maximum

Local Maximum

>

o Plateau:ltisaflat surfaceareawherenouphillexists.It becomesdifficult forthe
climber to decide that in which direction he should move to reach the goalpoint.
Sometimes, the person gets lost in the flat area.

= — |
Plateau/Flat area

’

e Ridges: It isachallengingproblemwherethepersonfindstwoor morelocalmaximaof
thesameheightcommonly.Itbecomesdifficult ~ forthepersontonavigatetherightpoint and
stuck to that point itself.

ﬁ Ridges

e




SimulatedAnnealing

Simulatedannealing issimilartothehillclimbing algorithm.It worksonthecurrent situation.It picks
a random move instead ofpicking the best move. Ifthe move leads to the improvement ofthe
current situation, it is always accepted as a step towards the solution state, else it accepts the
move having a probability less than 1. This search technique was first used in 1980 to
solveVVLSllayoutproblems.ltisalso applied forfactoryschedulingandotherlarge optimization
tasks.

LocalBeamSearch

Localbeamsearch isquitedifferent fromrandom-restart search. It keepstrackofkstatesinstead of
just one. It selects krandomlygenerated states, and expand themat eachstep. Ifanystate is a goal
state, the search stops with success. Else it selects the best k successors from the complete list
and repeats the same process. In random-restart search where each search process runs
independently,but inlocalbeamsearch,thenecessaryinformationisshared betweentheparallel search
processes.

DisadvantagesoflocalBeamsearch

o Thissearchcansufferfromalackofdiversityamong thekstates.
« Itisanexpensiveversionofhillclimbing search.

4. Localsearch incontinuous space:

* A local search is first conducted in the continuous space until a local optimum is reached. It then
switches to a discrete space that represents a discretization of the continuous model to find an

improved solution from there.

* The process continues switching between the two problem formulations until no further

improvement can be found in either.
* To perform local search in continuous state space we need techniques from calculus.

* The main technique to find a minimum is called gradient descent.

Gradient Descent

* A gradient measures how much the output of a function changes if you change the inputs a little

bit.

* In machine learning, a gradient is a derivative of a function that has more than one input variable.
Known as the sIBpe of a function in mathematical terms, the gradient simply measures the

change in all weights with regard to the change in error.
* Gradient descent is an iterative optimization algorithm to find the minimum of a function.

* Gradient Descent is an optimization algorithm for finding a local minimum of a differentiable
function. Gradient descent is simply used in machine learning to find the values of a
function's parameters (coefficients) that minimize a cost function as far as possible.






AND-OR search trees

A solution for an AND-OR search problem is a subtree that
(1) Has a goal node at every leaf

(2) Specifies onfe action at each of its OR nodes

(3) Includes every outcome branch at each of its AND nodes.

AND-OR search can be explored using recursive Depth-First
search or by breadth-first or best-first methods

Slippery Vacuum-World

Another case of Non-Deterministic action in which the Right
action fails sometimes. When the agent is in the Left region,
and takes the Right action, it may go to the right region or may
remain in the Left region if the operation fails

5. Searchinpartialobservableenvironme
»Partial observability: The agent’s percepts do not suffice to pin down the exact state

»In such environment an action may lead to one of several possible outcomes—even
if the environment is deterministic.

»To solve partially observable problems the concept of the “belief state” is utilized

»The belief state represents the agent’s current belief about the possible physical
states it might be in, given the sequence of actions and percepts up to that point

»The belief state concept can be studied in two different scenarios;
»Searching with no observation

» Searching with observations
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1. Game Theory:

Gametheory isbasicallyabranchofmathematicsthatisusedtotypicalstrategicinteraction
betweendifferentplayers(agents),allofwhichareequallyrational,inacontextwith predefined rules (of
playing or maneuvering) and outcomes. Every player or agent is a
rationalentitywhoisselfishandtriestomaximizetherewardtobeobtainedusingaparticular
strategy.Alltheplayersabidebycertainrulesinordertoreceiveapredefinedplayoff-a
rewardafteracertainoutcome.Hence,aGAMEcanbedefinedasasetofplayers,actions, strategies, and

a final playoff for which all the players are competing.
GameTheory hasnowbecomeadescribingfactorforboth MachineLearningalgorithmsand many
daily life situations.

Consider the SVM (Support Vector Machine) for instance. According to Game Theory, theSVM
is a game between 2 players where one player challenges the other to find the best hyper-
planeafterprovidingthemostdifficultpointsforclassification. Thefinal playoff of thisgame isa
solution thatwill be a trade-off between the strategic abilities of both players competing.

Nashequilibrium:

Nash equilibrium can be considered the essence of Game Theory. It is basically a state, a point
of equilibrium of collaboration of multiple players in a game. Nash Equilibrium guarantees
maximum profit to each player.

LetustrytounderstandthiswiththehelpofGenerative AdversarialNetworks(GANS).
WhatisGAN?

Itisacombinationoftwoneuralnetworks:theDiscriminatorandtheGenerator. The
GeneratorNeuralNetworkisfedinputimageswhichitanalyzesandthenproducesnew sample images,
which are made to represent the actual input images as close aspossible. Once the images have
been produced, they are sent to the Discriminator Neural Network. This neural network judges
the images sent to it and classifies them as generated images and actual input images. If the
image is classified as the original image, the DNN changes its parameters of judging.If
theimageisclassifiedasageneratedimage,theimageisrejectedandreturnedto the GNN. The GNN
then alters its parameters in order to improve the quality of the image produced.

This is a competitive process which goes on until both neural networks do not require to make
any changes in their parameters and there can be no further improvement in both neural
networks. This state of no further improvement is known as NASH EQUILIBRIUM. In other
words, GAN is a 2-player competitive game where both players are continuously optimizing
themselves to find a Nash Equilibrium.
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ButhowdoweknowifthegamehasreachedNashEquilibrium?

In any game, one of the agents is required to disclose their strategy in front of the other agents.
After the revelation,if none of theplayers changes theirstrategies, itisunderstood thatthe game has
reached Nash Equilibrium.

Now that we are aware of the basics of Game Theory, let us try to understand how Nash
Equilibrium is attained in a simultaneous game. There are many examplesbut the mostfamousis
the Prisoner’s Dilemma. There are some more examples such as the Closed-bag exchange Game,
the Friend or For Game, and the iterated Snowdrift Game.

In all thesegames,twoplayersareinvolvedandthefinal playoffisa resultof a decision that has to be
made by both players. Both players have to make a choice between defection and co- operation.
If both players cooperate, the final playoff will turn out to be positive for both. However, if both
defect, the final playoff will be negative for both players. If there is a combination of
oneplayerdefectingandtheotherco-operating,thefinalplayoffwillbe positive for one and negative
for another.

Here, Nash Equilibrium plays an important role. Only if both players jot out a strategy that
benefitseachotherandprovidebothwithapositiveplayoff,thesolutiontothisproblemwill be optimal.

There are many more real examples and a number of pieces of code that try to solve this
dilemma. The basic essence, however, is the attainment of the Nash Equilibrium in an
uncomfortable situation.

WhereisGAMETHEORY now?

Game Theory is increasingly becoming a part of the real-world in its various applications inareas
like public health services, public safety, and wildlife. Currently, game theory is beingused in
adversary training in GANs, multi-agent systems, and imitation and reinforcement
learning.Inthecaseofperfectinformationandsymmetricgames,manyMachineLearningand



Deep Learning techniques are applicable. The real challenge lies in the development of
techniquestohandleincompleteinformationgames,suchasPoker. Thecomplexityofthe game lies in
the fact that there are too many combinations of cards and the uncertainty of the cards being held
by the various players.

TypesofGames:

Currently,thereareabout5typesofclassificationofgames. Theyareasfollows:

1. Zero-SumandNon-ZeroSumGames: Innon-zero-sumgames,therearemultipleplayers and all of
them have the option to gain a benefit due to any move by another player. In zero- sum
games,however,if oneplayerearnssomething,theotherplayersareboundtolosea key playoff.

2. Simultaneous and Sequential Games: Sequential games are the more popular games where
every player is aware of the movement of another player. Simultaneous games are more
difficult as in them, the players are involved in a concurrent game. BOARD GAMES are the
perfect example of sequential games and are also referred to as turn-based or extensive-form
games.

PerfectInformationgame.

4. Asymmetric and Symmetric Games: Asymmetric games are those win in which each player
has a different and usually conflicting final goal. Symmetric games are those in which all
players have the same ultimate goal but the strategy being used by each is completely
different.

5. Co-operative and Non-Co-operative Games: In non-co-operative games, every player plays
for himself while in co-operative games, players form alliances in order to achieve the final
goal.

2. OptimalDecisionsinGames:

Humans’ intellectual capacities have been engaged by games for as long as civilization has
existed, sometimes to an alarming degree. Games are an intriguing subject for Al researchers
because of their abstract character. A game’s state is simple to depict, and actors are usually
limitedtoasmallnumberof actionswithpredeterminedresults.Physical games,suchas croquet and
ice  hockey, contain significantly more intricate descriptions, a much wider
varietyofpossibleactions,andratherambiguousregulationsdefiningthelegalityofactivities. With  the
exception of robotsoccer, these physical games have notpiqued the Alcommunity’s interest.

Games are usually intriguing because they are difficult to solve. Chess, for example, has an
average branching factor of around 35, and games frequently stretch to 50 moves per player,
thereforethesearchtreehasroughly351000r10154nodes(despitethesearchgraphhaving



“only”about1040uniquenodes). Asaresult,games,liketherealworld,necessitatetheability
tomakesomesortofdecisionevenwhencalculatingthebestoptionisimpossible.

Inefficiency is also heavily punished in games. Whereas a half-efficient implementation of A
search will merely take twice as long to complete, a chess software that is half as efficient in
utilizingitsavailabletimewillalmostcertainlybebeatentodeath,allotherfactorsbeing  equal.As a
resultof thisresearch, anumber of intriguingsuggestionsformaking themostuse of time have
emerged.

OptimalDecisionMakinginGames

Let us start with games with two players, whom we’ll refer to as MAX and MIN for obvious
reasons. MAX is the first to move, and then they take turns until the game is finished. At the
conclusionofthegame,thevictoriousplayerreceivespoints,whiletheloserreceives penalties. A
gamecan beformalizedasa type of search problem thathas thefollowing elements:

o SO:Theinitialstateofthegame,whichdescribeshowitissetupatthestart.

o Player(s):Defineswhichplayerinastatehasthemove.

o Actions(s):Returnsastate’ssetoflegalmoves.

Result(s,a):A transitionmodelthatdefinesamove’soutcome.

Terminal-Test (s): Aterminal test that returns true if the game is over but false otherwise.
Terminal states are those in which the game has come toa conclusion.

Utility (s, p): A utility function (also known as a payout function or objective function )
determines the final numericvalue for a game that concludes in the terminal states for player
p. The result in chess is a win, a loss, or a draw, with values of +1, 0, or 1/2. Backgammon’s
payoffs range from 0 to +192, but certain games have a greater range of possible outcomes.
A zero-sum game is defined (confusingly) as one in which the total reward to all players is
the same for each game instance.Chess is a zero-sum game because each game has a payoff
of 0 +1,1+0,or 1/2+ 1/2. “Constant-sum” would have been a preferable name, 22 but
zero-sum is the usual term and makes sense if each participant is charged 1.

The game tree for the game is defined by the beginning state, ACTIONS function, and
RESULT function—a tree in which the nodes are game states and the edges represent
movements. The figure below depicts a portion of the tic-tac-toe game tree (noughts and
crosses). MAX may make nine different maneuvers from his starting position. The game
alternates between MAXs setting an X and MINs placing an O until we reach leaf nodes
corresponding to terminal states, such as one player having three in a row or all of thesquares
being filled. The utility value of the terminal state from the perspective of MAX is shown by
the number on each leaf node; high values are thought to be beneficial for MAX and bad for
MIN



Thegametreefortic-tac-toeisrelativelyshort,withjust91=362,880terminalnodes. However, because
there are over 1040 nodes in chess, the game tree is better viewed as a theoretical
constructthatcannotbe realizedin the actual world.But,nomatterhow big the game tree is, MAX’s
goal is tofinda solidmove.A tree thatis superimposed on the whole game tree and examines
enough nodes to allow a player to identify what move to make is referred to as a search tree.

t
Ao move '

(1,2,6)
B
(1,2,6) (1,5,2)
C
(1,2,6) (6,1,2) (1,5,2) (5,4,5)
D
(1,2,6) (4,2,3) (6,1,2) (7.41) (51,1) (1,5,2) (7,7,1) (5,4,5)

A sequence of actions leading to a goal state—a terminal state that is a win—would be the best
solutioninatypicalsearchproblem.MINhassomethingtosayaboutitinanadversarial ~search. MAX
must therefore devise a contingent strategy that specifies M A X’s initial state move, then
MAX’s movements in the states resulting from every conceivable MIN response,
thenMAX’smovesinthestates resultingfromevery possibleMINreaction tothosemoves, and so on.
This is quite similar to the AND-OR search method, with MAX acting as OR andMIN acting as
AND. When playing an infallible opponent, an optimal strategy produces results
thatareasleastasexcellentasanyotherplan. We’llstartbydemonstratinghowtofindthe best plan.

We’ll move to the trivial game in the figure below since even a simple game like tic-tac-toe is
too complex for us to draw the full game tree on one page. MAX’s root node moves are
designatedby thelettersal,a2,anda3.MIN’sprobableanswerstoalarebl,b2,b3,andso on. This game
is over after MAX and MIN each make one move. (In game terms, this tree consists of two half-
moves and is one move deep, each of which is referred to as a ply.) The terminal states in this
game have utility values ranging from 2 to 14.

Game’sUtilityFunction

The optimal strategy can be found from the minimax value of each node, which we express as
MINIMAX,givenagametree(n).Assumingthatbothplayersplayoptimallyfromthere



through the finish of the game, the utility (for MAX) of being in the corresponding state is the
node’s minimax value. The usefulness of a terminal state is obviously its minimax value.
Furthermore,ifgiventheoption,MAXpreferstoshifttoamaximumvaluestate,whereas MIN wants to
move to a minimum value state. So here’s what we’ve got:

MINIMAX (s) =
UTILITY (s) if TERMINAL-TEST (s)
MAX,e scsions(s) MINIMAX (RESULT(s,a))  if PLAYER(s) = MAX
Min, e gctions(s) MINIMAX(RESULT(s,a))  if PLAYER(s) = MIN
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Let’s use these definitions to analyze the game tree shown in the figure above. The game’s
UTILITYfunctionprovidesutilityvaluestotheterminalnodeson thebottomlevel.Because
thefirstMINnode,B,has threesuccessor stateswithvalues of 3,12,and 8,itsminimaxvalue is 3.
Minimax value 2 is also used by the other two MIN nodes. The root node is a MAX node,
withminimaxvaluesof 3,2,and2,resultinginaminimaxvalueof 3.Wecanalsofindthe root of the
minimax decision: action al is the best option for MAX since it leads to the highest minimax
value.

This concept of optimal MAX play requires that MIN plays optimally as well—it maximizes
MAX’s worst-case outcome. What happens if MIN isn’t performing at its best? Then it’s a
simple matter of demonstrating that MAX can perform even better. Other strategies may
outperformtheminimaxmethodagainstsuboptimalopponents,buttheywillalways outperform
optimal opponents.

3. Alpha-BetaPruningSearch:

o Alpha-betapruningisamodifiedversionoftheminimaxalgorithm.ltisan optimization
technique for the minimax algorithm.



o As we haveseen in theminimax search algorithm thatthe number of gamestates ithas to
examine are exponential in depth of the tree. Since we cannot eliminate the exponent, but
we can cutit to half. Hence thereis a technique by which without checking each node of
the game tree we can compute the correctminimax decision, and this techniqueis called
pruning. This involves two threshold parameter Alpha and beta for future expansion, so it
is called alpha-beta pruning. It is also called as Alpha-Beta Algorithm.

o Alpha-beta pruning can be appliedatany depth of a tree, andsometimes itnotonly prune
the tree leaves but also entire sub-tree.

o Thetwo-parametercanbedefinedas:

a. Alpha: The best (highest-value) choice we have found so far at any point alongthe
path of Maximizer. The initial value of alpha is -co.

b. Beta: The best (lowest-value) choice we have found so far at any point along the
path of Minimizer. The initial value of beta is +co.

TheAlpha-betapruningtoastandardminimaxalgorithmreturnsthesamemoveasthe standard
algorithm does, but it removes all the nodes which are not really affecting the final
decisionbutmakingalgorithmslow.Hencebypruningthesenodes, itmakesthealgorithm fast.

ConditionforAlpha-betapruning:
Themainconditionwhichrequiredforalpha-betapruning
o>=P

Keypointsaboutalpha-betapruning:
o TheMaxplayerwillonlyupdatethevalueofalpha.
o TheMinplayerwillonlyupdatethevalueofbeta.

o Whilebacktrackingthetree,thenodevalueswillbepassedtouppernodesinsteadof values of
alpha and beta.

o Wewillonlypassthealpha,betavaluestothechildnodes.
WorkingofAlpha-BetaPruning:

Let's take an example of two-player search tree to understand the working of Alpha-beta
pruning

Step 1: At the first step the, Max player will startfirst move from node A where oa=-o and =
+o0, these value of alpha and beta passed downto node B where again o= -oo0 and = +oo, and
Node B passes the same value to its child D.



Terminal
node

Step 2: At Node D, the value of a will be calculated as its turn for Max. The value of a is
compared with firstly 2 and then 3, and the max (2, 3) = 3 will be the value of a at node D
and node value will also 3.

Step3: Now algorithm backtrack tonode B,where thevalue of  will change as thisis a turn of
Min, Now = +oo, will compare with the available subsequent nodes value, i.e. min (o, 3) =
3, hence at node B now o= -0, and = 3.
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Inthenextstep,algorithmtraversethenextsuccessorofNodeBwhichisnodeE,andthe
valuesofa=-c0,andf=3willalsobepassed.

Step 4: At node E, Max will take its turn, and the value of alpha will change. The current
value of alpha will be compared with 5, so max (-o, 5) = 5, hence at node E o= 5 and p= 3,
where o>=p, so the rightsuccessor of E will be pruned, and algorithm will not traverseit, and

the value at node E will be 5.
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Step5: Atnextstep,algorithmagainbacktrackthetree,fromnodeB tonodeA.Atnode A, the value
of alpha will be changed the maximum available value is 3 as max (-o, 3)= 3, and B= +oo,
these twovalues now passes to rightsuccessor of A whichis Node C.

AtnodeC,a=3andB=+o0,andthesamevalueswillbepassedontonodeF.

Step 6: At node F, again the value of o will be compared with left child which is 0, and
max(3,0)=3,andthencomparedwithrightchildwhichis1,andmax(3,1)=3stilla remains 3, but the
node value of F will become 1.



Step 7: Node F returns the node value 1 to node C, at C a= 3 and B= +oo, here the valueof
betawillbechanged,itwillcomparewithlsomin(oo,1)=1.NowatC,a=3andf=1, and again it
satisfies the condition o>=f, so the next child of C which is G will be pruned,and the
algorithm will not compute the entire sub-tree G.

*
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Step 8: C now returns the value of 1 to A here the best value for A is max (3, 1) = 3.
Following is the final game tree which is the showing the nodes which are computed and
nodes which has never computed. Hence the optimal value for the maximizer is 3 for this
example.

—_— Min
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MoveOrderinginAlpha-Betapruning:

Theeffectivenessof alpha-betapruningishighlydependenton theorderinwhicheach node is
examined. Move order is an important aspect of alpha-beta pruning.

Itcanbeoftwotypes:

Worstordering: In some cases, alpha-beta pruning algorithm does notprune any of the leaves
of the tree, and works exactly as minimax algorithm. In this case, it also consumes
moretimebecauseofalpha-betafactors,suchamoveofpruningiscalledworstordering.
Inthiscase,thebestmoveoccursontherightsideofthetree. Thetimecomplexityfor such an order is
O(bm).

Ideal ordering: The ideal ordering for alpha-beta pruning occurs when lots of pruning
happensinthetree,andbestmovesoccurattheleftsideofthetree. WeapplyDFShenceit



firstsearchleftof the tree andgodeep twiceasminimax algorithmin thesameamountof time.
Complexity in ideal ordering is O(bm/2).

Rulestofindgoodordering:
Followingaresomerulestofindgoodorderinginalpha-betapruning:

o Occurthebestmovefrom theshallowestnode.
o Orderthenodesinthetreesuchthatthebestnodesarecheckedfirst.

o Use domain knowledge whilefinding the bestmove. Ex: for Chess, try order:
capturesfirst, then threats, then forward moves, backward moves.

o Wecanbookkeepthestates,asthereisapossibilitythatstatesmayrepeat.
4. MonteCarloTreeSearch(MCTS):

Monte Carlo Tree Search (MCTS) is a search technique in the field of Artificial Intelligence(Al).
It is a probabilistic and heuristic driven search algorithm that combines the classic tree
searchimplementationsalongsidemachinelearningprinciplesofreinforcementlearning.  In  tree
search, there’s always the possibility that the current best action is actually not the most optimal
action. In such cases, MCTS algorithm becomes useful as it continues to evaluate other
alternatives periodically during the learning phase by executing them, instead of the current
perceivedoptimalstrategy. Thisisknownasthe” exploration-exploitation trade-off “.It exploits the
actions and strategies that is found to be the best till now but also must continue to explore
thelocal space of alternativedecisions andfindoutif they could replace the current best.

Explorationhelpsinexploringanddiscoveringtheunexploredpartsofthetree,whichcould
resultinfindingamore optimal path. In otherwords,wecan say thatexploration expands the
tree’sbreadthmorethanitsdepth. ExplorationcanbeusefultoensurethatMCTSisnotoverlookingany
potentiallybetterpaths.Butitquicklybecomesinefficientinsituationswith
largenumberofstepsorrepetitions.Inordertoavoidthat,itisbalancedoutbyexploitation.
Exploitationstickstoasinglepaththathasthegreatestestimatedvalue. Thisisagreedy
approachandthiswillextendthetree’sdepthmorethanitsbreadth.Insimplewords,UCB formula
applied totreeshelps tobalance the exploration-exploitation trade-off by periodically
exploringrelativelyunexplorednodesofthetreeanddiscoveringpotentiallymoreoptimal paths  than

the one it is currently exploiting.
Forthischaracteristic, MCTSbecomesparticularlyusefulinmakingoptimaldecisionsinArtificial
Intelligence (Al problems.

MonteCarloTreeSearch(MCTS)algorithm:

In MCTS, nodes are the building blocks ofthe search tree. These nodes are formed based on
the outcome of a number of simulations. The process of Monte Carlo Tree Search can be
broken down into four distinct steps, viz., selection, expansion,simulation and



backpropagation.Eachofthesestepsisexplainedindetailsbelow:

Selection: In this process, the MCTS algorithm traverses the current tree from the root node
using a specific strategy. The strategy uses an evaluation function to optimally select nodes
with the highest estimated value. MCTS uses the Upper Confidence Bound (UCB) formula
applied to trees as the strategy in the selection process to traverse the tree. It balances the
exploration-exploitation trade-off. During tree traversal, a node is selected based on some
parameters that return the maximum value. The parameters are characterized by the formula
that is typically used for this purpose is given below.

I #)

g
where;
Si=valueofanodei
xi= empirical mean ofa node i C
= a constant
t=totalnumberofsimulations
When traversing a tree during the selection process, the child node that returns the greatest
value from the above equation will be one that will get selected. During traversal, once a
childnode is found which is also a leaf node, the MCTS jumps into the expansion step.
Expansion: In this process, a new child node is added to the tree to that node which was
optimally reached during the selection process.
Simulation: In thisprocess,a simulation isperformedby choosingmoves or strategies untila
result or predefined state is achieved.
Backpropagation: After determining the value of the newly added node, the remaining tree
must be updated. So, the backpropagation process is performed, where it backpropagatesfrom
the new node to the root node. During the process, the number of simulation stored in each
node is incremented. Also, if the new node’s simulation results in a win, then thenumber of
wins is also incremented.

Theabovestepscanbevisuallyunderstoodbythediagramgivenbelow:



These types of algorithms are particularly useful in turn based games where there is no element
of chance in the game mechanics, such as Tic Tac Toe, Connect 4, Checkers, Chess, Go, etc.
Thishas recently been usedby Artificial Intelligence ProgramslikeAlphaGo,toplay against the
world’s top Go players.But,its application is notlimited to games only. It can be used in

Repeated X times

_[ Selection ]—>[ Expansion ]—)[ Simulation ]—>[ Backpropagation

anysituationwhichisdescribedbystate-actionpairsandsimulationsusedtoforecast outcomes.

As we cansee, the MCTSalgorithm reduces toa veryfew setof functions whichwe can use any

choice of games or in any optimizing strategy.

AdvantagesofMonteCarloTreeSearch:

1.
2.

3.

4.

MCTSisasimplealgorithm toimplement.

Monte Carlo Tree Search is a heuristic algorithm. MCTS can operate effectively without
any knowledge in the particular domain, apart from the rules and end conditions, andcan
find its own moves and learn from them by playing random playouts.

The MCTS can be saved in any intermediate state and that state can be used in future use
cases whenever required.

MCTS supports asymmetric expansion of the search tree based on the circumstances in
which it is operating.

DisadvantagesofMonteCarloTreeSearch:

1.

2.

As the tree growth becomes rapid after a few iterations, it requires a huge amount of
memory.

There is a bit of a reliability issue with Monte Carlo Tree Search. In certain scenarios, there
might be a single branch or path, that might lead to loss against the opposition when
implemented for those turn-based games. This is mainly due to the vast amount of



combinations and each ofthe nodes might not be visited enough number oftimes to understand
its result or outcome in the long run.

3. MCTS algorithm needs a huge number of iterations to be able to effectively decide the most
efficient path. So, there is a bit of a speed issue there.

5. Stochasticgames:
Many unforeseeable external occurrences can place us in unforeseen circumstances in real life.
Manygames,suchasdicetossing,havearandomelementtoreflectthisunpredictability.  These are
known as stochastic games. Backgammon is a classic game that mixes skill and luck. The legal
moves are determined by rolling dice at the start of each player’s turn white, for
example,hasrolleda6-5andhasfouralternativemovesinthebackgammonscenarioshown  in  the
figure below.
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This is a standard backgammon position. The object ofthe game is to get all of one’s pieces off
the board as quickly as possible. White moves in a clockwise direction toward 25, while Black
movesinacounterclockwisedirection toward0.Unlesstherearemany opponentpieces,a piececan
advancetoanyposition;ifthereisonly oneopponent,itiscaughtandmuststart over. White has rolled a
6-5 and must pick between four valid moves: (5-10,5-11), (5-11,19- 24),(5-10,10-16),and(5—
11,11-16),wherethenotation(5-11,11-16)denotesmovingone

piece fromposition 5 to 11 and then another from 11 to 16.

Stochastic game tree for a backgammon position

Whiteknowshisorherownlegal moves,butheorshehasnoideahow Blackwill roll,and thus has no
idea what Black’s legal moves will be. That means White won’t be able to build a normal game
tree-like in chess or tic-tac-toe. In backgammon, in addition to M A X and M | N nodes,a game
treemustinclude chancenodes.Thefigurebelow depicts chancenodes as circles. The possible dice
rolls are indicated by the branches leading from eachchance node; each branch is labelled with
the roll and its probability. There are 36 different ways to roll two
dice,eachequallylikely,yetthereareonly21distinctrollsbecausea6—5isthesameasa5—6.



P (1-1)= 1/36because each of thesixdoubles(1-1 through 6-6)has aprobability of 1/36. Each of
the other 15 rolls has a 1/18 chance of happening.
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The following phase is to learn how to make good decisions. Obviously, we want to choose the
move that will put us in the best position. Positions, on the other hand, do not have specific
minimum and maximum values. Instead, we can only compute a position’s anticipated value,
which is the average of all potential outcomes of the chance nodes.

As a result, we can generalize the deterministicminimaxvalue to an expected-minimax valuefor
games with chance nodes. Terminal nodes, MAX and MIN nodes (for which the dice roll is
known), and MAX and MIN nodes (for which the dice roll is unknown) all function as before.
We compute the expectedvalue forchance nodes, whichis the sum of all outcomes, weightedby
the probability of each chance action.

EXPECTIMINIMAX (s) =

UTILITY (s) if TERMINAL-TEST (s)
max, EXPECTIMINIMAX (RESULT(s,a))  if PLAYER (s) = MAX
min, EXPECTIMINIMAX (RESULT (s, a)) if PLAYER(s) = MIN

>, P(r) EXPECTIMINIMAX(RESULT (s, 7)) if PLAYER(s) = CHANCE

where ris a possible dice roll (or other random events) and RESULT(s,r) denotes the same state

as s, but with the addition that the dice roll's resultisr.

6. Partiallyobservablegames:

A partiallyobservablesystem isoneinwhichtheentirestateof thesystemisnotfullyvisible
toanexternal sensor.Inapartiallyobservablesystemtheobservermayutilissamemory system in order
to add information to the observer's understanding of the system.

An example of a partially observable system would be a card game in which some of the cards
arediscardedintoapilefacedown.In thiscasetheobserveris only abletoviewtheirown
cardsandpotentiallythoseofthedealer. Theyarenotabletoviewtheface-down(used)cards,
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nor the cards that will be dealt at some stage in the future. A memory system can be used to
remember the previously dealt cards that are now on the used pile. This adds to the total sum of
knowledge that the observer can use to make decisions.

In contrast, a fully observable system would be that of chess. In chess (apart from the ‘who is
moving next' state, and minor subtleties such as whether a side has castled, which may not be
clear) the full state of the system is observable at any point in time.

Partially observable is a term used in a variety of mathematical settings, including that of
artificial intelligence and partially observable Markov decision processes.

7. Constraintsatisfactionproblems:

We have seen so many techniques like Local search, Adversarial search to solve different
problems. The objective of every problem-solving technique is one, i.e., to find a solution to
reach thegoal.Although,inadversarialsearchandlocalsearch,therewerenoconstraints on the agents
while solving the problems and reaching to its solutions.

Constraint satisfaction technique. By the name, it is understood that constraint satisfactionmeans
solving a problem under certain constraints or rules.

Constraint satisfaction is a technique where a problem is solved when its values satisfy certain
constraints orrulesof theproblem. Such type of techniqueleads toa deeperunderstanding of the
problem structure as well as its complexity.

Constraintsatisfactiondependsonthreecomponents,namely:

X:ltisasetofvariables.

D: Itisasetofdomainswherethevariablesreside. Thereisaspecificdomainforeach variable.
C:ltisasetofconstraintswhicharefollowedbythesetofvariables.

In constraint satisfaction, domains are the spaces where the variables reside, following the
problem specific constraints. These are the three main elements of a constraint satisfaction
technique.The constraintvalueconsists of apairof {scope,rel}.The scope isa tupleof variables
which participate in the constraint and rel is a relation which includes a list of values which the
variables can take to satisfy the constraints of the problem.

SolvingConstraintSatisfactionProblems
Therequirementstosolveaconstraintsatisfactionproblem(CSP)is:

o Astate-space
e Thenotionofthesolution.

Astateinstate-spaceisdefinedbyassigningvaluestosomeorallvariablessuchas
{X1=v1,X2=v2,andsoon...}.
Anassignmentofvaluestoavariablecanbedoneinthreeways:
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o Consistent or Legal Assignment: An assignment which does not violate any constraint
or rule is called Consistent or legal assignment.

o Complete Assignment: An assignment where every variable is assigned with a value,and
the solution to the CSP remains consistent. Such assignment is known as Complete
assignment.

o Partial Assignment: An assignment which assigns values to some ofthe variables only.
Such type of assignments are called Partial assignments.

TypesofDomainsinCSP
Therearefollowingtwotypesofdomainswhichareusedbythevariables:

o DiscreteDomain:Itisaninfinitedomainwhichcanhaveonestateformultiple

o variables.Forexample,astartstatecanbeallocatedinfinitetimesforeachvariable.

o Finite Domain: It is a finite domain which can have continuous states describing one
domain for one specific variable. It is also called a continuous domain.

ConstraintTypesinCSP
Withrespecttothevariables,basicallytherearefollowingtypesofconstraints:

o Unary Constraints: It is the simplest type of constraints that restricts the value ofa
single variable.

e Binary Constraints: It is the constraint type which relates two variables. A value x2 will
contain a value which lies between x1 and x3.

e Global Constraints: It is the constraint type which involves an arbitrary number of
variables.

e Some special types of solution algorithms are used to solve the following types of
constraints:

o Linear Constraints: These type of constraints are commonly used in linear
programming where each variable containing an integer value exists in linear form
only.

e Non-linear Constraints: These type of constraints are used in non-linear programming
where each variable (an integer value) exists in a non-linear form.

Note:Aspecialconstraintwhichworksinreal-worldisknownasPreferenceconstraint.

ConstraintPropagation

In local state-spaces, the choice is only one, i.e., to search for a solution. But in CSP, we have
two choices either:

e Wecansearchforasolutionor
o Wecanperformaspecialtypeofinferencecalledconstraintpropagation.



Constraintpropagationis aspecial type of inference whichhelpsin reducing thelegal number of
values for the variables. The idea behind constraint propagation islocal consistency.
Inlocalconsistency,variablesaretreatedas  nodes,andeachbinaryconstraintistreatedas an  arc
inthegivenproblem. Therearefollowinglocalconsistencieswhicharediscussed below:

o NodeConsistency:Asinglevariableissaidtobenodeconsistentifall thevaluesinthe
variable’sdomainsatisfytheunaryconstraintsonthevariables.

e Arc Consistency: A variable is arc consistent if every value in its domain satisfies the
binary constraints of the variables.

o Path Consistency: When the evaluation of a set of two variable with respect to a third
variable can be extended over another variable, satisfying all the binary constraints. It is
similar to arc consistency.

e k-consistency: This type of consistency is used to define the notion of stronger forms of
propagation. Here, we examine the k-consistency of the variables.

CSP Problems
Constraint satisfaction includes those problems which contains some constraints while solving
the problem. CSP includes the following problems:

e Graph Coloring: The problem where the constraint is that no adjacent sides can have
the same color.

Graph Coloring

e Sudoku Playing: The gameplay where the constraint is that no number from 0-9 can be
repeated in the same row or column.
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Puzzle Solution

n-queen problem: In n-queen problem, the constraint is that no queen should be placed
either diagonally, in the same row or column.

Note: Then-queenproblemisalreadydiscussedinProblem-solvinginAlsection.

Crossword: In crossword problem, the constraint is that there should be the correct
formation of the words, and it should be meaningful.




o Latin square Problem: In this game, the task is to search the pattern which is occurring
several timesin the game. They may be shuffled but will contain the same digits.

T 1 1 1 1 1 1
1 2 3 4 112 3 4 5
1{ 3 4 2 115 4 3 2
1 4 2 3 114 3 5 2
1 2 4 3 113 2 5 4

Latin Squence Problem

e Cryptarithmetic Problem: This problem has one most important constraint that is, we
cannot assign a different digit to the same character. All digits should contain a unique
alphabet.



CryptarithmeticProblem

Cryptarithmetic Problem is a type of constraint satisfaction problem where the game is about
digits and its unique replacement either with alphabets or other symbols. In cryptarithmetic
problem, the digits(0-9) get substituted by some possible alphabets or symbols. The task in
cryptarithmetic problem is to substitute each digit with an alphabet to get the resultarithmetically
correct.

We can perform all the arithmetic operations on a given cryptarithmetic problem.
The rules or constraints on a cryptarithmetic problem are as follows:

e Thereshouldbeauniquedigittobereplacedwithaunique alphabet.

o Theresultshouldsatisfythepredefinedarithmetic rules,i.e.,2+2=4,nothingelse.

o Digitsshouldbefrom0O-9only.

e Thereshould beonlyonecarryforward,whileperformingtheadditionoperationona
problem.

e Theproblemcanbesolved frombothsides, i.e., lefthandside(L.H.S),orrighthand side
(R.H.S)

Let’sunderstandthecryptarithmeticproblemaswellitsconstraintsbetterwiththehelp of an
example:

e Givena cryptarithmeticproblem,i.e., SEN D+MORE=MONEY
SEND

+MORE

MONEY

e Inthisexample,addbothtermsSENDand M OREtobringMO N EYasaresult.

Followthebelowstepstounderstandthegivenproblembybreakingitintoitssubparts:

o Startingfromthelefthandside(L.H.S),thetermsareSandM. Assignadigitwhich
couldgiveasatisfactoryresult.Let’sassign S->9andM->1.
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+M +1

MO 10

Hence,weget asatisfactoryresultby adding upthetermsandgot anassignmentforOasO-
>0as well.
e Now,moveaheadtothenexttermsEand OtogetNasitsoutput.

E 5
+0 ié +0
M 5

Adding E and O, which means 5+0=0, which is not possible because according to
cryptarithmetic constraints, we cannot assign the same digit to two letters. So, we need to think
more and assign some other value.

<>*Jrﬁmmw
5

E
+0 +0
N 6

Note:Whenwewillsolve further,wewillgetonecarry,so afterapplying it,theanswerwillbe satisfied.

e Further,addingthenexttwotermsNand Rweget,




But,wehavealreadyassigned E->5.Thus,theaboveresult doesnot satisfythevalues because we

are getting a different value for E. So, we need to think more.
Again, aftersolving the whole problem, we will get a carryoveron this term, so ouranswer

will be satisfied.

N @ \ carry

—_—
+R +8

E 15

S

wherelwillbecarryforwardtotheaboveterm
Let’smoveahead.

Again,onaddingthe last twoterms, i.e.,therightmost terms DandE,wegetY asits result.

D 7
+E +5
Y 12

wherel willbecarryforwardto theabove term
e Keepingalltheconstraintsinmind, thefinalresultantisasfollows:

SEND

+MORE

MONEY

¢ Belowistherepresentationoftheassignmentofthedigitsto thealphabets.



S 9
E 5
N 6
D 7
M 1
0 0
R 8
v 2

Moreexamplesofcryptarithmaticproblemscanbe:
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8. Backtrackingsearchfor CSP:

Backtrackingsearch,aformofdepth-first search,iscommonlyused forsolvingCSPs.Inference can be
interwoven with search.

Commutativity: CSPsareallcommutative. Aproblemiscommutative ifthe orderof application of
any given set of actions has no effect on the outcome.

Backtrackingsearch: Adepth-first searchthat choosesvaluesforonevariableat atimeand
backtracks when a variable has no legal values left to assign.

Backtracking algorithm repeatedly chooses an unassigned variable, and then tries all values in
thedomainofthat variable inturn,tryingtofindasolution. Ifaninconsistencyisdetected,then
BACKTRACK returns failure, causing the previous call to try another value.

There isno needto supplyBACKTRACKING-SEARCHwithadomain-specific initialstate, action
function, transition model, or goal test.
BACKTRACKING-SARCHkeepsonlyasinglerepresentationofastateandaltersthat representation
rather than creating a new ones.

function BACKTRACKING-SEARCH(csp) returns a solution, or failure
return BACKTRACK({ }, esp)

function BACKTRACK(assignment, csp) returns a solution, or failure
if assignment is complete then return assignment
var <+ SELECT-UNASSIGNED-VARIABLE(csp)
for each value in ORDER-DOMAIN-VALUES(var, assignment, csp) do
if value is consistent with assignment then
add {var = value} to assignment
inferences «+— INFERENCE(csp, var, value)
if inferences # failure then
add inferences to assignment
result «— BACKTRACK(assignment, csp)
if result # failure then
return result
remove {var = value} and inferences from assignment
return failure

Figure 6.5 A simple backtracking algorithm for constraint satisfaction problems. The al-
gorithm is modeled on the recursive depth-first search of Chapter 3. By varying the functions
SELECT-UNASSIGNED-VARIABLE and ORDER-DOMAIN-VALUES, we can implement the
general-purpose heuristics discussed in the text. The function INFERENCE can optionally be
used to impose arc-, path-, or k-consistency, as desired. If a value choice leads to failure
(noticed either by INFERENCE or by BACKTRACK), then value assignments (including those
made by INFERENCE) are removed from the current assignment and a new value is tried.

TosolveCSPsefficientlywithoutdomain-specificknowledge,addressfollowingqguestions:
1) functionSELECT-UNASSIGNED-VARIABLE:whichvariableshouldbeassigned next?



functionORDER-DOMAIN-VALUES: inwhatordershould itsvaluesbetried?
2) functionINFERENCE:whatinferencesshouldbeperformedateachstepinthesearch?
3) Whenthesearcharrivesat anassignmentthat violatesaconstraint,canthesearchavoid
repeating this failure?

1. Variableandvalueordering

SELECT-UNASSIGNED-VARIABLE

Variableselection—fail-first

Minimum-remaining-values (MRV) heuristic: The idea of choosing the variable with the
fewest “legal” value. A.k.a. “most constrained variable” or “fail-first” heuristic, it picks a
variable that is most likely to cause a failure soonthereby pruning the search tree. If some
variableXhasno legalvaluesleft,theMRVheuristicwillselect Xandfailurewillbedetected
immediately—avoiding pointless searches through other variables.

[Powerfulguide]

Degreeheuristic: ~ Thedegreeheuristicattemptstoreducethebranching  factoronfuturechoices
byselectingthevariablethat isinvolved inthe largest numberofconstraintsonotherunassigned
variables. [useful tie-breaker]

ORDER-DOMAIN-VALUES

Valueselection—fail-last

Ifwearetryingtofindallthesolutiontoaproblem(notjustthefirst one),thentheorderingdoes not matter.
Least-constraining-valueheuristic:prefersthevaluethat rulesoutthefewest choiceforthe
neighboring variables in the constraint graph. (Try to leave the maximum flexibility for
subsequent variable assignments.)



2. Interleavingsearchandinference

INFERENCE

forwardchecking: [Oneofthesimplest formsofinference.]WheneveravariableX isassigned, the
forward-checking process establishes arc consistency for it: for each unassigned variable Y
thatisconnectedto Xbyaconstraint, deletefromY ’sdomainanyvaluethat is inconsistent with the
value chosen for X.

There isno reasonto doforwardchecking ifwe havealreadydone arcconsistencyasa preprocessing
step.

WA NT [0) NSW Vv SA T
Initial domains |[R GB|RGB|RGB|RGB|RGB|(RGB|RG B
After WA=red |® GB|RGB|RGB|RGB| GB|RGB
After Q=green ® Bl @ |[R B|RGB BI[RG B
After V=blue |® Bl @ [R RGB

Figure 6.7 The progress of a map-coloring search with forward checking. WA = red
is assigned first; then forward checking deletes red from the domains of the neighboring
variables NT and SA. After (Q = green is assigned, green is deleted from the domains of
NT, SA, and NSW. After V = blue is assigned, blue is deleted from the domains of NS W
and SA, leaving SA with no legal values.

Advantage:Formanyproblemsthesearchwillbe moreeffective ifwecombinetheMRV heuristic with
forward checking.

Disadvantage:Forwardcheckingonlymakesthecurrent variablearc-consistent,butdoesn’t look
ahead and make all the other variables arc-consistent.

MAC (Maintaining Arc Consistency) algorithm: [More powerful than forward checking,
detect this inconsistency.] After a variable Xi is assigned a value, the INFERENCE procedure
calls AC-3, butinstead ofa queue ofall arcs in the CSP, we startwith only the arcs(Xj, Xi)for all
Xj that are unassigned variables that are neighbors of Xi. From there, AC-3 does constraint
propagation intheusualway, and ifany variablehas itsdomainreduced totheemptyset,thecall to AC-
3 fails and we know to backtrack immediately.

Intelligentbacktracking
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Figure 6.1 (a) The principal states and territories of Australia. Coloring this map can
be viewed as a constraint satisfaction problem (CSP). The goal is to assign colors to each
region so that no neighboring regions have the same color. (b) The map-coloring problem
represented as a constraint graph.

chronologicalbacktracking: TheBACKGRACKING-SEARCH inFig6.5.Whenabranchofthe
search fails, back up to the preceding variable and trya different value for it. (The most recent
decision point is revisited.)

e.g.

Supposewehavegeneratedthepartialassignment {Q=red, NSW=green,V=blue, T=red}. When
we trythe next variable SA, we see every value violates a constraint.

We backuptoTandtryanewcolor,itcannotresolvethe problem.

Intelligentbacktracking: Backtrackto avariablethatwasresponsiblefor makingoneofthe possible
values of the next variable (e.g. SA) impossible.

Conflictsetforavariable: Asetofassignmentsthat areinconflict withsomevalue forthat variable.
(e.g. The set {Q=red, NSW=green, V=blue} is the conflict set for SA.)
backjumpingmethod:Backtrackstothemostrecentassignmentintheconflictset. (e.g.
backjumping would jump over T and try a new value for V.)

Forwardcheckingcansupplytheconflictsetwithnoextrawork.

Whenever forwardchecking basedonanassignment X=xdeletesavalue fromY ’sdomain,add X=x
to Y’s conflict set;

Ifthe last value isdeletedfromY ’sdomain,theassignment intheconflict set ofYareaddedto the
conflict set of X.

Infact,everybranchpruned bybackjumping isalsoprunedbyforwardchecking.Hencesimple
backjumping is redundant in a forward-checking search or in a search that uses stronger
consistency checking (such as MAC).



Conflict-directedbackjumping:

e.g.

considerthepartialassignmentwhichisprovedtobeinconsistent:{WA=red, NSW=red}.
WetryT=rednext andthenassignNT, Q, V,SA,no assignment canworkforthese last 4
variables.

Eventuallywerunoutofvalueto tryatNT,but simplebackjumpingcannotworkbecauseNT
doesn’thaveacompleteconflictsetofprecedingvariablesthatcausedto fail.

Theset {WA, NSW} isadeepernotionoftheconflict setforNT, causedNTtogetherwithany
subsequent variablesto havenoconsistent solution.Sothealgorithmshouldbacktrackto NSW and
skip over T.

Abackjumpingalgorithmthat usesconflict setsdefined inthiswayiscalled conflict-direct
backjumping.

HowtoCompute:

Whena variable’sdomain becomesempty,the“terminal”failureoccurs,thatvariable hasa
standardconflictset.

Let Xjbethecurrentvariable, let conf(Xj)be itsconflict set.Ifeverypossiblevalue for Xjfails,
backjump to the most recent variable Xi in conf(Xj), and set

conf(Xi)«— conf(Xi)uconf(Xj)—{Xi}.

Theconflict setforanvariable means,thereisno solutionfromthat variableonward,giventhe
preceding assignment to the conflict set.

e.g.

assignWA,NSW,T,NT,Q,V,SA.

SAfails,anditsconflictsetis{ WA,NT,Q}.(standardconflictset)

BackjumptoQ,itsconflict setis{NT, NSW}U{WA,NT,Q}-{Q}={WA, NT, NSW}. Backtrack to
NT, its conflict set is {WA}U{WA,NT,NSW}-{NT} = {WA, NSW}.
HencethealgorithmbackjumptoNSW.(overT)

After backjumping from a contradiction, how to avoid running into the same problem again:
Constraint learning: The idea of finding a minimumset of variables fromthe conflict set that
causes the problem. This set ofvariables, along withtheir corresponding values, is called a no-
good. Wethenrecordtheno-good, either byaddinganewconstrainttotheCSPorbykeepinga separate
cache of no-goods.

Backtrackingoccurswhennolegalassignmentcanbefoundforavariable. Conflict-directed backjumping
backtracks directly to the source of the problem.

9. LocalsearchforCSP:

LocalsearchalgorithmsforCSPsuseacomplete-stateformulation:the initialstateassignsa value to
every variable, and the search change the value of one variable at a time.
Themin-conflictsheuristic:Inchoosinganew value foravariable,selectthevaluethat results in the
minimum number of conflicts with other variables.



function MIN-CONFLICTS(csp, maz _steps) returns a solution or failure
inputs: csp, a constraint satisfaction problem
maz _steps, the number of steps allowed before giving up

current < an initial complete assignment for csp
for i = 1 to maz_steps do
if current is a solution for csp then return current
var < a randomly chosen conflicted variable from csp. VARIABLES
value « the value v for var that minimizes CONELICTS(var, v, current, csp)
set var = value in current
return failure

Figure 6.8 The MIN-CONFLICTS algorithm for solving CSPs by local search. The initial
state may be chosen randomly or by a greedy assignment process that chooses a minimal-
conflict value for each variable in turn. The CONFLICTS function counts the number of
constraints violated by a particular value, given the rest of the current assignment.

LocalsearchtechnigquesinSection4.1 canbe usedin localsearch forCSPs.

The landscape of a CSP under the mini-conflicts heuristic usually has a series of plateau.
Simulated annealing and Plateau search (i.e. allowing sideways moves to another state with the
samescore)canhelp localsearchfind itswayofftheplateau. Thiswanderingontheplateaucan be
directed with tabu search: keeping a small list of recently visited states and forbidding the
algorithm to return to those tates.

Constraintweighting:atechniquethatcanhelpconcentratethesearchontheimportant constraints.
EachconstraintisgivenanumericweightWi,initiallyall 1.

At eachstep,thealgorithmchoosesavariable/valuepairtochangethat willresult inthe lowest total
weight of all violated constraints.

Theweightsarethenadjustedbyincrementingtheweight ofeachconstraintthat isviolatedby the
current assignment.

Localsearchcanbeused inanonlinesettingwhentheproblemchanges, this isparticularly important in
scheduling problems.

Thestructureofproblem
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Figure 6.1 (a) The principal states and territories of Australia. Coloring this map can
be viewed as a constraint satisfaction problem (CSP). The goal is to assign colors to each
region so that no neighboring regions have the same color. (b) The map-coloring problem
represented as a constraint graph.

1. Thestructureofconstraintgraph

Thestructureoftheproblemasrepresentedbythe constraint graphcanbeusedtofindsolution quickly.
e.g.Theproblemcanbedecomposed into2 independentsubproblems:ColoringTandcoloring the
mainland.

Tree: A constraint graph is a tree when anytwo varyiable are connected byonly one path.
Directed arc consistency (DAC): A CSP is defined to be directed arc-consistent under an
orderingofvariables X1, X2, ..., Xn ifandonlyifeveryXi isarc-consistent witheachXjfor j>i.
Byusing DAC, anytree-structured CSPcanbe solved intime linear inthe number ofvariables. How
to solve a tree-structure CSP:

Pick anyvariable tobethe rootofthe tree;

Chooseanorderingofthevariablesuchthat eachvariableappearsafter itsparent inthetree. (topological
sort)

Anytreewithnnodeshasn-1arcs, so wecanmakethisgraphdirectedarc-consistent inO(n) steps,
eachofwhich must compare up to d possible domain values for 2 variables, for atotal time of
O(nd2).

Oncewe haveadirectedarc-consistent graph, wecanjust marchdownthe list ofvariablesand choose
any remaining value.

Sinceeachlinkfromaparenttoitschildisarcconsistent, wewon’thavetobacktrack,andcan
movelinearlythroughthevariables.
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Figure 6.10 (a) The constraint graph of a tree-structured CSP. (b) A linear ordering of the
variables consistent with the tree with A as the root. This is known as a topological sort of
the variables.

function TREE-CSP-SOLVER( csp) returns a solution, or failure
inputs: csp, a CSP with components X, D, C

n < number of variables in X
assignment «— an empty assignment
root «+— any variable in X
X «— TOPOLOGICALSORT(X, root)
for 7 = n down to 2 do
MAKE-ARC-CONSISTENT(PARENT(X ;), X ;)
if it cannot be made consistent then return failure
for i =1ton do
assignment[X;] < any consistent value from D;
if there is no consistent value then return failure
return assignment

Figure 6.11 The TREE-CSP-SOLVER algorithm for solving tree-structured CSPs. If the
CSP has a solution, we will find it in linear time; if not, we will detect a contradiction.

Thereare2 primarywaysto reducemoregeneralconstraintgraphsto trees:
1. Basedonremoving nodes;
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Figure 6.12 (a) The original constraint graph from Figure 6.1. (b) The constraint graph
after the removal of SA.




e.g. WecandeleteSAfromthegraphbyfixingavalue for SAanddeleting fromthedomainsof other
variables any values that are inconsistent with the value chosen for SA.
Thegeneralalgorithm:
Chooseasubset SoftheCSP’svariablessuchthattheconstraint graphbecomesatreeafter removal of S.
S is called a cycle cutset.
Foreachpossibleassignmenttothevariables inSthatsatisfiesallconstraintsons,

(@) remove fromthedomainoftheremaining variablesanyvaluesthat areinconsistent withthe
assignment for S, and

(b) IftheremainingCSPhasasolution,returnit togetherwiththeassignment forS. Time
complexity: O(dc-(n-c)d2), c is the size of the cycle cut set.
Cutsetconditioning: Theoverallalgorithmicapproachofefficient approximationalgorithmsto find
the smallest cycle cutset.
2. Basedoncollapsingnodestogether
Tree decomposition: construct a tree decomposition of the constraint graph into a set of
connectedsubproblems, eachsubproblemissolvedindependently,andtheresultingsolutionsare then
combined.
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Figure 6.13 A tree decomposition of the constraint graph in Figure 6.12(a).

Atreedecompositionmustsatisfy3requirements:

-Everyvariableintheoriginalproblemappearsin atleastoneofthesubproblems.
-1f2variablesareconnectedbyaconstraint intheoriginalproblem, theymust appeartogether (along
with the constraint) in at least one of the subproblems.

-Ifavariableappears in2subproblems inthetree,it must appearineverysubproblemalongthe path
connecting those those subproblems.

Wesolveeachsubproblem independently.

Ifanyonehas nosolution, theentireproblemhasnosolution.

Ifwecansolve allthesubproblems,thenconstructaglobalsolutionasfollows:

First, vieweachsubproblemasa“mega-variable” whosedomain isthesetofallsolutions forthe subproblem.
Then,solvetheconstraintsconnectingthesubproblemsusingtheefficientalgorithmfortrees.



Agivenconstraintgraphadmitsmanytree decomposition;

Inchoosing adecomposition,theaimistomakethesubproblemsassmallas possible.

Treewidth:

Thetreewidthofatreedecompositionofagraphisone lessthanthesizeofthe largest subproblems.
Thetreewidthofthegraphitselfisthe minimumtreewidthamongallitstreedecompositions. Time
complexity: O(ndw+1), w is the tree width of the graph.

2. Thestructurein thevaluesofvariables
Byintroducingasymmetry-breakingconstraint,wecanbreakthevaluesymmetryandreduce the
search space by a factor of nl.

e.g.

Considerthemap-coloringproblemswithncolors,foreveryconsistent solution,there isactually a set

of n! solutions formed by permuting the color names.(value symmetry)

OntheAustralia map,WA,NTandSAmust allhavedifferent colors,sothereare3!=6waysto assign.

We can impose an arbitraryordering constraint NT<SA<WA that requires the 3 values to be in
alphabeticalorder. Thisconstraint ensuresthatonlyoneofthen!solutionispossible:{NT=blue, SA=green,
WA-=red}. (symmetry-breaking constraint)



AL3391  ARTIFICIALINTELLIGENCE
UNIT IV
1. Knowledge-basedagent inArtificialintelligence

o An intelligent agent needsknowledge about the real world for taking decisions andreasoning to act
efficiently.

o Knowledge-based agents are those agents who have the capability ofmaintaining an internal state of
knowledge,reason overthat knowledge,updatetheir knowledge after observations and take actions.
These agents can represent the world with some formal representation and act intelligently.

o Knowledge-basedagentsarecomposedoftwomainparts:
o Knowledge-baseand
o Inferencesystem.

Aknowledge-basedagentmustabletodothe following:

Anagentshouldbeabletorepresentstates,actions, etc.
AnagentShouldbeabletoincorporatenewpercepts
Anagentcanupdatetheinternalrepresentationoftheworld
Anagentcandeducetheinternalrepresentationoftheworld
Anagentcandeduceappropriateactions.

O O O O O

Thearchitectureofknowledge-basedagent:

Environment

Input from

’7 Environment | Qutput KBA

Inference Engine ———————>

-~

Learning
(Updating KB)

¥

Knowledge Base

The above diagram is representing a generalized architecture for a knowledge-based agent. The knowledge-based
agent (KBA) take input from the environment by perceiving the environment. The input is taken by the inference
engine of the agent and which also communicate with KB to decide as per the knowledge store in KB. The learning
element of KBA regularly updates the KB by learning new knowledge.

Knowledge base:Knowledge-base is a central component ofa knowledge-based agent, it is also known as KB. It is a
collection of sentences (here 'sentence' is a technical term and it is not identical to sentence in English). These
sentences are expressed in a language which is called a knowledge representation language. The Knowledge-base of
KBA stores fact about the world.



Whyuseaknowledgebase?

Knowledge-baseisrequiredforupdatingknowledge foran agent tolearn with experiencesandtake action asperthe
knowledge.

Inferencesystem

Inference means deriving new sentences from old. Inference system allows us to add a new sentence to the
knowledge base. A sentence is a proposition about the world. Inference system applies logical rules to the KB to
deduce new information.

Inference system generates new facts so that an agent can update the KB. An inference systemworks mainly in two
rules which are given as:

o Forwardchaining
o Backwardchaining

OperationsPerformedbyKBA
FollowingarethreeoperationswhichareperformedbyKBAinordertoshowtheintelligentbehavior:

1. TELL:Thisoperationtellstheknowledgebase whatitperceivesfromthe environment.
2. ASK:Thisoperationaskstheknowledgebasewhatactionitshouldperform.
3. Perform:ltperformstheselectedaction.

Agenericknowledge-basedagent:
Followingisthestructureoutlineofagenericknowledge-basedagentsprogram:

functionKB-AGENT(percept):
persistent:KB,aknowledgebase

t, a counter, initially 0, indicating time
TELL(KB,MAKE-PERCEPT-SENTENCE(percept,t))
Action = ASK(KB, MAKE-ACTION-QUERY(t))
TELL(KB, MAKE-ACTION-SENTENCE(action, t))
t=t+1
returnaction

The knowledge-based agent takes percept as input and returns an action as output. The agent maintains the
knowledge base, KB, and it initially has some background knowledge of the real world. It also has a counter toindicate
the time for the whole process, and this counter is initialized with zero.

Eachtimewhenthefunctioniscalled,itperformsitsthree operations:
o FirstlyitTELLstheKBwhatit perceives.

o Secondly,itaskskBwhatactionitshouldtake
o ThirdagentprogramTELLStheKBthatwhichactionwaschosen.



TheMAKE-PERCEPT-SENTENCEgeneratesasentenceassettingthattheagentperceivedthegivenperceptatthe given time.
TheMAKE-ACTION-QUERYgeneratesasentencetoask whichactionshouldbedoneatthecurrenttime. MAKE-

ACTION-SENTENCE generates a sentence which asserts that the chosen action was executed.

Variouslevelsofknowledge-basedagent:

Aknowledge-basedagentcanbeviewedatdifferentlevelswhicharegivenbelow:

1. Knowledgelevel

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

2. Logicallevel:

are encoded into different logics. At the logical level, an encoding of knowledge into logical sentences occurs. At the
logical level we can expect to the automated taxi agent to reach to the destination B.

3. Implementationlevel:

This is the physical representation of logic and knowledge. At the implementation level agent perform actions as per
logicalandknowledgelevel Atthislevel,an automatedtaxiagentactuallyimplementhisknowledgeandlogic sothat he can
reach to the destination.

Approachestodesigningaknowledge-basedagent:
Therearemainlytwoapproachestobuildaknowledge-basedagent:

1. 1. Declarative approach:We can create a knowledge-based agent by initializing with an empty knowledge
base and telling the agent all the sentences with which we want to start with. This approach is called
Declarative approach.

2. 2. Procedural approach:in the procedural approach, we directly encode desired behavior as a program
code. Which means we just need to write a program that already encodes the desired behavior or agent.

However, in the real world, asuccessful agentcan be builtbycombiningboth declarativeandprocedural approaches, and
declarative knowledge can often be compiled into more efficient procedural code.

2. Propositionallogic

Propositional logic (PL)is the simplest form of logic where allthestatements aremadebypropositions.A proposition is a
declarative statement which is either true or false. It is a technique of knowledge representation in logical and
mathematical form.



Example:

a) Itis Sunday.
b) TheSunrisesfromWest(False proposition)

c) 3+3=7
d) Sisapri

Followin
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o

o

o

o

o

o
Syntaxof
Thesynta
Propositi
a.
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o
Example

(Falseproposition)
menumber.

garesomebasicfactsaboutpropositionallogic:

PropositionallogicisalsocalledBooleanlogicasitworksonOand 1.
Inpropositionallogic,weusesymbolicvariablestorepresentthelogic,andwecanuseanysymbolfora representing a
proposition, such A, B, C, P, Q, R, etc.

Propositionscanbeeithertrueorfalse,butitcannotbeboth.
Propositionallogicconsistsofanobject,relationsorfunction,andlogicalconnectives.
Theseconnectivesarealsocalledlogicaloperators.
Thepropositionsandconnectivesarethebasicelementsofthepropositionallogic.

Connectivescan besaidasalogicaloperatorwhichconnectstwosentences.
Apropositionformulawhichisalwaystrueiscalledtautology,anditisalsocalledavalidsentence.
ApropositionformulawhichisalwaysfalseiscalledContradiction.
Apropositionformulawhichhasbothtrueandfalsevaluesiscalled

Statements whicharequestions, commands, or opinions arenotpropositions suchas "WhereisRohini", "How
are you", "What is your name", are not propositions.

propositionallogic:

x ofpropositionallogicdefines theallowablesentences forthe knowledgerepresentation. Therearetwo types of
ons:

Atomic Propositions
Compoundpropositions

AtomicProposition:Atomicpropositionsarethesimplepropositions.ltconsistsofasingleproposition symbol.
These are the sentences which must be either true or false.

a) 2+2is4,itisanatomicpropositionasitisatruefact.
b) "TheSuniscold"isalsoapropositionasitisafalsefact.

o

Example

a) "ltisrai
b) "Ankit

Compoundproposition:Compoundpropositionsareconstructedbycombiningsimpleroratomic propositions,
using parenthesis and logical connectives.

ningtoday,andstreetiswet."
isadoctor,andhisclinicis inMumbai."



Logical Connectives:

Logical connectives are used to connect two simpler propositions or representing a sentence logically. We can create
compound propositions with the help of logical connectives. There are mainly five connectives, which are given as
follows:

1. Negation:A sentencesuch as—Pis callednegation ofP.A literalcan beeitherPositiveliteralornegative literal.
2. Conjunction:A sentencewhich hasAconnectivesuch as,PAQiscalledaconjunction.
Example:Rohanisintelligentandhardworking.ltcanbewrittenas,
P=Rohanisintelligent,
Q=Rohanishardworking.—-PAQ.
3. Disjunction:A sentencewhichhas v connective,such asPv Q.iscalleddisjunction,wherePandQ arethe
propositions.
Example:"RitikaisadoctororEngineer”,
HereP=RitikaisDoctor.Q=RitikaisDoctor,sowecan writeitasPvQ.
4. Implication:A sentencesuch asP—Q,iscalledan implication.Implicationsarealsoknown asif-then rules. It can
be represented as
If itisraining,then thestreet iswet.
LetP=ltisraining,andQ=Street iswet,soitisrepresentedasP— Q
5. Biconditional:AsentencesuchasP< QisaBiconditionalsentence,examplelflambreathing,thenl am alive
P=lambreathing,Q=Iamalive,itcanberepresentedasP=Q.

FollowingisthesummarizedtableforPropositionalLogicConnectives:

Connective symbols Word Technical term  Example

AND Conjunction AAB

OR Disjunction AV B
Implies Implication A=B

If and only if Biconditional A= B
Mot Megation -Aor-B

Truth Table:

In propositional logic, we need to know the truth values of propositions in all possible scenarios. We can combine all
thepossiblecombinationwithlogicalconnectives,andtherepresentationofthesecombinationsinatabularformatis



Truthtablewiththreepropositions:

We can build a proposition composing three propositions P, Q, and R. This truth table is made-up of 8n Tuples as we

have taken three proposition symbols.

P Q R =R PvQ PvQ-™R
True True True False True False
True True False True True True
True False True False True False
True False False True True True
False True True False True False
False True False True True True
False False True False False True
False False False True False True

Precedenceof connectives:

Just like arithmetic operators,there isaprecedence orderforpropositionalconnectorsorlogicaloperators.Thisorder
should be followed while evaluating a propositional problem. Following is the list of the precedence order for
operators:

Precedence Operators

FirstPrecedence Parenthesis

Second Precedence Negation

Third Precedence Conjunction(AND)
FourthPrecedence Disjunction(OR)
FifthPrecedence Implication
SixPrecedence Biconditional

Note:Forbetter understandinguseparenthesistomakesure ofthecorrectinterpretations.Suchas-Rv Q,It can be
interpreted as (-R) vQ

Logical equivalence:

Logicalequivalence isone of the featuresof propositionallogic.Twopropositionsare saidto be logically equivalent if and
only if the columns in the truth table are identical to each other.

Let's take two propositions Aand B, so for logical equivalence, we canwrite it as A=B. In below truthtable we can see
that column for =Av B and A—B, are identical hence A is Equivalent to B

A B =a Sav B AS>B
T T F T T
T F F F F
F T T T T
F F T T T




PropertiesofOperators:
o Commutativity:
o PAQ=QAP,or
o PvQ=QvP.
o Associativity:
o (PAQAR=PA(QAR),
o (PvQ)VR=PV(QVR)
o Identityelement:
o  PATrue=P,
o  PvTrue= True.
o Distributive:
o PA(QVR)=(PAQ)V(PAR).
o Pv(QAR)=(PVQ)A(PVR).
o DEMorgan'sLaw:
o  =(PAQ=(-P)V(-Q
o =(PvQ=(-P)A(-Q.
o Double-negationelimination:
o ~(=P)=P.

LimitationsofPropositionallogic:
o  WecannotrepresentrelationslikeALL,some,ornonewithpropositionallogic.Example:
a. Allthegirlsare intelligent.
b. Someapplesaresweet.
Propositionallogichaslimitedexpressive power.
Inpropositionallogic,wecannotdescribestatementsintermsoftheirpropertiesorlogicalrelationships.

3. Propositionaltheoremproving

Theoremproving: Applyingrulesof inferencedirectlytothesentences inour knowledge baseto construct a
proof of the desired sentence without consulting models.

Inferencerules arepatterns ofsound inferencethat canbeusedtofindproofs. The resolutionruleyields a
complete inference algorithm for knowledge bases that are expressed in conjunctive normal

form. Forwardchainingandbackwardchaining areverynaturalreasoningalgorithmsfor knowledge bases
in Horn form.

Logicalequivalence:

Twosentences aandp arelogically equivalent ifthey aretrueinthesameset of models. (writeas a= ). Also:
o = p if andonly if a cfandp ca.



(anpB) = (BA @) commutativity of A
(avp) = (BVa) commutativity of V
((@npB)Avy) = (aN(BA7)) associativity of A
((avpB)Vy) = (aV(BV7y)) associativity of V
—-(—a) = a double-negation elimination
(¢ = B) = (=8 = —a) contraposition
(¢ = B) = (—aV B) implication elimination
(@ & B) = ((@ = B)A(B = «)) biconditional elimination
-(aApB) = (—maV —-8) DeMorgan
-(aVvpB) = (—aA—-B8) DeMorgan
(an(@BVy) = (eAP)V(aA~y)) distributivity of A over V
(aVv(BAY) = ((avB)A(aVry)) distributivity of V over A
Figure 7.11  Standard logical equivalences. The symbols «, 3, and -y stand for arbitrary
sentences of propositional logic.

Validity: Asentenceisvalidifit istrueinall models.

Validsentencesarealsoknownas tautologies—theyarenecessarilytrue. Everyvalidsentenceis logically
equivalent to True.

The deduction theorem: For any sentence aand 5, a cf if and only if the sentence (a = ) is valid.
Satisfiability: Asentenceissatisfiableifitistruein, or satisfiedby, somemodel. Satisfiabilitycanbe checked
by enumerating the possible models until one is found that satisfies the sentence.

TheSAT problem:Theproblemof determiningthesatisfiabilityofsentencesinpropositionallogic. Validity
andsatisfiability are connected:

aisvalidiff-ais unsatisfiable;

aissatisfiableiff-aisnot valid;

acpifandonlyifthesentence(aA-f)isunsatisfiable.

Provingp fromabycheckingtheunsatisfiabilityof(aA-f)corresponds toproofby refutation/ proof by
contradiction.

Inferenceandproofs
Inferencesrules(suchasModusPonensandAnd-Elimination)canbeappliedtoderivedtoaproof.
-ModusPorlgns:

o = 3, Qo

p

Wheneveranysentencesoftheforma=pandaaregiven,thenthesentencefcanbeinferred.

-And-Elimination:
a NG
a -

From aconjunction,anyoftheconjunctscanbeinferred.

-Alloflogicalequivalence(inFigure7.11)canbeusedasinferencerules.



(anpB) = (BA«) commutativity of A
(avpB) = (BVa) commutativity of V
((anB)NANvy) = (aN(BAN7)) associativity of A
((avpB)Vvy) = (aVv(BVy)) associativity of V
—(—a) = a double-negation elimination
(¢ = B) = (=8 = —a) contraposition
(¢ = B) = (—aV B) implication elimination
(a & B) = ((a = B)A(B = «a)) biconditional elimination
—-(aApB) = (—aV —3) DeMorgan
—(aVvpB) = (—aA—-8) DeMorgan
(an(BVy) = (a@AnpB)V (aA~y)) distributivity of A over V
(av(@BAY) = ((avpB)A(aV-y)) distributivity of V over A

Figure 7.11 Standard logical equivalences. The symbols «, 3, and -y stand for arbitrary
sentences of propositional logic.

e.g.Theequivalenceforbiconditionaleliminationyields2inferencerules:

aef P G N )
(@ = PAB = a) a e f

-DeMorgan’srule

Wecanapplyanyof thesearchalgorithmsinChapter3tofindasequenceof stepsthat constitutesa proof. We
just need to define a proof problem as follows:

[INITIALSTATE:theinitialknowledgebase;

-ACTION:theset of actionsconsistsof alltheinferencerulesappliedtoallthesentencesthat matchthe top half
of the inference rule.

-RESULT :theresultofanactionistoaddthesentenceinthebottomhalfoftheinferencerule.
-GOAL:thegoalisastatethat containsthesentencewearetryingtoprove.

Inmanypracticalcases, findingaproof canbemoreefficientthanenumeratingmodels, becausethe proof can
ignore irrelevant propositions, no matter how many of them they are.

Monotonicity: Apropertyoflogical system,saysthatthesetofentailedsentencescanonlyincreasedas
information is added to the knowledge base.

Foranysentencesaandp, If

KB cathen KBAB c a.

Monotonicitymeansthatinferencerulescanbeappliedwhenever suitablepremisesarefoundinthe
knowledgebase,whatelseintheknowledgebasecannotinvalidateanyconclusionalreadyinferred.

Proofbyresolution

Resolution: Aninferencerulethat yieldsacompleteinferencealgorithm whencoupledwithanycomplete search
algorithm.

Clause: Adisjunctionofliterals. (e.g.AvB).Asingleliteral canbeviewedasa unit clause (adisjunctionof one
literal ).

Unitresolutioninferencerule:Takesaclauseandaliteralandproducesanewclause.

b1V --- V¥, m
byV- -Vl _1VEliy1V- -V

whereeachlisaliteral,liandmarecomplementaryliterals(oneisthe negationofthe other).

Fullresolutionrule: Takes2clausesandproducesanewclause.



LV-Vl, mN--NVm,
VNLVmN-Nm_ Nm

whereliandmjarecomplementaryliterals.

L VN1, V1,

i+l

V--Vvm,

j+l

Notice: Theresultingclauseshouldcontain onlyonecopyof each literal. Theremoval ofmultiplecopies ofliteralis called
factoring.

e.g.resolve(AvB)with (Av-B),obtain(AvA)andreduceittojust A. The
resolution rule is sound and complete.

Conjunctivenormalform
Conjunctivenormalform(CNF): Asentenceexpressedasaconjunctionofclausesissaidtobein CNF.

Everysentenceofpropositionallogicislogicallyequivalenttoa conjunction ofclauses, after convertinga sentence into
CNF, it can be used as input to a resolution procedure.

Aresolutionalgorithm

function PL-RESOLUTION(K B, «) returns true or false
inputs: KB, the knowledge base, a sentence in propositional logic
a, the query, a sentence in propositional logic

clauses « the set of clauses in the CNF representation of KB A —a
new «—{ }
loop do
for each pair of clauses C;, C; in clauses do
resolvents < PL-RESOLVE(C;, C;)
if resolvents contains the empty clause then return true
new «+ new U resolvents
if new C clauses then return false
clauses < clauses U new

Figure 7.12 A simple resolution algorithm for propositional logic. The function
PL-RESOLVE returns the set of all possible clauses obtained by resolving its two inputs.

e.g.
KB :(Bl,ﬁ:)(Pl,gng,l))/\—'Bl,l
a=-Pq2
oPy; VB, By VP12V Py, =Pz VB, | =B, | | P2 |
=By, VP, VBl.1| I Py Vv Py, V"Pz.ll I By, V Py, VBl.ll |P1,2VP2.1 V”Plzl | P, | P,

Figure 7.13  Partial application of PL-RESOLUTION to a simple inference in the wumpus
world. —P; > is shown to follow from the first four clauses in the top row.




Notice: Anyclauseinwhichtwocomplementaryliteralsappear canbediscarded,becauseitisalwaysequivalent to True.
e.g.81 1V-B11VP1,=TruevP;i,=True.
PL-RESOLUTION is complete.

Hornclausesanddefiniteclauses

CNFSentence — Clausey, N--- AN Clause,,

Clause — Literaly V ---V Literal,,
Literal — Symbol | —Symbol
Symbol — P| Q| R|

HornClauseForm — DefiniteClauseForm | GoalClauseForm

DefiniteClauseForm — (Symbol, A---N Symbol;) = Symbol
GoalClauseForm — (Symboly N --- N Symbol;) = Fualse
Figure 7.14 A grammar for conjunctive normal form, Horn clauses, and definite clauses.

A clause such as A A B => C is still a definite clause when it is written as - AV —B v C,
but only the former is considered the canonical form for definite clauses. One more class is
the k-CNF sentence, which is a CNF sentence where each clause has at most k literals.

Definiteclause: Adisjunctionofliteralsofwhichexactlyoneispositive.(e.g.—L1 1 V-BreezevBi 1)

Every definiteclausecanbewritten asan implication,whosepremiseisaconjunctionofpositiveliteralsandwhose conclusion
is a single positive literal.

Horn clause: Adisjunctionofliteralsof which atmostoneispositive.(Alldefiniteclauses areHornclauses.) In Horn

form, the premise is called the body and the conclusion is called the head.

Asentenceconsistingof asinglepositiveliteraliscalled a fact,ittoo can bewritteninimplicationform. Horn

clause are closed under resolution: if you resolve 2 horn clauses, you get back a horn clause.
Inferencewithhornclauses canbedonethroughthe forward-chainingandbackward-chainingalgorithms. Deciding
entailment with Horn clauses can be done in timethat is linear in the size of the knowledge base.
Goalclause:Aclausewithnopositiveliterals.

Forwardandbackwardchaining
forward-chainingalgorithm:PL-FC-ENTAILS?(KB,q)(runsinlineartime)

Forward chaining is sound and complete.



function PL-FC-ENTAILS?(KB, q) returns true or false
inputs: KB, the knowledge base, a set of propositional definite clauses
g, the query, a proposition symbol
count « a table, where count[c] is the number of symbols in ¢’s premise
inferred « a table, where inferred[s] is initially false for all symbols
agenda < a queue of symbols, initially symbols known to be true in KB

while agenda is not empty do
p < PoP(agenda)
if p = ¢ then return true
if inferred[p] = false then
inferred[p] « true
for each clause ¢ in KB where p is in ¢c.PREMISE do
decrement count[c]
if count[c] = 0 then add ¢. CONCLUSION to agenda
return false

Figure 7.15  The forward-chaining algorithm for propositional logic. The agenda keeps
track of symbols known to be true but not yet “processed.” The count table keeps track of
how many premises of each implication are as yet unknown. Whenever a new symbol p from
the agenda is processed, the count is reduced by one for each implication in whose premise
p appears (easily identified in constant time with appropriate indexing.) If a count reaches
zero, all the premises of the implication are known, so its conclusion can be added to the
agenda. Finally, we need to keep track of which symbols have been processed; a symbol that
is already in the set of inferred symbols need not be added to the agenda again. This avoids
redundant work and prevents loops caused by implications such as P = Q and Q = P.

e.g.Aknowledgebaseofhornclauses withAandBasknownfacts.

Q
P = Q
LNANM = P P
BAL = M
ANP = L M
ANDEB = L
A y 4
3
A B
(a) (b)
Figure 7.16 (a) A set of Horn clauses. (b) The corresponding AND—OR graph.

Fixedpoint: Thealgorithmreachesafixedpointwherenonewinferencesarepossible.

Data-drivenreasoning: Reasoning in which thefocus of attention starts with the known data.It can be used within
an agenttoderiveconclusionsfromincoming percept,oftenwithoutaspecific queryinmind.(forwardchainingisan
example)

Backward-chainingalgorithm:worksbackwardromthequery. If

the query g is known to be true, no work is needed;
OtherwisethealgorithmfindsthoseimplicationsintheKBwhoseconclusionis q.If allthepremises ofoneofthose implications
can be proved true (by backward chaining), then g is true. (runs in linear time)
inthecorrespondingAND-ORgraph:itworksbackdownthegraphuntilitreaches aset of knownfacts.

(Backward-chaining algorithm is essentially identical to the AND-OR-GRAPH-SEARCH algorithm.)
Backward-chaining is a form of goal-directed reasoning.



4, Propositionalmodelchecking

The set of possiblemodels, given a fixed propositional vocabulary,is finite, so entailment can be checked by
enumeratingmodels.Efficientmodel-checkinginferencealgorithmsforpropositional logicincludebacktrackingand local
search methods and can often solve large problems quickly.
2familiesofalgorithmsfortheSATproblembasedonmodelchecking:

a. basedonbacktracking
b. basedonlocalhill-climbingsearch

1.AcompletebacktrackingalgorithmD
avid-Putnam algorithm (DPLL):

function DPLL-SATISFIABLE?(s) returns true or false
inputs: s, a sentence in propositional logic

clauses « the set of clauses in the CNF representation of s
symbols «+— a list of the proposition symbols in s
return DPLL(clauses, symbols,{ })

function DPLL(clauses, symbols, model) returns true or false

if every clause in clauses is true in model then return {rue
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, model U { P=value})
P, value +— FIND-UNIT-CLAUSE(clauses, model)
if P is non-null then return DPLL(clauses, symbols — P, model U { P=value})
P «— FIRST(symbols); rest +— REST(symbols)
return DPLL(clauses, rest, model U { P=true}) or
DPLL(clauses, rest, model U { P=false}))

Figure7.17 The DPLL algorithm for checking satisfiability of a sentence in propositional
logic. The ideas behind FIND-PURE-SYMBOL and FIND-UNIT-CLAUSE are described in
the text; each returns a symbol (or null) and the truth value to assign to that symbol. Like
TT-ENTAILS?, DPLL operates over partial models.

DPLLembodies 3improvementsovertheschemeof TT-ENTAILS?:Early 5) wuse
heuristic.
TricksthatenableSATsolverstoscaleuptolargeproblems:Componentanalysis, variableandvalue

ordering, intelligent backtracking, random restarts, clever indexing.

Localsearchalgorithms
Localsearchalgorithmscanbeapplied directly totheSATproblem,provided thatchoosetherightevaluation function.

These algorithmstake steps in the space of complete assignments, flipping the truth value of one symbol at atime.
The space usually contains many local minima, to escapefrom which various forms of randomness are required.
Localsearchmethods suchasWALKSATcanbeusedtofind solutions.Suchalgorithmaresound butnot complete.
WALKSAT: one of the simplest and most effective algorithms.



function WALKS AT (clauses, p, maz -flips) returns a satisfying model or failure
inputs: clauses, a set of clauses in propositional logic
p, the probability of choosing to do a “random walk” move, typically around 0.5
maz _flips, number of flips allowed before giving up

model «+— a random assignment of ¢rue/false to the symbols in clauses
for : = 1 to maz_flips do
if model satisfies clauses then return model
clause «— a randomly selected clause from clauses that is false in 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

Figure 7.18 The WALKSAT algorithm for checking satisfiability by randomly flipping
the values of variables. Many versions of the algorithm exist.

Onevery iteration,thealgorithm picks anunsatisfiedclause,andchoosesrandomlybetween2waystopickasymboal to flip:
Either a.a“min-conflicts”stepthatminimizesthenumberofunsatisfiedclausesinthenewstate;

Or b.a“random walk’stepthatpicksthesymbol randomly.
Whenthealgorithmreturnsamodel,theinputsentenceisindeedsatifiable; When

the algorithm returns failure. there are 2 possible causes:
Either a.Thesentenceis unsatisfiable;

Or b.Weneedtogivethealgorithmmoretime.

Ifwesetmax_flips=«, p>0,thealgorithmwill:

Either a.eventuallyreturnamodelifoneexists

Or b. neverterminateifthesentenceisunsatifiable.
ThusWALKSATIsusefulwhenweexpectasolutiontoexist,butcannotalwaysdetectunsatisfiability.

ThelandscapeofrandomSATproblems
Underconstrainedproblem:Whenwelookatsatisfiability problemsinCNF,anunderconstrained problem is one with

relatively few clauses constraining the variables.
An overconstrainedproblem hasmanyclauses relativetothenumberofvariables andislikelytohaveno solutions.

Thenotation CNFk(m,n) denotesa k-CNFsentencewithmclauses andnsymbols.(withn variables andkliteralsper clause).
Givenasourceofrandom sentences, wheretheclausesarechosenuniformly,independentlyandwithout replacement

from among all clauses with k different literals, which are positive or negative at random.
Hardness:problemsrightatthethreshold>overconstrainedproblems>underconstrainedproblems
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Figure7.19  (a) Graph showing the probability that a random 3-CNF sentence with n = 50
symbols is satisfiable, as a function of the clause/symbol ratio m /n. (b) Graph of the median
run time (measured in number of recursive calls to DPLL, a good proxy) on random 3-CNF
sentences. The most difficult problems have a clause/symbol ratio of about 4.3.

Satifiabilitythreshold conjecture: Atheorysaysthatfor every k=3,thereis athresholdratiory,suchthatasn goes
toinfinity, theprobabilitythat CNF(n, rn) issatisfiablebecomes 1 for all values or r belowthethreshold, and Ofor all
values above. (remains unproven)

5. Agentsbasedonpropositionallogic

1. Thecurrentstateoftheworld

Wecanassociatepropositionwithtimestamptoavoidcontradiction.

e.g.-Stench?,Stench?

fluent:refer anaspectoftheworldthatchanges. (E.g.L,)

atemporalvariables: Symbolsassociatedwithpermanentaspectsoftheworlddonot needatime superscript.
Effectaxioms:specifytheoutcomeofanactionatthenexttimestep.

Frameproblem: someinformationlostbecausetheeffectaxiomsfailstostatewhatremainsunchanged asthe result of an
action.

Solution:addframeaxiomsexplicityassertingallthepropositionsthatremainthesame.

Representationframeproblem: Theproliferationofframeaxiomsisinefficient,theset offrameaxiomswillbe O(mn) in a
world with m different actions and n fluents.

Solution:becausetheworldexhibits locaility(forhumanseach actiontypicallychanges nomorethansomenumber k of
thosefluents.) Define the transition model with a set of axioms of size O(mk) rather than size O(mn).

Inferentialframeproblem: Theproblem ofprojectingforward theresultsofatsteplanof actionintimeO(kt)rather than
o(nt).

Solution:changeone’sfocusfromwritingaxiomsaboutactionstowritingaxiomsaboutfluents.

For eachfluentF,wewill havean axiomthatdefinesthetruthvalueofFt*linterms offluentsattimetandtheaction that may
have occurred at time t.

ThetruthvalueofFt*'canbesetinoneof2ways:

Eithera.TheactionattimetcauseFtobetrueatt+1

Or b. Fwasalreadytrueat timet andtheactionattimet does not causeit tobefalse. An axiom

of this form is called a successor-state axiom and has this schema:

F**tl o ActionCausesF*t v (F* A ~ActionCausesNotF?) .

Qualificationproblem:specifyingallunusualexceptionsthatcouldcausetheactiontofail.

2.Ahybridagent



Hybrid agent: combinestheabilitytodeducevariousaspectofthestateoftheworldwithcondition-actionrules,and with
problem-solving algorithms.

TheagentmaintainsandupdateKBasacurrentplan.

Theinitial KBcontainstheatemporalaxioms.(don’t dependont)

At eachtimestep,thenewperceptsentenceis added alongwithalltheaxiomsthat depend ont(suchasthe
successor-state axioms).

Thentheagentuselogicalinferenceby ASKINGquestions oftheKB(toworkout whichsquares aresafeandwhich have yet
to be visited).

Themainbodyoftheagentprogram constructsaplanbasedonadecreasingpriorityofgoals:

1. Ifthereisaglitter,constructa planto grabthegold,followa routebacktotheinitial locationandclimbout ofthe cave;

2. Otherwiseifthereisnocurrentplan,planaroute(withA*search)totheclosestsafesquareunvisitedyet,making sure the
route goes through only safe squares;

3. Iftherearenosafesquarestoexplore,ifstill has an arrow,trytomakeasafesquareby shootingat oneofthe possible
wumpus locations.

4. Ifthisfails,lookfora squareto explorethatisnotprovablyunsafe.

5. Ifthereisnosuchsquare,themissionisimpossible,thenretreattotheinitiallocationandclimb outofthecave.

function HYBRID-WUMPUS-AGENT( percept) returns an action
inputs: percept, a list, [stench,breeze,glitter,bump,scream]
persistent: KB, a knowledge base, initially the atemporal “wumpus physics”
t, a counter, initially 0, indicating time
plan, an action sequence, initially empty

TELL(KB, MAKE-PERCEPT-SENTENCE( percept, t))
TELL the KB the temporal “physics” sentences for time ¢
safe —{[z,y] : ASK(KB,OK. ) = true}
if ASK(KB, Glitter') = true then
plan «— [ Grab] + PLAN-ROUTE(current, {[1,11}, safe) + [ Climb]
if plan is empty then
unvisited — {[z, y] : ASK(KB,Lg'y) = false forall t' < t}
plan «— PLAN-ROUTE(current, unvisited N safe, safe)
if plan is empty and ASK (KB, HaveArrow') = true then
possible_wumpus — {[z,y] : ASK(KB,— W, ) = false}
plan «— PLAN-SHOT(current, possible_wumpus, safe)
if plan is empty then // no choice but to take a risk
not_unsafe — {[z,y] : ASK(KB,— OK ) = false}
plan — PLAN-ROUTE(current, unvisited N not_unsafe, safe)
if plan is empty then
plan <+ PLAN-ROUTE(current, {[1, 1]}, safe) + [Climb]
action «— POP(plan)
TELL(KB,MAKE-ACTION-SENTENCE(action, t))
te—t+1
return action

function PLAN-ROUTE(current,goals,allowed) returns an action sequence
inputs: current, the agent’s current position
goals, a set of squares; try to plan a route to one of them
allowed, a set of squares that can form part of the route

problem «— ROUTE-PROBLEM(current, goals,allowed)
return A*-GRAPH-SEARCH(problem)

Figure 7.20 A hybrid agent program for the wumpus world. It uses a propositional knowl-
edge base to infer the state of the world, and a combination of problem-solving search and
domain-specific code to decide what actions to take.




Weakness: Thecomputationalexpensegoesupastimegoesby.

3. Logicalstateestimation
Togetaconstantupdatetime,weneedtocachetheresultofinference.

Beliefstate: Somerepresentationoftheset of allpossiblecurrentstateoftheworld.(usedtoreplacethepast history of
percept‘s and all their ramifications)

= - a

WumpusAlive' A L%,l NBai AN (P31V Ps3)

- 5 -~ L - = T are - - - = = .=

Weusealogicalsentenceinvolvingthepropositionsymbolsassociated withthecurrenttimestep andthetemporal symbols.
Logicalstateestimationinvolvesmaintainingalogicalsentencethat describestheset ofpossible states consistent with
the observation history. Each update step requires inference using the transitionmodel of the environment, which is
built from successor-state axioms that specify how each fluent changes.

Stateestimation: Theprocessof updatingthebeliefstateasnewpercepts arrive.

Exactstateestimationmayrequirelogicalformulaswhosesizeis exponentialinthenumberofsymbols.
Onecommonschemefor approximate stateestimation:torepresent beliefstateasconjunctionsofliterals(1-CNF formulas).
TheagentsimplytriestoproveX'and-Xfor eachsymbolX',giventhebeliefstateatt-1.

Theconjunctionof provableliterals becomesthenewbelief state, andthepreviousbeliefstateis discarded. (This

scheme may lose some information as time goes along.)

Theset ofpossiblestatesrepresented bythel-CNFbeliefstateincludes allstatesthat areinfact possiblegiventhe full
percept history. The 1-CNF belief state acts as a simple outer envelope, or conservative approximation.
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Figure 7.21  Depiction of a 1-CNF belief state (bold outline) as a simply representable,
conservative approximation to the exact (wiggly) belief state (shaded region with dashed
outline). Each possible world is shown as a circle; the shaded ones are consistent with all the
percepts.

4. Makingplansbypropositionalinference

Wecanmakeplansbylogicalinferenceinstead ofA*searchin Figure7.20.

Basicidea:

1. Constructasentencethatincludes:

a) Init%acollectionofassertionsabouttheinitialstate;

b) Transition?,..., Transition: Thesuccessor-stateaxiomsforall possibleactionsateachtimeuptosomemaximum timet;
¢) HaveGold'AClimbedOut: Theassertionthatthegoalisachievedattimet.

2. Present thewholesentencetoa SATsolver.lfthesolver finds asatisfyingmodel,thegoalisachievable; elsethe planning
is impossible.

3. Assumingamodelisfound,extractfromthemodelthosevariablesthatrepresentactionsandareassignedtrue.




Togethertheyrepresent aplantoahievethegoals.

Decisions withinalogicalagentcanbemadeby SAT solving:findingpossiblemodelsspecifyingfutureaction sequences that
reach the goal. This approach works only for fully observable or sensorless environment.
SATPLAN:Apropositionalplanning.(Cannot beusedinapartiallyobservableenvironment)

SATPLAN findsmodelsforasentencecontainingtheinitial sate,thegoal,thesuccessor-stateaxioms,andtheactionexclusion
axioms.

(Becausetheagentdoes not knowhowmanystepsitwilltaketoreach thegoal,thealgorithmtries eachpossible number of
steps t up to some maximum conceivable plan length Tmax.)

function SATPLAN(init, transition, goal,T max) returns solution or failure
inputs: init, transition, goal, constitute a description of the problem
T ax» an upper limit for plan length

fort=0to T ,,.x do
cnf «+— TRANSLATE-TO-SAT(init, transition, goal,t)
model «— SAT-SOLVER(cnf)
if model is not null then
return EXTRACT-SOLUTION(model)
return failure

Figure 7.22 The SATPLAN algorithm. The planning problem is translated into a CNF
sentence in which the goal is asserted to hold at a fixed time step ¢ and axioms are included
for each time step up to ¢. If the satisfiability algorithm finds a model, then a plan is extracted
by looking at those proposition symbols that refer to actions and are assigned true in the
model. If no model exists, then the process is repeated with the goal moved one step later.

Preconditionaxioms: statingthatanactionoccurrencerequiresthepreconditionstobesatisfied, added toavoid
generating plans with illegal actions.

Action exclusionaxioms: added toavoidthecreationofplanswithmultiplesimultaneousactionsthatinterferewith each
other.

Propositionallogicdoes not scaleto environmentsof unbounded sizebecauseitlackstheexpressivepowertodeal
concisely with time, space and universal patterns of relationshipgs among objects.

6. First-orderlogic

First-OrderLogicinAtrtificialintelligence

In the topic of Propositional logic, we have seen that how to represent statements using propositional logic. But
unfortunately, in propositional logic, we can only represent the facts, which are either true or false. PL isnot sufficient
to represent the complex sentences or natural language statements. The propositional logic has very limited
expressive power. Consider the following sentence, which we cannot represent using PL logic.

o "Somehumansareintelligent”,or
o "Sachinlikescricket.”

To represent the above statements, PL logic is not sufficient, so we required some more powerful logic, such as first-
order logic.

First-Orderlogic:
o First-orderlogicisanotherwayofknowledgerepresentationinartificialintelligence.ltisanextensionto propositional
logic.



o FOLissufficientlyexpressivetorepresentthenaturallanguagestatementsinaconciseway.

o First-order logic is also known asPredicate logic or First-order predicate logic. First-order logic is a
powerful language that develops information about the objects in a more easy way andcan alsoexpress the
relationship between those objects.

o First-order logic (likenatural language)doesnot only assumethatthe world contains facts like propositional
logic but also assumes the following things in the world:

o Objects:A B,people,numbers,colors,wars,theories,squares,pitswumpus,......

o Relations:It canbe unaryrelation such as:red, round, is adjacent,or n-anyrelationsuch as:the
sister of, brother of, has color, comes between

o Function:Fatherof bestfriend,thirdinningof,endof, ...
o Asanaturallanguagefirst-orderlogic alsohastwomainparts:

a. Syntax

b. Semantics

Syntaxof First-Orderlogic:

ThesyntaxofFOLdetermineswhichcollectionofsymbolsisalogicalexpressioninfirst-orderlogic.Thebasic syntactic elements
of first-order logic are symbols. We write statements in short-hand notation in FOL.

BasicElementsofFirst-orderlogic:

FollowingarethebasicelementsofFOLsyntax:

Constant 1,2,A.John,Mumbai,cat,....
Variables XY.z,a,b,...

Predicates Brother,Father,>,....
Function sqrt,LeftLegOf,....
Connectives AV,m, =6

Equality ==

Quantifier v,3

Atomic sentences:

o Atomic sentences are the most basic sentences of first-order logic. These sentences are formed from a
predicate symbol followed by a parenthesis with a sequence of terms.

o  WecanrepresentatomicsentencesasPredicate(term1,term2,............... ,termn).

Example: Ravi and Ajay are brothers: => Brothers(Ravi, Ajay).
Chinkyisacat:=>cat(Chinky).

ComplexSentences:
o Complexsentencesaremadebycombiningatomic sentencesusingconnectives.

First-orderlogicstatementscanbedividedintotwoparts:

o  Subject:Subjectisthemainpartofthe statement.
o Predicate:Apredicatecanbedefinedasarelation, whichbindstwoatomstogetherinastatement.



Considerthe statement:"xisaninteger." itconsistsoftwoparts,thefirstpartxisthesubjectofthestatementand second part
“is an integer," is known as a predicate.

is an integer.

L‘J l J

Subject Predicate

QuantifiersinFirst-orderlogic:

o A quantifier is a language element which generates quantification, and quantification specifies the quantityof
specimen in the universe of discourse.

o These are the symbols that permit todetermine or identifythe range andscope of the variable in the logical
expression. There are two types of quantifier:

a. UniversalQuantifier,(forall,everyone,everything)
b. Existentialquantifier, (forsome,atleastone).

UniversalQuantifier:

Universalquantifierisa symbolof logicalrepresentation,which specifiesthat the statement within itsrange istrue for
everything or every instance of a particular thing.

TheUniversalquantifierisrepresentedbyasymbol V,whichresemblesaninverted A.
Note:Inuniversalquantifierweuseimplication"—".
Ifxisavariable, thenvxisreadas:

o Forallx

o Foreachx
o Foreveryx.

Example:
Allmandrink coffee.

Letavariablexwhich referstoacatsoallxcan berepresentedinUOD as below:
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%0 in shorthand notation, we can write it as :

vxman(x)— drink(x,coffee).

[twillbe readas:There areallxwherexisaman whodrinkcoffee.

ExistentialQuantifier:

Existential quantifiers are the type of quantifiers, which express that the statement within its scope is true for at least
one instance of something.

Itisdenotedbythe logicaloperator 3, which resemblesasinvertedE.When it isusedwith apredicate variable then it is
called as an existential quantifier.

Note:InExistentialquantifierwealwaysuseAND orConjunctionsymbol(A).
Ifxisavariable,thenexistentialquantifierwillbe3xor3(x).Anditwillberead as:
o Thereexistsa’x.'

o Forsome 'x.'
o Foratleastone'x.'

Example:

Someboysare intelligent.
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So in short-hand notation, we can write it as:

Ix:boys(x)Aintelligent(x)

ltwillbereadas:Therearesomexwhere xisaboywhois intelligent.

Pointsto remember:
o Themainconnectiveforuniversalquantifiervisimplication—.
o ThemainconnectiveforexistentialquantifierisandA.

PropertiesofQuantifiers:
o Inuniversalquantifier,vxvyissimilartovyvx.
o InExistentialquantifier,3x3yissimilartoJy3x.
o 3xVyisnotsimilartovy3x.

SomeExamplesofFOLusingquantifier:

1. Allbirds fly.

Inthisquestionthepredicateis"fly(bird)."

Andsincethereareallbirdswhoflysoitwillberepresentedas follows.
vxbird (x) —fly(x).

2. Everymanrespectshisparent.

Inthisquestion,thepredicateis"respect(x,y),"wherex=man,andy=parent. Since

there is every man so will use v, and it will be represented as follows:
vxman(x)— respects(x,parent).

3. Someboysplaycricket.
In thisquestion,thepredicateis"play(x,y),"wherex=boys,andy=game.Sincetherearesomeboyssowewill use 3, and it
will be represented as:

Ixboys(x)— play(x,cricket).

4. NotallstudentslikebothMathematicsandScience.
Inthisquestion,thepredicateis”like(x,y), "wherex=student,andy=subject.



Sincetherearenotallstudents,sowewillusevwithnegation,sofollowingrepresentationforthis:
=V (x)[student(x) —like(x,Mathematics) Alike(x,Science)].

5. OnlyonestudentfailedinMathematics.
Inthisquestion,thepredicateis"failed (x,y), "wherex=student,andy=subject.
SincethereisonlyonestudentwhofailedinMathematics,sowewillusefollowingrepresentationforthis:

3(x) [student(x) —failed (x,Mathematics) AV (y) [~ (x==y)Astudent(y) — -~ failed (x, Mathematics)].

Freeand BoundVariables:

Thequantifiersinteractwithvariableswhichappearinasuitableway.TherearetwotypesofvariablesinFirst-order logic which
are given below:

FreeVariable:Avariableissaidtobeafreevariableinaformulaifitoccursoutsidethescopeofthe quantifier.
Example:vx3(y)[P(x,y,z)],wherezis afreevariable.

BoundVariable:Avariableissaidtobeaboundvariableinaformulaifitoccurswithinthescopeofthe quantifier.
Example:vx[A(x)B(y)],here xandyarethe boundvariables.

7. Knowledgerepresentationand engineering
KnowledgeEngineeringinFirst-order logic

Whatisknowledge-engineering?

The processofconstructingaknowledge-basein first-orderlogic iscalledasknowledge-engineering.In  knowledge-
engineering,someone who investigates aparticular domain,learns importantconcept of that domain, and generates a
formal representation of the objects, is known as knowledge engineer.

In this topic, we will understand the Knowledge engineering process in an electronic circuit domain, which is already
familiar. This approach is mainly suitable for creating special-purpose knowledge base.

Theknowledge-engineeringprocess:

Following are some main steps of the knowledge-engineering process. Using these steps, we will develop a
knowledge base which will allow us to reason about digital circuit (One-bit full adder) which is given below
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1. Identifythe task:
The firststepof the processistoidentifythetask,andforthedigitalcircuit,there are variousreasoningtasks At the
first level or highest level, we will examine the functionality of the circuit:

o Doesthecircuitaddproperly?
o WhatwillbetheoutputofgateA2,ifalltheinputsarehigh?

Atthesecondlevel,wewillexaminethecircuitstructuredetailssuchas:

o Whichgateisconnectedtothefirstinputterminal?
o Doesthecircuithavefeedbackloops?

2. Assembletherelevantknowledge:

In thesecondstep,wewillassembletherelevantknowledgewhich isrequiredfordigitalcircuits.Sofordigitalcircuits, we have
the following required knowledge:

o Logiccircuitsaremadeupofwiresandgates.

o Signalflowsthroughwirestotheinputterminalofthegate,andeachgateproducesthecorresponding output which
flows further.

o Inthislogiccircuit,therearefourtypes ofgatesused:AND,OR,XOR,andNOT.
o Allthesegateshaveoneoutputterminalandtwoinputterminals(exceptNOTgate,ithasoneinput terminal).

3. Decideon vocabulary:

The next stepof the processistoselect functions,predicate,andconstantstorepresent the circuits,terminals,signals, and
gates.Firstly we will distinguish the gatesfromeach other and from other objects. Each gate is represented as an object
which is named by a constant, suchas, Gate(X1). The functionality of eachgate is determined by its type, which is
taken as constants such as AND, OR, XOR, or NOT. Circuits will be identified by a predicate: Circuit (C1).

Fortheterminal wewillusepredicate: Terminal(x).

For gate input, we will use the function In(1, X1)for denoting the first input terminal of the gate, and for output
terminal we will use Out (1, X1).

ThefunctionArity(c,i,j)isusedtodenotethatcircuitchasiinput,joutput.
Theconnectivitybetweengatescanberepresentedbypredicate Connect(Out(1,X1),In(1,X1)). We use

a unary predicate On (t), which is true if the signal at a terminal is on.

4. Encodegeneralknowledgeaboutthedomain:
Toencodethegeneralknowledgeaboutthelogiccircuit, weneedsomefollowingrules:

o Iftwoterminalsareconnectedthentheyhavethesameinputsignalitcanberepresented as:



vt1,t2Terminal(t1)ATerminal(t2)AConnect(t1,t2)—Signal(t1)=Signal(2).

o SignalateveryterminalwillhaveeithervalueOor1,itwillberepresented as:
VvtTerminal(t)—Signal(t)="1vSignal(t)=0.

o Connectpredicatesarecommutative:
Vvt1,t2Connect(t1,t2)—»Connect(t2,t1).

o Representationoftypesofgates:

vgGate(g)Ar=Type(g)— r=ORvr=AND vr=XOR vr=NOT.
o  OutputofAND gate willbezeroifandonlyifanyofitsinputis zero.

vgGate(g)AType(g)=AND -Signal(Out(1,g))=0<3nSignal(In(n,g))=0.
o  OutputofORgateisTifandonlyifanyofitsinputis1:

vgGate(g)AType(g)=OR —Signal(Out(1,9))=1&3nSignal(In(n,g))=1
o  OutputofXORgateis1if andonlyifitsinputsare different:

vgGate(g)AType(g)=XOR —Signal(Out(1,9))="1&Signal(In(1,g))#Signal(In(2,g)).
o  OutputofNOTgateisinvertofitsinput:

vgGate(g)AType(g)=NOT-Signal(In(1,9))#Signal(Out(1,g)).
o  Allthegatesintheabovecircuithavetwoinputsandoneoutput(exceptNOTgate).

VgGate(g)AType(g)=NOT—Arity(g,1,1)
vgGate(g)Ar=Type(g)A(r=ANDvr=0R vr=XOR)-Arity(g,2,1).
o  Allgatesarelogiccircuits:

vgGate(g)—Circuit(g).

5. Encodeadescriptionoftheproblem instance:

Now we encode problem of circuit C1, firstly we categorize the circuit and its gate components. This step is easy if
ontology about the problem is already thought. This step involves the writing simple atomics sentences of instancesof

concepts, which is known as ontology.
ForthegivencircuitC1,wecanencodetheprobleminstanceinatomicsentencesasbelow:
Sincein thecircuittherearetwoXOR,twoAND,andoneORgatesoatomic sentencesforthesegateswillbe:

For XOR gate: Type(x1)= XOR, Type(X2) =
XORForANDgate:Type(A1)=AND,Type(A2)=ANDF
or OR gate: Type (O1) = OR.

Andthenrepresenttheconnectionsbetweenallthegates.



Note:Ontology defines aparticulartheoryofthenatureofexistence.

6. Posequeriestotheinferenceprocedureandget answers:
Inthisstep,wewillfindallthepossiblesetofvaluesofalltheterminalfortheaddercircuit. Thefirstquerywillbe:
WhatshouldbethecombinationofinputwhichwouldgeneratethefirstoutputofcircuitC1,asOandasecond output to be 1?7

3i1,i2,i3Signal(in(1,C1))=i1ASignal(In(2,C1))=i2ASignal(In(3,C1))=i3
ASignal(Out(1,C1))=0ASignal(Out(2,C1)=1

7. Debugtheknowledgebase:

Now we will debug the knowledge base, and this is the last step of the complete process. Inthis step, we will try
todebug the issues of knowledge base.

Intheknowledgebase,wemayhaveomittedassertionslike1#0.

8. Inferences infirst-order logic

InferenceinFirst-OrderLogic

Inference in First-OrderLogic isusedtodeduce newfactsorsentencesfrom existingsentences.Before understanding the
FOL inference rule, let's understand some basic terminologies used in FOL.

Substitution:

Substitution is a fundamental operation performed on terms and formulas. It occurs in all inference systems in first-
order logic. The substitution is complex in the presence of quantifiers in FOL. If we write F[a/x], so it refers to

substitute a constant "a" in place of variable "x".

Note:First-orderlogic iscapableofexpressingfacts aboutsomeorallobjectsintheuniverse.

Equality:

First-Order logic does not only use predicate and terms for makingatomic sentences but also uses another way, which

is equality in FOL. For this, we can useequality symbols which specify that the two terms refer to the same object.

Example:Brother(John)=Smith.

As in the above example, the object referred by the Brother (John)is similar to the object referred bySmith. The

equality symbol can also be used with negation to represent that two terms are not the same objects.

Example: — (x=y)whichisequivalenttoxzy.



FOLinferencerulesfor quantifier:

As propositional logic we also have inference rules in first-order logic, so following are some basic inference rules in
FOL:

UniversalGeneralization
Universalinstantiation
Existentiallnstantiation
Existentialintroduction

O O O O

1. UniversalGeneralization:

o UniversalgeneralizationisavalidinferencerulewhichstatesthatifpremiseP(c)istrueforanyarbitrary element c in
the universe of discourse, then we can have aconclusion as V x P(x).

P(c)

o ltcanberepresented as: Vx P(x)
o Thisrulecan beusedifwewanttoshowthateveryelementhasasimilarproperty.
o Inthisrule,xmustnot appearasafree variable.

Example:Let'srepresent,P(c):"Abytecontains8bits", soforvxP(x)"Allbytescontain8bits." itwillalsobe true.
2. Universalinstantiation:

o Universal instantiation is also called as universal elimination or Ul is a valid inference rule. It can be applied
multiple times to add new sentences.

o ThenewKBislogicallyequivalenttothepreviousKB.

o AsperUl,wecaninferanysentenceobtainedbysubstitutingagroundtermforthe variable.

o TheUlrulestatethatwecaninferanysentenceP(c)bysubstitutingagroundtermc(aconstantwithin domain x) from v

x P(x) for any object in the universe of discourse.
Wi P(x)

o ltcanberepresentedas: P(c) .

o Example:1.

o |IF "Every person like ice-cream"=> VX P(x) so we can infer that
"John likes ice-cream" => P(c)

o Example:2.

Let'stakeafamousexample,

o "AllkingswhoaregreedyareEvil."SoletourknowledgebasecontainsthisdetailasintheformofFOL:

o

vxking(x)Agreedy(x)—Evil (x),
Sofromthisinformation,wecaninferanyofthefollowingstatementsusingUniversallnstantiation:
o King(John)AGreedy(John)—Evil (John),
o King(Richard)AGreedy(Richard)—Evil (Richard),

o King(Father(John))AGreedy(Father(John))—Evil(Father(John)),

3. Existentiallnstantiation:



Existential instantiationisalsocalled asExistential Elimination, whichisa valid inferenceruleinfirst-order logic.

o ltcanbeappliedonlyoncetoreplacetheexistential sentence.
ThenewKBisnotlogicallyequivalenttooldKB,butitwillbesatisfiableifoldKBwas satisfiable.

o This rule states that one can infer P(c) from the formula given in the form ofax P(x) for a new constant
symbol c.

o Therestriction withthisruleisthatcusedin therulemustbeanewtermforwhich P(c)istrue.

Ix P(x)

o Itcanberepresentedas: P[C]
Example:
Fromthegivensentence:3xCrown(x) AOnHead(x,John),
Sowecan infer:Crown(K)AOnHead (K,John),aslongasKdoesnotappearin theknowledgebase.

o TheaboveusedKisaconstantsymbol,whichiscalledSkolemconstant.
o ThekExistentialinstantiationisaspecialcaseofSkolemizationprocess.

4. Existentialintroduction

o Anexistentialintroductionisalsoknownasanexistentialgeneralization,whichisavalidinferencerulein first-order
logic.

o This rule states that if there is some element c in the universe of discourse which has a property P, then we
can infer that there exists something in the universe which has the property P.

P(c)

It can be representedas: dxP [xJ

Example:Let'ssaythat,

"Priyanka got good marks in
English.""Therefore,someonegotgoodmarksinEng
lish."

GeneralizedModusPonensRule:

For the inference process inFOL, wehavea single inference rule which iscalled GeneralizedModus Ponens. It is lifted
version of Modus ponens.

GeneralizedModusPonens canbesummarizedas,"PimpliesQandPisasserted tobe true,therefore Qmustbe True."

AccordingtoModusPonens,foratomicsentencespi,pi‘,q.WherethereisasubstitutionBsuchthatSUBST(0,pi",)
=SUBST(0,pi),itcanberepresented as:

pl ,p2 ...pn'.(plAp2A.Apn=q)
SUBST( £,q)

Example:



Wewillusethisrulefor Kingsareevil,sowewill findsomexsuchthatxisking,andxisgreedy sowecan infer that x is
evil.

Here let say, p1'is king(John) plisking(x)

p2'is Greedy(y) p2 is Greedy(x)

Bis{x/John, y/John} gisevil(x)

SUBST(8,9).

9. ForwardchainingandBackwardchaining

ForwardChainingandbackwardchaininginAl

Inartificialintelligence,forwardandbackwardchainingisoneoftheimportanttopics,butbeforeunderstanding forward and
backward chaining lets first understand that from where these two terms came.

Inferenceengine:

The inference engine is the component of the intelligent system in artificial intelligence, which applies logical rules to
the knowledge base to infer new information from known facts. The first inference engine was part of the expert
system. Inference engine commonly proceeds in two modes, which are:

A. Forwardchaining
B. Backward chaining

HornClauseandDefiniteclause:

Horn clause and definite clause are the forms of sentences, which enables knowledge base to use a more restricted
and efficient inference algorithm. Logical inference algorithms use forward and backward chaining approaches, which
require KB in the form of the first-order definite clause.

Definite clause:A clause which is a disjunction of literals with exactly one positive literal is known as a definite
clause or strict horn clause.

Horn clause:A clause which is a disjunction of literals with at most one positive literal is known as horn clause.
Hence all the definite clauses are horn clauses.

Example:(~pV-qVk).lthasonlyonepositiveliteralk. It is

equivalenttop Aq = k.

A. ForwardChaining
Forwardchainingisalsoknown asaforwarddeduction orforwardreasoningmethodwhenusingan inference engine.
Forward chaining is a form of reasoning which start with atomic sentences in the knowledge base and applies

inference rules (Modus Ponens) in the forward direction to extract more data until a goal is reached.

The Forward-chaining algorithm starts from known facts, triggers all rules whose premises are satisfied, and add their
conclusion to the known facts. This process repeats until the problem is solved.

PropertiesofForward-Chaining:



o ltisadown-upapproach,asitmovesfrombottomtotop.

o ltisaprocessofmakinga conclusionbasedonknownfactsordata,bystartingfromtheinitialstateand reaches the
goal state.

o Forward-chainingapproachisalsocalledasdata-drivenaswereachtothegoalusingavailabledata.

o Forward-chainingapproach iscommonlyusedin the expert system,such asCLIPS,business,andproduction rule
systems.

Considerthefollowingfamousexamplewhichwewilluseinboth approaches:

Example:

"Asperthelaw,itisacrimeforanAmericantosellweaponstohostilenations.CountryA,anenemyof America, has some
missiles, and all the missiles were sold to it by Robert, who is an American citizen."

Provethat"Robertis criminal.”

To solve the above problem, first, we will convert all the above facts into first-order definite clauses, and then we will
use a forward-chaining algorithm to reach the goal.

FactsConversionintoFOL:

o Itisacrimeforan Americantosellweaponstohostilenations.(Let'ssayp,q,andrarevariables)
American(p)Aweapon(q)Asells(p,q,r)Ahostile(r)— Criminal(p) ..(1)

o CountryAhassomemissiles.?pOwns(A,p)AMissile(p).ltcan bewritten intwodefiniteclausesbyusing Existential
Instantiation, introducing new Constant T1.
OwWNns(A,T1) cecoeeeecereneenne (2)
Missile(T1)...ccccceeeeeeernnen 3)

o AllofthemissilesweresoldtocountryA byRobert.
?p Missiles(p)AOwns(A,p)—Sells(Robert,p,A) .....cccccceceeueeee. 4)

o Missilesare weapons.
Missile(p)—-Weapons(p)............cc.cc..... (5)

o EnemyofAmericaisknown ashostile.
Enemy(p,America)—Hostile(p) ....................... (6)

o  CountryA isan enemyofAmerica.
Enemy(A, AMErica) ........cececeueecenee @

o Robertis American
American(Robert)...........ccceueeueenn (8)

Forwardchainingproof:
Step-1:

In the first step we will start with the known facts and will choose the sentences which do not have implications, such
as:American(Robert), Enemy(A, America), Owns(A, T1), and Missile(T1). All these facts will be represented as
below.

American (Robert) || Missile (T1) Owns (AT1) Enemy (A, America)




Step-2:

Atthesecondstep,wewillseethosefactswhichinferfromavailablefactsandwithsatisfiedpremises. Rule-(1)
does not satisfy premises, so it will not be added in the first iteration.
Rule-(2)and(3)arealreadyadded.

Rule-(4) satisfy withthesubstitution{p/T1}, so Sells(Robert, T1, A) is added, whichinfers fromtheconjunctionof Rule (2)
and (3).

Rule-(6)issatisfiedwiththesubstitution(p/A),soHostile(A)isaddedandwhichinfersfromRule-(7).

Weapons(T1) Sells (Robert, T1, A) Hostile(A)
American (Robert) Missile (T1) Owns (AT1) Enemy (A, America)

Step-3:

Atstep-3,aswecancheckRule-(1)issatisfiedwiththesubstitution {p/Robert,q/T1,r/A},sowecanaddCriminal(Robert) which infers
all the available facts. And hence we reached our goal statement.

Criminal (Robert)

| weapons(T1) | | Sells (Robert, T1, A) | [ Hostilea)
American (Rebert) Missile (T1) Owns (AT1) Enemy (A, America)

HenceitisprovedthatRobertisCriminalusingforwardchainingapproach.

B. BackwardChaining:

Backward-chaining is also known as a backward deduction or backward reasoning method when using an inference
engine. A backward chaining algorithm is a form of reasoning, which starts with the goal and works backward,
chaining through rules to find known facts that support the goal.

Propertiesofbackwardchaining:

o ltisknown asatop-down approach.
o Backward-chainingisbasedonmodusponensinferencerule.



o Inbackwardchaining,thegoalisbrokenintosub-goalorsub-goalstoprovethefacts true.

o ltiscalledagoal-driven approach,asalistofgoalsdecideswhich rulesareselectedandused.

o Backward -chaining algorithm is used in game theory, automated theorem proving tools, inference engines,
proof assistants, and various Al applications.

o Thebackward-chainingmethodmostlyusedadepth-firstsearchstrategyforproof.

Example:
Inbackward-chaining,wewillusethesameaboveexample,andwill rewriteallthe rules.

o American(p)Aweapon(q)Asells(p,q,r) Ahostile(r) -Criminal(p)...(1)
OWNS(A,TT) coeeeneceerencnnennnee 2)

Missile(T1)

?pMissiles(p)AOwns(A,p) —Sells(Robert,p, A) ...........cc.cccenene. 4)
Missile(p)—-Weapons(p).............cccceeuenene. (5)
Enemy(p,America)—Hostile(p)............c.cc.cocenn. (6)

Enemy(A, AMErica) ....ccceceeeeevecceneeces 7)
American(Robert).........ccceveeeeeernnen 8)

O O O O O O

Backward-Chainingproof:
InBackwardchaining,wewillstartwithourgoalpredicate,whichisCriminal(Robert), andtheninferfurtherrules.
Step-1:

At the first step, we will take the goal fact. And from the goal fact, we will infer other facts, and at last, we will prove
those facts true. So our goal fact is "Robert is Criminal," so following is the predicate of it.

Criminal {Robert)

Step-2:

At the second step, we will infer other facts form goal fact which satisfies the rules. So as we can see in Rule-1, thegoal
predicate Criminal (Robert) is present with substitution {Robert/P}. So we will add all the conjunctive facts below the
first level and will replace p with Robert.

HerewecanseeAmerican(Robert)isafact,soitisproved here.



Criminal (Robert)

{ Robert/p}

American {Robert) Weapon (q) Sells (Robert,q,r) Hostile(r)

i3

tep-3:tAtstep-3,wewillextractfurtherfactMissile(g)whichinferfromWeapon(qg),asitsatisfiesRule-(5).Weapon
(g)isalso truewiththesubstitutionofaconstantT1atq.

Criminal (Robert)

{ Robert/p}

American {Robert) Weapon (q) Sells (Robert, T1.r) Hostile(r)
i3
Missile (q)
{ g/}
Step-4:

At step-4, we can infer facts Missile(T1) and Owns(A, T1) form Sells(Robert, T1, r) which satisfies the Rule- 4, with the
substitution of A in place of r. So these two statements are proved here.



Criminal (Robert)

{ Robert/p}

American {Robert) Weapon (q) Sells (Robert,T1,r} Hostile(r)
3 /\
Missile {(q) Missile (T1) Cwns(A,T1)
{agmi} s T £ 3
Step-5:

Atstep-5,wecaninferthefact Enemy(A,America) fromHostile(A)whichsatisfiesRule-6.Andhenceallthe statements are
proved true using backward chaining.

Criminal (Robert)

American {Robert) Weapon (q) Sells (Robert, T1.r) Hostile(A)
- / Cy
Missile (q) Missile (T1) | Owns(A,T1) | Enemy (A America)

{arri} f € ¥ € >

10. Differencebetweenbackwardchainingandforward chaining

Differencebetweenbackwardchainingandforwardchaining
Followingisthedifferencebetweentheforwardchainingandbackwardchaining:

o Forward chaining as the name suggests, start from the known facts andmove forward by applying inference
rules to extract more data, and it continues until it reaches to the goal, whereas backward chaining starts
from the goal, move backward by using inference rules to determine the facts that satisfy the goal.

o Forward chaining is called adata-driveninference technique, whereas backward chaining is called a goal-
driven inference technique.

o Forwardchainingisknownasthedown-up  approach,whereasbackwardchainingisknownasa  top-  down
approach.



Forwardchainingusesbreadth-firstsearch strategy,whereasbackwardchainingusesdepth-firstsearch strategy.
ForwardandbackwardchainingbothappliesModusponensinferencerule.

o Forwardchainingcanbeusedfortaskssuchas planning,designprocessmonitoring,diagnosis,and
classification, whereas backward chaining can be used for classification and diagnosis tasks.

o Forwardchainingcan belikean exhaustivesearch,whereasbackwardchainingtriestoavoidtheunnecessary path of
reasoning.

o Inforward-chainingtherecanbevariousASKquestionsfromtheknowledgebase whereasinbackward chaining
there can be fewer ASK questions.

o Forwardchainingisslowasitchecksforalltherules,whereasbackwardchainingisfastasitchecksfew required rules

only.

S. ForwardChaining
BackwardChainingNo.

1. Forwardchainingstartsfromknown Backwardchainingstartsfromthegoal
facts and applies inference rule to and works backward through inference
extract more data unit it reaches to rules to find the required facts that
the goal. support the goal.

2. Itisabottom-upapproach Itisatop-down approach

3. Forward chaining is known as data- Backward chaining is known as goal-
driven inference technique as we driven technique as we start from the
reach to the goal using the available goal and divide into sub-goal to extract
data. the facts.

4, Forward chaining reasoning applies a Backwardchainingreasoningappliesa
breadth-first search strategy. depth-first search strategy.

5. Forwardchainingtestsforallthe Backwardchainingonlytestsforfew
available rules required rules.

6. Forward chaining is suitable for the Backward chaining is suitable for
planning, monitoring, control, and diagnostic, prescription, and debugging
interpretation application. application.

7. Forward chaining can generate an Backwardchaininggeneratesafinite
infinite number  of  possible number of possible conclusions.
conclusions.

8. Itoperatesintheforwarddirection. Itoperatesinthebackwarddirection.

9. Forwardchainingisaimedforany Backwardchainingisonlyaimedforthe
conclusion. requireddata.

11. Resolution

ResolutioninFOL Resolution

Resolution is a theorem proving technique that proceeds by building refutation proofs, i.e., proofs by

contradictions.lt was invented by a Mathematician John Alan Robinson in the year 1965.



Resolution is used, if there are various statements are given, and we need to prove a conclusion of those statements.
Unification is a keyconcept in proofs by resolutions. Resolution is a single inference rule which can efficiently operate
on the conjunctive normal form or clausal form.

Clause:Disjunctionofliterals(an atomicsentence)iscalledaclause.ltisalsoknown asaunit clause.

Conjunctive Normal Form: A sentence represented as a conjunction of clauses is said to be conjunctive normal
form or CNF.

Theresolutioninference rule:

The resolution rule for first-order logic is simply a lifted version of the propositional rule. Resolution can resolve two
clauses if they contain complementary literals, which are assumed to be standardized apart so that they share no
variables.

SUBST(B,. L1 V

Whereliandmjarecomplementaryliterals.

Thisruleisalsocalledthebinaryresolutionrulebecauseitonlyresolvesexactlytwoliterals.

Example:

Wecanresolvetwoclauseswhicharegivenbelow:

[Animal(g(x)VLoves(f(x),x)]land[ —Loves(a,b)V —Kills(a,b)]
Wheretwocomplimentaryliteralsare: Loves(f(x),x)and —Loves(a, b)

Theseliteralscan beunifiedwithunifier 8=[a/f(x),andb/x],anditwillgeneratearesolventclause:

[Animal(g(x)V—Kills(f(x), x)].

StepsforResolution:
1. Conversionoffactsintofirst-orderlogic.
2. ConvertFOLstatementsintoCNF
3. Negatethestatementwhichneedstoprove(proofbycontradiction)
4. Drawresolutiongraph(unification).

Tobetterunderstandalltheabovesteps,wewilltakeanexampleinwhichwewillapplyresolution.

Example:
a. Johnlikesallkindoffood.
b. Appleandvegetableare food
[ Anythinganyoneeatsandnotkilledisfood.

d. Anileatspeanutsandstillalive



e. HarryeatseverythingthatAnileats.Pr
ove by resolution that:

f. Johnlikespeanuts.
Step-1:ConversionofFactsintoFOL

Inthefirststepwewillconvertallthegivenstatementsintoitsfirstorderlogic.

a. Wx: food(x) = likes(John, x)

b. food{Apple) A food{vegetables)

c. Wx Wy eats(x, y) A= killed(x) = foodiy)

d. eats (Anil, Peanuts) A alive(Anil).

e. Wx:eats(Anil, x) 2 eats{Harry, x)

f.  Wx: —killed(x) = alive(x) added predicates.
wx: alive(x) »— killed[x:l}

likes{John, Peanuts)

Step-2:ConversionofFOLintoCNF
InFirstorderlogicresolution,itisrequiredtoconverttheFOLintoCNFasCNFformmakeseasierforresolution proofs.

o Eliminateallimplication(—)andrewrite

a. VYx-food(x)V likes(John,x)
food(Apple)Afood(vegetables)
Vxvy-[eats(x,y)A-killed(x)]V food(y)
eats(Anil,Peanuts)A alive(Anil)
vx-eats(Anil x)Veats(Harry,x)
vx-[=killed(X)]V alive(x)
vx-alive(x)V = killed(x)
likes(John,Peanuts).

S@ 0 a0 o

o Movenegation(-)inwardsandrewrite
vx-food(x)V likes(John,x)

a. food(Apple)Afood(vegetables)
vxvy-eats(x,y)Vkilled(x)Vfood(y)
eats(Anil,Peanuts)A alive(Anil)
vx-eats(Anil,x)Veats(Harry,x)
vx-killed(x)]Valive(x)
vx-alive(x)V - killed(x)

g. likes(John,Peanuts).

o Renamevariablesorstandardizevariables
vx-food(x)V likes(John,x)

a. food(Apple)Afood(vegetables)

b. Vyvz-eats(y,z)V killed(y)V food(z)

c. eats(Anil,Peanuts)A alive(Anil)

™o a0 T



vw-eats(Anil,w)Veats(Harry,w)
vg-killed(g)]V alive(g)
vk-alive(k)V-killed(k)
likes(John,Peanuts).

Q@ ~o o

o Eliminate existential instantiation quantifier by elimination.
In this step, we will eliminate existential quantifier 3, and thisprocess is known as Skolemization. But in this
example problem since there is no existential quantifier so all the statements will remain same in this step.

o Drop Universal quantifiers.
In this step we will drop all universal quantifier since all the statements are not implicitly quantified so we
don't need it.

a. ~food(x)Vlikes(John,x)

b. food(Apple)

c. food(vegetables)

d. -eats(y,z)Vkilled(y)V food(z)
e. eats(Anil,Peanuts)

f.  alive(Anil)

g. —eats(Anil,w)Veats(Harry,w)
h. killed(g)V alive(g)

i. -alive(k)V —killed(k)
j. likes(John,Peanuts).

Note:Statements"food(Apple)Afood(vegetables)"and"eats(Anil, Peanuts)Aalive(Anil) "canbewrittenintwoseparatestatements.
o Distribute conjunction A over disjunction -,
Thisstepwillnotmakeanychangein thisproblem.
Step-3:Negatethestatementtobeproved
Inthisstatement,wewillapplynegationtotheconclusionstatements,whichwillbewrittenas-likes(John,Peanuts)

Step-4:DrawResolutiongraph:

Nowinthisstep,wewillsolvetheproblembyresolutiontreeusingsubstitution.Fortheaboveproblem,itwillbe given as follows:

—likes{John, Peanuts) — food(x) W likes{John, x)

\ / {Peanuts/x}

— food(Peanuts) — eats(y, z) V killed(y) Vv food(z)

\ / {Peanuts/z}

— eats(y, Peanuts) W killed(y) eats (Anil, Peanuts)
{Aanilfy}

Killed{Anil) — alive(k) v — killed{k)

\ / fanil/k}

— alive(anil) alive(anil)

{ ¥ Hence proved.



Hencethenegationoftheconclusionhasbeenprovedasacompletecontradictionwiththegivensetof statements.

ExplanationofResolutiongraph:

o

Inthefirststepofresolutiongraph, -likes(John,Peanuts),andlikes(John,x)getresolved(canceled)by
substitution of {Peanuts/x}, and we are left with = food (Peanuts)

Inthesecondstepoftheresolutiongraph, -food(Peanuts),andfood(z)getresolved(canceled)by substitution of {
Peanuts/z}, and we are left with - eats(y, Peanuts) V killed(y) .

Inthethirdstepoftheresolutiongraph, ~eats(y,Peanuts) andeats(Anil,Peanuts)getresolvedby substitution
{Anil/y}, and we are left with Killed(Anil) .

In the fourth step of the resolution graph,Killed(Anil) and- killed(k)get resolve by substitution {Anil/k},
and we are left with = alive(Anil) .

Inthelaststepoftheresolutiongraph ~alive(Anil)andalive(Anil)getresolved.
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UNITV PROBABILISTICREASONING
Actingunderuncertainty—Bayesianinference—naiveBayesmodels.Probabilisticreasoning—
Bayesiannetworks—exactinferenceinBN —approximateinferenceinBN—causalnetworks.

1. Actingunderuncertainty

Uncertainty:

Tillnow,wehavelearnedknowledgerepresentationusingfirst-orderlogicandpropositional

logic with certainty, which means we were sure about the predicates. With this knowledge
representation, we might write A—B, which means if A is true then B is true, but consider a
situation where we are not sure about whether A is true or not then we cannot express this
statement, this situation is called uncertainty.

So to represent uncertain knowledge, where we are not sure about the predicates, we need
uncertain reasoning or probabilistic reasoning.

Causes ofuncertainty:
Followingare someleading causesofuncertaintytooccurinthe realworld.

Informationoccurredfromunreliable sources.
ExperimentalErrors

Equipmentfault

Temperature variation

Climate change.
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2. Bayesianinference

Bayes'theoreminArtificialintelligence

Bayes'theorem:

Bayes' theorem isalsoknown as Bayes'rule,Bayes’law,or Bayesianreasoning,which determinesthe probabilityof an
event with uncertain knowledge.

Inprobabilitytheory,itrelatestheconditionalprobabilityandmarginalprobabilitiesoftworandomevents.

Bayes' theorem was named after the British mathematician Thomas Bayes. TheBayesian inference is an application
of Bayes' theorem, which is fundamental to Bayesian statistics.

ItisawaytocalculatethevalueofP(B|A)withtheknowledgeofP(A|B).



Bayes'theoremallowsupdatingtheprobabilitypredictionofaneventbyobservingnewinformationoftherealworld.

Example: If cancer corresponds to one's age then by using Bayes' theorem, we can determine the probability of
cancer more accurately with the help of age.

Bayes'theoremcanbederivedusingproductruleandconditionalprobabilityofeventAwithknowneventB: As from
product rule we can write:

P(AAB)=P(A|B)P(B)or

Similarly,theprobabilityofeventBwithknowneventA:

P(AAB)=P(B|A)P(A)
Equatingrighthandsideofboththeequations,wewill get:
_P(BJA) P(4)

P(A]B) —— we(a)

The above equation (a) is called as Bayes' rule orBayes' theorem. This equation is basic of most modern Al systems
for probabilistic inference.

Itshowsthesimplerelationshipbetweenjointandconditionalprobabilities.Here,

P(A|B) is known as posterior, which we need to calculate, and it will be read as Probability of hypothesis A when we
have occurred an evidence B.

P(B|A) is called the likelihood, in which we consider that hypothesis is true, then we calculate the probability of
evidence.

P(A)iscalledthepriorprobability,probabilityofhypothesisbeforeconsideringtheevidence P(B) is
called marginal probability, pure probability of an evidence.

Intheequation(a),ingeneral,wecanwriteP(B)=P(A)*P(B|Ai),hencetheBayes'rulecanbewrittenas:

P(A{)*P(B|4;)
Y P(A)+P(BIA})

P(Ai|B) =

WhereA1,Az Az, Anisasetof mutuallyexclusiveandexhaustiveevents.

ApplyingBayes'rule:

Bayes' rule allows us to compute the single term P(B|A) in terms of P(A|B), P(B), and P(A). This is very useful in cases
where we have a good probability of these three terms and want to determine the fourth one. Suppose we want to
perceive the effect of some unknown cause, and want to compute that cause, then the Bayes' rule becomes:



P(effect|cause) P(cause)
Pleffect)

P(cause|effect) =
Example-1:
Question:whatistheprobabilitythatapatienthasdiseasesmeningitiswithastiffneck? Given Data:

Adoctor isawarethatdiseasemeningitiscausesa patientto havea stiffneck,and itoccurs80%ofthetime. Heis also aware of
some more facts, which are given as follows:

o TheKnownprobabilitythatapatienthasmeningitisdiseaseis1/30,000.
o TheKnown probabilitythatapatienthasastiffneckis2%.

Let a be the proposition that patient has stiff neck and b bethe proposition that patient has meningitis. , so we can
calculate the following as:

P(alb) = 0.8
P(b)=1/30000

P(a)=.02

P(ba) = PALRP®) °%Gaw) _ () 001333333
Pla) 0,02 ) .

Hence wecanassumethat1patientoutof750patientshasmeningitisdiseasewithastiffneck.
Example-2:

Question:From astandard deckof playing cards,asingle card is drawn.Theprobabilitythat the card is king is
4/52, then calculate posterior probability P(King|Face), which means the drawn face card is a king card.

Solution:

p(Facelking)«p(King)
P(Face)

P(king|face) =

P(king):probabilitythatthecardisKing=4/52=1/13 P(face):
probability that a card is a face card= 3/13
P(Face|King):probabilityoffacecardwhenweassumeitisaking=1 Putting all

values in equation (i) we will get:



1
L+()
P(king|face) = + = 1/3, it is a probability that a face card is a king card.
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ApplicationofBayes'theoreminArtificialintelligence:
FollowingaresomeapplicationsofBayes’theorem:
o ltisusedtocalculatethenextstepoftherobotwhenthealreadyexecutedstepisgiven.

o Bayes'theoremishelpfulinweatherforecasting.
o ltcan solvetheMontyHallproblem.

3. Probabilisticreasoning

Probabilisticreasoning:

Probabilistic reasoning is a way of knowledge representation where we apply the concept of probability to indicatethe
uncertainty in knowledge. In probabilistic reasoning, we combine probability theory with logic to handle the
uncertainty.

We use probability in probabilistic reasoning because it provides a way to handle the uncertainty that is the result of
someone's laziness and ignorance.

In the real world, there are lots of scenarios, where the certainty of something is not confirmed, such as "It will rain
today,""behavior of someone for some situations,""Amatchbetween two teams or two players." These are probable
sentences for which we can assume that it will happen but not sure about it, so here we use probabilistic reasoning.

NeedofprobabilisticreasoninginAl:

o  Whenthereareunpredictableoutcomes.
o  Whenspecificationsorpossibilitiesofpredicatesbecomestoolargetohandle.
o Whenanunknownerroroccursduringan experiment.

Inprobabilisticreasoning,therearetwowaystosolveproblemswithuncertainknowledge:

o Bayes'rule
o BayesianStatistics

As probabilistic reasoning uses probability and related terms, so before understanding probabilistic reasoning, let's
understand some common terms:

Probability:Probability can be defined as a chance that an uncertain event will occur. It is the numerical measure of
the likelihood that an event will occur. The value of probability always remains between 0 and 1 that represent ideal
uncertainties.



0<P(A)=<1,whereP(A)istheprobabilityofaneventA.P(A) =
0,indicates total uncertainty in an event A.

P(A)=1,indicatestotalcertaintyinaneventA.

Wecanfindtheprobabilityofanuncertaineventbyusingthebelowformula.

Number of desired outcomes

Probability of occurrence =
Total number of outcomes

o P(=A)=probabilityofanothappeningevent.
o P(=A)+PA)=1.

Event:Eachpossibleoutcomeofavariableiscalledan event.
Samplespace:Thecollectionofallpossibleeventsiscalledsamplespace.
Randomvariables:Randomvariablesareusedtorepresenttheeventsandobjectsintherealworld.
Priorprobability:Thepriorprobabilityofaneventisprobabilitycomputedbeforeobservingnewinformation.

Posterior Probability:The probability that is calculated after all evidence or information has takeninto account. It isa
combination of prior probability and new information.

Conditionalprobability:
Conditionalprobabilityisaprobabilityofoccurringaneventwhenanothereventhasalreadyhappened.

Let's suppose, we want to calculate the event Awhenevent B has already occurred, "the probability of Aunder the
conditions of B", it can be written as:

P(ANB
PIAIB) = [P(BJ :

WhereP(A/\B)=JointprobabilityofaandBP(B)=

Marginal probability of B.

IftheprobabilityofA isgiven andweneedtofindtheprobabilityofB, thenitwillbegiven as:
P{A AB)
PlA)

It can be explained by using the below Venn diagram, where B is occurred event, so sample space will be reduced to
set B, and now we can only calculate event A when event B is already occurred by dividing the probability of P(AAB)
by P(B).

P(BIA) =



Example:

In aclass, there are 70% ofthe students who likeEnglish and40% of the students who likesEnglish andmathematics,
and then what is the percent of students those who like English also like mathematics?

Solution:
Let,AisaneventthatastudentlikesMathematics B is

an event that a student likes English.

P(AAB) 0.4
PANE) _ 0% _ oye

P(AIB) = P(B) 0.7

Hence,57%arethestudentswholikeEnglishalsolikeMathematics.

4. Bayesian networksorBelief networks

BayesianBeliefNetworkinartificialintelligence

Bayesianbeliefnetworkiskeycomputertechnologyfordealingwithprobabilisticeventsandtosolveaproblem which has
uncertainty. We can define a Bayesian network as:

"ABayesiannetworkisaprobabilisticgraphicalmodelwhichrepresentsasetofvariablesandtheirconditional dependencies using a
directed acyclic graph.”

ItisalsocalledaBayesnetwork,beliefnetwork,decisionnetwork,orBayesian model.

Bayesian networks are probabilistic, because these networks are built from a probability distribution, and also use
probability theory for prediction and anomaly detection.

Realworldapplicationsareprobabilistic  in  nature,andtorepresenttherelationshipbetweenmultipleevents,weneed a
Bayesian network. It can also be used in various tasks including prediction, anomaly detection, diagnostics,
automated insight, reasoning, time series prediction, and decision making under uncertainty.



BayesianNetworkcan beusedforbuildingmodelsfromdataandexpertsopinions,anditconsistsoftwoparts:

o DirectedAcyclic Graph
o Tableofconditionalprobabilities.

The generalized form of Bayesian network that represents and solve decision problems underuncertain knowledge is
known as an Influence diagram.

ABayesiannetworkgraphismadeupofnod dArcs(directedlinks), where:

Node

LY
PV

o Eachnodecorrespondstotherandomvariables,andavariablecanbecontinuousordiscrete.

o Arc or directed arrows represent the causal relationship or conditional probabilities between random
variables.Thesedirectedlinksorarrowsconnectthepairofnodesinthegraph. These links represent that one node
directly influence the other node, and if there is no directed link that means that nodes are independent with

each other
o In the above diagram, A, B, C, and D are random variables represented by the nodes of
thenetwork graph.

o If we are considering node B,which is connected with node A byadirected arrow,then node A
is called the parent of Node B.

o NodeCisindependentofnodeA.

Note: The Bayesian network graph does not contain anycyclic graph. Hence, it is known as a directed acyclic
graph or DAG

TheBayesiannetworkhasmainlytwocomponents:

o CausalComponent
o  Actualnumbers

EachnodeintheBayesiannetworkhasconditionprobabilitydistribution P(Xi|Parent(X;)),whichdeterminesthe effect of the
parent on that node.

Bayesian network is based on Joint probability distribution and conditional probability. So let's firstunderstand
thejoint probability distribution:



Jointprobabilitydistribution:

Ifwehavevariablesx1,x2,x3,xn,thentheprobabilitiesofadifferentcombinationofx1,x2,x3..xn,areknownas
Jointprobabilitydistribution.

P[x1,%2,X3,,Xn], itcanbewrittenasthefollowingwayintermsofthejointprobabilitydistribution.
=P[X1|X2,X3,-..0,Xn] P[X2,X3,,Xn]

=P[X1|X2,X3,+cecsXn] P[X2| X3, cce; Xn]. P [Xn-1|Xn] P[Xn].
IngeneralforeachvariableXi,wecanwritethe equationas:

P(Xi|Xicly oweeeunnn , X1) =P (X;|Parents (Xi))

ExplanationofBayesiannetwork:
Let'sunderstandtheBayesiannetworkthroughanexamplebycreatingadirectedacyclic graph:

Example:Harry installed anew burglar alarmathishometodetect burglary. The alarm reliably respondsat detecting a
burglary but also responds for minor earthquakes. Harry has two neighbors David and Sophia, who have taken a
responsibility to inform Harry at workwhen they hear the alarm. David always callsHarry whenhe hears the alarm, but
sometimes he got confused with the phone ringing and calls at that time too. On the other hand, Sophia likes to listen
to high music, so sometimes she misses to hear the alarm. Here we would like to compute the probability of Burglary
Alarm.

Problem:
Calculatetheprobabilitythatalarmhassounded,butthereisneitheraburglary,noranearthquakeoccurred,andDavidandSophiabothcalledthe Harry.

Solution:

o The Bayesian network for the above problem is given below. The network structure is showing that burglary
and earthquake is the parent node of the alarm and directly affecting the probability of alarm's going off,but
David and Sophia's calls depend on alarm probability.

o The network is representing that our assumptions do not directly perceive the burglary and also do not
notice the minor earthquake, and they also not confer before calling.

o TheconditionaldistributionsforeachnodearegivenasconditionalprobabilitiestableorCPT.

o Each row in the CPT must be sum to 1 because all the entries in the table represent an exhaustive set ofcases
for the variable.

o In CPT, a boolean variable with k boolean parents contains 2K probabilities. Hence, if there are two parents,
then CPT will contain 4 probability values

Listofalleventsoccurringinthisnetwork:

Burglary(B)
Earthquake(E)
Alarm(A)
DavidCalls(D)

O O O O



o Sophiacalls(S)

Wecanwritetheeventsofproblemstatementintheformofprobability: P[D,S,A,B,E],canrewritetheabove probability
statement using joint probability distribution:

P[D,S,A,B,E]=P[D |S,A,B,E].P[S,A,B,E]
=P[D|S,A,B,E].P[S|A,B,E]. P[A,B,E]
=P[D|A].P[S|A, B,E].P[A,B,E]
=P[D|A].P[S|A]. P[A|B,E].P[B,E]

=P[D|AL.P[S |A].P[A|B,ELP[B |E]. P[E]

T | 0002 e T | aom
— oo Burglary B E Earthquake F | 0999
\A / o [ [ puen | pasn
T T 094 | 0.06
Alarm T I F | oo | ooa
F T 0.69 | 0.69
F F 0.999 0.999
D )
) A Pi{s=T) | P(5=F)
PO=N [ PO=H] A calls 2EEalE T | o7 | o
T 091 | 008 calls 3 0.98
F 005 | 095 =

Let'staketheobservedprobabilityfortheBurglaryandearthquakecomponent: P(B=
True) = 0.002, which is the probability of burglary.
P(B=False)=0.998,whichistheprobabilityofnoburglary.
P(E=True)=0.001,whichistheprobabilityofaminorearthquake
P(E=False)=0.999,Whichistheprobabilitythatanearthquakenotoccurred. We can
provide the conditional probabilities as per the below tables: Conditional
probability table for Alarm A:

TheConditionalprobabilityofAlarmAdependsonBurglar andearthquake:



B E P(A= True) P(A=False)

True True 0.94 0.06
True False 0.95 0.04
False True 031 0.69
False False 0.001 0.999

ConditionalprobabilitytableforDavidCalls:

TheConditionalprobabilityofDavidthathewillcalldependson theprobabilityof Alarm.

A P(D= True) P(D= False)
True 091 0.09
False 0.05 0.95

ConditionalprobabilitytableforSophiaCalls:

TheConditionalprobabilityofSophiathatshecallsisdependingon itsParentNode"Alarm."

A P(S=True) P(S= False)
True 0.75 025
False 0.02 098

Fromtheformulaofjointdistribution,wecanwritetheproblemstatementintheformofprobabilitydistribution:
P(S.D.A,~B,~E)=P(S|A)*P(D|A)*P(A|~B~-E)*P(~B)*P(-E).

=0.75*0.91*0.001*0.998*0.999

=0.00068045.

Hence,aBayesiannetworkcanansweranyqueryaboutthedomainbyusing Jointdistribution. The
semantics of Bayesian Network:
TherearetwowaystounderstandthesemanticsoftheBayesiannetwork,whichisgiven below:

1. TounderstandthenetworkastherepresentationoftheJointprobabilitydistribution.
Itishelpfultounderstandhowtoconstructthenetwork.

2. Tounderstandthenetworkasanencodingofacollectionofconditionalindependencestatements.

Itishelpfulindesigninginference procedure.



o

InferenceinBayesianNetworks
Exactinference
2. Approximate inference

=

1. Exactinference:

Inexactinference,weanalyticallycomputetheconditionalprobabilitydistributionoverthe variables of
interest.

Butsometimes,that’s too hard to do, in which case we can use approximation techniques based on
statistical sampling

GivenaBayesiannetwork,whatquestionsmightwewantto ask?
¢ Conditionalprobabilityquery:P(x| e)
¢ Maximumaposterioriprobability:WhatvalueofxmaximizesP(x | e)?

Generalquestion:What’sthewholeprobabilitydistributionovervariableXgivenevidencee,P(X |
e)?

Inourdiscreteprobabilitysituation,theonlywaytoansweraMAPqueryistocomputethe probability of x
given e for all possible values of x and see which one is greatest

So,ingeneral,we’dliketobeabletocompute awholeprobabilitydistributionoversomevariableor
variablesX,giveninstantiationsofasetofvariablese

Usingthejoint distribution

To answer any query involving a conjunction of variables,sum over the variables notinvolved in the
query

Given the jointdistribution over the variables,we can easily answer any question aboutthe value of a
single variable by summing (or marginalizing) over the other variables.

Pr(d) = ZPr(a,b,c,a’)

ABC

- Z Z ZPr(A:a/\B:b/\(f:c)

aedom(4 )bedom(B )cedom(C )

So, in a domain with four variables, A, B, C, and D, the probability that variable D has value d is the
sum over all possible combinations of values of the other three variables of the joint probability ofall
four values. This is exactly the same as the procedure we went through in the last lecture, where to
compute the probability of cavity, we added up the probability of cavity and toothache and the
probability of cavity and not toothache.



In general, we’ll use the first notation, with a single summation indexed by a list of variable names,
and a joint probability expression that mentions values of those variables. But here we can see the
completely written-out definition, just so we all know what the shorthand is supposed to mean.

> Pr(a,b,c,d)
Pr(b,d) -

Pr(b) - ZPr(a,b,c,d)

ACD

Pr(d | b) =

To compute a conditional probability, we reduce it to a ratio of conjunctive queries using the

definition of conditional probability,and then answer each of those queries by marginalizing outthe
variables not mentioned.

In the numerator, here, you can see that we’re only summing over variables A and C,because b and
d are instantiated in the query.

Simple Case
O—E0—(—C

We're going tolearn a general purpose algorithm for answering these joint queries fairly efficiently.

We'll start by looking at a very simple case to build up our intuitions, then we’ll write down the
algorithm, then we’ll apply it to a more complex case.

Here’sourverysimplecase.It'sabayesnetwithfournodes,arrangedinachain.

OmOmOn0

Bild) = ZPr(a,b,c,d)

ABC

= Y Pr(d | ¢)Pr(c | b)Pr(b | a)Pr(a)

ABC

=222 Pr(d|c)Pr(c|b)Pr(b|a)Pr(a)

(

= > Pr(d |¢))_Pr(c| b)Y _Pr(b|a)Pr(a)



So, we know from before that the probability that variable D has some value little d is the sumover
A, B, and C of the joint distribution, with d fixed.

Now, using the chain rule of Bayesian networks, we can write down the joint probability as aproduct
over the nodes of the probability of each node’s value given the values of its parents. So, in this
case, we get P(d|c) times P(c|b) times P(b|a) times P(a).

This expression gives us a method for answering the query, given the conditional probabilities that
are stored in the net. And this method can be applied directly to any other bayes net. But there’s a
problemwithit:itrequiresenumeratingall possiblecombinationsofassignmentstoA,B,andC, and then,
for each one, multiplying the factors for each node. That’s an enormous amount of work and we’d
like to avoid it if at all possible.

So, we'll try rewriting the expression into something that might be more efficient to evaluate. First,
we can make our summation into three separate summations, one over each variable.

Then, by distributivity of addition over multiplication, we can push the summations in, so that the
sum over A includes all the terms thatmention A,but no others,and so on. It’s pretty clear that this
expression is the same as the previous one in value, but it can be evaluated more efficiently. We're
still, eventually, enumerating all assignments to the three variables, but we’re doing somewhat
fewer multiplications than before. So this is still not completely satisfactory.

O OO0

Pr(d)= D _Pr(d | c)Y Pr(c| b)Y Pr(bh|a)Pr(a)

. S
Y

Fr{h la)Pr(a,) Pr(h |a) Pr(a:)J
Pr(b, | a,)Pr(a,) Pr(b, | a,)Pr(a,)

Ifyoulook,for aminute,atthe termsinsidethesummationoverA,you'llseethatwe’redoingthese
multiplications over for each value of C, which isn’t necessary, because they’re independent of C.
Ouridea, here, istodo themultiplicationsonce and storethem forlater use. Sofirst,foreachvalue of A
and B, we can compute the product, generating a two dimensional matrix.



Pr(d)= Y Pr(d|c)) Pr(c| b)) Pr(b|a)Pr(a)

AN J
N

> Pr(b, | a)Pr(a)
zj:Pr(b2 | a)Pr(a)

Then,we can sum over the rows of the matrix,yielding one value of the sum for each possible value
of b.

Pr(d)= ) _Pr(d |c)D_Pr(c| b)Y _Pr(b|a)Pr(a)

. J
&

11(b)

We'llcallthissetofvalues,whichdependsonb,flofb.

Pr(d)= D Pr(d |c))_Pr(c|b)f;(b)

%2 J

f(¢)

Now, we can substitute f1 of b in for the sum over A in our previous expression.And,effectively,we
can remove node A from our diagram. Now, we express the contribution of b, which takes the
contribution of a into account, asf_1 of b.

We can continue the process in basically the same way. We can look at the summation over b and
seethatthe only other variableitinvolvesisc.We can summarizethose productsas a set of factors, one
for each value of c. We'll call those factors f_2 of c.

Pr(d)= 2 Pr(d|c)f(c)

Wesubstitutef 2of cintotheformula,remove nodeb from thediagram,and nowwe’re down toa
simpleexpressioninwhichdisknownandwehaveto sumovervaluesofc.



VariableEliminationAlgorithm

GivenaBayesiannetwork,andaneliminationorderforthenon-queryvariables,compute
22K 2| |Pr(x, | Pax)))
XI "{2 Xm Jl

Fori=mdownto 1

e removeallthefactorsthatmentionXi

e multiplythosefactors,gettingavalueforeachcombinationofmentionedvariables

e sumoverXi

e putthisnewfactorintothefactorset
That was a simple special case. Now we can look at the algorithm in the general case. Let’s assume
that we’re given a Bayesian network and an ordering on the variables that aren’t fixed in the query.
We'll come back later to the question of the influence of the order, and how we might find a good
one.
We can express the probability of the query variables as a sum over each value of each of the non-
query variables of a product over each node in the network, of the probability that that variable has

the given value given the values of its parents.

So,we’lleliminatethevariablesfromtheinsideout.StartingwithvariableXmandfinishingwith
variableX1.

ToeliminatevariableXi,westartbygatheringupallofthefactorsthatmentionXi,andremoving
themfromoursetof factors.Let’ssay thereareksuchfactors.

Now, we make a k+1 dimensional table, indexed by Xi as well as each of the other variables that is
mentioned in our set of factors.

Wethensumthe tableovertheXidimension,resultinginak-dimensionaltable.
Thistableisournewfactor,and weputa termforit backintoour setof factors. Once
general case. We have this big network that encodes a domain for diagnosing

lung disease. (Dyspnea, as | understand it, is shortness of breath).

We'lldovariableeliminationonthisgraphusingeliminationorderA,B,L,T,S,X, V.
So, we start by eliminating V. We gather the two terms that mention V and see that they alsoinvolve
variable T. So, we compute the product for each value of T, and summarize those in the factor f1 of

T.

Nowwecansubstitutethatfactor inforthe summation,andremovethenodefromthenetwork.



The next variable to be eliminated is X. There is actually only one term involving X, and it also
involves variable A. So, for each value of A, we compute the sum over X of P(x|a). But wait! Weknow
what this value is! If we fix a and sum over x, these probabilities have to add up to 1.

So, rather than adding another factor to our expression, we can just remove the whole sum. In
general, the only nodes that will have an influence on the probability of D are its ancestors.

Now, it’s time to eliminate S. We find that there are three terms involving S, and we gather them
into the sum. These three terms involve two other variables, B and L. So we have to make a factor
that specifies, for each value of B and L, the value of the sum of products.

We’llcallthatfactorf 2ofband I.

Now we can substitute that factor back into our expression. We can also eliminate node S. But in
eliminating S, we’ve added a direct dependency between L and B (they used to be dependent via S,
butnow thedependencyisencodedexplicitlyinf2(b).We’llshowthatinthe graphbydrawingaline
between the two nodes. It's not exactly a standard directed conditional dependence, but it’s still
useful to show that they’re coupled.

Now we eliminate T. It involves two terms, which themselves involve variables A and L. So we make
a new factor f3 of Aand L.

WecansubstituteinthatfactorandeliminateT.We’'regettingclose!

Pr(d) =2 Pr(d | a,b)Y. f,(b.]) fi(al)
AB L /]
1 (a,b)



Nextwe eliminate L.Itinvolves thesetwo factors,which depend on variablesA and B. Sowemake a new
factor, f4 of A and B, and substitute it in. We remove node L, but couple A and B.

chest ronch
bn itis

Dysp
nea

Pr(d) = Y Pr(d | a,b)f,(a.,b)

AB

Atthispoint,wecouldjustdothesummationsoverAandBandbedone.Buttofinishoutthe
algorithmthewayacomputerwould,it’stimetoeliminatevariableB.

Pr(d)= Y9 Pr(d | a,b)f,(a,b)
4 B
o

Ssla)

It involves both of our remaining terms, and it seems to depend on variables A and D. However, in
this case, we’re interested in the probability of a particular value, little d of D, and so the variable dis
instantiated. Thus,we cantreatitas a constantin this expression,and we only need togenerate a factor
over a, which we’ll call f5 of a. And we can now, in some sense, remove D from our networkas well
(because we’ve already factored it into our answer).

Pr(d) =D f.(a)
|

Finally, to get the probability that variable D has value little d, we simply sum factor f5 over allvalues
of a. Yay! We did it.

PropertiesofVariableElimination
Let’sseehowthevariableeliminationalgorithmperforms,bothintheoryandinpractice.
e Timeisexponentialinsizeoflargestfactor

e Badeliminationordercangeneratehugefactors
e NPHardtofindthebestelimination order



e Eventhebesteliminationordermaygeneratelargefactors

e Therearereasonableheuristicsforpickinganeliminationorder(suchaschoosingthe variable that
results in the smallest next factor)

e Inferenceinpolytrees(netswithnocycles)islinearinsizeofthenetwork(thelargestCPT)

e Manyproblemswithverylargenetshaveonlysmallfactors,andthusefficientinference

First of all, it’s pretty easy to see that it runs in time exponential in the number of variables involved in
the largestfactor. Creating a factor with k variablesinvolvesmaking a k+1dimensional table. If you have b
values per variable, that’s a table of size bA(k+1). To make each entry, you have to multiply at most n
numbers, where n is the number of nodes. We have to do this for each variable to be eliminated (which
is usually close to n). So we have something like time = O(n*2 b”"k).

How big the factors are depends on the elimination order. You'll see in one of the recitation exercises
just how dramatic the difference in factor sizes can be. A bad elimination order can generate huge
factors.

So,we’d like touse the elimination order thatgenerates the smallestfactors. Unfortunately,itturns out to
be NP hard to find the best elimination order.

At least, there are some fairly reasonable heuristics for choosing an elimination order. It's usually done
dynamically. So, rather than fixing the elimination order in advance, as we suggested in the algorithm
description, you can pick the next variable to be eliminated depending on the situation. In particular,one
reasonable heuristic is to pick the variable to eliminate next that will result in the smallest factor. This
greedy approach won’t always be optimal, but it’s not usually too bad.

There is one case where Bayes net inference in general, and the variable elimination algorithm in
particular is fairly efficient, and that’s when the network is a polytree. A polytree is a network with no
cycles. That is, a network in which, for any two nodes, there is only one path between them. In a
polytree,inferenceislinearinthesizeof thenetwork, wherethesizeof thenetwork isdefinedto be the size of
the largest conditional probability table (or exponential in the maximum number of parents ofany node).
In a polytree, the optimal elimination order is to start at the root nodes, and work downwards, always
eliminating a variable that no longer has any parents. In doing so, we never introduce additional
connections into the network.

So,inferenceinpolytreesisefficient,andeveninmanylargenon-polytreenetworks,it’spossibleto
keepthefactorssmall,andthereforetodoinferencerelativelyefficiently.

Whenthenetworkissuchthatthefactorsare,ofnecessity,large,we’llhavetoturntoadifferentclass
ofmethods.

2. Approximateinference:

Sampling

Togetapproximateanswerwecandostochasticsimulation(sampling).
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*Flip a coin where P(T)=0.4, assume
we get T, use that value for A

*Given A=T, lookup P(B|A=T) and flip
a coin with that prob., assume we get
F

eSimilarly for C and D

*We get one sample from joint
distribution of these four vars

Another strategy, which is a theme that comes up also more and more in Al actually, is to say, well, we
didn'treallywanttherightanswer anyway.Let'stry to doan approximation.Andyou canalsoshowthat it's
computationally hard to get an approximation that's within epsilon of the answer that you want, but
again that doesn't keep us from trying.

So, the other thing that we can do is the stochastic simulation or sampling. In sampling, what we do
iswelookattherootnodesofourgraph,and attached tothisroot nodeissomeprobabilitythat Aisgoing to be
true, right? Maybe it's .4. So we flip a coin that comes up heads with probability .4 and see if we get true

or false.

We flip our coin,let's say,and weget true for A -- thistime.And now, given the assignmentof true to A, we
look in the conditional probability table for B given A = true, and that gives us a probability for B.

Now,weflipacoinwiththatprobability.SaywegetFalse.Weenterthatintothetable.
WedothesamethingforC,andlet’ssaywegetTrue.

Now,welookintheCPTfor DgivenBandC,forthe casewhereBisfalseandC istrue,and weflipacoin with that
probability, in order to get a value for D.

So, there's one sample from the joint distribution of these four variables. And you can just keep doing
this, all day and all night, and generate a big pile of samples, using that algorithm. And now you can ask
various questions.

Estimate:

P*(D|A)=#D,A/H#A

Let's say you want to know the probability of D given A. How would you answer- - given all the examples

-- what would you do to compute the probability of D given A? You would just count. You’d count the
number of cases in which A and D were true, and you’d divide that by the number of cases in



whichAwastrue,andthatwouldgiveyouanunbiasedestimateoftheprobabilityofDgivenA.The
moresamples,themoreconfidenceyou’dhavethattheestimatedprobabilityisclosetothetrueone.

Estimation

e Someprobabilitiesareeasierthanothersto estimate
e Ingeneratingthetable,therareeventswillnotbewellrepresented
e P(Disease|spots-on-your-tongue,soretoe)
e |f spots-on-your-tongue and sore toe are not root nodes, you would generate a huge table but
the cases of interest would be very sparse in the table
e Importancesamplingletsyoufocusontheset ofcasesthatareimportanttoansweringyour question
It'sgoingtoturnoutthatsomeprobabilitiesareeasierthanotherones toestimate.

Exactly because of the process we’re using to generate the samples, the majority of them will be the
typical cases. Oh, it's someone with a cold, someone with a cold, someone with a cold, someone with a
cold, someone with a cold, someone with malaria, someone with a cold, someone with a cold. So the
rare results are not going to come up very often. And so doing this sampling naively can make it really
hard to estimate the probability of a rare event. If it's something that happens one in ten thousand
times, well, you know for sure you're going to need, some number of tens of thousands of samples toget
even a reasonable estimate of that probability.

Imagine that you want to estimate the probability of some disease given -- oh, | don't know -- spots on
your tongue and a sore toe. Somebody walks in andthey have a really peculiar set of symptoms, andyou
want to know what's the probability that they have some disease.

Well, if the symptoms are root nodes, it's easy. If the symptoms were root nodes, you could just assign
the root nodes to have their observed values and then simulate the rest of the network as before.

But if the symptoms aren't root nodes then if you do naive sampling, you would generate a giant tableof
samples, and you'd have to go and look and say, gosh, how many cases do | have where somebody has
spots on their tongue and a sore toe; and the answer would be, well, maybe zero or not very many.

There’s a technique called importance sampling, which allows you to draw examples from a distribution
that’s going tobe more helpful and then reweightthem sothatyou canstill getanunbiased estimate of
thedesiredconditionalprobability.lt’sa bit beyond thescope of this classtoget into the details,but it’s an
important and effective idea.

RecitationProblem

¢ DothevariableeliminationalgorithmonthenetbelowusingtheeliminationorderA,B,C(thatis, eliminate
node C first). In computing P(D=d), what factors do you get?

¢ WhatifyouwantedtocomputethewholemarginaldistributionP(D)?
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Here’s the network we started with. We used elimination order C, B, A (we eliminated A first). Now
we’re going to explore what happens when we eliminate the variables in the opposite order. First, work
on the case we did, where we’re trying to calculate the probability that node D takes on a particular
value, little d. Remember that little d is a constant in this case. Now, do the case where we’re trying to
find the whole distribution over D, so we don’t know a particular value for little d.

AnotherRecitationProblem

Find an elimination order that keeps the factors small for the net below, or show that there is no such
order.
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Here’s a pretty complicated graph. But notice that no node has more than 2 parents, so none of
theCPTsarehuge.The questionis,is thisgraph hardfor variableelimination?More concretely,can you find
an elimination order thatresults only in fairly small factors? Is there an elimination order thatgenerates a
huge factor?

ThelastRecitationProblem

Bayesian networks (or related models) are often used in computer vision, but they almost
alwaysrequiresampling.Whathappenswhenyoutry todovariableeliminationonamodel likethegridbelow?
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6. CasualNetworks:

Acausalnetworkisanacyclicdigrapharisingfromanevolutionofa substitutionsystem,and
representingitshistory. Theillustrationaboveshowsacausalnetworkcorrespondingtotherules

(BB — A, A44B — B .A.A B} @ppliedina left-to-right scan)andinitialcondition 5 4 A4 B

cells not being nodes corresponding
rule mobile automaton updated merged to updating events

o s
e.

Thefigureaboveshowstheprocedurefordiagrammaticallycreatingacausalnetworkfrom a mobile
automaton.

causal network

In an evolution of a multiway system, each substitution event is a vertex in a causal network.
Two events which are related by causal dependence, meaning one occurs just before the other,
haveanedgebetweenthecorresponding vertices inthecausalnetwork.Moreprecisely, theedge is a
directed edge leading from the past event to the future event.
Somecausalnetworksareindependentofthechoiceofevolution, andthesearecalled causallyinvariant.
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