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ThispaperusesBeliefNetworks(BN)tosolvewordsensedisambiguation(WSD)prOblems.Fbr
cl=sincationproblems,theNaiveBayes(NB)iswidelyusedbecauseit"nerateshighpermrmance
rulesregardlessofthesimplici跡ofthemodel.WeusealittlemorecomplexmodelthantheNB
togetbetterrules,thatistheBN.Intheexperiments,weattackedJapaneseDictionaryTaskm
SENSEVAL2andevaluatedtheBNWcompmingitwiththeNB・OneofthefaturesofourBNis
thatunlabeleddataisawailableinlearnmg・Here,wereportonanexperimentinwhichunlabeled
datawasusedinlearning.
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1．ⅡNTRODUCTION

Inthispaper,weapplyBehefNetworks(BN)towordsensedisambiguation(WSD)
problems.

Manyproblemsinnaturallanguageprocessmgcanbeconvertedintoclassincationprob
lemsandsolvedbyaninductivelearningmethod.Thisstrategyhasbeenverysuccesshll.
Oneofthesemductivelearningmethods,theNaiveBayes(NB)iswidelyusedbecauseit
generateshighperfbrmancerulesregardlessofthesimphcityofthemodel.Byassumingthat
anytwwofaturesareindependent,theNBcancomputeactualP(classlinstance).How-
ever,thisassumptionisnotappncabletomanyrealproblems.Therebre,amodelembedded

withadependencyrelationmaybebetterthantheNBmodel.Tbtestthishypothesis,we

exammedtheBeliefNe""orkIRussenandNorvigl9951.
TheBeliefNetworkusesadirectedacyclicgaph(DAG)torepresentthemodel.Thus,

theBNcanhandlemorecomplexmodelsthantheNB,Anodeofagraphhasaconditional
probabilitytable(CPT).ThelearningofBNmeansconstructingCPTsofeachnode.Fbr
testinstance,theclassiacationcanbemadeusingamessage-passingalgorithmcalledthe
JunctionTheealgorithmIHuangandDarwichel9961.

mtheexperiments,weusedtheBNtosolveJapaneseDictionaryTasksinSENSEVAL2
[Shirai20031.WeevaluatedtheBNbycomparmgitwiththeNB.Oneofthefaturesofour
BNisthatunlabeleddataisavanableinlearning.Here,wereportonanexperimentmwhich
unlabeleddatawasusedinlearning.

2.WSDBYTHERFIT,TRFNETWORK

2.1.WSDWtheNB

Inaclassificationproblem,letC={c1,c2,…,cm}beasetofclasses・Aninstancez
isrepresentedasafeaturelist:"=(/i,",…,A).Wecansolvetheclassincationproblem
byestimatingtheconditionalprobabilityP(cl")．ActuallyitheclassCzof",isgivenby
ca:=｡rgmaxcECP(cl").
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且譜且.As…ult,wegetBayestheoremshowsthatP(cl")=

c"=qw･9g鰐P(c)P("lc).

Intheaboveequation,P(c)mestimatedeasily;thequestionEhowtoestimateP(zlc).Naive
Bayesmodehassumethebllowing:

冗

P("lc)=HP(jMlc).
f＝1

TheestimationofP(jilc)iseasyisowecanestimateP("lc)Mtchelll9971.
Inthrpaper,weusefburattributes(eltoe4)brWSD.Supposethatthetargetword

ist"fwhidlisthei-thwordmthesentence.
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2.2.TheBNmodelextendedhomtheNBmodel

ABehefNetworkisagraphtorepresentthedependencebetweenvariables,andgives
aconcisespecncationofthejointprobabilitydistribution.Thegraphofthebeliefnetwork
assumesthebllowing:

Asetofrandomvariablesmalmsupthenodesofthenetwork.

Asetofarrowsconnectspairsofnodes.ThearrowhomnodeXtonodeYmtuitively
meansthatXhasadirectinnuenceonY.

Eachnodehasaconditionalprobabilitytable.

Thegraphhasnodirectedcycles,thatis,itisadirectedacyclicgraph(DAG).

●
●

●
●

Thenetworkcanberegardedasamodeltosolvetheproblem・InthecaseOftheNB,
thatmodelcanberepresentedbyanetworknkethatinFigurel.Notethatthereareno
linksbetwweennodesefandej.ThisisbecausetheNBassumesthatanytwofaturesare
independent.Inthispaper,weusealittlecomplexmodelrepresentedWthenetworkshown
inFigure2・血thismodel,twoarrows,thatis,thearrowshome3toelandhome4ande2,
areaddedintotheNBmodel・ThemodelinFigure2ismoresuitablethantheNBmodel
becauseefandejarenotindependentintherealworld.

Rlrthermore,thenetworkinFigure2satm6estheaboveconditionsrequiredWagraph
ofthebehefnetwork.Thatis,thenetworkinFigure2representsamodelofthebelief
netwwork.

2.3.USeofunlabeleddata

Ininductivelearning,alargeamountoflabeleddataisnotgenerallyavanablebecause
itistooexpensive.Therefbrewehavetoestimateatargetprobabintywithrelativelynttle
labeleddata・However,aswiththeBN,thiskindofestimationisnotsodesirable・Therebre,
inthispaper,weuseunlabeleddatatoestimatemorepreciseprobabilities.
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SupposetheremanarrowhomnodeAtonodeB・正nodesAandBareirrelevanttoa

class,wedonotneedlabeleddatatoestimatetheprobabilityP(BIA).
Inourmodel,weapplyunlabeleddatatothearroW丘omthenodee3tothenodeel

andthearrowhomthenodee4tothenodee2.

FIGuREl.NaiveB町留model FIGuRE2.BdiefNetworkm@del

3．nxPERTMENTS

TbconnrmtheeaectivenessoftheBNmodel,weappliedittotheJapaneseDictionary
IbskofSENSEYAL2IShirai2003].

TheJapaneseDictionaryraskisasetofcommonplaceWSDproblemsusing50nouns
and50verbsasevaluationwords.Thesewordsareselectedsoastobalancethedifnculty
ofWSD・Theaveragenumberoflabeledinstancesis177.4brnouns,172.7hrverbs.The
numberoftestinstancesbreachevaluationwordislOO,sothetotalnumberoftestinstances
is5000eachbrnounandverbevaluationwords.Unlabeleddataconsistedof7585､5ingtances

pernounand6571､9instancesperverbevaluationwordonaveragethatweretakenhom
Mainichinewspaperarticleshr1995.WordsegmentationswereprovidedbyRWC.

Ther"ultsareshownmIhblel・Inthetable,NBandBNmeantheNBmodeland
theBNmodelrespectivelyiandBN+meanstheBNmodelusmgunlabeleddata.Thetable
showsthattheBNmodelwasbetterthantheNBmodel,andtheuseofunlabeleddatahad
anadversee"ct.

矼弧BLE1．R"ultoftheeXperiment

IINBIBNIBN+|

INolml75.85%|76.00%|75.74%|

IVerbl76.77%|76.85%|76.77%|

4.DISCUSSION

Inthissection,webrieHydiscussthereasonwhywecouldnotimprovetheprecisionW
usmgunlabeleddata.
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AvalueofprobabinsticvariablesmourmodelEaword・LetMandJVbesuchproba-
bmsticvariables,andmandnbevalUes(i.e.words)ofMandjV,respectivelyBTbestimate
theconditionalprobabilityP(MIjV),weneedhugeamountsof('72,")pairdata,butwe
cannotusesuchhugedatamactual.

Inthisstudyiwedidnotcon8iderunseenfatures,whicharenotintrainmgdata・Ifa
testinstancehadanunseenfature,weignoredthatfature・Fbrthisreason,theBNwas
almostunaffectedbythearrowhome3toel(calledarrow-31)andthearrowhome4to
e2(canedazr｡w-42),whichareexactlythediHerencehomtheNB.Asaresult,theBN
producedasimilarresultastheNB・Whenthetestinstancehappenedtobesimilartoa
traininginstance,theBNwasinnuencedWthearr◎官-31andthearrow-42．However,m
thisc"e,theBNwasamecthkeexamplebasedmethods,soitwasalittlebetterthanthe
NB.

Withunlabeleddata,therewaSgreaterinnuencehomthearrow-31andthearrow-42.

Thisisbecausethe(m,泥)pairdatamtrammgdatamcreased.However,theP(M=mljV=")
wasnotrehablebecausethe(m,")pairdatawerestmsmall.nlrthennore,wedidnothave
thelabelbr(m,")unln(etheoriginalBN・Asaresult,theinfrenceusmgP(M=mlN=")
hadanadversee&ct.

TbapplytheBNtorealwordproblems,weshouldconsiderunseenfatures.Intheoryiwe
canuseanEMalgorithm.RecentlyitheBoundandConapsemethod(RamoniandSebastianil9981
andMagdmumEntropymethodICowelll9991havebeenproposedfbrthisproblem.

Ignoranceofunseenfatureswasourfault.HOwever,wecansurelyuseunlabeleddata
tolearnCPTsofnodese3ande4・Infilture,wewillapproaChthisproblemWrefrrmgto
theabovestudi"_

5．CONCLUSION

Inthispaper,weapphedBenefNetworkstowordsensedrambiguationproblems.
Tbevaluateourmodel,weusedtheJapaneseDictionaryTaskofSENSEML2.The

experimentsshowedthatourmodelwasbetterthantheNaiveBayesmodel・Filrthermore,
wetriedtouseunlabeleddatatoestimatesomeprobabmties,butcouldnotimprovethe
modelbrthereasongiveninthedrcussion.

InthefUture,wewillinvestigatehowtouseunlabeleddataintheBNmodel.
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