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Inthispaper,weproposeanewclusteringalgorithmfbrlargescaledocumentsizetoconstruct
theth"aurusautomaticallyinaidofsummarization.Theexistingword-clusteringsystemsuse
varioussimilarityandclusteringalgorithmbasedonthecontextoftheinfbrmationretrieval.In

caseoftheclusteringusingterm-documentmatrix,thedistributionoftheindexwordrepresents
thefi巴quencyofthewordappearanceinacertaincontentsofadocument・Therefbre,semantic
relationbetweenthesewordsinthedocumentisnotsostrong.Asaresult,thewordswhichappear
frequentlyinthecontentstendtobegatheredfbronecluster.Toconstructaclustersetinwhich
semanticrelationbetweenthesewordsiscontained,weshowawordclusteringusingapairofwords
withcooccurrencerelationautomaticallyLWefUrthershowthatourclusteringiseffectivefbrword
sensedisambiguationincomparisonwithusingterm-documentmatrix.

Kewwo7ⅦS:Wordsensedisambiguation,Wordclustering,Thesaurus,Vectorspacemodel,
Latentsemanticindexing

1．INTRODUCTION

AuserusuallyappliesnaturallanguagetoeXpressaownquerybUsingasearchengine
suchasLycosandgoogleonthelnternet,theuserrepresentsquerieswhichconsistsofatw

words.IftheuserhassomeknowledgeofthewordstypicallyusedtodescribeapaJFticular
topic,queriescanberepresentedexactly.However,theuserdoesnotcomeupwiththe
topicwords,itisdifnculttorepresentquerieswiththecontenttosearch.Inaninfbrmation

retrieval(IR)system,withoutconsideringlexicalandsemanticambiguitysuchasparaphrase
representation,documentscontainingtheinputwordsareretrieved.

Inadocumentsummarization(DS)system,aswellasthelRsystem,thesystemtypically
summarizesadocumentbasedonwordfrequencycontainedinadocumentandthelocation

ofawordinthedocument.Speciallyjawordwhichoccurshequentlyinthedocumenthas
importantelementofthedocument.Inthiscase,ifthesamewordappearscontinuously
insomesentencesinthedocument,itiseasytounderstandtheimportancethewordhas

withinthedocument.However,onewordgenerallyhasmultiplemeaningsandisabletobe
representedastheotherwordssoitisdi伍culttofindthetopicword.

TbreduceresponsetimefbrretrievaloperationwithlRsystemandoutputasummariza-
tionresultfromadocumentwithahighdegreeofaccuracy,theuseofthesaurusisapossible
approachtoexpandandtofbcusthequeries.Athesaurusisacompilationofwordsand
phrasesshowingsynonymousandhierarchicalrelationshipanddependencies,isoftenused

fbrthesupportofretrievalapproaches{Tokunagal999.Toapplythethesaurusinsuchthe
cases,itisnecessarytoconstructthedictionaryofthebrmwhichcanbetreatedbythe
computer・Additionally,whenathesaurusisusedfbrthesupportoflRandDSsystem,a
complicatedlayeredstructureisnotsorequiredanditispossibletosupportthesetaskswith
athesaurusthathassimplerlayeredstructure.Therefbre,itisnecessarytoconstructthe
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thesaurusoftheexclusiveusefbrthepurposeoftheseobjects.
Inthispaper,weproposeanewwordclusteringalgorithmfbralargescalesetofwords

withtheaimofautomaticconstructionfbrwordsensedisambiguation.Inpreviousresearch
onwordclustering,manyalgorithmbasedonvectorspacemodelareproposed
IKawamaeetal.20011.Inthismodel,thedistributionofanindexwordwhichappearsin
documentscanberepresentedstatisticallyasavector.However,itishardtoexpressthe
semanticrelationbetweenthewordsinadocument,andwordscommontoacertaintopic
tendtogatherinaclusteroutputtedasaresult・Inourresearch,toconstructsomeclusters,
eachclusterhasasemanticcommonalityiweextractwordpairswhichhasacooccurrence
relationandexpresswordstatistics.

2．WORDCLUSTERING

2.1.ExtractionofCooccurrenceRelations

Toperfbrmwordclustering,wordpairswithcooccurrencerelation,whichareextracted
fromalargescalesetofdocuments,areusedasfbatures.Then,weextracttwopatterns,
6Cnoun+no+noun''structureand"noun+noun''structuresuchascompoundnoun.Fbr
example,weextracttheseJapanesephrases,<GSEKAInoHErWA(peaceoftheworld)''and
"FUKUGOUMEISHI".

Inthisextraction,wemakesomeexceptiontoextractcooccurencerelationmoreaccu-

rately&First,whenadverbandadjectivewordsexistbetweenthenounwords,suchwords
areignored.Second,ourexperiencetakesthenounwordsintoconsiderationsothatpro-
nounisalsoignored.Rlrthermore,hiraganakatakanawordsandthewordswhichmeandays
andtimesuchas"ICHI-GATSU(JANUARY)''arealsoignoredandintendtoapplyfbrour
systeminthefilture.

Word-pairsareextractedusingmorphologicalanalysissystem"Chasen"andthepatterns
describedabove.FiPomtheseword-pairs,cooccurencerelationmatrixisobtainedthrough
assignmentoftermweightstatisticallybThen,theproblemistousewhichofwordsinthe

clustering.Fbrthisproblem,weconsiderthatthequalifiedwordismoresignificantthan
qualifier・Inourresearch,wespecifytargetwordintheclusteringasthequalifiedword・Tb
expressthetargetwordnumerically,thewordisrepresentedasawordvectorwhoseelements
arestatisticsofthequali6ers.

Wheneachtargetwordisrepresentedbyavector,theelementsofawordvectordare

assignedtwo-partvalues切句=Ljj×Gi.Intheexperiments,thefactorLjjisalocalweight
thatreflectstheweightoftermjqualifyingtargetwordjandthefactorGjisaglobalweight
thatreHectstheoverallvalueofthetargetwordifbrtheentirewordpairsasfbllows:
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where"isthenumberoftargetwordsinthecollection,んisthe丘equencyofthei-th
targetwordmodifiedbythej-thqualifier,andFIisthehequencyofthei-thtargetword
throughouttheentirewordpairs{ChicholmandKoldal993.
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2.2．LatentSemanticAnalysisofCooccurrenceRelationMatrix

Perfbrmingtheprocessofindexingintheprevioussection,weobtainacooccurrence
relationmatrixAfiFomthentargetwordsandthemqualifiers.Andwesupposethatthe
matrixAisasparsem×”withrcmk(A)=7･.Thesingularvaluedecomposition(SVD)ofA
canberepresentedasfbllows:

A=UEVT, （3）

whereU=(u,,…,um)isanm×northogonalmatrixandV=(",,…,tj")isan泥×n
orthogonalmatrix.

UTU=VTV=Ih(4)

E=dia9(o,,02,…,o")isan”×冗diagonalmatrixwithrealandnon-negativenumbersin
descendingorder:

ぴ’≧グ2≧…≧or≧ぴT,+1=…＝ぴれ=0. （5）

Generally,Therankofamatrixisequaltothenumberofnon-zerosingularvalues.Wecan
takethesingularvectorscorrespondingtotheklargestsingulaJFvaluesaSanbasisofthe
subspace,thenweobtainarank-kapproximationAk・Thisdimensionreductionmethodis

calledLatentSemanticlndexing(LSI).
WeusetheSVDfbrthecooccurrencerelationmatrixAtocomputethereducedrank

approximatedmatrixAk.ThisJ4Acontainseffectivecooccurrenceinfbrmationinthetarget
wordspace,thetargetwordisassociatedwithotherssemanticallybFbrexample,weconsider
twoqualiferwords"management"and"economic".Ifthesequalifierwordscooccurwith
varioustargetwordssuchas"environment"frequentlyithereisacloserelationbetween
thesequalifierwords・Therefbre,Evenifthequali6erword"management"doesnotexistin
awordvectorwhichiscomposedofthequalifierword"economic''andsomequalifierwords,
theweightfbrtheword!Imanagement"increasesbyusingtheSVD.

2.3.WordClusteringAlgorithm

Asamethodtocomputethewordclusters,weapplythesphericalk-meansalgorithm
IDhillonandModhal9991,whichproducediSjointclustersandunitlengthcentroidvectors,to
ahigh-dimensionalandsparsedocumentset.WepresentasummaryoftheSphericalk-means
algorithm.Fbrinstance,thefbllowingalgorithmpartitionsthewordvectorsx,,x2,…7XN
intokclusters7rf,7『§,･･･,7rithatmaximizetheobjectivefUnctionDdefinedas:

8

D=EEx?｡ゴ （6）
j=1xiE7Tj

Whenthesimilarityofthisalgorithmiscalculated,thesimilaJFityoftwowordvectorxi
andXjisrepresentedasthefbllowinginnerproduct⑩〃：

uノガ=xi.Xj. （7）

Inthecaseofthecooccurencerelationmatrix,thesimilaritymatrixDcanberepresentedas
D=ATA・ThentheSingularValueDecomposition(SVD)ofthematrixAisrepresentedas
A=UEVTsothematrixDcanberepresentedusingtheSVDofAasfbllows
{Bellegardaetal.19961IKital9991:

D=(UEvT)T(UEVT)

=(VEUT)(UEVT)

=(EvT)T(EvT).(8)
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Thisexpressionmeansthesimilarityt"fjisequaltoinnerproductofthei-thcolumnvector
andthej-thcolumnvectorinEVT.Ifwetakethek-largestsingularvaluesofE,wecan
obtainrank-kapproximationofA.Therefbre,thisapproxjmationbrmgsaboutaneffectto
removenoiseandreductionofcalculationtimefbrthesimilarityb
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Partitionthewordvectorsarbitrarilyintothegivensclusters{"jo)};=,.Let{c)0)};=]
indicatethecentroidvectorsderivedfiFomtheclusters.

Fbreachwordvectorx@(1≦j≦Ⅳ),findthecentroidvectorthatmaximizesthecosine

similarit鞭×.C…ently,th…皿，e…｡…“．neda…tothenew#+')};=]iiwomthecentroidvectors{c)#)};=]clusters{

ざ+')＝{x‘:x『cy)≧x『Cl‘)｝
（'≦I≦Ⅳ,’≦j≦s) （9）

Fjt+'!isjhegeC9fyectorswhichareclosesttothecenbroidvectors{c)#)};="where

Normalizethelengthofthenewcentroidvectors

m;C+')
。)‘+')-gnw'(｣≦j≦s), （10）

－

｜’

whereml!+')indicaCesthecentroidvectorsofbhedocumentscontainedinthecluste"
4‘+'）●

CalculatethevalueoftheobjectivefilnctionD(t+')andthedifferencebetweentheD(t+')
andtheoldvalueoftheobjectivefUnctionD(t).Ifthisdifferenceisnotmorethanlas
bllows:

IID(t)-D(t+')||≦1, （11）

then,se吋=mlI+')andsebc;=c)'+')(1≦j≦s)andexit.Otherwise,thealgorithm
■

incrementsthevariabletandreturntostep2.

3．APPLICATIONTOWORDSENSEDISAMBIGUATION

Inthissection,weapplywordclustersobtainedbyourmethodtowordsensedisambigua-
tionproblems.Inthisexperiment,weuse50verbsappliedtotheJapanesedictionarytask
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ontheSENSEVAL2contest{KurohashiandShirai20011.WeapplythenaiveBayeslearner
andclassifiertolearnatrainingdataandestimateprobabilityofclustersfromsomefeature
sets.Theprecisioniscalculatedbreachverbusingthisprobabilisticmodel.

3.1.Dennitionoffbatureset

Weapplythefeatureset,whichisdefinedin[ShinnouandSasaki20021,totheestimation
ofprobability.Athesaurususedinourresearchisnot!6Bunrui-Goi-Hyo''(asetofsemantic
principles),butwordclusterobtainedbywordclustering.Soweusetheclusternumberas
thefatureofconceptinsteadofthesauruslDnumber.Inthispaper,weusethebllowing
sixfbatures(eltoe6)brthetargetwordt":
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RPomthefbaturesets,weusethenaiveBayestolearnatrainingdataandestimate
probabilityofclusters.ThenaiveBayesclassifieristhemethodtocomputeaconditional

probabilityP(flc)ofahatureノoccurringgivenaclassc.Inourexperiments,thisprobability
usingsmoothingalgorithmisestimatedbythefbllowing,

1+EdEDoⅣ(f,d)
P(flc)= (12）

IF|+EML,EdepoⅣ(ん,d)

whereDcisthesetoftrainingdatacontainedintheclusterc,disanelementofDc,Fis

thesetofalltatures,九isanelementinFandIV(ん,d)isthenumberofんcontainedin
theinstanced.

3.2.Experiments

ThedatausedinourexperimentisMainidlinewspaperarticlesfbrl994.Fbrthesenews-

paperarticles,weremovealltagsandcarryoutthemorphologicalanalysisusing"Cha-Sen"
toextractword-pairsasshownintheprevioussection・恥rtheseword-pairs,wecalculate
aweightofthemodifierstatisticallyhomthefrequencytoobtaincooccurrencerelation

matrix・Itfbllowsthatweobtain55,597ofthetargetwordstobeclustered.Calculating
thecooccurrencerelationmatrix,wecomputetheSVDofthismatrixtodecomposetothe

tripletmatrices・Wordclusteringisperfbrmedusingthesphericalk-meansalgorithmfbrthe
decomposedmatrix.

FinallyjweevaluatetheobtainedclustersusingtheJapanesedictionarytask.Then,the
numberofclustersisspecifiedaslOOO,3000,5000respectively.Fbrfeaturesetsobtainedby
thetrainingdatausedinthistask,weapplynaiveBayesmethodtoestimatetheprobability

P(clf),whereCisasetofclassesand/isafbatureset.Ifthetraimngphasefinishes,the
precisioniscomputedonthismodelusingtestdata.

Toevaluatetheefficiencyofthesewordclusters,wealsomakeclustersusingaterm-
documentmatrixandcomputeprecisionbythesameclusteringalgorithm.Inthisexperi-
ment,thenumberofclustersisalsolOOO,3000,5000respectivelybAdditionallyitocompare

withourprecision,weexperimentinthecaseofusingthefeaturesetwithoutthecluster

/へ
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FIGURE2. precisionfbrthetargetwords

|ThenumberofwordsllOOO13000150001
’ ’211171201Increase

’ ’161171161Decrease

角

TABLE1.thenumberofwordsfbrwhichprecisionisincreasedanddecreased

numberandusingthefeaturesetwiththesemanticclassinthe"Bunrui-Goi-Hyo"respec-
tively.

Tocomputetheprecision,weusetwoscoringmethodsasevaluationcriteriaaccordingto
theSENSEVAL-2workshop{KurohashiandShirai20011.ourresultsarebasedonaccuracy
usingfine-grainedscoringmethod・Fine-grainedscoringisdefinedastheratioofwordsense
whichconfbrmsthecorrectanswerperfectly・恥rthemodelusingthe"Bunrui-Goi-Hyo'',
sinceawordsenseisdefinedwithalayeredstructureinthisthesaurus,resultsarebasedon
accuracyusingmixed-grainedscoringmethod・Mixed-grainedscoringisthemethodwhich
givespartialpointsaccordingtothelayeredstructureofthewordsense.



/一、

氏

AuToMATIcTHEsAuRuscoNsTRucTIoNusINGwoRDcLusTERING 7

|DimensionllOOO|300015000INonelBumui-Goi-Hyo’

’PrecisionlO.7810510.78210.78110.773810.78785 ’

TABLE2.Averageprecisioninthecaseofusingthecooccurrencerelationmatrix

|DimensionllOOO|3000150001

|PrecisionlO､780610.782810.78041

TABLE3.Averageprecisioninthecaseofusingtheterm-documentmatrix

Figure2showstheresultofourexperiment.Inthisfigure,horizontalaxiscorresponds
tothe50verbsintheJapanesedictionarytaskandverticalaxisrepresentstheprecisionfbr
eachverb.Aboutwordsfbrwhichprecisioniscomparativelyhigh,therewaslittlechange
intheprecisioneveniftheclusterinfbrmationisused・However,fbrthewordswithlow
precision,therewassomechangeintheprecisionusingthewordclusterorthe"Bunrui-
Goi-Hyo".Ⅱ泡blelshowstheincreaseanddecreaseoftheprecisionfiPomthecasewhere
"Bunrui-Goi-Hyo"isused.Inthistable,precisionwasincreasedinsomeofthenumberof

wordsfbrusingourclustercomparedwiththeuseofthe"Bunrui-Goi-Hyo".Therebre,the
e伍ciencyusingthewordclusteringishigherthanusingthe"Bunrui-Goi-Hyo".

Table2and3showtheaverageprecisionfbrthewordclusteringusingcooccurence
relationmatrix,the"Bunrui-Goi-Hyo''andterm-documentmatrixrespectively.Inthetable
2,theaverageprecisionwas78､2%using3,000clustersand78.1%usingl,000and5,000
clusters.theseresultsshowtheprecisionusingwordclusteringwaslessthantheaverage
precisionusingthe"Bunrui-Goi-Hyo"・However,theprecisionusingwordclusteringwas
higherthantheprecisionwithoutclusteringsousingwordclusterhassomebene6tbrthe
wordsensedisambiguation.

Comparingwiththeaverageprecisionusingtheterm-documentmatrix,Theaverage
precisionusingboththewordclusteringandtheterm-documentmatrixbroughtthealmost
sameresultin3,000clusters.However,inl,000and5,000clusters,theperfbrmanceusingthe
wordclusteringwasalittlebetterthanusingtheterm-documentmatrix.Therefbre,using
thewordclusteringhaveabenencialefectonthewordsensedisambiguationcompaJPedwith
usingtheterm-documentmatrix.

4．CONCLUSION

Inthispaper,weproposeanewwordclusteringalgorithmfbralaJFgescalesetofwords
withtheaimofautomaticconstructionfbrwordsensedisambiguation.Wegiveexperimental
resultsofevaluationoftheobtainedclustersusingtheJapanesedictionarytask.Incompar-
isonwithusingtheterm-documentmatrix,wefbundthatusingthewordclusteringhavea
beneficialeffectonthewordsensedisambiguation.Incomparisonwithusingthe"Bunrui-
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Goi-Hyo",wefbundthatprecisionwasincreasedinsomeofthenumberofwordsfbrusing
ourcluster.Filrtherworkcouldinvolveanalyzingtheotherclusteringalgorithmtoobtain
thebetterwordclusters.
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