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ForMachineLearningCoursewerecommendthatstudentsmeetthefollowing 
prerequisites: 

• Basicprogrammingskills(inPython) 

• Algorithmdesign 

• Basicsofprobability&statistics 



 

 

 

 

 

Unit–1 

Unit–2 

 

Unit–3 

Unit–4 

Unit–5 

Introduction, Concept Learning, Decision Tree 

LearningArtificialNeuralNetworks-1,ArtificialNeural 

Networks-2, Evaluating Hypothesis, 

BayesianLearning,Computationallearningtheory, 

Instance Based Learning, 

GeneticAlgorithms,LearningSetsofRules, 

Reinforcement Learning 

AnalyticalLearning-1,AnalyticalLearning-2,CombiningInductiveand 

Analytical Learning 



 

 

 

 

 

 

UNIT-1 



 

 

 

Ever sincecomputers wereinvented,wehavewonderedwhethertheymightbe 
Madetolearn.Ifwecouldunderstandhowtoprogramthemtolearn-toimprove automatically 
with experience-the impact would be dramatic. 

• Imaginecomputerslearningfrommedicalrecordswhichtreatmentsaremost 

effectivefornewdiseases 

• Houseslearningfromexperiencetooptimizeenergycostsbasedontheoftheir 

occupants. 

• Personalsoftwareassistantslearningtheevolvinginterestsoftheirtohighlight 

especiallyrelevantstoriesfromtheonlinemorningnewspaper 



 

 

 

 

• Learningtorecognizespokenwords 

• Learningtodriveanautonomousvehicle 

• Learningtoclassifynewastronomicalstructures 

• Learningtoplayworld-classbackgammon 



 

 

 

 

• Sometaskscannotbedefinedwell,exceptbyexamples(e.g., 
recognizing people). 

• Relationshipsandcorrelationscanbehiddenwithinlargeamountsof 
data.MachineLearning/DataMining maybe abletofind these 
relationships. 

• Humandesignersoftenproducemachinesthatdonotworkaswellas 
desiredintheenvironmentsinwhichtheyareused. 

• Theamountofknowledgeavailableaboutcertaintasksmightbetoolargefor 

explicitencoding by humans (e.g., medical diagnostic). 

• Environmentschangeovertime. 

• Newknowledgeabouttasksisconstantlybeingdiscoveredbyhumans.Itmay 
bedifficulttocontinuouslyre-designsystems“byhand”. 

 



 

 

 

 

• Statistics:Howbesttousesamplesdrawnfromunknownprobabilitydistributionstohelp 

decidefromwhichdistributionsomenewsampleisdrawn? 

• Brain Models: Non-linearelementswithweightedinputs(Artificial 

NeuralNetworks)havebeensuggestedassimplemodelsofbiologicalneurons. 

• AdaptiveControlTheory:Howtodealwithcontrollingaprocesshavingunknown 

parametersthatmustbeestimatedduringoperation? 

• Psychology:Howtomodelhumanperformanceonvariouslearningtasks? 

• ArtificialIntelligence:Howtowritealgorithmstoacquiretheknowledgehumansareable 

toacquire,atleast,aswellashumans? 

• EvolutionaryModels:Howtomodelcertainaspectsofbiologicalevolutionto 

improvetheperformanceofcomputerprograms? 



 

 

 

A computer program is said to learn from experience E 
with respect to some class of tasks T and performance 
measure P, if its performance at tasks in T, as measured 
byP,improveswithexperienceE. 



 

 

 

 

Learningissusedwhen: 

• Humanexpertisedoesnotexist(navigatingonMars) 

• Humansareunabletoexplaintheirexpertise(speechrecognition) 

• Solutionchangesintime(routingonacomputernetwork) 

• Solutionneedstobeadaptedtoparticularcases(userbiometrics) 



 

 

 

Definition: A computer program is said to learn from experience E with respect to 

someclassoftasksT andperformancemeasureP,ifitsperformance attasksinT,as 

measured by P, improves with experience E. 

 

Tohaveawell-definedlearningproblem,threefeaturesneedstobeidentified: 

1. Theclassoftasks 

2. Themeasureofperformancetobeimproved 

3. Thesourceofexperience 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Computer ScienceandEngineering,NRCM 



 

 

 

• Checkers is played by two players. Each player begins the game with 12 

coloreddiscs.(Onesetofpiecesisblackandtheotherred.)Eachplayerplaceshis or her 

pieces on the 12 dark squares closest to him or her. Black moves first. Players 

then alternate moves. 

• Theboardconsistsof64squares,alternatingbetween32darkand32lightsquares. 

• Itispositionedsothateachplayerhasalightsquareontherightsidecornerclosest to him 

or her. 

• A player wins the game when the opponent cannot make a move. In most cases, 

thisisbecausealloftheopponent'spieceshavebeencaptured,butitcouldalsobe because 

all of his pieces are blocked in. 



 

 
 

 

• Moves are allowedonlyon the dark squares, so pieces always move diagonally. 

Singlepieces arealways limitedtoforward moves (towardtheopponent). 

• Apiecemakinganon-capturingmove(notinvolvingajump)maymoveonlyone 

square. 
• Apiecemakingacapturingmove(ajump)leapsoveroneoftheopponent'spieces, 

landinginastraightdiagonallineontheotherside.Onlyonepiecemaybecaptured in a 

singlejump;however,multiplejumpsareallowedduringasingleturn. 

• Whenapieceiscaptured,itisremovedfromtheboard. 

• Ifaplayerisabletomakeacapture,thereisnooption;thejumpmustbemade. 

• Ifmorethanonecaptureisavailable,theplayerisfreetochoosewhicheverheorshe 

prefers. 



 

 

 

• Whenapiecereachesthefurthestrowfromtheplayerwhocontrolsthatpiece,itis 

crownedandbecomesaking.Oneofthepieceswhichhadbeencapturedisplacedontop 

of theking so that itis twiceas high as asingle piece. 

• Kingsarelimitedtomovingdiagonallybutmaymovebothforwardandbackward. 

(Rememberthatsinglepieces,i.e.non-kings,arealwayslimitedtoforwardmoves.) 

• Kings may combine jumps in several directions, forward and backward, on the 

same turn. Single pieces may shift direction diagonally during a multiple 

captureturn,butmustalways jumpforward (towardtheopponent). 



 

 

 

 

Acheckerslearningproblem: 

 TaskT:playingcheckers 

 PerformancemeasureP:percentofgameswonagainstopponents 

 TrainingexperienceE:playingpracticegamesagainstitself 

 

Ahandwritingrecognitionlearningproblem: 

 TaskT:recognizingandclassifyinghandwrittenwordswithinimages 

 PerformancemeasureP:percentofwordscorrectlyclassified 

 TrainingexperienceE:adatabaseofhandwrittenwordswith 

given classifications 



 

 

Arobotdrivinglearningproblem: 

 TaskT:drivingonpublicfour-lanehighwaysusingvisionsensors 

 PerformancemeasureP:averagedistancetravelledbeforeanerror(asjudgedby 

humanoverseer) 

 TrainingexperienceE:asequenceofimagesandsteeringcommandsrecorded 

Whileobservingahumandriver 



 

 

 

 

1. ChoosingtheTrainingExperience 

2. ChoosingtheTargetFunction 

3. ChoosingaRepresentationfortheTargetFunction 

4. ChoosingaFunctionApproximationAlgorithm 

1. Estimatingtrainingvalues 

2. Adjustingtheweights 

5. TheFinalDesign 



 

 

 

• Thefirstdesignchoiceistochoosethetypeoftrainingexperiencefromwhichthe 

systemwilllearn. 

• Thetypeoftrainingexperienceavailablecanhaveasignificantimpacton 

successorfailureofthelearner. 

 

Therearethreeattributeswhichimpactonsuccessorfailureofthelearner 

 

1. Whetherthetrainingexperienceprovidesdirectorindirectfeedbackregardingthe 

choices made by the performance system. 

2. Thedegreetowhichthelearnercontrolsthesequenceoftrainingexamples 

3. Howwellitrepresentsthedistributionofexamplesoverwhichthefinal 

systemperformancemustbemeasured. 



 

 

 

Forexample,incheckersgame: 

• Inlearningtoplaycheckers,thesystemmightlearnfromdirecttrainingexamplesconsistingofindividual 

Checkersboardstatesandthecorrectmoveforeach. 

 

• Indirecttrainingexamplesconsistingofthemovesequencesandfinaloutcomesofvariousgamesplayed. 

 

• Theinformationaboutthecorrectnessofspecificmovesearlyinthegamemustbeinferredindirectlyfromthe 
fact thatthegamewas eventuallywonorlost. 

 

• Herethelearnerfacesanadditionalproblemofcreditassignment,ordeterminingthedegreetowhicheachmovein 
thesequencedeservescreditorblameforthefinaloutcome. 

 

• Creditassignmentcanbeaparticularlydifficultproblembecausethegamecanbelostevenwhenearlymoves 

areoptimal,ifthesearefollowedlaterbypoormoves. 

 

• Hence,learningfromdirecttrainingfeedbackistypicallyeasierthanlearningfromindirectfeedback. 



 

 

 

 

Forexample,incheckersgame: 

• Thelearnermightdependsontheteachertoselectinformativeboardstatesandtoprovidethecorrectmove 

foreach. 

 

• Alternatively,thelearnermightitselfproposeboardstatesthatitfindsparticularlyconfusingandasktheteacherfor 

thecorrectmove. 

 

• Thelearnermayhavecompletecontroloverboththeboardstatesand(indirect)trainingclassifications,asit 
doeswhenitlearnsbyplayingagainstitselfwithnoteacherpresent. 

 

• Noticeinthislastcasethelearnermaychoosebetweenexperimentingwithnovelboardstatesthatithasnotyet 

considered,orhoningitsskillbyplayingminorvariationsoflinesofplayitcurrentlyfindsmostpromising. 



 

 

 

 

Learningismostreliablewhenthetrainingexamplesfollowadistributionsimilartothatoffuturetest 

examples. 

 

Forexample,incheckersgame: 

• Incheckerslearningscenario,theperformancemetricPisthepercentofgamesthesystemwinsinthe 
worldtournament. 

 

• If its training experience E consists only of games played against itself, there is an danger that this training 

experiencemight not be fully representative of the distribution ofsituations overwhich it will later be tested. 

Forexample,thelearnermightneverencountercertaincrucialboardstatesthatareverylikelytobeplayedby the 

human checkers champion. 

 

• It is necessary to learn from a distribution of examples that is somewhat different from those on which the 

finalsystemwillbeevaluated.Suchsituationsareproblematicbecausemasteryofonedistributionofexamples will 

notnecessarylead to strongperformanceover some otherdistribution. 



 

 

 

The next design choice is to determine exactly what type of knowledge will be 

learned and how thiswillbe used bytheperformance program. 

• Let’sbeginwithacheckers-playingprogramthatcangeneratethelegalmoves 

fromanyboardstate. 
• The program needs only to learn how to choose the best move from among these 

legalmoves.Thislearningtaskisrepresentativeofalargeclassoftasksforwhich the 

legal moves that define some large search space are known a priori, but for which 

the best search strategy is not known. 



 

 

Given thissettingwhere wemust learn to choose among thelegal moves, themost 

obviouschoiceforthetypeofinformationtobelearnedisaprogram,orfunction,that 

chooses the best move for any given board state. 

 

1. LetChooseMovebethetargetfunctionandthenotationis 

ChooseMove:B M 

Whichindicatethatthisfunctionacceptsasinputanyboardfromthesetoflegal 

boardstatesBandproducesasoutputsomemovefromthesetoflegalmovesM. 

 

ChooseMove is an choice for the target function in checkers example, but this 

function will turn out to be very difficult to learn given the kind of indirect training 

experience available to our system 



 

 

2. Analternativetargetfunctionis anevaluationfunctionthatassignsa 

numericalscore to any given boardstate 

LetthetargetfunctionVandthenotation 

V:B R 

WhichdenotethatVmapsanylegalboardstatefromthesetBtosomerealvalue 

 

We intend for this target function V to assign higher scores to better board states. If 

thesystemcansuccessfullylearnsuchatargetfunctionV,itcaneasilyuseittoselect the best 

move from any current board position. 



 

 

LetusdefinethetargetvalueV(b)foranarbitraryboardstatebinB,asfollows: 

1. Ifbisafinalboardstatethatiswon,thenV(b)=100 

2. Ifbisafinalboardstatethatislost,thenV(b)=-100 

3. Ifbisafinalboardstatethatisdrawn,thenV(b)=0 

4. Ifbisanotafinalstateinthegame,thenV(b)=V(b'), 

Whereb'isthebestfinalboardstatethatcanbeachievedstartingfromband playing 

optimallyuntil the end of the game 



 

 

 

Letuschooseasimplerepresentation-foranygivenboardstate,thefunctionwillbe 

calculatedas a linearcombinationof the followingboard features: 

 

XL: the number of black pieces on the 

boardx2:thenumberofredpiecesonthe 

boardx3:thenumberofblackkingsonthe 

boardx4:the number of red kings on the 

board 

X5:thenumberofblackpiecesthreatenedbyred(i.e.,whichcanbe 

captured on red's next turn) 

x6:thenumberofredpiecesthreatenedbyblack 



 

 

 

Where, 

• w0throughw6arenumericalcoefficients,orweights,tobechosenbythe 

learningalgorithm. 

• Learnedvaluesfortheweights w1throughw6willdeterminetherelative 

Importanceofthe variousboardfeaturesindeterminingthevalueoftheboard 

• Theweightw0willprovideanadditiveconstanttotheboardvalue 



 

 

Partialdesignofacheckerslearningprogram: 

 

• TaskT:playingcheckers 

• PerformancemeasureP:percentofgameswonintheworldtournament 

• TrainingexperienceE:gamesplayedagainstitself 

• Targetfunction:V:Board  R 

• Targetfunctionrepresentation 
 

 

Thefirstthreeitemsabovecorrespondtothespecificationofthelearningtask, 

whereasthefinaltwoitemsconstitutedesignchoicesfortheimplementationof the 

learning program. 



 

 

 

• Inordertolearnthetargetfunctionwerequireasetoftrainingexamples,each 

describingaspecificboardstatebandthetrainingvalueVtrain(b)forb. 

 

• Eachtrainingexampleisanorderedpairoftheform(b,Vtrain(b)). 

 

• For instance,thefollowingtrainingexampledescribes aboard statebin 

whichblackhaswonthegame(notex2=0indicatesthatredhasnoremaining 

pieces)andforwhichthetargetfunctionvalueVtrain(b)istherefore+100. 

 

((x1=3,x2=0,x3=1,x4=0,x5=0,x6=0),+100) 



 

 

 

1. Derivetrainingexamplesfromtheindirecttrainingexperienceavailabletothe 

learner 

2. Adjuststheweightswitobestfitthesetrainingexamples 



 

 

 

[Typehere]  

 

 

 

 

Where, 

V̂isthe learner'scurrentapproximation to V 

Successor(b)denotesthenextboardstatefollowingforwhichitisagaintheprogram's turn 

to move 

 

Ruleforestimatingtrainingvalues 

 

Vtrain(b)←V̂(Successor(b)) 



 

 

 

Specifythelearningalgorithmforchoosingthe 

training examples {(b, Vtrain(b))} 
weightswitobestfitthesetof 

 

Afirststepistodefinewhatwemeanbythebestfittothetrainingdata. 

• Onecommonapproach istodefinethebesthypothesis,orsetofweights,as thatwhich 

minimizes the squared error E between the training values and the values 

predicted by the hypothesis. 
 

 

• Severalalgorithmsareknownforfindingweightsofalinearfunctionthat 

minimizeE. 



 

 

 

 

Onesuchalgorithmiscalledtheleastmeansquares,orLMStrainingrule.Foreach 

observed trainingexampleitadjusts theweights asmallamountinthedirectionthat 

reduces the error on this training example 

 

LMSweightupdaterule:-Foreachtrainingexample 

(b,Vtrain(b))UsethecurrentweightstocalculateV̂(b) 
Foreachweightwi,updateitas 

 

wi←wi+ƞ(Vtrain(b)-V(b))̂xi 

 

 
T.RupaRani,cse,NRCM 



 

 

 

• Whentheerror(Vtrain(b)-V(b))is ̂zero,noweightsarechanged. 

• When (Vtrain(b)-V(b))i ̂spositive(i.e.,whenV(b)i ̂stoolow),theneachweight is 

increasedinproportiontothevalueofitscorrespondingfeature.Thiswill raise the 

valueofV(b)̂,reducingtheerror. 

• Ifthevalueofsomefeaturexiiszero,thenitsweightisnotalteredregardlessofthe 

error,sothattheonlyweightsupdatedarethosewhosefeaturesactuallyoccur on 

the training example board. 

 

 

 

update.Workingofweightupdaterule 



 

 

Thefinaldesignofcheckerslearningsystemcanbedescribedbyfourdistinctprogram 

modules thatrepresent the central components in manylearning systems 
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1. The Performance System is the module that must solve the given performance 

taskby using the learned target function(s). 

Ittakesaninstanceofanewproblem(newgame)asinputandproducesatraceofits solution 

(game history) as output. 

In checkers game, the strategy used by the Performance System to select its next 

move at each step is determined by the learned V̂evaluation function. Therefore, 

weexpect its performance to improve as this evaluation function becomes 

increasingly accurate. 

2. TheCritictakesasinputthehistoryortraceof thegame andproduces asoutputa 

setoftrainingexamplesofthetargetfunction.Asshowninthediagram,eachtraining 

exampleinthiscasecorrespondstosomegamestateinthetrace,alongwithan 

estimateVtrain of the target function value for this example. 



 

 

3. TheGeneralizertakesasinputthetrainingexamplesandproducesan 

outputhypothes is that isitsestimateof thetarget function. 
Itgeneralizesfromthespecifictrainingexamples,hypothesizingageneral 

functionthatcoverstheseexamplesandothercasesbeyondthetrainingexamples.Inour 
example,theGeneralizercorresponds totheLMS algorithm,andtheoutput hypothesis 

isthefunctionV̂describedbythe learnedweightsw0,...,W6. 

 

4. TheExperimentGeneratortakesasinputthecurrenthypothesisandoutputsanew 

problem(i.e.,initialboardstate)forthePerformanceSystemtoexplore.Itsroleisto 

picknewpracticeproblemsthatwillmaximizethelearningrateoftheoverall system. 

Inourexample,theExperimentGeneratoralwaysproposesthesameinitialgame board 

tobeginanewgame. 



 

 



 

 

 

 

 

Perspectiveofmachinelearninginvolvessearchingverylarge 

space of possiblehypothesis todetermineone that 

 

Bestfitstheobserveddataandanypriorknowledgeheldby 

learner. 
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• What algorithms exist for learning general target functions from specific training 

examples? In what settings will particular algorithms converge to the desired 

function, given sufficient training data?Which algorithms perform best for which 

types of problems and representations? 
 

 

• Howmuchtrainingdataissufficient?Whatgeneralboundscanbefound 

theconfidenceinlearnedhypothesestotheamountoftrainingexperienceandthe 

character of the learner's hypothesis space? 

torelate 

 

• Whenandhowcanpriorknowledgeheldbythelearnerguidetheprocessofgeneralizingf

romexamples?Canpriorknowledgebehelpfulevenwhenitisonly 

approximatelycorrect? 
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• What is thebest strategyforchoosing a useful next training experience, and how 

does the choiceof this strategy alter the complexityof the learningproblem? 

 

• What is the best way to reduce the learning task to one or more function 

approximation problems? Put another way, what specific functions should the 

system attempttolearn? Canthis process itselfbe automated? 

 

• Howcanthelearnerautomaticallyalteritsrepresentationtoimproveitsabilityto 

representandlearnthetargetfunction? 



 

 

 

 
• Learning involves acquiring general concepts from specific training examples. 

Example: People continually learn general concepts or categories such as 
"bird,""car,""situationsinwhichIshouldstudymoreinordertopasstheexam,"etc. 

• Each such concept can be viewed as describing some subset of objects or events 

defined over a larger set 

• Alternatively, each concept can be though to fasaBoolean-valued function defined 
over this larger set. (Example: A function defined over all animals, whose value is 
true for birds and false for other animals). 

Conceptlearning-InferringaBoolean-valuedfunctionfromtrainingexamplesofits 
input andoutput 



 

 

 

Consider theexample task of learning the target concept 

"DaysonwhichmyfriendAldoenjoyshisfavoritewatersport." 
 

Example Sky AirTemp Humidity Wind Water Forecast EnjoySport 

 

1 Sunny Warm Normal Strong Warm Same Yes 

 

2 Sunny Warm High Strong Warm Same Yes 

 

3 Rainy Cold High Strong Warm Change No 

 

4 Sunny Warm High Strong Cool Change Yes 

Table-DescribesasetofDeeexpaakDm,Apsstl.eProdf.,Daeypts.o,fCeSEa,CcahnararEenpggr.Ceolsleegented byasetofattributes 47 
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Whathypothesisrepresentationisprovidedtothelearner? 

 

Let’sconsiderasimplerepresentationinwhicheachhypothesisconsistsofaconjunctionof 

constraints on the instance attributes. 

 

Leteachhypothesisbeavectorofsixconstraints,specifyingthevaluesofthesixattributes 

Sky, AirTemp, Humidity,Wind,Water,and Forecast. 

 

Foreachattribute,thehypothesiswilleither 

• Indicatebya"?'thatanyvalueisacceptableforthisattribute, 

• Specifyasinglerequiredvalue(e.g.,Warm)fortheattribute,or 

• Indicatebya"Φ"thatnovalueisacceptable 
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The hypothesis that PERSON enjoys his favo rite sport only on cold days with 

highhumidity (independent of the values of the other attributes) is represented by 

theexpression 

(?,Cold,High,?,?,?) 

 
Themostgeneralhypothesis-thateverydayisapositiveexample-isrepresentedby 

(?,?,?,?,?,?) 

 

The most specific possible hypothesis-that day is a positive example-is 

norepresentedby 
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Thesetofitemsoverwhichtheconceptisdefinediscalledthesetof 

instances,whichwedenotebyX. 

Example:Xisthesetofallpossibledays,eachrepresentedbytheattributes:Sky, 

AirTemp, Humidity,Wind,Water,and Forecast 

 

Theconceptorfunctiontobelearnediscalledthetargetconcept,whichwedenotebyc. ccan 

be anyBooleanvalued function defined 

overtheinstancesXc:X{O,1} 

 

Example:ThetargetconceptcorrespondstothevalueoftheattributeEnjoySport 

(i.e.,c(x)=1ifEnjoySport=Yes,andc(x)=0ifEnjoySport=No). 
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• Instancesforwhichc(x)=1arecalledpositiveexamples,ormembersofthetarget 

concept. 

• Instancesforwhichc(x)=0arecallednegativeexamples,ornon-membersofthe 

target concept. 

• Theorderedpair(x,c(x))todescribethetrainingexampleconsistingofthe 

instancex and its target conceptvalue c(x). 
• Dtodenotethesetofavailabletrainingexamples 

• Thesymbol H todenotetheset ofall possiblehypothesesthat thelearner 

mayconsiderregardingtheidentityofthetargetconcept.Eachhypothesis h in 

Hrepresents a Boolean-valued functiondefined over X 

h:X {O,1} 

 

• Thegoalofthelearneristofindahypothesissuchthath(x)=c(x)forallxin 

X. 
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Example Sky AirTemp Humidity Wind Water Forecast EnjoySport 

1 Sunny Warm Normal Strong Warm Same Yes 

 

2 Sunny Warm High Strong Warm Same Yes 

 

3 Rainy Cold High Strong Warm Change No 

 

4 Sunny Warm High Strong Cool Change Yes 
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Any hypothesis foundto approximate the target function well over a sufficiently 

large set of training examples will also approximate the target function well 

overother unobserved examples. 
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