ConceptlearningasSearch

« Conceptlearningcanbeviewedasthetaskofsearchingthroughalargespaceof
hypotheses implicitlydefined bythe hypothesis representation.

« Thegoalofthissearchistofindthehypothesisthatbestfitsthetraining
examples.

Example,theinstancesXandhypothesesHintheEnjoySportlearningtask.The
attributeSkyhasthreepossiblevalues,andAirTemp,Humidity

,Wind,WaterForecasteachhavetwopossiblevalues,theinstancespaceXcontains

exactly
o 3.2.2.2.2.2=96Distinctinstances

« 5.4.4.4.4.4=5120syntacticallydistincthypotheseswithinH.

Everyhypothesiscontainingoneormore"®"symbolsrepresentstheemptysetof

o Instances;thatis,itclassifieseveryinstanceasnegative.
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General-to-SpecificOrderingofHypotheses e

Considerthetwohypotheses

hi=(Sunny,?,?,Strong,?,?)

h2=(Sunny,?,?,?2,?,?

Considerthesetsofinstancesthatareclassifiedpositivebyhiandbyh.

hz2imposesfewerconstraintsontheinstance,
So,anyinstanceclassifiedpositivebyhi
h2.Therefore,hzismoregeneralthanh.

itclassifies more Instancesaspositive.
willalsobeclassifiedpositiveby



General-to-SpecificOrderingofHypotheses

« Givenhypotheseshjandhg,hjismore-general-thanor-
equaldohkifandonlyifanyinstancethatsatisfieshkalsosatisfieshi

Definition:Let hjandhkbeBoolean-

valuedfunctionsdefinedoverX. Thenhjismoregeneral-than-or-equal-
tohk(writtenh;> hk)ifand only if

(Vx € Hl(Ae(x) = 1) — (h;(x) = D]
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Instances X Hypotheses H « Inthe figure, thebox “on ""the
leftrepresentsthesetXofallinstances,
the box onthe rightthesetH ofall

\ Specific hypotheses.

 Eachhypothesiscorrespondstosomes

ubsetofX-
/ thesubsetofinstancesthatitclassifies

/ \ positive.
‘ Gereral L The arrows connecting
' hypothesesrepresent  the more -
general -
, . thanrelation,withthearrowpointingt
x= <Sunny, Warm, Hzgh, Sr.rong, Cool, Same=> h = <Sunny, ?, 2, Strong, ?, 2> owardthel essgen eralhyp othesis.
B <Sunny, Warm, High, Light, Warm, Same=> h7= <Sunny, ?, 7, ?, 2, ?>

po— —_
h%= <Sumny, ?, ?, ?, Cool, 7>

 Notethesubsetofinstancescharacteri
zedbyhzsubsumesthesubset
characterizedbyhi,hencehzismore-
general-thanhi
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FIND-S:FindingaMaximallySpecific
Hypothesis

FIND-SAlgorithm

1. InitializehtothemostspecifichypothesisinH
2. Foreachpositivetraininginstancex

Foreachattributeconstraintaiinh

Iftheconstraintailssatisfiedbyx
Thendonothing

Elsereplaceaiinhbythenextmoregeneralconstraintthatissatisfiedbyx
3. Outputhypothesish
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Example

Sunny
Sunny
Rainy

Sunny

Warm
Warm
Cold

Warm

Normal Strong Warm  Same

High Strong Warm  Same Yes
High Strong Warm Change No
High Strong Cool Change Yes

ThefirststepofFIND-SistoinitializehtothemostspecifichypothesisinH

h-(9,9,9,98,9,0)
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S
x1=<SunnyWarmNormalStrongWarmSame>,+

NRCM
Observing the first training example, it is clear that our hypothesis iIs too specif"imcf.%

Inparticular, none of the "@" constraints in h are satisfied by this example, so each
Isreplacedbythe nextmoregeneral constraintthatfitsthe example

hi=<SunnyWarmNormalStrongWarmSame>

Thishisstillveryspecific;itassertsthatallinstancesarenegativeexceptforthesinglepositive
training example

X2=<Sunny,Warm,High,Strong,Warm,Same>,+

The second training example forces the algorithm to further generalize h, this
timesubstituting a "?' in place of any attribute value in h that is not satisfied by the
newexample

h2=<SunnyWarm?Strong\WarmSame>
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x3=<Rainy,Cold,High,Strong,Warm,Change>,-

Uponencounteringthethirdtrainingthealgorithmmakesnochangetoh. TheFIND-
Salgorithm simplyignores everynegative example.

h3=<SunnyWarm?StrongWarmSame>

x4=<SunnyWarmHighStrongCoolChange>,+
Thefourthexampleleadstoafurthergeneralizationofh

h4=<SunnyWarm?Strong??>

62



Instances X Hypotheses H
Specific
General
'
hO =<, D, 0, DD, D>

xq = <Sunny Warm Normal Strong Warm Same>, + /1] = <Sunny Warm Normal Strong Warm San
X 5= <Sunny Warm High Strong Warm Same>, + hy = <Sunny Warm ? Strong Warm Same>
X3 = <Rainy Cold High Strong Warm Change>, - h2 = <Sunny Warm ? Strong Warm Same>
x , = <Sunny Warm High Strong Cool Change>, + h A <Sunny Warm ? Strong ? ? >
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Sepr
ThekeypropertyoftheFIND-Salgorithmis N)R(_C!‘Vl

* FIND-SisguaranteedtooutputthemostspecifichypothesiswithinHthat
Isconsistentwiththepositivetrainingexamples

 FIND-S algorithm’s final hypothesis will also be consistent with the

negativeexamples provided the correct target concept Is contained in H, and
provided thetrainingexamples are correct.

SBinan: i AssistantProfessor, CSE,NRCM
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B i AssistantProfessor, CSE,NRCM

UnansweredbyFIND-S

Hasthelearnerconvergedtothecorrecttargetconcept?
Whypreferthemostspecifichypothesis?
Arethetrainingexamplesconsistent?
Whatifthereareseveralmaximallyspecificconsistenthypotheses?

~ e
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VersionSpaceandCANDIDATEE
LIMINATIONAIgorithm

ThekeyideaintheCANDIDATE-

ELIMINATIONalgorithmistooutputadescriptionofthesetofallhypothesesconsistentwiththetr
ainingexamples

Representation
« Definition: AhypothesishisconsistentwithasetoftrainingexamplesDifandonlyifh(x)
=c(x)foreachexample(x,c(x))inD.

Consistent(h,D)=(V{x,c(x))e D)h(x)=c(x))

Notedifferencebetweendefinitionsofconsistentandsatisfies

» Anexamplexissaidtosatisfyhypothesishwhenh(x)=1,regardless
ofwhetherxisapositiveornegativeexampleofthetargetconcept.

« anexamplexissaidtoconsistentwithhypothesishiffh(x)=c(x)
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VersionSpa N
ce

ArepresentationofthesetofallhypotheseswhichareconsistentwithD

Definition: The version space, denoted VSH,pwith respect to hypothesisspace Hand
training examples D, is the subset of hypotheses from H consistent with thetraining
examplesin D

VSH,p={heH|Consistent(h,D)}

T.RupaRani,AssistantProfessor, CSE,NRCM
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Hypothesis Space
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[heLIST-THEN-ELIMINATE  Algorithm

TheLIST-THEN-ELIMINATEalgorithmfirstinitializestheversionspacetocontainall
hypotheses InH andthen eliminatesanyhypothesis foundinconsistentwith
anytraining example.




TheLIST-THEN- Aot
ELIMINATE gorithm

1. VersionSpacecalistcontainingeveryhypothesisinH
2. Foreachtrainingexample,(x,c(x))

removefromVersionSpaceanyhypothesishforwhichh(x)=c(x)
3. OutputthelistofhypothesesinVersionSpace

TheLIST-THEN-ELIMINATEAIgorithm

« List-Then-Eliminateworksinprinciple,solongasversionspaceisfinite.

» However,sinceitrequiresexhaustiveenumerationofallhypothesesinpracticeitisnot
feasible.
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AMoreCompactRepresentationforVersio
nSpaces

 Theversionspaceisrepresentedbyitsmostgeneralandleastgeneralmembers.

» Thesemembersformgeneralandspecificboundarysetsthatdelimittheversionspace
withinthepartiallyordered hypothesis space.
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S: | { <Sunny, Warm, ?, Strong, ?, 7> }

<Sunny, ?, ?, Strong, ?, ?> <Sunny, Warm, 2, ?, 2, 7> <?, Warm, ?, Strong, ?, ?>

NSNS

G:| {<Sunny, 2,72 2 2 ?>; <? Warm, ?, 2, 2, 72>

AirTemp Humidity Wind | Water Forecast EnjoySport

Sunny Warm Normal Strong Warm  Same

Sunny Warm High Strong Warm  Same Yes

Rainy Cold High Strong Warm Change No

4 Sunny  Warm High Strong  Cool  Change Yes

Deepak D,Asst.Prof . Dept.ofC SE,CanaraEngg. College

) . N M
Aversionspacewithitsg 2

and specific boundary

The version space-includes
allsix hypotheses shown here,
butcanberepresentedmoresimpl
yby SandG.
Arrowsindicateinstanceof
themore-general-than

relation. Thisistheversion
spaceforthe
Enjoysportconceptlearning

« problemandtrainingexamples
describedinbelowtable
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G={geH)|Consistent(g,D)A(-39'eH)[(g'>y99)AConsistent(g',D)]}

Definition: ThespecificboundaryS,withrespecttohypothesisspaceHandtraining  data
D, iIs the set of minimally general (i.e., maximally specific) members
ofHconsistentwithD.

S={seH|Consistent(s,D)A(—3s'e H)[(s>¢s")AConsistent(s',D)]}
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VersionSpacerepresentationth A
eorem NREM

Theorem: Let X be an arbitrary set of instances and Let H be a set ofBoolean-valued
hypotheses defined over X. Let ¢ : X -{O, 1} be an arbitrary target conceptdefined

over X, and let D be an arbitrary set of training examples {(x, c(x))). For allX, H,c,
and D such that Sand G are well defined,

VSup={heH|(IseS)(3geG)(g=>h=>:s)}
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e
VSH,:):{J':EHI (IseS)3ecG)(g=2h g
ToProve: >,5)} |

1. EveryhsatisfyingtherighthandsideoftheaboveexpressionisinVSH,D
2. EverymemberofV/SH,Dsatisfiestheright-handsideoftheexpression

Sketchofproof:

1. letg,h,sbearbitrarymembersofG,H,Srespectivelywithg>gh>g¢s

Bythe definitionofS,smustbesatisfiedbyallpositiveexamplesinD.Becauseh>gs,hmustalsobe
satisfiedbyallpositiveexamplesinD.

BythedefinitionofG,gcannotbesatisfiedbyanynegativeexampleinD,andbecauseg>ghhcannot be satisfied
by any negative example in D. Because h is satisfied by all positive examples in
DandbynonegativeexamplesinD,hisconsistentwithD,andthereforehisamemberofVSu,p

2. ItcanbeprovenbyassumingsomehinVSw,p, thatdoesnotsatisfytheright-
handsideoftheexpression,thenshowingthatthisleadstoaninconsistency
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[TheCANDIDATE-ELIMINATIONLearningAlgorithm

The CANDIDATE-ELIMINTION algorithm computes the version space
containingall hypotheses from H that are consistent with an observed sequence of
trainingexamples.




Initialize G to the set of maximally general hypotheses in

Hinitialize S to the set of maximally specific hypotheses in
HForeachtrainingexample d, do

« |fdisapositiveexample
» RemovefromGanyhypothesisinconsistentwithd
» ForeachhypothesissinSthatisnotconsistentwithd
* RemovesfromS
 AddtoSallminimalgeneralizationshofssuchthat
* hisconsistentwithd,andsomememberofGismoregeneralthanh
» RemovefromSanyhypothesisthatismoregeneralthananotherhypothesisinS

« [fdisanegativeexample
» RemovefromSanyhypothesisinconsistentwithd
» ForeachhypothesisginGthatisnotconsistentwithd
* RemovegfromG
 AddtoGallminimalspecializationshofgsuchthat
* hisconsistentwithd,andsomememberofSismorespecificthanh
» RemovefromGanyhypothesisthatislessgeneralthananotherhypothesisinG

s



AnlllustrativeExam
le

TheboundarysetsarefirstinitializedtoGoeandSo,themostgeneralandmostspecifichypothy =

esesinH.

So <®l®l®l®l®l®>

Go (7,2,2,22,7)
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Fortrainingexampled,
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(Sunny,Warm,Normal,Strong,Warm,Same)+

(Sunny,Warm,Normal,Strong,Warm,Same)
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Fortrainingexampled,

So

(Sunny,Warm,High,Strong,Warm,Same)+

/

&

\.\ Sunny Warim Naormal Stroung Warm Same

\

(Sunny,Warm,?,Strong,Warm,Same)
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Fortrainingexampled,

(Rainy,Cold,High,Strong,Warm,Change)—

(Sussay, Warm, 2,5t

rong, Warm,Same)

Gs | (Sunny,

?,2,2,2,2(?,Warm,?,?2,?,7)(?,7,2,?,?7,Same)
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Fortrainingexampled,

Ga

Sa

(Sunny,Warm,High,Strong,CoolChange)+

(Sunny,Warm,?,Strong,?,?)

(Sunny,?,?,?,?2,?2(?,Warm,?,?2,?,?

)
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Ss | { <Sunny, Warm, ?, Strong, 7, 7> |

A

<Sunny, ?, ?, Strong, ?, ?> <Sunny, Warm, 2, 7, 72, 7> <7, Warm,

NN

2, Strong, 7, 7>
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InductiveBias

Thefundamentalguestionsforinductiveinference

«  Whatifthetargetconceptisnotcontainedinthehypothesisspace?

«  Canweavoidthisdifficultybyusing
ahypothesisspacethatincludeseverypossiblehypothesis?

«  Howdoesthesizeofthishypothesisspaceinfluencetheabilityofthealgorithmtogeneralizet
ounobservedinstances?

« Howdoesthesizeofthehypothesisspaceinfluencethenumberoftrainingexamples
thatmustbeobserved?
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Effectofincompletehypothesi
SSpace
PrecedingalgorithmsworkiftargetfunctionisinH
WillgenerallynotworkiftargetfunctionnotinH

Considerfollowingexampleswhichrepresenttargetfunction
“sky=sunnyorsky=cloudy”:

(SunnyWarmNormalStrongCoolChange) Y
(CloudyWarmNormalStrongCoolChange)

(RainyWarmNormalStrongCoolChange)

IfapplyCandidateEliminationalgorithmasbefore,endupwithemptyVersionSpaceAfterf
Irsttwotrainingexample

S=(?WarmNormalStrongCoolChange)

Newhypothesisisoverlygeneralanditcoversthethirdnegativetrainingexample!Our
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AnUnbiasedLear Sy
Incompletehypothesisspace
« IfcnotinH,thenconsidergeneralizingrepresentationofHtocontainc

 ThesizeoftheinstancespaceXofdaysdescribedbythesixavailableattributesis
96.ThenumberofdistinctsubsetsthatcanbedefinedoverasetXcontaining|X|elements(i.e.,
thesizeofthepowersetofX)is2/X|

* Recallthatthereare96instancesinEnjoySport;hencethereare29%possiblehypothesesinfullsp
aceH

 CandothisbyusingfullpropositionalcalculuswithAND,OR,NOT

 HenceHdefinedonlybyconjunctionsofattributesisbiased(containingonly973h’ s)
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« Let usreformulatethe Enjoysportlearningtaskin anunbiasedway by defininga

newhypothesisspaceH 'thatcanrepresenteverysubsetofinstances;thatis,letH'correspondtoth =~

epowersetofX.

* Onewayto definesuchan

H'istoallowarbitrarydisjunctions,conjunctions,andnegationsofourearlierhypothes
es.

Forinstance,thetargetconcept’ Sky=SunnyorSky=Cloudy''couldthenbedescribedas
(Sunny,?,?,?,?,?)V(Cloudy,?,?,?,?,?
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Definition:

ConsideraconceptlearningalgorithmL forthesetofinstancesX.
« LetcbeanarbitraryconceptdefinedoverX

® LetDc={(x,c(x))}beanarbitrarysetoftrainingexamplesofc.

® |etL(xi,Dc)denotetheclassificationassignedtotheinstancexibyLaftertrainingonthedataDec.

« TheinductivebiasofLisany minimalsetofassertionsBsuch
thatforanytargetconceptcandcorrespondingtrainingexamplesDc

(V{Xie X)[(BADcAXi) |—L(Xi, D¢)]
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Training examples

Inductive system

Candidate
»  Elimination

New istance

Algorithm

Classification of
new instance. or
"don’t know"

Using Hypothesis

Training examples

Space H

Equivalent deductive system

New instance

Classification of
new mstance. or
"don’t know"

Theorem Prover

Assertion " H contains
the target concept"

/

Inductive bias
made explicit

N M
>0 0-:,

Modelling inductive systems y
byequivalentdedutt?

stems.
Theinput-
outputbehavioroftheCANDIDA
TE-ELIMINATION
algorithmusingahypothesisspace
His identical to that of a
deductivetheoremproverutilizingthe
assertion'"H contains the target
concept."Thisassertion s
therefore called
theinductivebiasofthe

CANDIDATE-ELIMINATION
algorithm.
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