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AMachineLearningApproachto

NaturalLanguageProcessing＊

Masahiko Haruno

Abstract

Overthepast50years，reSearChershavemadeconcertedeffortstoconstruct

practicalnaturallang－1ageSyStemSS11Chasautomaticmachinetranslators・Al－

thoughthesesystemsarenowcommercial1yavailableandused，thosewithhigh

performancearelimitedtosimpleprocessors（part－0トspeechtaggers－andkana－

kanjiconverters）orsystemstunedforspecializeddomains，Whyisitsodifncult

toconstruCtPraCticalsystemsforbroader11Se？ThernostcruCialbarrierhasbeen

identifiedasthevarietyofknowled9erequiredforla皿guageprOCeSSlng・、

Thisthesisexploresthemachineleamingapproachtonaturallanguagepro－

cessinginwhichtheknowled9eisautomatical1yacquiredbyuslngaCOrpuSCur－

rentlyavailable．Inthisthesis，Iwouldnotclaimthatmachineleamingiss11perior

toandshouldreplaceconventionalmethods（nearlyallofthemdonebyhuman

learning）．Instead，myintentionistoclarifywhatisappropriateandreasonable

fc．rmachineleamingandwhati＄apprOpriateforhumanleaming・Inthefbllowr

lngChapters，my111timateobjectiveistopromoteanewapproachtolanguage

englneeringbygalnlngadeepunderstandingof－themachineleamlngteClmiques・

Conceptual1y，theknowledgeproblemcanbeprocessedby七hefo1lowingthree

StepS・

1．Enumeratelinguisticfbaturesthatpotential1yinAuencethetargetlanguage

ta5k．

2．Selectfeaturesandcombinethemintoaformofru1es．

＊Doctor，sThesis，Department■ofInformationProcessing，GraduateSchoolofInformation

Science，NaraInstituteofS．cienceandTeclm0logy，NAISTTIS－DT9761211，July27，1998・
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3．Determinepreferenceparametersofrules・

Althoughthesestepsinfactaredeeplyinterleaved，1etusconsiderthemse－

quential1yfromthemachinelearnlngViewpoint・Fbrthe丘rststep，itisbasical1y

di臨cultforcurrentcompilterPrOgramStOautOmatical1yenllmeratefeaturetypes

andtheircodingschemefromscratch・ThemachinelearnlngapPfOaChtoextract－

ingfeatureshasbeenlimitedtotheco－OCCurrenCeStatisticsofwordsandphrases・

Althoughthetaskisveryslmple，itisusefu1forv甜ioustypesoflanguageprocess－

1ng・Themaindecisioninco－OCCurrenCeStatisticsiswhatrangeofexpressions

shouldbeconsideredbythestatistics・Themorecomplextheexpressionsare，

themoredi伍cultitisforthesystemtoinducethem・

Ifweassumetheexistenceoffeaturestorepresentthetargettask，thesec－

ondstepistoconstruCtru1esbycombimingthefeatures・Themachinelearning

approachcanproducealarge－SCalesimplestruCtureSuChasadecisiontreeand

ahiddenMa，kovmodel（HMM）．Itsgreatadvantageistoproduceru1esbyus－

ingglobaldatadistribution，Whileahumanlinguistdependsonintuitionamd

mayresorttonear－Sightedru1es・Thus，themostimportantfactorinapplying

machineleaningtechniquesistoapplythenecessarilyandsu鮎ientlysimplest

representationforthetask・

Thethirdstepistosetthepreferenceparameters・・Themachinelearnlng

approachhasfundamentaladvantageSbecausetheoptimizationofpreferencepar

，amet。，SSh。uldbeperformedfromaglobalpointofview，Ifahumanlinguistsets

theparametersonlyfromanear－Sightedper＄PeCtive，thesystemwouldsuffer肋m

side－effbcts．Worsestill，eVenifthelinguistmakesthegreatesteffortstomaintain

thecoherenceofpreferenceparameters，itgradual1ybecomesdifRcultasthenum－

berofru1esincreases．ThemachinelearnlngapPrOaChdeterminesthepreference

parameterS，forexample，byusingmaximum1ikelihoodestimation（MLE），Which

selectstheparameterstomaximizethelikelihoodofgenerati叩givendata・The

moredataareavai1able，themoreef艶ctivetheparametersare・

Theonlyobstaclefacedbytheapproachforthesecondandthirdstep＄isthe

limitedam0untOfdataaNailable・Natural1anguageisfu1lofinfrequentcolloquial

orexceptionalexpressionsthatcannotbehandledbygeneralrules，Whichdete－

rioratesthesystem，soveral1performanCe・An曲ctiveleamingschemetocope
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withtheseexpressionsisneeded・

Sllbsequentchaptersdescribe concrete examples ofmachinelearnlngteCh－

niquesfornatural1angllagePrOCeSSing・FbllowingtheintroductioninChapterl，

Chapters2and3dealwithunSuPervisedleaming色・Ombilingual（JapaneSeand

English）corpora．Chapter2describesthesentencealig71menttaSkto丘ndsen－

tencecorrespondencesinbilingualtextsl・Themostprominentfeatures（thefirst

step）forsentencealignmentiswordcorrespondencesbetweentwolanguageS・‾

Theleamingalgorithm（thesecondandthirdsteps）isbasedontheintuition

thatthemorewordcorrespondencesasentencepaircontains，themorereliable

thesentencecorrespondenceis・Theproposedalignmentmethodemploysword

correspondences鈷・Ombothstatisticsandelectronicdictionaries・Bycombining

thetwokindsofwordcorrespondences，Senten云ealignmentwasperformedwith

ahigherprecisionthanconventionalmethod＄・InadditioIl，tOCOpeWitherrors

lefttobemodi丘edbyhumans，Wealsointroduceasentencealignmentenviron－

ment，CalledBACCS（Bilin＿gualAligned£orpusQopstruCtion旦ystem），devised

forhumans11pervisors・

InChapter3，th6sentencealignedcorporaarethenusedtoextractbihngual

collocationsbyanovelword－1evelsortingmethod・Theextractedcollocationsare

importantcluesformachinetranslationandmulti－1ingllalinfbmationretrieval

systems・Thefeatureusedinthemethodisonlypart－0仁speechtags・Thelearnlng

methodissimpleoccurrencestatistics・Accordingtothedi凪cultyoflearnlng，

wedifZbrentiatetwokindsofcollocations：fiⅩedand鮎Ⅹiblecollocations・Fixed

collocationscomprlSeaCOntinuousseq－1enCeOfwords）While且exibleco1locations

consistofmorethantwoseparatesequencesofwords・Althoughconventional

methodsfocusonleithernounphraBeSOr且exiblecollocations，Iwouldliketo

emphasizethatthefiⅩedcollocationisanimportantClassdueforthefo1lowing

three reasons．

●Fixedco1locationscanbee缶cientlyandpreciselyextractedbyourword－

1evelsortingmethod・

●FixedcollocationscontainabroadrangeOfexpressionsratherthannOiln

lsentencecorreBPOndenceisnotone－tO，One・
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ph■誠eS・

●TheconstruCtionforflexiblecollocationsisefRcientbecauseatwo－StePCOm－

binationofaxedcouocationscanreduceredundantcomputath・

NotethatthethreestepsinChapters2and3areverysimple，reAectingthatthe

problemsettingsareunSuPervised・

Byusingtheword－1evelsortingmethod，fixedconocationswereextractedwith

aprecisionbetterthan80％，Ontheotherhand，PerfbrmanCeforflexiblecouoca－

tionsremained36・8％・Theseresultsconfirmthatthetwoclassesofconocations

arecompletelydihentintermsoftheleamingfbasibility・

chapters4and5addressthemostimportanttaSksofJapaneselangⅦageprO－

cessing：mOrPhologicalanalyskanddependencyanalysiLMorphologicalanal－

yswsegmentsaninputsentenceinto－aSequenCeOfwordsannotatedwithpart－

oLspeechtags・Becausetherearenoexphcitdehmitersbetweenwordshthe

Japaneselang朋ge，mOrPhologicalanalysisbthefirststepforalmostal1Japanese

textprocessing・DependencyanalysisdetemiesthesyntachcstruCture（modi－

ficatio竺rdadonsofbunSetSu）ofinputsentences・hthesetwochaptersJwovld

liketoemphasimtheimpor触eOfappropriat川p代紀血ations（鮎＆archical

c。nteXttreeSanddecisiontrees）andmistake一血venlearningalgorithm（boost－

ing）thatksenddvetodatadistribution・Byintroducingthesemethods，there－

sultingmorphologicalanalyzeranddependencyparser扇gmificantlyoutperformed

conventionalsystem・

haddition，ⅠwiushowinChapter5thatthecombinationoffeatureextraction

byhumans（the叫SteP）andthemachineleamingapproach（thesecondand
thirdsteps）isquitepromiingforfuturenatural1anguageengineering・

chapter6describesaconcreteaPphcationofcorpus－baBednaturallanguage

processing・Wewi11introduceanadaptivedictionaryenvironment・Cal1edAⅢA（A

dapdveand圭ntegratedBictionaryAgent），inwhichseveraldictionaries（Japanese－

Engnsh，Eng血－Japanese，Eng肋－Englhh），SeVeralcorpora（bi血gualandmono－

1ingual）andcouocations（extractedbythemethodinChapter3）areやtegrated

throughasinglegraphicalinterface・Whenauserwadstoyrite■orreadt6xts・

particularlyinfordgnlanguages】hborherreq血mentsareoftennotclear・
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AIDAprovidestheuserwithanadaptiveand且exiblesearchmechanism；the

systemselectstheexpressionssyntactical1yandsemanticallysimi1artotheuser’s

input．Thesimilaritymeasureitselfislearnedthroughtheinteractions：Final1y，

Chapter7concludesthethesisandmentionsfuturedirections・

Thesechapterscon貞rmthatmachineleamingapproachachievesgoodper－

formanceparticularlywhenatarget■1ang11agetaSkhasasimplerepresentation・

BothinsupervisedandunSuperVisedsettings〉arbitrarinessoftheconventional

rulecompilationisremovedbymachinelearningteclmiques・Theobjecもivenessof

theapproachshouldplayamoreessentialroleinapplyingtolarger－SCalepractical

SyStemS・

Keywords；

machinelearni略bilingualcorpora）SentenCealignment｝COllocation，mOrPholog－

icalanalysis，dependencyanalysIS
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Chapterl

Introduction

Overthepast50years，reSearChershaNemadeconcertede鮎rtstoconstruCtpraC－

ticalnatural1anguageSyStemSSuChasautomaticmachinetranslators．Although

thesesystemsarenowcommerdal1yavailableandused，thosewithhighperfbr－

manCearelimitedtosimpleprocessors（part－OLspeechtaggersand

COnVerterS）orsystemstunedfor甲eCializeddomains・．Whyisitsod嘩cultto

COnStruCtpraCticalsystemsforbroaderuse？ThemostcruCialbamierhasbeen

identifiedasthevarietyofknowle49erequiredforlanguageprocegsing・

Thisthesisexploresthemachinelemigapproachtonaturallanguagepro－
CeSSinginwhichtheknowledgeisautomatieal1yacquiredbyusingacorpuscur－

rently avai1able．AlthoughtheproposedteclmiquesyieldsignificantreSultsin

bothsupervisedandunSupervisedsettings，Iwo山dnotsimple－mindedlyclaim

thatmachineleamlnglSSuperiortoandshouldreplaceal1conventionalmeth－

ods（nearlyallofthemdonebyh叩anlearning）．Rather，myintenti。nist。

Clarifywhatisappropriateforthecurrentmachinelearmigandwhatisappro－

priatefortheconventionalmethods・Myultimateobjectiveistopromoteanew

Styleofnatural1弧g11ageen由neeringbygainingadeepunderstandingofthepros

andconsofmachinelearningteclmiques．

Beforegoingintothedetai1sofactual1earningtechniques，thischapterin－

troduces threetypesofknowledgeand then discusses themfromthe machine

learnmgpointofview・Final1y，thetasksandtechniquesdiscussedinthesubse－

quentchaptersarebrie超yoverviewed」
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Letusstartwiththetwoexamplesbelow・Thefirstexampleistakenfrom

aJapane＄eStOCkmarketbulletinanditsEnglishtranslation・Thetwosentences

havecolloquialstylesveryspecifictothestockmarketdomain；althoughthe

JapaneSeSentenCemaybetranSlatedas‘TbkyoGoldFuturemarketendedtrading

fortheday，humantranslatorsmeverproducesuchasentencebecausetheyadhere

totherigidtranslationpatterninherenttothedomain・Tooutputsuchanatural

tranSlation，maChinetran＄1ationsystemsmustha”edomain－SpeCificru1es・

●東京貴金属大引け

恥kyoGold伽uresCIs・

．花子と京都へ行った（IwenttoXyotowitbHanako・）

大阪と京都へ行った（IwenttoKyotoandO5a払）

ThesecondexampleconcernStheknowledgetodisambiguatesyntacticstruC－

turesofJapaneSeSentenCeS・AlthoughthetwosentenceShaveonlyoneword

di触ence（花子（Hanako）and大阪（0＄aka）），thereisgTeatdissimi1arityintheir

syntacticstruCtureS・Thepostpositionalphrase花子とmodifiesthe■verbphrase

行ったinthefirs七SentenCe，Whilethepostpositionalphrase大阪とmodi点esthe

postpositionalphrase京都へinthesecondsentence・Tbaddresssucha■diEbr－

ence，Weneedru1esgoveming，forexamPle，Whatkindofnouns（semanticcla5S）

theverb行くtendstotakeasitsobjectsandwhatsemanticclassthenounS花

子（Hanakn）and京都（Kyoto）belong．to・Itisfurtherinterestingtoconsider

thefo1lowingsentenceinwhich花子とmodifies太郎がbutnot行った・Although

weintroducedaru1ethatsays行くtendstotake花子とasanobject，itisnot

validforthenewsentenCe・Becausemostlanguageru1esdealwithonlyapart

orageneralizedformofasentence，theycannotbeapplieddeterministically・In

otherword5，eaChru1ehastobeaugmentedwithitsprefbrenceparameterStO

determinethemostplausiblestructureofinputsentenceS・

．花子と太郎が京都へ行った（Hanakoand取rowenttoKyoto・）
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Thecloseinvestigationoftheaboveexamplesshowsthattheknowledgefbr

languageprocesslngCanbeconstruCtedfromthefo11owingthreestepsl・

1・Enumeratinglinguisticfeat11reSthathavepotentiale鮎ctsontarg6ttaBks．

2・Selectingftaturesandcombiningthemintoaformofrules．

3・Settingprefbrenceparametersfortherules．

Inthetranslationexample，bilingualwordcorrespondencesJ（thefirststep）

mightbethelinguisticfeaturesused・Thedomainspecifictr甲Slationrules（the

secondstep）areconstructedbyusingthesefbatures．Thethird（preference）step

Canbeomittedbecausethereis：nOambiguityinapplyingt，hedomain－SpeCific

（sentence－1evel）ru1e．Inthesecondsyntacticexample，Ontheotherhand，the

preferenceBtepisneededbecauseparslngSyStemSareaPpliedtoabroadrange

Oftexts．TlmsthisexampleinvoIvesallthreesteps；thethesauruSaSaftature，

theru1esofmodificationandthepreferencesformodificat，ions．

Inconventionalsy＄temS，allthreestepshavebecnaccompli5hedbyhuman

linguists・TheyclaBSibTlanguagePhenomenaandextractlinguisticfeaturesin？r－

dertoco甲pileru1es・Eachru1eisthenconstruCtedwithitspreferenceparameter・

Alltheseprocessesareiteratedinatrial－and－errOrfashion．

LetuBnOWdisc11＄SthethreestepsfromthemachinelearnlngViewpoint．Fbr

thefirststep，maChinelearninghaBlimited11Se・Itisgeneral1ydi伍cultforcurrent

COmPuterprOgramStOautOmatical1yenumeratefeat11retypeSandtheircodihg

SChemeffomscratch．Goingbacktothesecondexample，itistheinsightand

experienceofahumanlinguistthatenumeratenounCategOriestobe8igmificant

featuresofdependencyanalysisandthatdeterminehoweachfeatureisencoded

（say，inanounthesauruS）・ItisimportanttOrememberthatthemachinelearning

approach to enumeratingftaturesislimited tothe co－OCCurrenCe占tatistics of

wordBandphrases；thusmachinelearnlngCannOtSOIveeverything．There5earCh

OnprObabilisticcontextfreegrammars■（PCFG）［9］indicatestheimportanceof

the丘rststep．Ftomthelate80stothepresent，parametereStimationofPCFG

INotetha七theseBtepSinhctaredeeplyinterleaved・Theseparationis：nOtClear－Cutbut

madeforexplanation．
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hasbeenpopularintheresearchcomm血ity・Thesegrammarsaredescribed

onlywithnon－teminalsymboIs（feattlreS）・Thisisclearlypoorinformationfor

disambiguatingreal－WOrldnaturallanguagetexts・ParsingacctTaCywiththis

approachhasremiedaround60％withanyleamingalgoritlm・L

げweassumetheexistenceoffeaturestorepresentthetargettask，the？eC－

ondstepistoconstruCtrulesbycombiningthefeatures・Theふachineleaming

approachisgoodatproducinglargescaleandcomparativelysimplestru血res

s。dasadecisiontrees［3】orahiddenMarkovmodel（HMM）［67】，Whilehuman

linguistisgoodatproducingasmallnumberJofcomplexru1esliketypedfeature

struCtureS［8］・Themachineleamingapproachconstructstheru1esthatexplain

theglobaldatadistribution，Whileahumanlinguistdependsonintuitionandmay

，eSOrttOnearrSightedrules．Thekeypointinusingmachineleaningteclmiques

ist。Selectthenecessarilyandsu瓜cientbrsimplestrepresentationthatcontains

enougb鮎tu増加血et誠k【4叫

Fb；thethirdstep，themachineleamingapproachhasasigni＆cantadvantage

because七heoptimizationofparametersshouldbeperformedfromaglobalpoint

ofview．TheapproachdeterminestheparameterS）forexamPle，bymaximum

likelihoodestimation（MLE），Whichselmitheparam占tersthatmaximizethe

likelihoodofgeneratinggivendata・∬ahuman血guistsetstheparameterS

＆omanear－Sightedperspective，thetotalsystemwouldsuirerfromside－e鮎cは

Ⅵわ胱S甜，eV以1迂tbe血g山如血臨地山mo或曲血bm血七山＝血ふ蝕隙

itgraduallybecomesdi伍cultasthenumberofrdesincreases・

hsummary，maChinelearmngapprOaChhasthefo1lowingcharacteristicsre－

1atedtotheabovethreesteps．

1．Tnenumeratingfeatures，CurrentmaChineleamingtechmiqueshavelimited

膿（cひ朝Cumn益ふti細田）■・

2．hcohstruCtingrules｝themachineleamingapproachisparticularlypowerfu1

foralargescaleandsimplestruCtureSSuChasadecisiontreeandaHMM・

3．・ThemachineleamlngapPrOaChisweusuitedtoevaluatingpreferencepa－

rameterSbecausetheproblemrequiresglobalop七imization・
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Letusnowmoveontotheconcreteapplicationsandtechniq11eSdiscussedin

thesubsequentchapters，Theseteclmiquesclearlyre且ectthecharacteristicsof

themachinelearnlngapPrOaCh．

ThefirstparもOfthethesisfoc11SeSOnthebiling11alcorp11S．JapaneSearticles

anditsEngli畠htranslationsaremainlyconsidered・AJapaneSeSentenCeisnot

alwqystranSlated・intoaslngleEnglishsentence・Itmaybesplitintotwoorthree

sentencesandviceversa．Chapter2dealswiththesentencealignmentproble叫

whosegoalistofindsentencecorrespondences・ThemostcruCialfeat11reforthe

taBkisthewordcorrespondencesbetweentwolan訂1ageS・Thelearnlngmethodis

baBedontheintuitionthatthemorewordcorrespondencesasentencepaircon－

tains，themorereliablethecorrespondenceis・Theproposedmethodemploystwo

kindsofword・COrreSpOndences：Statisticauyacquiredwordcorrespondencesand

dictionarywordcorrespondences．Eachofthecorrespondencesha5itsadvantages

anddisadvantagesassummarizedbelow・

Statist．icsAdvantageStatiBticsisrobugtinthesensethatitcanextractcontext－

dependentusageofwordsandthatitworkswellevenifwordsegmentation2

isnot correct．

St．atisticsDisadvantage The amo11nt Ofword correspondences acquired by

statisticsisnoteno11ghforcompletealignment・

DictionariesAdvantage Theycancontaininfbrmationaboutwordsthatap－

pearonlyonceinthecorp11S・

Dic七ionariesDisadⅥ止止age Theycannotcaptureconte叫dependentkeywords

inthecorpllSandareweakagainstincorrectwordsegmentatiozl．Entriesin

thedictionariesdi鮎rfromauthortoauthoranda′renOtalwaysthesame

asthoseinthecorp11S，

Bycombiningthetwocorrespondences〉SentenCealignmentisattainedwithhigh

precisionandrecal1．WhensomeerrorsareleftltObemodifiedbyah11manSuPervi－

sor，WeWillalsointroduceasentencealignmentenvironment，Cal1edBACCS（Bilingual

AlignedQorpusQonstruCtionSystem），designedfbrhumansupervisors・

2hJapaneSe，therearenoexplicitdelimiter5betweenwords・Theむsttask払ralignment

iB，therefore，tOdividethetextstreamintowords・
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Chapter3describestheword－1evelsortingmethodtoextractbilingllalco1loca－

tions伽）mthesentencealignedcorpora・Thebilingualcollocationsareimportant

featuresformachinetranslationsystemsandmutilhgualinformationretrieval

systems・Accordingtothedi伍cultyofleaming，theproposedmethoddifferenti－

atestwotyf｝eSOfco1locations：触edand且exibleco1locations・Fixedcollocations

comprlSeaCOntinuoussequenceofwords，WhileAexiblecollocationsconsistof

morethantWOSeParateSequenCeSOfwords・ThetranSlationpairofthe丘rst

examplei＄aninstanceoffiⅩe4collocationsacquiredbytheproposedmethod・

Theword－1evelsortingmethodcane伍cientlydetectcontinuoussequences

ofwordsthatoccurftequentlyinacorpusbecausesequenceswiththesame

pre丘ⅩWOrdsareplacednexttobytheword－levelsortingprocedure・ThefiⅩed

collocationsarethenextractedbyreducingtheredundantSequenCeSSuCh

・Bankof，against‘BankofJapan，，Final1y，鮎xiblecollocationsareeXtraCted

bycombiningthefiⅩedcollocations・Thistwo－StepStrategyforfixedandaexible

c。11。Cati。nShasthefo11owingadvantages，althoughconventionalmethodshaNe

focusedoneithernounphrasesorAexiblecollocations・

●Fixedcollocationscanbee伍cientlyandpreciselyextractedbyQurWOrd－

levelsortingmethod・

●Fixedcollocationscontainabroadrangeofexpressions】aSShownbythe

aboveexamPle，ratherthannoumphra5eS・

●TheconstruCtionfbrBexiblecollocationsise侃cientbecauseatwo－StepCOm－

binationoffixedcollocationsreducesredundantcomputation・

ItisworthnotingthatthethreestepsinChapters2and3areverysimple

becausetheproblemsettingsareunSupervised・

Thesecondpartofthethesisaddressestwofundamentalprocessesinthe

Japaneselanguage＝mOrphologicalanalysisanddependencyanalysis・Morpho－

loglCalanalysissegmentsan1nPutSentenCeintowordsthatareannOtatedwith

part－OLspeechtags・Becausethe代arenOeXPlicitdelimitersbetweehwordsinthe

JapaneSelanguage，mOrphologlCalanalysisisthefirststepforalmos七al1Japanese

textprocessing・Thedependencyanalysisdeterminesthesyntacticstructureof
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theinputsentences．Morespecifical1y，aninputsentencei＄丘rstsegmentedinto

aseq11enCeOfbunSetSu（minimalphrases）・ThemodificationsbetweenbunSetSu

arethendetermined．

Becausethesetwoprocesseshavetodealwithgeneralgenresoftexts，in一

打equentexpressionsandtheirpreferencesareex七remelyimportant・Tbaddress

thisissue，Weadoptthemistake－drivenmixtureapproach・Thefo1lowingisthe

intuitionbehindthisapproach．Let11SCOnSidertheprocessinwhichlinguists

incorporateinfrequentexpressionsintohand－Craftedrules：they＆rstconstruCt

coarseru1esthatseemtocoverabroadrangeofdata．Theythentrytoana－

1yzedatabyusingtheru1esandextractexceptionsthattheru1escannothandle・

Next，theygeneralizetheexceptionsandrefinetheprevio11Sru1es・Thefo1lowing

twostepsal）StraCtthehumanalgorithmforincorporatinginfreq11enteXpreSSions・

1．construCttemPOraryrulesthatseemtos11CCeSSfu11ygeneralizeglVendata・

2．trytoanal女zethedatabyuBingtheconstruCtedru1esandextractthe

exceptionsthatcannotbecorrectlyhandled，thenreturntothefirststep

andfbcusontbeexceptions・

hthesamegeneralapproach，themistake－drivenleamingalgorithm（Adaboost）【27】

attachesaweighttoeachexampleanditerativelyperformsthefollowlngtWOprO－

ceduresinthetrainlngPhase：

1．constructingamodelbasedonthecurrentdatadistribution（weightvector）

2．updatingthedistribution（weightvector）byfocusingonthedatanotwell

predictedbytheconstruCtedmodel・Moreprecisely，thealgorithmreduces

theweightoftheexamplesthatarecorrectlyhandled・

Forthepredictionphase，thealgorithmoutputsafinalmodelbymixingallthe

constructedrnodelsaccordingtotheirperformanCe・Byusingthdalgorithm，a

seriesofmodelsgradual1ychanges丘omgeneraltospeci丘c・Inotherword岳，the

algorithmincorporatesnotonlyfrequentexpregsionsbutalsoinh・equentOneSthat

areoftenconsideredtobeexceptional・
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Infact，theAdaboostalgorithmhasatheoreticalbasis［72】thatexplainswhy

itcansuccesshllyhandledi伍cultinstanceswithoutover－fittingthedata・Insta－

tistical1eamingtheory，thedi餌Ityinclassifyinganinstanceisdeterminedby

maryin［79］・ThemarginintuitivelyrepresentsthedistanCetOth；classification

boundaries．Thelarger■themarginof・aninstanCeis，theeasieritistoclassify・

【72】provesthattheAdaboostalgorithmcontinⅦOuSlyincreasesthemarginof

instanCeSandthatthegeneralizationerrorofthe丘nalaggregatedclassifieris

boundedbythesumoftheerrorforthetraininginstancesandadecreasingfunc－

tionofthemargins・TheAdaboostalgorithmthuscandealwiththeoriglnally

＄mall－marglninstancesthatcorrespondtothei血quen七anddi臨cultexpres－

sionsfromtheviewpointofnatural1anguageprocessing・Themargintheoryof

Adab。。Stwi11bebrieaydiscussedinChapter4・L

Besidesthelearningalgorithm，thereremainstheproblemhowta5ksarerep－

resented．WeintroduceefRcienttreestructureS：hierarchicalcontexttreesfor

morphologicalanalysisanddecisiontreesfordependencyanalysis，Chapter4

c9nStruCtSamOrPhologicalanalyzingsystembyboostinghierarchicalcontext

trees．comparedtothecommonlyusedn－grammOdel，thehierardlicalcontext

treehaBthefo1lowingtwovariabilitiesinmodelingpreviouscontexts（p；eceding

symboIs）・Thesevariabilitiesinfactareusedintuitivelyinhand－Cra鮎dmor－

pqologicalanalyzingsystems［60］：Thecombinationofthes占vuiabilitiespdthe

Adaboostalgorithmgeneratesahighperformancesystem・

1．Thecontextlengthfbrpredictingasymbolisvariablydeterminedbyan

infbrmationtheoreticcriteriaaccordingtothedistributionofthesymbol・

2．TheelementsrepresentingcontextsareautOmaticallyselectedfromahier－

archicalstruCture：WOrd，detailedpart－Of－SPeeChandcoarsepart－Of－SpeeCh・

InthesameWay，Chapter5introducesaJapaneSedependencyparserthat

boostsdecisiontrees・Thedecisiontreei5uSedtoselectlinguisticfeaturesand

tdcomputetheprobabilitythatonebunSetSumOdiBestheothet・Infact，the

hierarchicalcontexttreeusedinChap七er4isalimitedformofthedecisiontree・

ThedependencystruCtureOfanentiresentenceisdeterminedbymaximizingthe
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productoftheprobabilities・Becausethefeatureselectionandprobabilityes七i－

mationareautomaticallyperformedbytheleamingalgorithm，hmanlinguists

Canfocusontheenumerationofling11isticfbaturesthathavepotentiale鮎cton

parSlngperformance．

ThelastpartofthethesiBdescribesaconcreteapplicationofcorpus－ba5ed

teclmiques．Chapter6introducesanadaptive dictionary environment，Cal1ed

AIDA（Adaptiveandhtegrated⊇ictionary皇gent），inwhichseveraldictionaries

（JapaneSe－English，English－JapaneSe，EnglishTEnglish），SeVeraltypesofcorpor

（bilingualandmonolingual）anda11tOmaticallyextractedcollocationsareinte－

gratedthroughasinglegraphicalinter臨ceinwhich11SerSCanaCCeSSanyreSOurCeS

bilateral1y・WhenauserwantstowriteorreaLdtextsinforeignlang11ageS，his

OrherrequlrementSareinmanycasesunClear・AIDAprovidesa且exiblesearch

mechanismforthecorpu＄anddictionary；itfindsexpressionssyntactical1yand

Semantical1ysimi1artouser’sinput・Thesimi1arityparameterSinthismecha－

nismarealsoleamedfrominteractionwithusers．Final1y，Chapterラconcludes

thet．hesisandmentionsfuturedirections．
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Chapter2

BilingualSentenceAlignment

UsingStatisticalandDictionary

Information

Corpus－ba占edapproachesbaBedonbilingllaltextsarepromisingforv訂iousappli－

Cations（i・eり1exicalknowledgeextraction［50，59，75・20749］，maChinetranslati？n

（7，71，41】andinformationretrieval［70］）・MostofthesewoTksassumeVOluminous

山ignedcorpora．

Manymethodshavebeenproposedtoalignbilingualcorpora．Oneofthe

majorapproachesisbasedonthestatisticsofsimplefbat．uressuchaBSentenCe

lengthinwords［6］orincharact？rS［31】andcharacter＄equenCeSthemselves【14】・

Theseteclmiquesarewidelyusedbecausetheycanbeimplementedinane組cient

andsimplewaythroughdynamicprogrammlng・However，theirmaintargetsare

rigidtransIAtioms（i・e・，HanSardcorpllS）thatarenearlyliteraltranSlations，In

addition，thealignedtextshavebeenstructura11ysimi1arEuropeanlanguages

（i・e．，Engli5h－Ftench，English－German）・

Thesimple－featurebaBedapproachesdon’tworkinflexibletranSlationsfor

StruCturallydi仔erentlanguage8SuChasJapaneseandEnglish，mainlyforthefo1－

lowingtworeasons・Oneisthedi触enceinthecharactersystemsofthetwム1an－

guages・Japanesehasthreetypesofcharacters（Hiragana，KatakanaandIくanji），

eachofwhichcarriesdi鮎rentamountsofinformation．Incontrast，EnglishhaB
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onlyonetypeofcharacters・Theotheristhegrammaticaldifferencebetweenthe

twolangllageS．Inparticular，thesystemsoffunctional（closed）wordsarequite

differen七色・Omlanguagetolanguage・Thus，itisimpossibleing9neraltoapply

thesimple－featurebasedmethodstoJapanese－EnglishtranSlations・

Onealternativealignmentmethodisthelexicon－based卑pprOaCh，Whichmakes

us。。fthewordrcorrespondenceknowledgeofthetwolanguageS・t45】proposed

astatisticalrelaxationmethodtoiterativelyalignbilingualtextsusingtheword

correspondencesacquireddmingthealignmentprocess・Althoughthelexicon－

basedmethodworkswellamOngEuropeanlanguages，themethoddoesnotwork

inalignlngStruCtural1ydifferentlanguages・InJapaneseTEnglishtranslations，the

methoddoesnotcaptureenoughwordcorrespondencestopermitalignment；it

canalignonlyportionsofthetwotexts・Thisismainlybecausethenumber

。fc。nfidentstatisticalwordcorrespondencesisnotenoughforcompletealign－

ment．ThisproblemcannotbeaddressedaslongaBthemethodreliesonlyon

statistics．＿Othermethodsinthelexicon－basedapproachembedlexicalknowト

e申eintostochasticmodels［12，82］，butthesemethodsweretestedusingjust

rigid‾translations（i・e・，Hansardcorpus）・

Totackletheproblem，γedescribeinthischapteraJteXtalignmentsystem

thatusesbothstatisticsandbilingualdictionaries atthesametime・－Bilin－

gualdictionariesarenowwidelyavai1ableon－1ineduetoadvanCeSinCD－ROM

technologies．Forexample，English－Spanish，English－French，Ehglish－German，

English－Japanese，Japanese－French，Japanese－Chineseandotherdictionariesare

nowcommerciallyavai1able・Itisreasonabletomakeuseofthesedictionariesin

bilingualtextalignment・Theprosandconsofstatisticsandonlinedictionar－

iesarediscussedbelow．Theyshowthatstatisticsandon－1inedictionariesare

tomplementaryinmakingbilingualtextalignment・

Sta七isticBAdvantage Statisticsisrobustinthesensethatitcanextractcontext－

dependentusageofwoidsandthatitworkswellevenifwordsegmentation

isnotcorrect．

StatisticsDisadvantageTheamOuntOfwordcorrespondencesacquired by

statisticsisnotsu伍cientfbrcompletealignment・

12



DictionariesAdvantage Theycancontaininformationaboutwordsthatap－

pearonlyonceinthecQrPuS．

DictionariesDisadⅥ1ntage Theycannotcapturecontext－dependentkeywords

inthecorpusandareweakagalnStincorrectwordsegmenta，tion．Entriesin

thedictionariesdifFer免・Omauthortoauthorandarenotalwaysthesame

asthoseinthecorpus．

Oursystemiteratively‾alignssentencesbyusingstatisticalandon－1inedictio－

narywordcorrespDndences・Thecharacteristicsofthesystemareasfollows．

・The＄yStemPerformswellandisrobustforvari6uslengths（especia11yshort）

andⅥ征io11SgenreSOftexts．

●Thesystemisveryeconomicalbecauseitassumesonlyonline－dictionariesof

generaluseanddoesn’trequirethelabor－intensivecon＄truCtionofdomain－

SpeCificdictionaries・

●Thesystemisextendablebyregisteringst，atistical1yacquiredwordcorre－

SpOndencesinto11Serdictionaries・

Wewi11discusshereafterJapanese－EnglishtranSlation，althoughtheproposed

methodislanguage■independent・

The proposedalignment methodisincorporatedin a graphicalalignment

environmentcal1edBACCS但iligngualAlignedi：orpusQonstruCtion旦ystem）．

BACCSoffersauserinterfacethatenablestheusertoeasilyconfirmandmodify

alignmentresultsandregisterwordcorrespondencescreatedbythealignment

programintoauserdictionary・

The organizationofthechapterisasfo1lows．First，Section2．1，0ffers

OVerViewofollralignmentsystem・Section2■2describestheentirealignment

algorithmindetai1．Section■2・3rel）OrtSeXperimentalresultsforvariouskinds

OfJapanese－Englishtextsincllユdingnewspapereditorials，SCientificpapersand

Critiquesoneconomics・Theevalua七ionisperhrmedffomtwopointsorview：

PreCision－reCallofalignmentandwordcorrespondences acquireddTlringalign－

ment．Section2AdescribesourBACCS graphicalalignmentenvironment；in

13



whichtheusercanseethealignmentresultsandtheneaBilymodifytheres

andthetLSerdiction訂y・Section2・5describesrdatedworksandSection2・6sum－

marizesthechapter・

2．1．SystemOverview

J叩乱n既td磯

E叫が血血

WordCorr鰐pOnden引芳
一－－■■●●■－■■■＝■－－－－●－■－－－－■－－■－－－…－－－－●－一－－－－■一■－一一■－■“■■■■■■●■■

s霊荒一【垂⊇盲

l

wordcor一缶pOnden亡e

亡Oun山鳩
＆

and10rSet血喝

伽nt

Figure2・1・OverviewofAlignmentSystemBACCS

Figure2・loverviewsotlralignmentsystemcalledBACCS・Theinputtothe

systemisapairofJapaneseandEnglishtexts，Onethetranslationoftheother・

First，SentenCeboundariesarefoundinbothtextsusingfimitestatetransducers・

Thet。ⅩtSarethenpaft＆speech（POS）taggedaIld叩ratedintooriginalfom

wordsl．＿0riginalformsofEnghshwordsaredeterminedby80nlesuhgthe

posinformation．酔omthewordsequences，WeeXtraCtOnlynounS，adjectives，

adverbs，Verbsandunknmwords（onlyinJapanese）becauseJapaneSeandEn－

1weusetheJUMANmorphologicalanalyzingsystem［52］inthisphaLSe9rtaggi喝Japanese

t由SandBriu，自tranSformation－baBedtagger［4，5】fortaggingEngliBhtexts・Wewouldliketo

thankallpeopleconcer71edforprovidinguswiththetooIB・
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glishclosedwords．arediGerentandimpedetextalignment・Thesepre－prOCeSSing

Operation＄Canbeeasilyimplementedwithregularexpressions．

TheinitialstateofthealgorithmisasetofalreadyknownanChors（s占ntence

pairs）．Thesearedeterminedbyarticleboundaries，SeCtionboundariesandpa，ra－

graphboundaries．Inthemosttypicalcase，initialanchorsaresimplythefirst

andfinalsentencepairofeachtext（Fig．2．2）．Possiblesentencecorrespondences

aredeterminedftomtheanChors・Intuitively，thenumberofpossiblecorrespon－

dencesfor asentenceissmal1near anchors，Whilelargebetween＿theanChors．

h thisphase，the mostimportant pOintisthateachset ofpossiblesentence

COrreSpOndences＄houldincl11dethecorrectcorrespondence・

The mai皿taSk ofthesystemisto鮎d anchorsfromthepossiblesentence．

COrreSpOndencesby11Singtwokindsofwordcorrespondences：Statisticalword

correspondenceandwordcorresponde血ce丘omabilingualdictionary2・Byuslng

bothcorrespondences，thesentencepairwhosecorrespondencesexceedapre－

definedthresholdiscon＄ideredananChor．Thesenewiyfbundanchorsmakeword

COrreSpOndencesmoreprecisei皿thesubseq11entSeSSion・Byrepeatingthisanchor

Setting・prOCeSSWiththresholdreduction・，SentenCeCOrreSpOndence8aregradual1y

determinedfromcon丘dentpairstonon－COnfidentpairs．Thegradualismofthe

algorithmmal（eSitrobustbecauseanchor－Settingerrorsinthefinalstageofthe

algorithmhavelittlee鮎ctonoveral1performanCe・Theoutputofthealgorithm

isthealignmentresult（asequenceofanChors）andwordcorrespondencesasby－

products．

ByusingBACCS，theusercanViewandmodifysentencecorrespondences

graphically and eaBilyextend thesystembyregistering word correspondences

into userdictionaries．

2h additiontoageneral－uSebilingualdictionary，tnerSCanreuSetheirowndictionaries

Createdinpreviousses5ions・
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EngH軸

Japane紀

InitialState

English

●

′●
．∫

Japan既婚

FinalState

Eng鮎h

Jap乱ne5e

1

EれgIi油

J叩ane紀

Figure2・2・AlignmentProcess

2．2．Algorithms

2．2．1　StatisticsUsed

hthissection，Wedescribethestatisticsusedtodecidewordcorrespondences・

Fromthemanysimi1aritymetric＄apphcabletothetask・WeChosemutualin－

formationandi－SCOrebecausetherelaxationofparaneterSCanbecontrolledin

asophisticatedmannerL Mutualinformationrepresentsthesimi1aritybetween

occurreneedistributionsandt－SCOrerepreSentStheconfidenceofthesimi1arity・

ThesetwoparameterSPermitmoree鮎ctiverela㍊七ionthanthesingleparameter

usedinconventionalmethods【45］・

ourbasicdatastructureisthealignablesentencematrix（ASM）andthean－

ch。，matrix（AM）．ASMrepresentsposdblesentencecorrespOndencesandcon－
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Sistsofonesandzeros．AoneinASMindicatestheintersectionofthecolumn，

and arowconstitutesapossiblesentencecorrespondence．Ontheotherhand，

AMisintroducedtorepresenthowasentencepairissupportedbywordcorre－

SPOndences．Thei－jElementofAMindicateshowmanytimesthecorresponding

WOrdsappearinthei－jsentencepair・Asalignmentproceeds，thenumberofones

inASMdecreases，WhiletheelementsofAMincrease・

LetpibeasentencesetcomprisingtheithJapanesesentenceanditspossible

EnglishcorrespondencesasdepictedinFigure2・3・Forexample，P2istheset

COmprisingJse血e2，Eseruence2andEsentence3，WhichmeansJsenience2
haBthepbssibilityofaligningwithEBenience2andEsentence3・ThepISCanbe

directlyderived丘omASM・

n Jsemtencel

鴨　Js飢血α2

恥　Jsentence3

‰Jsentemce

E紀ntenCel

E紀ntenCe2

Esentence3

EsentenceN

Figure2．3．PossibleSentenceCorrespondences

Weintroduceapcontingencymatrix［30］toevaluatethesimi1arityofword

OCCurrenCeS，ConsiderthecontingencymaもrixshowninTもble2・1betweenthe

Japanesewordwjpn・andtheEnglishwordwen9・Thecontingencymatrixshows；

（a）thenumberofp2Sinwhichbothwjpnandwen9Werefbund，（b）thenuHlber

OfpiSinwhichjustwen9WaSfound，（c）thenumberofpiSinwhichjustwjふTaS

found，（d）thenumberofp3Sinwhi血neitherwordwasfound・NotethatpIS

overlapeachotherandwen9maybecountedtwiceinthecontingencymatrix・We
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counteachwen90nlyonce，eVenifitoccur＄mOrethantwiceinpiS・

叫卸

仇明い1・あ

c d

Table2．1．ContingencyMatrix

Ifwjpnandwen9aregOOdtranSlationsofoneanother，aShouldbelarge，and

bandc＄houldbesmall・Incontrast）ifthetwoarenotgoodtranSlationsofeach

other，aShouldbesmal1，andbandcshouldbelarge・Tomakethisargument

moreprecise，Weintroducemutualinformation＝

log
pγ虚（叫pn，び叩）

卯虎（叫卸）pr虎（叫明）

Theprobabilitiesare：

pr叫びか）＝訂荊＝‾房‾

α＋む－　　　α＋み

pγ叫び帥タ）＝荊＝‾甘‾

proわ（叫押，叫叩）＝箭苗＝万

unfortunately，mutualinformationisnotreliablewhenthenumberofoc－

currencesissmal1．Manywordsoccurjustonce，Whichweakensthestatistics

approadl・Inordertoavoidthis・WeemployモーSCOre，definedbelow，WhereM

thenumberofJapaneSeSentenCeS・InBignificantmutualinformationvaluesare

＆1teredoutbythresholdingthet－SCOre・Fbrexample，t－SCOreSabovel・65are

significantatthep＞0・95confidencelevelr

pr叫ひ脚，ぴeれタトpr叫叫pn）町叫叫叩）

如r叫び加び叩）
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盲

2．2．2　BasicAlignmentAlgorithm

ou，basicalgorithmisaniterativeadjustmentoftheAnchorMatrix（AM）using

theAhgnableSentenceMatrix（ASM）・GivenanASM，mutualinfomationand

t－SCOreareCOmputedforallvordpairsinpossiblesentencecorrespondences・

Awordcombinationexceedingapredefinedthresholdisjudgedtobea■w

correspondence・horderto丘ndnewanChor＄っWeCOmbinethesestatisticalword

correspondenceswiththewordcorrespondencesinabilingtlaldictionary・Each

elementofAM，WhichrepresentsasentenCepair，isupdatedbyaddingthenumber

ofwordcorrespondencesinthesentencepair・Asentencepaircontainingmore

thanaprede触ednumberQfcorrespondingwordsisdeterminedtobeanew

anchor．Thedetailedalgorithmisdescribedbelow・

2．2．3　ConstruCt・ingInitialASM

ThisstepconstruCtStheinitialASM・If七hetextscontainMandNsentences

respectively，theASMisanMxN鱒trix・First・ふdecideasetofanchors

usingarticleboundaries，SeCtionboundariesandsoon・hthemosttypicalcase，

initialandlOrSarethefirstandlastsentencesofbothtextsaBdepictedinFig－

ure2．2．Next，pOSSiblesentencecorrespondencesaregenerated・htuitively，true

correspondencesareclosetothediagonallinkingofthetwoanchors・Wecon－

struCttheinitialASMbyusingafunctionthatpairssentencesnearthemiddleof

thetw。anCh。rSwithasmanyaSO（Q7：）（Listhentunberofsentencesexisting

betweentwoanchors）sentencesintheothertextbecatmthemaximumdevia－

ti。nCanbest。ChasticallymodeledaBO（6i）［45］・TheinitialASMhaslittle

eEbctonthealignm申tperformanCeSOlongasitcontainsallcorrectsentence

correspondences・

2．2．4　ConstruCtingAM

Thisstepco血CtSanAMwhengiⅤ弧anASMamdabilingualdictionary・Let

th姉ilw，毎handhwbetwothreshold＄fort－SCOreandtwothresholdsfor印Lu－

tualinformation，re叩eCtively・LetAⅣCbetheminimalnumberofcorresponding

wordsfora＄entenCePairtobejudgedananchor・
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First，mutualinformationandt－SCOreareCOmPutedforal1wordp島irsappear－

inginapossiblesentencecOrreSPOndenceinASM・Weuseherea乱erthewordcor－

respondenceswhosemutualinbnhationexceedsIIwandwhoset－SCOreeXCeeds

l血．Foral1possiblesentenceCOrreSpOndencesJsentenceiandisentencej（any

pairinASM），thefollowingoperationsar？apPliedinorder・

1．Ifthefollowingthreeconditionshold，add3tothei－jelementofAM・

（1）JseniencqandEsentencejCOntainabilingualdictionarywordcorre－

gpondence（叩jpnandwen9）・・（2）wen9doesnotocc示rinanyQtherEnglish

ヲentenCethatisapos申bletransldionofJse汀抽（3）Jsenienceiand
Esentenc句donotcrosSanySentenCepairthathasmorethanANCword

2．Ifthefo1lowingthreecondition5hold，add3tothei－jelementofAM・（1）

JsentenceiandEsentencejCOntainastochasticwordcorrespondence（wjpn

andwen9）thathasm血alinformationhi9handwhoset－SCOreeXCeedsihi9h・

・（2）wei；doegnotocCurinanyotherEnglish・SentenCethatisapossible

translat血－0りβe血emcq・（3）Jβemteれとeiandβ細れ伽ejdonqtcrossany

sentencepairthathasmorethanANCwordcorrespondences・－

3．Ifthefo1lowingthreeconditionshold，addltothei－jelementofAM・（1）

JsentenceiandEsentencejCOntainastochasticwordcorrespondence（wjpn

・andwen9）thathasmutualinformationh仰andwhosei－SCOreeXCeedsiLow・

（2）wen9doesnotoccurinanyotherEnglishsentencethatisapossible

translationofJsentencei・（3）JsentenceiandEsentencejdonotcrossany

s寧ntenCepairthathasmorethanANCwordcorrespondences・

The且rstoperationdealswithwordcorrespondencesinthebilingualdictio－

mary・Thesecondoperationdealswithstochasticwordcorrespondencesthatare

high1ycon丘dentandinmanycaseSinvoIvedomainspecifickeywords・■‾These

wordcoTreSPOndencesaregiventhevalueof3・Thethirdoperationisintroduced

becausethenumberofhighlycon丘dentcorrespondingwordsare－POSmal1to

alignal1sentenceS・Althoughword・COrreSPOndencesacquiredbythisstepare

sometimesfalsetranslationsofeachother，・・thesewordsappearin－COrreSpOnding
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No．TrbxtName Jpn Eng l－11－2　2－13－1

1　励8f仙fg肌βαf¢ggCOぬ　　　　　　　26　28　24　2　0　0

2　助㈹仰山払如減封血潮　　　　　　　36　41　25　7　2　0

3　アαCぴcAβねれ娩eア0βf－Co払ⅣαrⅣorgd134　124114　0　10　0

4　陥甑戯画津k服血　　　　　　　　　225　214186　6　15　1

Table2．2．TbstTbxts

sentenceswithhighprobability・Thus，theycanplayacrucialrolemainlyinthe

finaliterat，ionphase．Theyaregivenonepoint・

2．2．5　AdjustingASM

Thisstepadj11StSASMusingtheAMconstruCtedbytheaboveoperations・The

sentencepairsthathaveatleastANCwordcorrespondencesaredeterminedto

be newanChors．ByllSingthenewsetofanchors，aneWASMisconstruCted

usingthesamemethodasthatusedforinitialASMconstruction・

Ouralgorithmimplementsakindofrelaxationbygradual1yreducingちow，

Iz。WandANC，Whichenablesustofindcon丘dentsentencecorrespondencesfirst・

Asaresult，Ourmethodismorerobustthandynamicprogrammingtechniques

agalnSttheBhortageofword－COrreSPOndenceknowledge・

2．3．ExperimentalResults

Inthissection，WerePOrttheresultsofexperimentsonalignlngSentenCeSin

bilingualtextsandonstatistical1yacquiredwordcorrespondences・Thetextsfor

theexperimentvariedinlengthandgenresassummarizedinThble2・2・Tbxtsl

and2areeditorialstakenh・Om‘Yomi11riShinbun’anditsEnglishversion‘Daily

Yomiuri，．Thisdatawasdistributedelectronical1yviaaWWWserver3・The

鮎sttwotextsclari＆thesystem’sperfornlanCeOnShortertexts・Tbxt3isan

essayoneconomicstakenfromaquarterlypublicatiomofTheInternationalHouse

ofJapan．Tbxt4isascienti五csurveyonbrainsciencetaken色・Om‘Scientific

3wewouldliketothankYomiuriShinbunCo・forpermittiBguStO11Sethedata・

2・1



Japanese Engli5b M血ⅦdIn払rmation

記録　　　　recording　　　　　3・58

リアルタイム　　　　rea1　　　　　3・51

ニューロン

フイルム

グルコース

増加

ne11TOn

且1m

由u∽Se

lnCrea5e

3．51

3．51

3．51

磁　　　　　Mモ〉G　　　　　　3・51

解像度 resolution　　　　　　3・43

電気 dectricd　　　　　　3・43

グループ　　　　郡山p　　　　　　3・39

電気　　　　recording　　　　　3・39

記録　　　　dectricd　　　　　3・39

言う generate　　　　　3・㍊

提供 provide　　　　　　3・a3

図　　　　　MEG　　　　　　3・33

NMR NMR　　　　　　3・17

フ7ンクショナル　　hnctiona1　　　　3・17

礫器　　　　equlpment　　　　　3・17

臓器 Organ
3．15

注射 compound・　　　3・10

水　　　　　Water　　　　　　3・10

標識　　　　radoactive　　　　　3・10

pET PET　　　　　　3・10

解像度　　　　Spatia1　　　　　3・10

そのようだ　　　　5血　　　　　　3・10

代謝 metaboli5m　　　　　　3・06

言う verb　　　　　　　　3・04

科学者 sdentist　　　　　　　2・g5

地図 mapplng　　　　　　2・92

大学 血iv併Sity　　　　　　2・92

思考 thougbt　　　　　　2・90

化合物 compound　　　　　2・82

標識 1abe1　　　　　　　2▲82

視覚 Ⅴ由ud　　　　　　　2・77

倍号　　　　　Signa1　　　　　2・77

リアルタイム　　　　time　　　　　　2・69

オートラジオ　　aⅥtOradograpby　　　　2・67

Table2．3．Statistical1yAcquiredKeywords
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American’anditsJapaneSeVerSion‘NikkeiScience7．JpnandEnginlもble2．2

representthenumberofsentencesintheJapaneSeandEnglishtex七srespectively．

Theremainingtableenもriesshowcategoriesofmatchesbymanualalignmpntand

indicatethedi伍cultyofthetask・

WebrieAyreportherethe云omputationtimeofourmethod・Letusconsider

Tbxt．4asanexample．After15secondsforfu11preprocesslng，thefirstiteration

took25secondswithfl。W＝1．55andll。W＝1．8．Therestofthealgorithmtook20

secondsinall．ThisexperimentwasperfbrmedonaSPARCStation20．Fromthe

result，WemaySafblysaythatourmethodcanbeappliedtovol11minollSCOrpOra．

2．3．1　SentenceAlignment

Proposed Statistics Dictionary

Tbxt PRECISION RECALL PRECISION RECALL PRECISION RECALL

1　　96・4鱒　　96・3％－　　65・0％　－　48・5％　　89・3％　　88・9％

2　　　　95．3％　　　‾93．1％　　　61．3％　　　49．6％　　　87．2％　　　75．1％

3　　　　96．5％　　　97．1％　　　87．3％　　　85．1％　　－　86．3％　　　88．2％

4　　　91．6％　　　93．岳％　　　82．2％　　　79．3％　・74．3％　、63．8％

Table2．4．ResultsofSentenceAlignment

Thble2Ashowstheperformanceofsentencealignmentforthetextsinlもー

ble2．2．Proposed，StatisticsandDictionaryrepresentthemethodsuslng

both statisticsanddictionary，Onlystatistic＄andonlydictionary，reSpeCtively．

BothProposedandDictionaryuseaCD－ROMversionofLaJapanese－English

dictionarycomtainlng40）000entries・Statisticsrepeatstheiterationbyuslng

statisticallycorrespondingwordB・Only．ThisisidenticaltoKay】smethod【45】

exceptforthestatistics－1Sed・Dictionaryperformsthe丘rstiterationoftheal－

gorithmbyuslngCOrreSPOndingwordsofthebilingualdictionary・Thisdelineates

thecoverageofthedictionary・Theparametersettingusedforeachmethodwas

optimalasdeterminedbyempiricaltests・

InTable2．4，PRECISIONindicateshowmanyofthealignedpairsarecorrect

andRECALLindicateshowmanyofthemanualalignmentsweincludedinsys－
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temoutput・Unlikeconventionalsentence－Chunkbasedevaluations，OurreSultis

measuredonasentenCe－SentenCebasis・Letusconsidera3－1matching（sentence

chink）．ConventionalevaluationscanmakeatmostoneerrOr＆omthechunk

becausetheycounterrOrSbasedonthenumberofchunks・Ontheotherhand，

threeerrorsmayarisebyoursentence－SentenCebasedevaluation・Notethatour

evaluationismorestrictthantheconventionalone，eSpeCial1yfordifRculttexts

becausetheycontainmorecomplexmatches・

ForTbxtlandTbxt2，bdththeproposedmethodandthedictionarymethod

performmuchbetterthanthestatisticalmethod・Thisisobviouslybecause

statisticscannotcaptureWOrd－COrreSPOndencesinthecaseofshorttexts・

恥Ⅹt3iseasytoalignintermsofbothcomplexityofalignmentandvocabulary

used．Allmeもhodsperformedwellonthistext・

FbrText4，ProposedandStatisticsperformmuchbetterthanD・ictionary・

ThereasonfbrthisisthatTbxt4concernSbrainscicnceandthebilingualdic－

tionariesingeneralusedidnotcontaindomain－SPeCifickeywords・Ontheother

hand，theproposedandstatisticalmethodswellcapturedthekeywords，aSde－

scribedinthenextsection・NoteherethatProposed・alsoperformsbetterthan

statisticsinthecaseoflongertexts・Thereisclearlyalimitationintheamount

ofwordcorrespondencesthatcanbecapturedbystatis七icsrTheprecisionofthe

proposedmethodforText4isnotashighasfortheothertextsduetothefollow－

ingreasons・First｝Tbxt4containsmoretechnicaltermsthanOthersbecauseit

concernsbrainscience・Bilingualdictionariesingeneralusecannotcapturethese

technicalterm＄．Sbcond，rIbxt4containsmoremultiplea晦血ents（suchasl－2

and2－1）．Multiplealignmentsdegradealignmentper払rmance・

Insummary，ProposedhasabetterperformanCethaneitherthatofStatis－

ticsorDictionaryforal1texts，regardlessoftextlengthanddomain・

2．3．2　WordCorrespondQnCe

Inthissection，Wewi11demonstratehowwelltheproposedmethodcaptured

domain－SpeCificwordcorrespondencesbyusingTbxt4asanexample・Thble2・3

showsthewordcorrespondencesthathavehighmutualinfbrmation・Theseare

typICalkeywordsinvoIvedinreportingthenon－invasiveapproachtohumanbrain
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analysis．Fbrexample，NMR，MEG，PET，andfunctionalMRIaredevicesfor

measuringbrainactivityfromoutsidethehead・Thesetechnicaltermsarethe

Subjectsofthetextandareessentialforalignment．However，nOneOfthemhave

their ownentryinthebiling11aldictionary，WhichwouldseverelyobstruCtthe

dictionarymethod．

ItisinterestingtonotethatthecorrectJapanesetranslationof‘MEG’is‘脳

磁図’．TheJapanesemorphologicalanalyzerweuseddoesnotcontainanentry

for‘脳磁周’andsosplitsitin七OaSequenCeOfthreecharacters‘脳’澱and‘Eg）’・

O11rSyStemSkillfu11ycombined‘磁’and‘図’with‘MEGつasaresultofstatistical

acquisitiom．Thesewordcorrespondencesgreatlyimprovedtheperformancefor

Tbxt4．ThlユS，thestatisticalmethodwe11capturesthedomain－SpeCifickeywords

thatarenotincludedingeneral－uSebilingualdictionaries・Thedictionarymethod

wouldyieldfalsealignmentsifstatistical1yacquiredwordcorrespondenceswere

2．4．GraphicalAlignrnehtEnvironmentBACCS

Thissectiondescribesagraphicalaligmmente？vironmentcal1edBACCS4（Bilih－

gualAlignedCorpusConstruCtionSystem）thatincorpdrateso11ralignmentpro－

gram・Theexperimentalresultsintheprevioussectionshowedthatouralignment

method attained highaccuracy；however，this method cannOtalways achieve

lOO％correctalignment・ThusitisnecessaryfbrhumanS tOmOdifyandcon－

firmthealignmentresultsgivenbyouralignmentprogramtobuildanaccurately

alignedcorpus・SuchacorplユSisausefu1resourcefbrextractingvariouskindsof

expressionsandtheirtranslationsinthenextchapter・

BACCSo鮎rsau5erinterfacethatenablestheuserもOeaSilyconfirmandmod－

ifyalignmentres111tsandregisterwordcorrespondencescreatedbythealignment

programintoauserdictionary・Fig11re2Ashowsascreenshotim鱒geOfBACCS・

Therearwindowshowsalignmentresults，Whilethe丘ontwindowshowstheword

COrreSPOndencecandidates・

TheprocessofmakingacorrectlyalignedcorpuswithBACCSisasfo1low岳・

4BACCSwasimplementedinTcl／TkonXWindow・
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1．Selectthetargetbilingualtexts・

2．RunthealignmentprogramanddisplaythealigTlmentreSults・

3．Confirmandmodifytheseresultsbymo11SeaCtions・

4．Choosetheproperwordcorrespondences丘・OmamOngthecandidatescre－

atedbythealignmentprogramandregistertheseintotheuserdictionary5・

BACCSnotonlyfindssentencealignmentbutalsoextractsbilingualcolloca－

tiqns触）malignedsentencesbyusingtheword－1evelsortingmethod［33］described

inthenextchapter．

Theannotatedbiling11alcorpusisusedinChapter6forourtranslationaid

systemAIDA〉Whichintegratesbilingualcorpus，mOnOTlingualcorpusandhand－

compileddictionaries・

2．5．RelatedⅥわrk

SentencealignmentbetweenJapaneSeandEnglishwasfirstexploredbiTSatoand

Murao［61］．Theyfound（ctlaraCterOrWOrd）1ength－basedapproachesふerenot

appropriateduetothestruCturaldi触encesbetweenthetwolanguages・They

devisedadynamicprogrammlngmethodbasedonthenumberofcorrespond－

ingwordsinahand－Craftedbilingualdictionary・Theirapproachissimi1artoa

bilingualphraseextractingmethod［21】・Althoughsomeresultswerepromising，

themethod，sperformancestronglydependedonthedomainofthetextsandthe

dictionaryentries．［78】introducedastatisticalpost－prOCeSSingsteptotacklethiB

problem・He丘rstappliedSato，smethodandextractedstatisticalwordcorrespon－

dences丘omtheresultofthefirstpath・Sato，smethodwasthenreiterated11Sing

boththeacquiredwordcorrespondencesandthehand－Crafteddictionary・His

methodi11VOIvesthesameproblemaBSato，smethod・Thatis，unlessthehand－

crafteddictionarycontainsdomain－SpeCifickeywords，thearstpathyieldsfalse

alignment】Whichinturnleadstofalse8tatisticalcorrespondences・・Becauseitis

basical1yimpossibletocoverkeywordsfh）mallpossibledomains，itisinevitable

5Intheexperimentsreportedintheprevioussection，nOuSerdictionarieswereu5ed・
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Figure2．4．BACCS

that statisticsandhand－Craftedbilingualdictionariesbeusedsim111taneously．

TheproposedmethodinvoIvesiterativealignmentthatsimultaneouslyusesboth

stati8ticsandabilingualdictionary．

【30，29］proposedmethodstofindChinese－Englishwordcorrespondenc？SWith－

O11talignlngParal1eltexts・Theirmotivationwasbasedonthefactthatstruc－

tural1ydifferentlanguageSSuChasChinese－EnglishandJapaneSe－English年regen－

eral1ydifnculttoalign・Theirmethodsabandonedaligmingsentence8andLonbT

acq11iredwordcorrespondences・Althoughtheirapproachesarerobustanddonot

requireanyinformationsource，alignedsenもencesareindispensableforhigherap－
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plicationssuchastranSlationtemplateacquisition［59，411，eXamPle－basedtrans－

1ation［71］andtransla七ionaidesystemssuchasAIDA・Ourmethodperfbrms

accuratealignmentforsuchusebycombiningthedetai1edwordcorrespondences

ofstatisticallyacquiredwordcorrespondenceswiththosefromabilingualdictio－

naryLlngeneraluse・

2．臥　Summary

WehavedescribedabilingualtextalignmentsystemfbrstruCtural1ydi鮎rent

langtLageS・Theproposedmethodusestwokindsofwordcorrespondencesatthe

sa，metime：WOrdcorrespondencesacquiredbystatis七icsandthoseofabiling11al

dictionary・Bycombining七hesetwotypesofwordcorrespondences，themethod

cover．＄bothdomin－SPeCifickeywordsnotincludedinthedictionary▼andinfre－

quentwordsnotdetectedbystatistics・Asaresult，theproposedmethddoutper－

formscoDVentionalmethodsfortextsofdi8brentlengthsanddifrbrentdomains・
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Chapter3

LearningBilingualCollocations

byⅥわrd－1evelSorting

Inthe丘eldoftranslation）thereisagrowlnginterestincorp11S－basedapproaches

［71，20，59，49，75］．Themainmotivationbehindthisistowellhandledomain

SpeCi負cexpressions．Eachapplicationdomainhasvariouskindsofco1locations

ranging蝕）mWOrd－leveltosentence－1evel．Thecorrect11SeOfthesecollocations

greatlyin丑uencestheq11alityoftexts．Becausesuchdetailedco1locationsaredifE＿

Culttohand－COmpile，analltOmaticextractionofbilingualcollocationsisneeded．

【75】proposedageneralmethodtoextractabroaderrangeOfcollocations．This

method丘rstextractsEnglishco1locationsusingtheXtractsystemf74】andthen

looksforFtenchcounterpartS・Theirsearchstrategyisaniterativ9COmbinationof

twoelements．Thisisba占edontheintuitiveideathat“ifasetofwordsconstitutes

acollocation，itssubsetwillal50becorrelated”・Althoughthisideaiscorrect，the

iterativecombinationstrategygeneratesanumberofuselessexpressions・Infact，

ⅩtractemploysarobustEnglishparsertofilteroutthewrongcollocationsthat

formmorethanhalfofthecandidates・InotherlanguageS，parSer－basedprunlng

CannOtbeused・Anotherdrawbackoftheirapproachisthatonlythelongestn－

gramisadopted・When【Japan－USautotradetalks，isadoptedasaco1location，

‘Japan－US’cannotberecognizedasaco1locationthoughitisfrequently恨ed

independently．

・Inthischapter）WeprOpOSeanalternativemethodbasedonword－1evelsorting・
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1．東京外為17時・円、小反発－－26銭高84円2卜24銭。

TbkyoForex5PM＝Dollarat84・21－84・24yen

2．前週末比2針技円高ドル安の1ドル＝84円21－24銭で大方の取引を終えたo

ThedollarstoodO・26yenlowerat84・21－84・24at5p・m・

3．ドル安マルク高を受けて小口の円買いが先行したが、日米自動車問題での棟本通産相

とカンター米通商代表部代表との会談を日本時間27日未明に控えて模様眺めムード

が強まり、円は84円前半で小動きに推移したo

Fbrexmarkettradingwa5eXtremelyquietaheadoffurtherautotalksbetween

JapanandtheU・S・，SlatedforearlydawnTuesday・

4．ドルは対マルクで反落し1ドル＝1・3863－66マルクでほほ取引を終えた。

TheU．S．ctlrrenCyWaSquOtedatl・361－1・3863Germanmark8at5■：15p・m・

Table3．1．SampleofTargetTbxts

ourmeth。dc。mprisestwosteps：（1）extractingusefu1wordchunks（n－gramS）in

eachlanguagebyusingword－1evelsortingand（2）construCtingbilingualcolloca－

ti。nSbycombiningtheword－Chunksacquiredatstage（1）・Givensentence－aligned

textsintwolanguageS［36］，thefirststepdetectsusefu1wordchunksbysorting

andcountingallminterruptedwordsequencesinsentences・hthisphaBe，We

developedanewtechniqueforextractingonlyusefu1chunks・Thesecondstepof

themethodevaluatesthestatisticalsimilarityofthewordchunksappearingln

th。C。rreSPOndingsentences・MostofthefiⅩed（uninterrupted）collocationsare

directlyextractedfromthe．wordchunks・More■Aexible（interrupted）collocations

areacquiredlevel－by－1evel－byiterativelycombiningthechunks・Theproposed

method，Whichus占seEbctiveword－levelsorting，nOtOnlyextracts■fixedcolloca－

tionswithhighprecisionbutalsoavoid＄thecombinatorialexplosioninvoIvedin

searchingAexiblecollocations・Inaddition｝Ourmethodisrobustandsuitablefor
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real－WOrldapplications；eVenifthepart－Of－SPeeChtaggersmakeerrorsinword

Segmentation，血ostoftheerrorscanberecoveredinthewordchunkextradtion

StagebecausethisstagecanreCOmbinethefalsesegments．

Theorganizatiomofthechapterisasfo1lows．hSection3．1，Wedemonstrate

SampleJapanese－English colloca七ionsand classifytheminto＿tWOtyPeS（fiⅩed

andfLexible）‾accordingtothedifRc山tyofstatisticallearning・Afterdiscussing

how usefulworddlunksareextractedbytheword－1evelsortinginSection3．2，

We Willmoveontotheextractionofbilingualcouocations．hSection　3．3，We

discussourexperimentalresultfromusingtwodi鮎rent kindsofda七a．Oneis

SCientific article＄thatconsistofcomparativelyrigidtranslations．Theotheris

more chal1enging：aJap鱒eSe StOCk market bulletin andits English abstract．

Thedi触entcharacteristicsofthedatawi11shedlightontheabilityofstatistical

1earnlngmethod＄・Section3・4discussesrelatedworksandSection3．5givesthe

3・1・TwoTypesofJapanese－EnglishCollocations

InもhisBeCtion，WebrieAyclassifythetypesofJapaneSe－Englishcollocationsby

usingthematerialinTbble3・1asanexample．Thesetextswerederived丘oma

StOCkmarketbu11etinwritteninJapaneseanditsabstractwritteninEnglish．

hⅢ1e3．1，（東京外為／鈍物0凡γe可，（日米自動車問題／α血わf臓地e∽

Jqpan andthe U．S．）and（控えて／aheadqflareJapaneSe－Englishcollocations

Whoseelementsconstitutemitemptedwordsequences．Hereafter，WeCallthis

type ofcollocationfiⅩed collocation．Althoughthefixed couocation seems

trivial，mOrethanhalfofallusefulcollocationsbelongtothiscLaBS・Tlms，iti＄

importanttoextract触edco1locationswithhighprecision・Incontrast，（ドル

は～で取り引きを終えた／耶ほぴ・g・C剋r柁喝ひ鮎即川£dd～）弧d（ドルは～で

取り弓1きを終えた／medolhrsiood～）1arecons血cted＆ominterruptedword

sequences．Wewi11callthistypeofcouocation且exiblecollocation．Fromthe

viewpointofmachineleaming，flexiblecollocationsaremuchmoredi氏cultto

learnbecausetheyinvoIvethecombinationofelements．Thepointtoconsidbr

l～r印reSenb弧ySe甲印∝扉wor血
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whenextracting且exiblecollocationsishowthenumberofcombinations（candi－

dates）canbereduced・

ourlearningmethodistwofoldaccordingtothecollocationtypes・First，

usefu1mintemptedwordchunksareextractedbytheword－levelsortingmethod・

wethenevaluatestochasticsimilarityofthechunksto五ndoutfixedcollocations・

Final1y，WeiterativelyandhierarchicallycombinethechunkstoextractAexible

畠．2．ExtractingUsefu1ChunksbyWord－1evelSort－

ing

3．2．1PreviousResearCh

textsl：ring（Icharacters：lbytes）

0

1

Fll打一打l射し可

己］
［コ［ニコ

POIntortable

Figure3・1，Character－1evelSortingApproach

withtheaNailabilityoflargecorporaandmemorydevices，thereisonceagain

growinginterestinextrチCtingn－gramSWithlargevaluesofn・［62］introduced

anefBcientmethodfbrcalculatinganaibitr？rynumberofn－gram＄fromlarge

corpora・Whenthelengthofatextislbytes，itoccupiesIconsechtivebytesin

meふory（Fig．3・1）・First，anOthertableofsizelisprepared，eaChfieldofwhich

representsapointertoasubstring・Asubstringpointedtobythe（i－1）thentry
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Ofthetableconstitutesastringexistingfromtheithcharactertotheendofthe

text string・Next，tOeXtraCtCOmmOnSubstrings，thepointertableissortedin

alphabeticorder．Twoadjacentwordsinthepointertablearecomparedandthe

lengthsofcoincidentprefiⅩPartSareCOunted［32］・

Forexample，When Lau10lalksbelweenJapanandlhe U．S．’and‘aulo talks

befweenJapanand China’aretwoadjacentwords，thenumberofcoincidences

is29，i．e．，LauiotalksbetweenJapanand’．Then－gramfrequencytableiscon－

StruCtedbyco11ntingthenumberofpointersthatrepresentthesameprefiⅩpartS．

AlthoughthemethodiseEicientforlargecorpora，itinvoIvesalargevolumeof

fractionalandunneCeSSaryeXPreSSions．Thereasonforthisisthatthemethod

doesnotconsidertheinter－relationshipsbetweentheextractedstrings．Thatis，

themethodgeneratesred11ndantsubstringsthataresubsumedbylongerstrings．

Tbsettlethisproblem，【38］proposedamethodtoextractonlyusefulstrings．

Basical1y，themethodisbasedonthelon9eSt－matChprincIPle．Whenthemethod

extract■salongestn－gramaBaClmnk，Stringssubs－1medbythechunkarederived

OnlyiftheBhorterstringoftenappearsindependentlyofthelongestchunk．If

LautotalksbeiweenJapanandthe U・S・’isextractedasachunk，‘Japanandihe

U・S・’isalsoextractedbecause‘JqpanandlheUS・’issooften11Sedindependently

asin EJqpanandtheU・S・a9reed・・・’．However，LJapanandlhe，isnotextracted

becauseitalwaysappearsinthecontextof LJapanandthe U，S．’．Themethod

StrOnglys11PpreSSeS丘actionalandunneCeSSaryeXPreSSions．Morethan75％of

thestringsextractedbyNagao’smethodareremovedbythenewmethod．

3．2．2　Ⅵbrd－levelSortingMethod

Theresearchdescribedintheprevioussectiondealswithcharacter－basedn－

grams，Whichgenerateexcessivenumbersofexpressionsandrequirelargememory

forthepointertable■Thus，fromapracticalpointofview，WOrd－basedn－gramS

arepreferableinordertofurthersuppress免・aCtionalexpressionsandpointertable

use．WeextendIkehara’smethod［38］tohandleword－basedn－gramS．First，

bothJapaneSeandEnglishtextsarepart－Of・SpeeCh（POS）tagged2andstored二in

2weusetheJUMANmorphologicalanaly2・ingsystem［52］fortaggingJa．paneSeteXtSand

Bri117stransformation－basedtagger［5】fortaggingEnglishtexts．WewolユIdliketothankal1
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巨

textstring（lwords）

Ja P a n　＠a n d＠t h e

0

1　・・・・・川・・・州・・・・……・■■■－■●‘■一■●●■川‘‘‖■■‖■一′

喜

＼○

POintertable
◎：WOrddelimlter

Figure3・2・Word－1evelSortingApproach

memory（Fig・3・2）・

postaggingisrequiredfortwomainreasons＝（1）Thereareno占Ⅹplicitword

delimitersinJapaneSeand（2）ByusingPOSinformation，uSelessexpressionsca

beremoved3

InFigure3，2，・＠，and‘＼0，representtheexplicitworddelimiterandtheexplicit

sentencedelimiter，reSPeCtively・Thedottedarrowindicatesauselesspointer

becausephrasesstartingffomaconjunCtneVerCOnStituteco1locations・This

pointerisnotregisteredinthepointertable・Comparedtopreviousresearch，

thisdatastruCturehasthefo1lowingadvantages・

1．0nlyheadsofeachcandidatewordarerecordedinthepointertable・As

showninFigure3・2）thissigni丘cantlyreducesmemoryusebecausethe

pointertablealsocontainsotherstring・CharacteristicsasFigure3・3・

2．AsBhowninFigure3・270nlyexpressionswithinasentenceareconsidered

byintroducingtheexplicitsentencedelimiter‘＼07・

peOPleconcemedfDrprOVidingtlSwiththetooIs・

3Tbfi1ter。。tuSelessexpressions，50POSrules（foreachlanguage）inregular・eXpreSSions

areappliedinboththepointergenerationprocess（Figure3・2）andtheusefu1chunkdetection

process（Figure3・3）・
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3．Onlyword－1evelcoincidencesareextractedbyintroducingtheexplicitword

delimiter‘◎，．Thisremovesstringsarislng蝕omapartialmatchofdifferent

WOrds．Fbrexample，thecoincidentstringbetween‘Japanand仇ina’and

‘JqpanandCostaRica’i＄EJapanand’inourmethod，Whileitis’Jqpanand

C‘inpreviousmethods・‾

完訂t adopt3：諾笠　　strjng

24

105

1064

3

2104

1702

1104

104

10
10

16

16

16

16

16

16

Japan＠and＠China＠
Japan＠aIld＠CostaRica

Japan＠and＠the＠US

Japan（参and＠the＠US

Japaれ＠and＠the＠US

Japan＠and＠the＠US

Japan＠and＠the＠US
Japan◎and＠the◎US

Fig11re3．3．SortedPointerThble

Next，thepointertableissortedinalphabeticorderasshowninFigure3．3．

Inthi5table，SentnO・andcoizICidencerepresentwhichsentencethestringap－

pearedinandhowmanycharactersaresharedbythetwoadjacentstrings，reSpeC－

tively・Thatis）COincidencetotalsthecandida七esforusefu1expressions・Note

herethatthecoincidencebetweenLJapan＠and＠China・・・andJqpan＠and＠Cosia

Rica・・・islOaBmentionedabove．Aftercountingcoincidence，thePOSru1es

areappliedagalntOfi1teroutthesyn七actical1yuselessexpressions・Theabove

LJapanand，isthenremoved丘omthecandidates・

Next，inordertoremoすe－15eless8ubsumedstrings，thepointertableissorted

accordingtosentno・・Inthisstage，adoptis61ledwith‘1’or‘0’，eaChof’which

representsifornotifastringlSSubsumedbylongerwordchunks，reSPeCtively・

Sortingbysentno・makesitmucheasiertocheckthesubsumptionofword
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chunks．Ifboth‘JapanandtheU・S・，and‘J呼anandthe，arisefromasentence4，

thelatterisremovedbecausetheformersubsumesthelatter・

Final1y，tOdeterminewhichword－Clmnkstoextract，thepointertableissorted

onceagalninalphabeticorder・Inthisstage，WeCOunthowmanytimesastring

whoseadoptislappearsinthecorpus・Bythresholdingthefrequency，Only

usefu1wordchunksareext．racted・

3．2．3　ExtractingBilingualCollocations

hthiB＄eCtion，WeWillexplainhowfixedand且exiblecollocationsareconstruCted

fromwordclmnksextractedinthepreviousstage・First，Weintroducethemetric

toevaluatethesimilarityofword－Chunkoccurrehcesintwolanguages・Weusethe

contingencymatriⅩShowninTable3・2forJapanesewordchunkc3PnandEnglish

w。，dchunkc仇。．Thecontingencymatrixshows‥（a）thenumberofJapanese－

EnglishcorTeSPOndingsentencepairsinwhichbothりpnandcen9Werefound，（b）

thenumberofJapanese－EnglishcorrespondingsentencepalrSinwhichjustcen9

wasfound，（c）thenumberofJapanese－Englishcorrespondingsentencepairsin

whichjustcjpnWaSfound，（d）thenumberofJapanese－Englishcorr9SpOnding

sentencepalrSinwhichneitherchunkwasfound・

●「け†▲

Cenタ　α　わ

c d

Table3．2．ContingencyMatrix

Ifcjpn．andcen9aregOOdtranslationsofoneanOther，aShouldbelarge，andb

andcshouldbesmall．In・contrastIifthetwoarenotgoodtranslations■ofeach

other，aShouldbesmal1）andbandcshouldbelarge・Tbmakethisargumentmore

precise，OurSyStemimplementstwosimilaritycriteria＝（1）mutu？1information

and（2）Dice，scoe缶cient［45］・

勺nfact，LJ呼anandthe・5houldbeeliminatedbyPOSru1e5
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（1）log繍）＝lo璃三誌崇デ）

（2）

2（五

（2α＋み＋c）

Becausethesetwocrite血donotmakegreatdistinctionsempidcally，Wewiu

hereafterconsiderthecombinationofmutualin払rmationandco－OCCurrenCe（a

hT嵐ble3．2）揖0ⅦrSimilad申measu代．

ConstruCttWO（JapaneseandEnglish）wordclm皿kindex

While（agendafi1e（F，M）isnotnul1）

・RIreadlS弧tⅧαpa汀戎

ifawordchunkpairiniexceedsFandM

keepitasacandidate

Selectcollocationpairswhoseelementsconstitutethemaximal1ysimilar

translationofeachother

remove the collocationsfromwordchunkhdex　＿

Table3，3．AlgoritlmforFixedCollocations

Table3・3summarizeshow航Ⅹedcollocationsareextractedbyusingtheword

Chunksinducedintheprevioussection・Thealgorithmisaniterativemethod［45，

36，47］thatgrad11allyektractsfromhighlyconfidenttolesscon五dentcouocat

Theiterationscheduleisgiventothealgoritlmbyanagendafi1ethatcohstitutes

asequenceofco－OCCurrenCe（F）andmutualinfomation（M）thresholds．

Fbra11bilingualwordchunksineachsentencepair，CO－OCCurrenCe鮎quency

andmutualinformationarecomputed・Ifbothvaluesexceedthresholds（F）

and（M），thebilhgualwordchunks arekept ascollocationcandidates．The

Candidateswhoseelementsconstitutethemaximal1ysimi1artranSlationofeach

Otherareextractedasbilingualcouocations・Thesecollocationsareremov6d坤m
WOrdchunkindexandthealgorithmcontinuesuntiltheagenda魚1ecomestothe

end．
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Next，WeSummarizehowaexibleco1locationsareextracted・ThefollowinglS

aseriesofprocedurestoextraCtAexiblecollocations・

1．ForanypalrOfchunksinaJapaneSeSentenCe，COmputemutualinformation・

c。mbinethetwochunksofhighestmutualinformation・Iterativelyrepeat

thisprocedureandconstruCtatreelevel－by－1evel（maximumCOnneCtion

numberis3）・

2．ForanypalrOfchunksinanEnglish＄entenCe，rePeattheoperationsdone

intheJap？neSeSentenCe・

3．Performnodematchingbetweentreesofbothlanguagesbyusingmutual

informationofJapaneseandEnglishwordchunks・

シ用卜碩油品スポット市郎はが上した　ナフサガスオイル

■－■血軸

×Iowm血血血m

闇○仙Oil叩dud5叫m椚　tnSin卯Ore岬taga＝it

Figure3・4・ConstructingFlexibleCollocations

ThefirsttwostepsconStruCtmOnOlingualsimilaritytreesofwordchunksin

sentences．Thethirdstepiterativelyevaluatesthebilingualsimi1arityofword

chunkcombinationsbyusingtheabovetrees・Becauseword6hunksintwo

languagesareregisteredinindextrees，WeCanalsoefBcientlycomputetheco－

occurrenceandmutualinformationbetweenaJapaneSegrOupOfchunksandan
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English groupofchunks．Thenodematchingprocesscontinueswhilemutual

information ofnodesincreases．

Considertheexamplebelow，inwhichtheunder血edwordchunksconstruct

aaexibleconocation（シンガポール石油製品スポット市場では～が上昇じた／～

rose～OntheoilproductsspotmarketinSingapore）．First，tWOSimilaritytrees

are construCtedasshowninFigure3・4▲　Nodematchingistheniterativelyat－

temptedbycomputingm11tualinformationforgroupsofwordchunks．hthe

presentimplementation，thesystemcombinesthreewordchunks叫most．The

techmiqueweuseissimi1artotheparsing－basedmethodsfbrextractingbilhgual

COllocation［59］．Ourmethodreplacestheparsetreeswithsimilaritytreesand

thusaNOidsthecombinatorialexplosioninherenttoparsing．basedmethods．

Jこ・川′J′ノ・Jrニ

シンガポール石油製品スポット市場ではナフサとガスオイルが上昇した

NaphthaandgaBOil望建造OntheoilproductsspotmarketinSingapore

3．3．ExperimentalResults

No．Contents SentencePairs

1　gねc鬼〟αrた虎β扇ge混和　　　　　　　　　　1114

2　βc征服姉月e血伸血βc血ceノ　　　1766

3　βc如亘和紬「侮血A叫　　　制的

「臨ble3．4．侮tData

Weperformedanevaluationoftheproposedmethodbyusingquitedi触－

entdatasets．Oneisscientificarticlestakenfrom‘Scienti＆cAmerican，a？dits

JapaneSeVerSion‘NikkeiScience’5．AlthoughthesedatacontainaboutlO％◆of

5wewouldliketothankNikkeiScienceCo．forpermittinguBtOu詑thed血．
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multiplesentencealignment（i・e・）1－2，2－1，1－3，etC・），almostallcontentsarelit－

erallytranSlated・Theothertextisverychal1englng‥Japanesestockmarket

bull。tinsandtheirEnglishabstracts・Thesampledatadisplayedin恥ble3・1

showthatmchoftheJapaneSeCOntentisskippedintheEnglishabstract・rra－

ble3．4summarizesthe■datausedintheexperiment・TbxtlandTbxt2were

usedtoevaluatetheinducedcollocationsandTbxt3toestimatecomputational

e伍ciencyoftheproposedmethod・

AsforText3，thetotaltimerequiredforextractingfiⅩedand且exiblecollo－

cationswaB2hoursand14minutesonaSPARCStation20ModelHS21・From

thiBreSult，WemayCOnCludethattheproposedmethodisveryefEcientandcan

beappliedtovoluminouscorpora・

3．3．1FixedCollocations

No．Ex七ractedCollocations Precision

1　　　　　397　　　　・72・3％

2　　　　　　929　　　　　　88・5％

Table3．5．ResultsforFixedCollocations

weextracte・dfixedcollocationsfromTbxtlandTbxt2byusingthesame

agenda丘1e6・

Table3．5displaystheresults・Tbxtlyielded397collocations，72・3％ofwhich

werecorrect．Tbxt2yielded929collocations788・5％ofwhichwerecorTeCt・Unlike

precision，itisgeneral1ydi伍culttoevaluateRecal1；WeCangetarOughideaby

comparingthenumberofextractedcollocationsandthatofgivensentencepairs・

Tbxtlgeneratesacollocationeverythirdsentence，WhileTbxt2doesitevery

sec。ndsentence．Thedi触・enCebetweentwotextswouldseemtooriginatefrom

therigidnessoftranslations・Thatis，themoreliteraltran占1ationare，themore

precisionandrecal1canbeattained・

8T血。a。tudagenda紙quenCei5（5舟0），（5，5・恥（4舟5），（4，6・0），

（3，5．恥（3，5・0），（2，6・軋（2，6・0），（2，5・5），（2舟0），（2，4・5），（2，4・町
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Textl Text2

ⅥわrdLength‖Jpn EngJpn Eng

l　　　　144　156　480　580

2　■　　　　126　117　299　253

3　　　　　　62　　64　102　　53

4　　　　　　31　　38　　37　19

5　　　　　　21　　7　　10　11

6　　　　　　9　－　2　　0　　9

3

0

6

2

2

0

0

0

0

1

1

0

0

0

0

0

0

0

2

0

1

0

1

0

7

8

9

10

11

12

0

1

0

0

13　　　　　　0

14　　　　　　0

0

0

15　　　　　　0　　　2　　　0　　　0

Table3・6・WordLengthofFixedCollocations

T嵐ble3．6demonstratesthewordlengthofextractedcollocations・O11tputS

fromTbxtltendtobelongerthanthosefromTbxt2．ThisisbecausestockmarT

ket collocationscontainavarietyofconstructions：nOunphrases，Verbphrases，

prepositionalphrasesandsentence－1evelcollocよtions・Ontheotherhand，nOun

phraseco1locationsarethemajorityinscientiGcarticles・Tもble3・7andTもble3．8

exemplifythemostconfidentcollocationsinduced丘・OmTbxtlandText2，re－

SpeCtively．

Mamydomain－SPeCificjargonwordsarefoundinbothrrhbles・Inparticular，it

isinterestingtonoticethewietyof鮎edcollocations致・OmrIbxtl．Fore元ample，

No9inThble3．7means‘TokyoGoldFuturemarketendedtradingfortheday’，

butwasneverwrittenassuch．AswellasNo．9，anumberofsentenceTlevelcol－

41



locationswerealsoextractedfromTbxtl・No・9】No・18，No・23，No・26，No・35，

No．56andNo．67aretypicalheadsofthestockmarketreport・Theseexpressions

appeareVerydayinstockmarketreports・Thesecollocationsareusefu1fortranS－

1ators，butgrea七1ydifferfromdomaintodomain・Thus，itisgenerallydi用cultto

hand－COmpileadictionarythatcontainsthesekindsofcollocations・Becauseour

methodiutomaticallyextractsthesecollocations，itwi11beofsigni丘cantusein

compilingdomain－SpeCificdictionaries・Incontrast，domain－SPeCificnounphrases

a，eeXtraCt。d＆omText2withveryhighprecision・Inthe鮎Idofscienceand

technology，theseteclmicaltermsplayacentralroleinthetranslatingprocess・

Althoughconventionalmethodsfocusonnounphrasesortrytoencompass

al1kindsofcollocationsatthesametime，fixedcollocationisanimportantclass

ofco1location，aBShownabove・ItisusefulもOintensivelystudyfixedcollocations

becausethecollocationofmorecomplexstruCtllreSisdilBculttolearムregardless

oftbemetbodu＄ed．

3．3．2　FlexibleCollocations

weextractedflexiblecollocationsonly＆om¶∋Ⅹtlbecause＄Cientificarticles

donotseemtocontainmany且exibleco1locations・Theexperimentyielded87

Aexiblecollocations，36・8％ofwhichwerecorrect・恥ble3・9exemplifiesthecolloT

cationsacquiredffomTbxtl・No・1toNo・4aretypicalexpressionsinstockmar－

ketreports・Thesecollocationsareextremelyusefu1fortemplate－basedmachine

translationsystems・No・5isaneXampleofauselesscollocation・BothOmron

andSumitomoForestryarecompanynameSthatco－OCCurfrequentlyinstock

marketreports，butthesetwocompanieshaNenOdirectrelation・Infact，mOre

thanhalfofal1且exiblecollocationsacquiredwerelikeNo・5・Tbremoveuseless

c。11。Cati。nB，Weneedarobustparsertofindoutthedirectmodifibr／mo4ificant

，。Iati。nS．Weareplaningtoapplythedependencyparser［35】describeiinChap－

ter5．
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No・　hp■ne■七　　　　　　　　Engli，h No・　ねp且n“●　　　　　E－■gli■b

88　　徳罪相場

ユ9　　公的安食

40　　陰髄投資家

41　　中心限月

42　　半導体明慮株

43　　外国人投資家

44　　ハイチタ株

45　　先見蔦

46　　小口の禿り

47　　更新した

48　　緒標銘柄

49　　見送り気分が強く

50　　東証2鉱

61　　甜
ら2　　個人技半夜

53　　経書叫益

64　　苓1紅絹場

55　・日経平均株価

58　　東証C王l寄り付き■

67　　畏開山憤

58　　で取引されている

5g　　輸入金羅

60　　1よ堅調

¢1　　ヌい戻し

62　　昭電工

8さ　　充貫和ま

84　　年初東高値を更新し

65　　与党3先

06　　性特象

67　　甘経300先鶉・前引け

¢8　　＜大征＞

89　　年初案安組

70　　8経国取踊品指数九l兄・

71　　先物・寄り付き

72　　前引け

73　　小お吉に提結した

bond88nd bond一也t11reS

ptユb】icfunds

tn6titl】tion且1i∫】Ve曳tO巧

bモロdlm＆rk

8即nieondll¢tOr・re18ted丘tOCl【β

f8r一別gninve虞Or6

bigb－te亡h6tO亡b

tllrnOV¢r

肌山トIot8e11i丁場

托eOrdbigh

bt〉ndlm▲rlく

1（lW

TokyoSto（如2nd Se∈

were we止
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1　　　東京外ち

2　　　‡変えて

3　　　　マルク

4　　　JAFCO

5　　　半砺

6　　　模様眺め気力・が強い

7　　　警戒感

8　　　手控えられている

9　　　東京貴会囁大引け

10　　　小動き

11　　見遣り気分

12　　　丁ジ丁のディーラー間ドル建て相場

18　　　吋マルタで

14　　　CBQ平均

15　　　証券会社の自己充贋諮M

16　　　死貫ホ

17　　　利回り銘柄

18　　　日柱300先物・役場寄り

19　　　前引け

20　　　取り引きを終えた

21　　緊急違済対策

22　　　終り亀は

23　　　先物・大引け

24　　　償榊場

25　　　相場

26　　　先物・後場筍り

27　　　嫌気し

28　　　への期待から

29　　　もしっかり

ユ0　　　ハイチタ株

き1　　様子見■．分

82　　　住友林

83　　　8来由lむ事変渉

ふ4　　　物色

封i：l真紀外四芯・蘭引け

36　　　金利

さ丁　　日米日勤寧交渉　　　　　　　　　tbeJ8pan－U■S■■UtOdi5Pute

Table3．7．FixedCollocationsInd11Ced＆omTbxtl

3．4．　RelatedⅥねrk

彗

AnumberofstudieBhaveattemptedtoextractbilingualco1locations免■Omparallel

corpora，Thesestudiescanbeclassifiedintotwogeneralapproaches・Oneis

basedonthefu11parsingtechniques・［591proposedamethodtofimdoutphrase－

1evelcorrespondenceswhileresoIvingsyntacticanbiguitiesatthesametime・

Theirmethodsdeterminephrasecorrespondences・byuslngthephrasestruCtureS

ofthetwolanguagesandexistingbilingualdictionaries・Unfortunately，these

approache＄areprOmisingonlyforthecomparativelyshortsentencesthattan・be

analyzedbyasimpleChartparser［44］・Itwillbeinterestingtousepractical

parsers，aSmentionedinChapter5，fortheparser－basedmethod・
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No、IJ叩…●●●　　　　　　　＿」＿＿旦坐

8dr一∋nOCeptOrS

机t（】r8diDgr8phy

Universityo－C且l汀8rni－8tLosAnge】e5

Nl）．　hp－n■■●　　　　Englkh

1　7アニル敵シタラーゼ■l・別封汀ylylcycl且8e

2　　シナプス前促鹿　　　pr鵬yn8pti¢
facilit8tion

3　1次挽党鄭　　　　pr】m8ryYisu81cortex

4　　古典的条件付け　　Cl鮎S血1conditiDning
Hebbsy】）apSe5

5　　長期記憶　　　　　lorlg－ter汀l爪emOry

8　　■節ニューロン　　　mOdulatDryneurOrl

丁　　脳梁　　　　　　C肝pu8Ca1105Ⅵm

8　　テ川下トキシン　　　t拍Odotoxin

○　　プロテインキナーゼ　　proteinkina5e

10　　フリーラジカル　　　freerdic扇6

111帽廃線維変化　　川rO的ri118町t抽gles

12　　條杭闘　　　　　　COnJ11n亡tion5

二

13　　辺i憂系　　　　　　1imbic8y5tern

38　　丁ドレナリンレセプター

39　　オートラジオグラフイ‾

4D　　かJ7すルエア大学ロサンゼルス餃

41　　ヘファやシナプス

42　　生彩野

43　　一卵性双生児

44　　界性愛男性

45　　抜能珂

46　　新制鬼

47　　失肱産患者

48　　潜在的隼骨

49　　潜在的lヰ現像

50　　脊椎動物

51　　遅延反応談粗

52　　がノブ寸ルニ丁大学サンディエゴ玖

rモ⊂e tivtl負eld5

identicaltwiI15

bt！ter（I5eXu且Irnen

functors

f8ee Cel18

8ph＆6icp＆ti珊七日

；mplieitleむning

iI¶P】icitrepr朗ent8tio∫1＄

Yerteb∫山es

del坤ed－re8pOnSe七島5k8

Univer6ityofC山ifornia－tS8n Die68
14　　カテコール丁ミン　　亡8teCb818min也

注硯する　　　　　　　　g8乞e15

18

br扇n8亡tiYity

■SさOCi且tivememory

£en；1ep】8que8

postdo｛tO一山†ellow

dモndritl婚

63　　脳活動

54　　速想妃煙

ら5　　老人淀

5¢　　ボスドタ

5丁　　樹状突起

コロンビア大学　　　Colllmbi且U－1ivモーSity

17　パーキンソン病　　　P色∫5kin80Tl’5
di8e8貞¢

18　　モノアミン　　　　　mOIlO打－1】ne8

19　外套艮　　　　　m抽tIモ8h81f

20　　皮質下　　　　　　£ubc。rt】c山
扇de br8nd山門

N8tioIldIれ魚titutセOfMモ雨81‡ie山th

blind8p（〉t

b山1u亡in8til叩⇒

m8tOr neurOn

さ8　1■丑

59　　月三田立綿神衛生研究所

60　　盲点

81　　幻克

郎．1月珊ニューロン

21　丁ミロイドタンパク質　抑Iyloidprotein

22　ノルアドレナリン　　nOreplnepllrin8

2き　シナプス前終末　　　p－がyn8ptictモrmin山

24　敗優位性カラム　　　○Ⅲ1訂do－njn8n亡eC01ummき

25　　解剖学的　　　　　　且n8tOmi亡 NMDA rモ亡eptOrS

mモdi8tion8yStモm＄

higherment81funぐtibnS

bj18te一山

gll止8mat匂reCeptOr

83　　NMDA受解体

卵Il；鮪介系

65　　高次相聞性脆

66　　両側

67　　グルタミン叔受事体

26　　抗うつ諷　　　　　8ntidepres8且れt£

27　†瞳任遵訪露　　　nモurOtr且n5mit憮r8

28　立i簾　　　　　　p－】nClp8l8山肌8

29　　条件付け　　　　　COnditioni－1g

さ0　　新皮F neOCOrt8Ⅹ
Singモr

dibydrot輯t（I琴t色rOne

bomo】】山epYiromrnent

p‘）lygyrlOu5

c8rb¢nmOnOXide poi50Tling

8uditory醜iTm班

t8rdiYedy8ki】⊃傍】一

郎Illシンガー

89　　ジヒドロテストステロン

70　　ホルモン環塊

71　　一一失多涯

al　払即】　　　　〔ritic山period

32　　染色体　　　　　　止rom080me

3ユ　　痴景　　　　　　　d七m印ti8

a4　　短期記憶　　　　　　8borレtermmモm‘）Ⅳ

35　　長期増強　　　　　10Tlg－t即m pot帥ti8tion　　　72　一附ヒ炭鳶中毒

88　無鮒岨　　　un¢Onditionedきtimu】uβ　　73　酬熟
74　　還発性ジス寺本シア

Table3．8．FixedCollocationsInducedfromrIbxt2

Theotherapproachtoextractingbilingualco1locationsinvoIvessimplestatis－

tics．囲acquiredbilingualwordcorrespondenceswithoutsentencealignment・
Althoughthesemethodsarerobustandassumeno・informationsourceっtheirout－

putsarejustword－WOrdcorrespondences・［50】andt49］extractednounphrase

（NP）correspondencesfromalignedparallelcorpora・In［50］，NPsinEngli6hand

FrenchtextsarefirstextractedbyaNPrecognlZer・Theircorrespondenceprob－

abilitiesarethengradual1yrefinedbyusinganEM－1ikeiterationalgoriもhm－t49］

firstextractedJapaneSeNPsinthesameway，andもhencombinedstatisticswith

abilingualdictionaryforMT七0丘ndNPcorrespondences・Althoughtheseap－

proachesattainedhighaccuracyforthetaBkconsidered，themostcruCialkn0wi－

edgeforMTismorecomPlexcorrespondencessuchasNP－VPcorrespondences
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No・Japanese Engli5h

1　東京外為～円一　　　　　　丁bkyoForex～Dollarat～yen

2　ドルは－で取り引きを終えた　TheU．S．cllrrenCyWaBquOtedat～

3　～が売られ－も安い　　　　rweresold→droppedaswell

4　　E］銀が－の供給を通知した　　BankofJapaninjected－

5　オムロン～住友林－　　　　Omron－SⅦmitonoFbrestry←

Table3．9．SamplesofFlexibleCollocations

andsentence－1evelcorrespondences・ItseemsdifRculttoextendthesestatistical

method5tOabroaderrangeofco1locationsbecausetheyarespecializedtoNPs

OrSinglewords．

3．5．Summary

Thischapterhasdescribedanewmethodforleamingbilingualcollocationsfrom

Paral1elcorpora．Ourmethodconsistsoftwo＄tepS＝（1）extractingusefu1word

chunksbytheword－1evelsortingtechmiqueand（2）construCtingbilingualcollo－

Cat．ionsbycombiningthesechunks・Thisarchitectllrereflectsthefacttha七色xed

collocationsplay amorecrucialrolethanacceptedinprevio11SreSearCh．Our

methodnotonlyextractsfiⅩedcollocation5Withhighprecisionb11talsoreduces

the combinatorialexplosionthatwouldbeothertviseconsideredinescapablein

extracting且exibleco11ocations・
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Chapter4

Mistake＿Driven Mixture

ApproachtoMorphological

Analysis

ThischapterdealswiththestochaBticmorphologicalanalysissystem（part－Of－

speech（POS）tagger）［13，50，11，4，63］．TheJstochasticapproachgeneral1y

attains94to96％accuracyandhasthepotentialtoreplacethelabordin七en由ve

COmpilationoflinguisticsrulesbyusinganautOmatedleamingalgorithm．How－

ever，apraCticaltaggerrequires血oreaccuracybecausemorphologicalanalysisis

aninevitablepre－PrOCeSSing5tepforalmostal1practicalsystemB．

Tbderiveapewstochastictagger，Wehavetwooptionssincestochastictaggers

general1ycomprisetwocomponents：WOrdmodelandtagmodeLThewordmodel

isasetofprobabiliもiesthatawordoccurswithatag（part－Of－SpeeCh）whengiven

the precedingwordsandtheirtags．inasentence・Ontheotherhand，thetag

modelisasetofprobabilitiesthatatagappearsafLertheprecedingwordsand

仙eirta騨・

ThefirstoptionistoconstruCtmOreSOphisticatedwordmodels・［11］reports

that theirmodelconsiderstherootsandsufRxesofwordstogreatlyimprove

taggingaccuracyforEnglishcorporar However，thewordmodelapproa9hhas

血eた）mOWhgsbort00mh野：

●Fbragglutinativelang11ageSSuChasJapaneseandChinese，thesimpleB
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transferru1eisinapplicablebecausethewordlengthofasentencelSIlOt

fixedinal1possiblesegmentationsl・Wecanonlyusesimplerwordmodels

intheselangua・geS・

●Sophisticatedwordmodelslargelydependonthetargetlanguage・Itis

time－COnBumingtocompile丘ne－grainedwordmodelsforeachlanguage・

Thesecondoptioni戸tOdeviseanewtagmOdel・t73］haveintroduceda

variable－・memOry－1engthtagmodel・Unlikeconventionalbi－gramandtri－gram

㌣Odels，themethodselectstheoptimal1engthbyusingthecontexttree［68】orig－

inal1yint，Oducedfbruseindatacompression［19］・Althoughthevari■able－memOry

lengthapproachsigni魚cantlyreducesthenumberofparameters，taggingaccuracy

isonlyasgoodasconventionalmethods・Whydidn，tthemethodhavehigher

accuracy？Thecrucialproblemforcurrenttagmodelsisthesetofcolloquial

sequencesofwordsthatcannotbecapturedbytheirtagsonly・Becausethemax－

imal1ikelihoodestimator（MLE）emphasizesthemostfrequentconnections，an

exceptionalconnectionisplacedinthesameclassasafrequentconnection・

Tbtacklethisproblem，Weintroduceanewtagmodelbasedonth6misiake－

d，ivenmidure（boosting）ofhierarchicaltagcontexttrees・ComparedtoSch＆tze

andSinger，scontexttree［73］，thehierarchicaltagcontexttreeisextendedinthat

thecontextisrepresentedbyahierarchicaltagset（i・e・，NTT＜PrOpernOun＜

noun）．ThisiBeXtremelyusefulincapturingexceptionalconnectionsthatcanbe

detectedonlyatthewordlevel，

Tbmakethebestuseofthehierarchicalcontexttree）theboostingmethod

imitatestheprocessinwhichlinguistsincorporateexceptionalconnectionsinto

hand－Craftedru1es：Theyfirstconstructcoarseru1esthatseemtocoverabroad

rangeOfdata・Theythentrytoanalyzcdatabyusingtheru1esandextract

exception＄thattherulesc．annothandle・Nexttheygeneralizethecxceptionsand

refinethepreviousrules・Thefo1lowlngtWOStePSabstractthehumanalgorithm

forincorporatingexceptionalconnection5・

1．ConstruCttempOraryru1esthatseemtowellgeneralizeもhegivらhdata・

1hP（wilti）＝聯，P（wi）cannOtbeconsideredidenticalforal1segmentations・
48
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2・nytOanalyzedatarwiththeconstructedrulesandextracttheexceptions

thatcannotbecorrectlyhandled，thenreturntothe五rststepandfocusOn

theexceptions．

Tbputtheaboveideaintoollrlearnlngalgorithm，theAdaboostalgorithm

attachesaweightvectortoeachexampleanditerativelyperformsthefo1lowlng

twoprocedllreSinthetrainingphase：

1・Constructingacontexttreebasedonthec11rrentdatadistribution（weight

vector）

2．Updatingthedistribution（weight vector）byfocu6ingon datanot well

predictedbytheconstruCtedtree．Moreprecisely，thealgorithmreduces

theweightofexamplesthatarecorrectlyhandled．

For thepredictionphase，thealgorithmthenoutputsa丘naltagmodelby

mlXlngalloftheconstruCtedmodelsaccordingtotheirperformanCe・By一ユSinga

hierarchicaltagcontexttree，theconstituentsofaseriesoftagmodelsgradllal1y

changefrombroadcoveragetags（e・g・，nOun）tospecificexceptionalwordsthat

CannOtbecapturedbygeneraltags・Inotherwords，themeもhodincorporatesnot

Onlyfreq11entCOnneCtionsblltalsoinfrequentonesthatareoftenconsideredto

be exceptional．

Theorganizationofthechapterisasfo1lows．Section4．1describesthestochas－

ticPOStaggingschemeandhierarChicaltag5etting・Section4．2presentsanew

probabilityestimatorthatu＄eSahierarchicaltagcontexttree，andSection4．3exp

plainstheAdaboostalgorithm・Section4－5reportsourevaluationusingJapanese

newspaperarticles・Wetestedseveraltagmodelsbykeeplngallotherconditions

（i・e．，dictionaryandwordmodel）constant・Theexperimentalresultssh占wt桓t

theproposedmethodoutperformsbothhand－Craftedandconventionalstatistical

methods．Section4，6describesrelatedworksandSection4．7give＄thesummary，

49



4．1．Preliminaries

4．1．1BasicEquation

Inthiss。Ction，Wewiub＊eAyreviewthebasicequationsforpaれOh3peeChtagging

andintroducehierarchical－tagSetting・

Thetag如gproblemisformallydehedasfindhgasequenceoftagstl声that

maximizetheprobabilityofinputstringL・

叩m‘ば土1，九戸（叫和之1声lエ）＝αrタM毎

P（叫，氾，ま1，¶，エ）

P（エ）

⇔αrタm‘ばtl．巾W抽∈エ印1，れ，叫，布）

web，e故outP（tl，n，Wl，n）asasequenceoftheproductsoftagprobabilityand

wordpTOb止揖吋

坤1声，叫，れ）＝P（wl，¶）P（tll叫）P（瑚1，Wl）P（郁1，叫β）

‥㌧P（局毎■1，叫，m）P（び几一書小一1，叫，れ－1）

＝ⅡP（項1，抽びり－1）P（柵，局，ひり）

Byapproximatingwordprobabilityasconstrainedonlybyitstag，WeOb－

tainequation（4．1）．Equation（4・1）yieldsvarioustypesofstochastictaggers・

Forexample，bi－gramandtri－grammOdelsapproximatetheirtagprobabilityas

P（抽＿1）andP（i8Iit－1，iir2），reSpeCtively・htherestofthechapter，WeaSSume

al1taggingmethodssharethewordmodelP（叫Pl）aJlddi触0nlyinthetag

moddP（項厄＿1，叫，i）・‾

叩m‘ば土1．n，Wl，れ。エⅢP（招1，抽Wl，i）P（叫lり
1＝1
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Figure4・1・HierarchicalTagSet

4．1．2　HierarChicalTagSet

TbconstruCtatagmOdelthatcapturpsexceptionalconnections，WehaNetO

COnSiderword－1evelcontextaswellastag－1evelcontext・Inamoregeneralform，

Weintrod11CeatagSetthathaBahierarchicalstructure・Ourtagsethasathree－

levelstruCture（Fig・4・1）・Thetopmostandthesecondlevelsofthehierarchy

arethepari▲qFspeechlevelandthepartpof－SpeeChsubdivisionlevel，reSPeCtively．

Althoughstochas七ictaggersusual1ymakeuseofthesubdivisionlevel，thepart一

妨印eeChlevelisremarkablyrobtlStagainstdatasparseness．Thebottomlevel

isthewordlevelandisindispensableincoplngwithexceptionalandco1loq11ial

SequenCeS Ofwords・OurobjectiveistoconstruCtatagmOdelthatprecisely

eval11ateSP（姉1，i－1，Wl，i）（inequation（4・1））byusingthethree－1eveltagset．

TbconstruCtthisInOdel，Wehavetoanswerthefo1lowlngqueStions・

1．Whichlevelisappropriateforti？

2・Whichlengthistobeconsideredfortl．i－1and・Wl，i？

3．Whichlevelisappropriatefortl，i－1andwl，i？

TbresoIvethefirstque＄tion，WefiⅩtiatthesubdivisionlevel，aSisdoneinother

tagmodels・ThesecondandthirdquestionsareresoIvedbyintroducinghierar－
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chicalla9COnlextlreesandaboostingInethodthatarerespectivelydescribedin

Section4．2andSection4・3・

Beforemovingtothenextsection，1etusdeRnethebasicla9Sel・Ifa11words

areconsideredcontextcandidates，thesearchspacewillbeenormous・Thus，

itisusefu1forthetaggertoconStrainthecandidatestofrequentopenclas＄

wordsandclosedclasswords・Thebasictagselisthesetofthemostdetailed

contextelementsthatcomprisesthewordsselectedaboveandthepart－0トspeech

拘わd如βわmlevel．

4⊥2．HierarchicalTbgContextTree

AhierarchicaltagcontexttreeisconstruCtedbyatwo－Stepmethodology・The

firststepproducesacontexttreebyusingtheba5ictagset・Thesecondstepthen

producesthehierarchicaltagcontexttree・Itgeneralizesthebasictagcontext

treeandavoidsover－Gttingthedatabyreplacingexcessivelyspecificcontextin

thetreewithmoregeneraltags・FiIlal1y，thegeneratedtreeistransformedintoa

finitea。tOmatatOimprovetagginge伍ciency［69］・

4．2．1ConstructingaBasicTagContextTree

Inthissection，WeCOnStruCtabasictagcontexttree・Beforegolngintothedetails

ofthealgorithm，Wewi11brieflyexplainthecontexttreebyusingasimplebinary

case．ThecontexttreewaSOrlginal1yintroducedinthefieldofdatacompres－

sion［68，81，19］torepTeSenthowmanytimesandinwhatcontexteachsymbol

appearedinasequenceofsymboIs・Figure4・2exemplifiestwocontexttreescom－

prisingbinarysymboIs‘a，and‘b，・T（4）isconstructedfromthesequenceLbaab’

andT（6）如m‘baabab，・TherootnodeofT（4）explainslthatboth‘a’andEb’ap－

pearedtwicein‘baab，whennoconsiderationistakenofprevioussymboIs・The

n。desofdepthlrepresentanOrd？rl（bi－gram）model・TheleftnodeofT（4）

indicatesthatboth Ea，and‘b，appearedonlyoncea鮎rsymbol‘a，，Whilethe

rightnodeofT（4）indicatesthatonly‘a，occurTedonceafterLb’・Ipthesame

way，thenodeofdepth2inT（6）；epresentsanorder2（tri－gram）cont占ⅩtmOdel・

Thisbinarytreecanbedirectlyextendedtoabasictagcontext七ree■In
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（1J）　（1，0）

r彿

←L即）止→

‥三：二‥∴（町）・（印）（1J）

珊

Figure4・2・ContextTreesfor伽ab’and Lbaabab，

thiscase，COnteXtSymboIs La’and‘あ’amreplacedbyanelementofthebasic

tagset，andthe丘equencytal）1eofeachnodethenconsistsofthepart帝トspeech

β祝あd豆血れS飢．

Table4・1showsthealgorithmconstruct－btTqWhichconstruCtSabasictag

COnteXttree・Letasetofsubdivisiontagsbesi，…，Sn・Letwei9叫t］beaweight

VeCtOrattaChedtothe批hexamPle3；何・Initialvaluesofwei9hl［i］aresettol

払r au f．

4・2・2　ConstructingaHierarchicalTagContextTree

Thissectiondescribeshowahierarchicaltagcontexttreei＄COnStruCtedfroma

basictagcontexttree・Beforedescribingthealgorithm，WePrepan巳SOmede丘ni－

tions and notations．

LetAbeapart旬f－BPeeChsubdiviswnset・Asdescribedinthepreviousse血on，

ffequencytal）1esofea血nodeconsistofthesetA・AtanynOdesofacontexttree，

1etn（als）andj）（aEs）bethecountofelementaanditsprobabil和respectively．

βわlβ）＝
乃（申）

∑嘔Aγ叫Iβ）

Weintroduceaninformation－theoreticalcriterla△（sb）［80］toevaluatethe

gainofexpandinganodesbyitsdaughtersb．
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1．theonlynode，theroot，ismarkedwiththecounttable（c（sl・＾）・・‥，C（sn，入）

＝（0，…刈）・

2．Applythefo1loYiTgreCurSively・LetT（t－1）bethelastconstruCtedtree

withc。untS。fnodesz，（c（sl，Z），・・・，C（sn，Z））・Afterthenextsymbolwith

subdivision3P）isobserved，generatethenexttreeT（t）aBfollows・Follow

T（t－1），Startingattherootandtakingthebranchindicatedbyeachsuc－

cessivesymbolinthepaBtSequenCebyusingbasictaglevel・Foreachnode

zvisited，incrementthecomponentcountc（x（i），Z）bywei9hi［t］・Continue

untilnodewisaleafnode・

3．Ifwisaleaf，eXtendthetreebycreatingnewleaves＝

。（州，址椅1）＝‥・＝C（坤），ぴβ几）＝M軸柵c（爾，叫）＝‥・＝C（珂，ぴβれ）＝0・

DefinetheresultingtreetobeT（t）・

Thble4．1・Algorithmconslruct－blree

△（叫＝∑榊）わタ認諾α⊆A

（4．2）

△（sb）isthedi触enceinoptimalcodelengthswhensymboIsatnode8bare

c。mp，。SS。dbyusingprobability■distributionP（・ls）atnodesand軸sb）atnode

sb．Th。S，thelarger△（sb）is，themoremeaningfu1itistoexpandanodebysb・

Now，WegObacktothehierarchicaltagcontexttreeconstruction・Asillus－

tratedinFigure4・3？theconstruCtionprocessam0untStOtheiterativeselection

。fb。。t。fw。，dlevel，Subdivision，Parl－qFspeechandnull（noexpanSion）・Let

uslookattheprocedurefromtheinformation－theoreticalviewpoint・Breaking

。uteq。ation－（4．2）asequation（4・2・2），△（sb）isrepresentedastheproductof

thefrequenciesofallsubdivisionsymboIsatnodesbandKullback－Leibler（KL）

divergence・

△（叫＝m（河芸霊辞goタ器－

n（sb）∑α⊆A紬坤叩鴛晋＝乃（朝礼（恥軋恥））（4・3）
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∫あ　ornⅦ11？

Figllre4．3．ConstructingHierarchical1もgContextTree

BecausetheKLdivergencede丘nesadistancemeasurebetweenprobability

distributions，P（・lsb）？ndP（・ls），thereisthefo1lowingtrade－0丘，betweenthetふo

termsofeq11ation（4・2・2）・

●Themoregeneralbis，themoresubdivisionsymboIsappearatnodesb．

●Themorespecific摘，themorej）（・l8）andβ（・lsb）di鮎r．

Byuslngthetrade－0環七heoptimallevelofbisselected・

rIbble4．2summarizesthealgorithm construci－hlreethatconstructsthehi－

erarchicaltagcontexttree・First，COnSlruct－hlreegeneratesabasictagcontext

treebycal1ingconslruct－blree・AssumethatthetrainlngeXamplesconsistofa

sequenceoftriples，＜phSt，Wt＞，i血whicb－Pt，Stand叫repreSentPart－Of・SPeeCh，

S11bdivisionandword，reSPeCtively・Eachtimethealgorithmreadsanexample，it

firstreachescurrentleafnodesbyfollowingthepastsequence，COmPuteS△（申），

andthenselectstheoptimalb．TheinitiallyconstructedbaBictagcontexttreei岳

usedtocompute△（sb）s・
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1，InitialiヱeWeigh硝】＝1forallexamplesj

f＝1

2．callco乃βまmcf一如ree

3．do

Readithexamplext（＜Pt，dt，Wt＞）

Fbllow恥1，Xt－2）・・・，Xt－（i，1）andReachleafnodes

Jの〃＝β叫＿ま，九五夕九＝β¢ト壷

while（mα〇（△（わ可，△（楠ん））≧r九γeβ如才d）（

ir（△（わⅧ）≧△（埴ん））

Expandthetreebythenodelow

e15eif（high＝＝叩t」‘）

Expandthetreebythenodehi9h

elselow＝8dt＿i，high＝qt＿i

）

孟＝f＋1

whileごis：nOt em t

Thble4．2．Algorithmconslruct－htree

4．3．Mist．ake－DrivenMixtureofHierarchicalThg

Context Ttees

Uptothissection，Weintroducedanewtagmodelthatusesaslnglehierarchical

tagcontexttreetocopewiththeexceptionalconnectionsthatcannotbecaptured

byjustthepart－0トspeechlevel・However，thisapproachhasaclearlimitation：

theexceptionalconnectionsthatdonotoccursooftencannOtbedet？Ctedby

the＄ingletreemodel．Insuchacase，the丘rsttermn（sb）inequation（4・2・2）is

enormousforgeneralbandthetreeisexpandedbyusingmoregeneralsymboIs・

Tbovercomethislimitation，Weintrod11Cedthe mislake－drivenmiEtureaP－

proachthatusestheAdaboostalgorithmstlmmarizedinTable4・3・Thealgorithm

construCtSTcontexttreesandoutputsafinaltagmodel，Itsetstheweightsto1
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foral1examplesandrepeatsthefouowingproceduresTtimes・Thealgorithmfirst

COnStruCtahierarchicalcontexttreebyusingthecurrentweightvector．Example

dataarethentaggedbythetreeandtheweightsofcorrectlyhandledexamples

arereducedby（A）・Finally，thefinaltagmodelisconstruCtedbymixingTtrce＄

a∝Ordhgtoe叩ation（B）．

1・Input：SequenCeOfNexamPles＜pl，dl，Wl＞）…，＜pN，dN，WN＞

inwhichplldiandwirePreSentpart－0録peech，Subdivisionandword，re－

SpeC正代1y．

2・Initiali2ietheweightvectorweight［i］＝1fori＝1，‥．，N

3・Dofbrま＝1，2，‥．，r

Callconstruct，htrt，ePrOvidingitwiththeweightvectorweightand

ConstruCtapart州Lspeechtaggerht

htβ汀肝has飢Of弧plesthta代nOtide山i丘d桓わ

Computetheerrorrateofhi‥∈t■＝∑。E，，。，Wei9坤】／∑芝1Wei9hi［i］．

・い一吾

Fbrexamplescorrectlypredictedbyht，updatetheweightsvectortobe

Weight［i］＝Weight［i］Pt（A）

4・butputafinaltagmodelhJ＝∑た1（lo9k）hJ∑El（lo9k）（B）

Ⅲle4・3・封gorithm血抽血融

Byusingthemistake－血ivenmixtureapproach，theconstituentsofaseries。f

hierarchicaltagcontexttreesgraduallychange如mbroadcoveragetags（e．g．，

noun）tospeci鮎exceptionalwordsthatcannotbecapturedbypart－qFspeech

andsubdivisions・Themethod，bymimigdi肋entlevelsoftrees，incorpora七es

notonlyfrequentconnectionsbutalsoin丘equentonesthatareoftenconsidered

CO1loquialwithoutover－fittingthedata．
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4．4．MarginTheoryandAdaboostAlgorithm

Thissectionbrieflyoverviewsthetwotheoremsrelatedtothegeneralizationabil－

ityoftheAdaboostalgorithm［72】inclaBSification・The負rsttheofemisrelevant

foranyvotingmethodsuchasboostingandbagging【2】・Itexplainsthegener‾

alizati。n。r，。r。fanyaggregqtingalgoritlmintermsofthemargin［79，18］for

thetrainingexamplesandthecomplexityofthebasehypothesis（nodependence

。nthenumber。fiterations）．Thesecondtheoremgivestheprobabilityboundof

thesmal1marglnintermsofthetrainingerrorsofthebasehypotheses・

ThemarglnintuitivelyrepresentsthcdiBtanCetOaClaBSificationboundary・

Figure4・4ill血atesasimpletwo－Classcase，inwhichblackandwhitecircles
aretrainingexamplesfromtwodistinctivecla5SeS・Theexampleswithalineare

small－marglneXample＄・Dottedlinesrepresentasmallpositivemarginbecause

theyareclaBSifiedcorrectlybytheboundary・Ontheotherhand】SOlidlines

representanegative－Valuedmarginbecausetheyaremisclassified・Asshownin

Figure4・4，thelargerthemarginofaninstanceis，theeasieritistoclaBSify・

Thefbllowingtwotheoremsprovethatthegeneralizationerrorofaaggregated

classifierisboundedbythesumoftheerrorforthetrainingexamplesanda

decreasingfunctionofthemargins，andthattheAdaboostalgorithmcontinuously

increasesthemarginfortrainingexamples，reSpeCtively・

LetHdenotethespacefromwhicheaJChbasehypothesisischosen；forexam－

ple，aCOnteXttreeOradecigiontreeofanappropriatesize・Aba5ehypothesis

h∈Hisamapping触）maninstanCeSpaCeXtocla5S（－1，＋1）2・Weassume

thatexamplesaregeneratedindependentlyatrandomaccordingtosomefiⅩed

b。tunkn。Wndistribu七ionDoverXx（－1，＋1）・Thetrainingsetisalistofm

pairsS＝＜（31，yl），・・・，（3，m｝ym）＞ChosenaccordingtoD・Weuse巧〇，y）［A］to

den。t。theprobabilityoftheeventAwhentheexample（x，y）ischosenaccord－

ingtoDand旦瑚）【A］todenoteprobabilitywithrespecttochoosinganeXample

unifo，miyatrandomftomthetrainingset・Weabbreviatethesebyn）［A］and

（∴1i・

wedefinetheconvexhul1CofHaBthesetofmappingsthatcanbe▲generated

2The仙0wingtheoremsholdforlarger6nitesetsoflabels・
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Figure4・4・MarginofExamples

bytakingaweightedaverageofhypothese＄fromH：

C去（J：〇ト→∑鶴崎＝恥≧0；∑恥＝1）．

Themajorityvoteru1ethatisassociatedwithfgivesawrongpredictionforthe

example（x，y）onlyifyf（x）≦0■・AIso，themargin（feasibilityofclassification）of

anexample（x，y）inthiscaseissimplyyf（x）．

Thefo1lowingTheorem4・4・1impliesthatwithhighprobability，thegener－

alizationerrorofanymajorityvotehypothesiscanbeboundedintermsofthe

numberoftrainlngeXampleswithmarginbelowathresholde，Plusanadditional

termthatdependsonthenumberoftrainingexamples，VC－dimension［79，46］

OfHandthethresholdO・Notethatthetheoremapplie＄tOeVerymajorityvote

hypothesiB，regardlessofhowitiscomputed．・

TlleOrem4・4・1√7，鱒／エeまβ占e也ぬ孟わゐむ如れOUeγ∬×（－1，＋1），αmdJe孟∫みe

αβαγ叩Jeq′me∬αmpねβCん0βemれdepeれdeれ軸α亡和れd8mαCCOrd如わβ．虫押印

兢eあがeん卯0舌加β由叩αCe月■加β1／じd豆meγもβ血d，αmdJefJ＞0．A捌me伽f

m≧d≧1・乃eれⅦ鵡クmあα占血yαまJeαβ孟1－∂0γer銑emれdomcん0豆ceqr払e
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血豆廟βdβ，eリ叩ひ吻如dα脚αタe匝d如才∈Cβα瑚朗伽JoJg血れgあ川乃d

軸梱≦0］≦軸相羽十0（去（響＋1頼′2）

ThefonowingTheorem4・4・2imphesthatthefractionoftmiingexamples

forwhichyf（x）≦OdecreasestozerOeXPOnential1ywiththenumberofbase

bypotheses（boostingiterationT）・

馳帥m4A2J呵g呼卯βe鮎毎ekαm両軸摘んm存αy，α．伽励如e〝

りdげノ刷JJい…ノミJtイ〟′酬い∫・′州川′′・J旬」・M…・・止∫′・－…J・・ト如い〃州川J／J・

M和ん混血わ如mrβ亡1，亡2，・‥，叶・伽か叩β，鮎♪Jわ血タれe両軸

ん0んお．

昂拍）【〟（∬）≦q≦Ⅲ　頑γ（1一亡孟）1＋β

取omtheabovetwotheorems，theAdaboostalgoritlmisfoundtoproducea

largermarginhypothesisonthetrainingexampleset（TheDrem4・4・2）andthen

toyields血al1ergenerali2ationerror（Theorem4・4・1）・Itcanthusdealwiththe

oridnal1y8mal1－margininstanCeSthatcorrespondtotheinffequentanddi鮎ult

expressionsfromtheviewpointofnatural1anguageprocessing・

4．5．ExperimentalResults

weperformedapreliminaryevaluationusingthehst8，939Japanesesentences

inayear，svolumeOfnewspaperardcles［57］・We‾arstautoma扇callysegmented

andtaggedthesesentencesandthenrevisedthembyhand・Thetotalnumberof

wordsinthehand－revisedcorpuswas226，162・Wetraindourtagmodelsonthe

corporawitheverytenthsentenceremoved（startingwiththefirstsentence）and

thentestedtheremovedsentences・Therewere22，937wordsinthetestcorpus・

AsthehtindicatorofperformanCe，WeteStedahand－Craftedtqgmodelof

JUMAN［52］，themostwidelyusedJapaneSepa血hspeechtagger・Thetagging

accuracyofJUMANforthetestcorpuswasdnly92・0％・Thisshowsthato
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COrPuSis di伍culttotag beca11Sethe仁Orp－1S COntains various genres oftexts，

ranglngfromobituariestoeditorials・

Next，WeCOmparedthemiⅩtureOfbi－gramSandthemixtureofhierarChical

tag contexttree6．Inthisexperiment，Onlypost－pOSitionalparticlesanda11Ⅹiト

iarieswereword－levelelementsofbasicia9Bandallotherelementswereinthe

Subdivisionlevel．Incontrast，abi－grammOdelwasconstruCtedby11Singthesub－

divisionlevel．Wesettheiterationn11mberTto5，Theresultsofourexperiments

aresummarizedinFigure4・5・
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Figure4．5．ContextTreeMixturevs．Bi－gramMixture

Asasingletree．estimator（NumberofMixture＝1），thehierarchicaltag

contexttreeattained94－1％accuracy，Whilebi－gramyielded93．1％．Ahierarchical

tagcontexttreeoqersaslightimprovement，butnotagreatdeal．Thisconclusion

agreeswithSchiitzeandSinger’sexperimentsthatusedacontexttreedfu5pal

part－0トspeech・

Whenweturntothemixt－1reeStimator，agreatdi鮎renceisseenbetween
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hierarchicaltagcomtexttreeSandbi－gramS・ThehierarchicaltagcontexttreeS

producedbythemisiake－drivenmidureapproachgreatlylmprOVedtheaccuracy，

andover－fittingdatawasnotSerious・ThebestandworstperformanCeSWere

96．1％（NumberofMixture＝3）and94・1％（NumberofMixture＝1），reSpeCtively・

ontheotherhand，theperformanCeOfthebi－grammixturewasnotsatisfactory・

Thebestandw。rStPerformanceswere93・8％（NumberofMixture＝2）and90・8％

（NumberofMixture＝5），reSpeCtively・

Fromtheseresults，WemaySaythatexceptionalconnectionsarewellcaptured

byhierarchicalcontexttreeSbutnotbybi－gramS・Bi－gramSOfsubdivtsionaretoo

generaltoselectivelydetectexceptions・

4．6．RelatedⅥねrk

Althoughstatisticalnatural1anguageprocessinghasmainlyfocusedonMaximurn

Lik。Iih。。dEstimators，［65］proposedamixtureapproachtopredictnextwords

byusingtheContextTreeWeighting（CTW）method［81］・TheCTWmethod

computesprobabilitybymiⅩingsubtreesinasinglecontexttreeihBayesian

fashion．AlthoughthemethodisveryefRcient7itcannotbeusedtoconstruct

hierarchicaltagcontexttreeS・

vari。。Bkinds。f，e＿S。mPlin。teClmiqueshaNeムeenstudiedinstatistics［24，25】

andmachinelearning［2，37，27］・TheAdaboostwasdesignedtoconstruCtahigh－

performanCepredictorbyiterativelycallingaweakleamingalgorithm（which

isslightlybetterthanarandomguess）・Anempiricalworkreportsthatthe

methodgreatlyimprovedtheperformanceofdecisionTtree，k－neareSt－neighbor，

and。th。，1。ami。gmethodsgivenrelativelysimpleandsmal1data［26］・We

usedthealgorithmtodetectexceptionalconnectionsandfirstprovedthatsuch

are－Samplingmethodisalsoeff6ctiveforapracticalapplicationuslngalarge

amountofdata．Thenextstepisto丘11thegapbetweentheoryandpractice・

M。Stthe。reticalworkonre－Samplingassumesi・i・d・（identical1y｝independently

distrib。ted）samPles．Thisisnotarealisticassumptioninpart－Of－5pe9Chtagging

andotherNLapplicationsbecausetheyusuallylnVOIveoptimizationthatuses

dynamicprogramming・Aninterestingfutureresearchdirectionistoconstructa
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theorythathandle5theMarkovprocesses・

4．7．Summary

Thischapterhasdescribedanewtagmodelthatusesamistake－driven

approachtoprodllCehierarchicalta9COnteXtlreesthatcandealwithexceptional

COnneCtions whosedetectionis not possible atthe simplepart－Of・SpeeChlevel．

OurcxperimentalresultsshowthatcombininghierarchicaltagconteEttreeSwith

themislake－drivenmi血reapproachise鮎ctiveforl．incorporatingexceptional

connectionsand2．avoidingdataoverTfitting・Althoughwehavefbc11Sedonpart－

Of－SpeeClltagginginthischapter，the mistake－drivenmiduremethodisllSefu1

forotherapplications．ThenextchapterdeBCribesaJapanesedependencyparser

that boostsdecisiontrees．
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Chapter5

Mistake－Driven Mixture

ApproachtoDependency

Analysis

Withtherecentavauabilityoflargeannotatedcorpora）thereisgrowinginter－

estinstochasticparsingmethodstoreplacelabor－intensiveru1ecompilationby

automatedleamingalgorithms・Conventionalparserswithpractical1evelBOfper－

formanCerequireanumberofsophisticatedru1esthathavetobehandぺra氏edby

humanlh伊1ists・Itistime一∽nSumingandcumbersometomaintaintheserules

forthefo1lowing・tWOreaBOn＄．

i

〔

≧

i

●Therulesarespecifictotheapplicationdomain．

●Specificru1esfbrhandlhginfrequentexpressionscreatesidee鮎cts．Such

ru1esoftendemioratetheoverallperfomanceoftheparser・Itisgeneral1y

difRculttodecidewhethertoincludeaspecificrule）particularlywhenthe

numberofrulesbecomeslarge．

Thestochasticapproach，Ontheotherhandlhasthepotentialtoovercome

thesedi侃culties・BecauseiもinducesstochaBticru1estom血eovefall．pHer－

formanCeagainsttrainingdata）iもnotonlyadaptstoanyapplicationdomain

butalsoavoid＄OVer－fittingthedata・Nowthatmachineleamingteclmiquesare
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matureenoughtodealwithreal－WOrldapplications，itispromisingtoconstruCt

practicalparsersbyusingmachinelearningmethods・

hthelate80sandearly90s，theinductionandparameterestimationofprob一

曲ili血…nt由触騨禦ma指（PCF御伽C叩OraW那加も涙雨y血鵬d・

BecausethesegrammarsCOmpriseonlynonterminalandpartJLspeeChtagsym－

boIs，thei叩erformanCeSWerenOtgOOdenoughtobeusedinpracticalappuca－

tionsP］・Abroaderrangeofinformation，inparticular1exicalinformation，WaS

foundtobeessentialindisambiguatingthesyntacticstru血resofreal－WOrldsen－

tences．spATTERparser［56］replacedthepurePCFGwithtranSformation（ex－

tensionandlabeling）rulesthatareaugmentedwithanumberoflexicalattributes・

ThepamrcontrOuedapplicationsofeachru1ebyuslngthelexicalconstraints

resultingfromusingadecisiontreealgoritlm［3］・TheSPATTERparserattained

86％accuracyandfirstmadestochasticparsersapracticalchoice・Theothertype

ofhigh－PreCis血parser，Whichisb脱dondependencyanalysis，WaSintroduced

byCollins［16］・Depende郎yanalysisfirstsegments争SentenCeintosyntactical1y

meaniIlgfu1sequencesofwordsandthenconsidersthemodiRcationofeachseg－

mcnt．collins・parsercomputesthelikelihoodthateachsegmentmddi£esthe

other（2termrelation）byusinglargecorpora・Thesemodificationprobabiuties

areconditionedbyheadwordsoftwosegments，thedistancebetweenthetwo

segmentsandothersyntactichatures・AlthoughthesetwoparserBhaNeShown

simiLarperfbrmance，thekeystothdrsuccessesareslightlyd肋ent・SPmR

parserperformancegreatlydependsonthefeattueselectioncapabiutyofthe

decisiontreealgoritlmratherthanitslinguisticrepresentation・Ontheother

hand，dependencyanalysisplaysanessentialroleinCo11ins，parserforefRciently

extractinginformationfromcorpora・

ThischapterdescribesapracticalJapaneSedependencyparserthatusesde－

cisiontrees．IntheJapaneSelanguage｝dependencyanalysishasbeenshown

tobepowerfulbecausethesegment（bunsetsu）orderinasentenceisrelatively

unreStrictedcomparedtoEuropeanlanguages・

JapaneSedependencyparsersgeneral1yproceedinthreesteps・・

1．SegmentasentenCeintoasequenceofbunsetsu・
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2．Prepareamodificationma七rix）eaChvalueofwhichrepresentshowone

bunSetSuislikelytomodifyanother・

3．Findoptimalmodi丘cationsina・SentenCebydynamicprogramming・

Themostdi伍cultstepi5thesecond：howtoconstructasophisticatedmodifica－

ti。nmatriⅩ．WithconventionalJapaneseparsers，thelinguistmustclassi＆the

bunSetS11andselectappropriatefeaturestocomputemodi丘cationvalues・The

parser8alsosu鮎rfromthediversityofapplicationdomainsandthesideeffects

Ofspeci丘cru1es．

StochasticdependencyparserslikeCo11ins，，Ontheotherhand，defineaset

ofattributesandconditionthemodi丘cationprobabilitiesbyalloftheattributes

regardlessofthebunsetsutype・Thesemethodscanencompassonlyasmal1

numberoffeaturesiftheprobabilitiesaretobepreciselyevaluated鈷・Oma丘nite

n11mberofdata．OurmethodconstruCtSamOreSOphisticatedmodificationmatriⅩ

byusingdecisiontrees・Itautomatical1y＄electsasufEcient鱒umberofsignificant

attrib11teSaCCOrdingtothebunSetSutype・Wecanthususeanarbitrarynumber

ofattrib11teSthatpotential1ylnCreaSeparSlngaCC11raCy・

Natural1anguagesarefu1lofexceptionalandcolloqulalexpressions，・andit

isdi伍cultfbrmachineleamingalgorithms，aSWellashumanlinguists，tOjudge

whetheraspecificruleisrelevantintermsofoverallperformanCe・Becausethe

maximal1ikelihoodestimator（MLE）emphasizesthemost丘■equentphenomena，

aneXCePtionalexpressionisplacedinthesamedassasafrequentone■Totackle

thisproblem，WeinvestigatethemiⅩtureOfsequential1ygenerateddecisiontrees・

Speci丘cally，WeuSetheAdaboostalgorithm［27】asinChapter4・Thealgorithm

iterativelyperformStWOprOCedures＝

1．construCtadecisiontreebasedonthecurrentdatadistribution

2．updatethedistributionbyfocusingondatathatarenotwellexplainedby

tbeconstructedtree

Thefinalm。dificationprobabilitiesarecomputedbymiⅩingallofthedecision

treesaccordingtotheirperformance・Thesequentialdecisiontreesgradual1y

changefrombroadcoveragetospeCi丘cexceptionaltreesthatcannotbecaptured
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byageneraltree・Inotherwords，themethodincorporatesnotonlygeneral

expressionsbutalsoinfrequentspeCificones・

Therestofthischapterisorganizedasfollows・Section5・1summarizesthedeT

pendencyanalysisfortheJapaneselanguage・Section5・2introducesourfeature

settingforleamingandthenexplainsdecisiontreemodelsthatcomputemodifiT

cationprobabilities・Section5・3presentsexperimentalresultsobtainedbyusing

theEDRJapaneseannotatedcorpora・Section5・4relatesourparsertoother・re－

seardh＆ombothnaturallanguageprOCeSSingand・maChinelearnlngViewpoints・

Final1y，Section5・5givesthesummary・

5．1．DependencyAnalysisinJapaneseIJanguage

ThissectionoverviewsthedependencyanalysISintheJapaneselanguage・The

parsergeneral1yperfbrmsthe払1lowingthreesteps・

1．SegmentasentenCeintoasequenceofbunSetSu・

2．Prepareamodificationmatrix，eaChvalueofvhichrepresent＄howone

bunsetsuislikelytomodifytheother・

3．Findoptimalmodificationsinasentencebyadynamicprogrammingtech－

niq11e・

BecausetherearenoexplicitdelimitersbetweenwordsinJapaneSe，input

sentencesarefirstwordsegmented）Part－Of－SpeeChtaggedandthenclmnkedinto

asequenceofsegments（bunsetsu）・BunSetSubasical1yconsistsofasetofnon－

functionwords＋functionwords，althoughitsde丘nitiongreatlydependsonthe

uscrandusage・Inoursystem，WOrdsegmentationandpart－OLspeechtagglngare

perfbrmedbyaJapanesemorphologic■alanalyzingprogramCal1edChasen［60］・

ThentheoutputfromthetaggerispassedtoanautomaticbunSetSuSegmenter

devel。PedbyFujio［28］・ThebunSetSuSegmenterisimplementedinPerland

containsl，311ru1esintheformofregularexpressionstodeteminethebunSetSu

boundaries．Thefirststepyields，forthefo1lowingexample，the＄equenCeOf

bunsetsudisplayedbelow・TheparenthesisintheJapaneseexpressionsrepresent

theint。，nalstruCtureSOfthebunsetsu（wordsegmentations）・
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Example：昨日の夕方に近所の子どもがワインを飲んだ

（（昨日）（の））（（夕方）（に））（（近所）（の））（（子ども）（が））（（ワイン）（を））

た豆陀仙れO y肌タαfかれ豆　た妬かれ0　　加dom叩α　　ひα盲恥W

訂eβ‡eγd呼NO eVeれ加計NI　陀如舶αトNO Cん盲肋e7かGA　　ひれe－WO

（（飲ん）（だ）

れOm祝＋ね

励句読＋PAST

ThesecondstepofparsingistoconstruCtamOdi且cationmatrixwhosevalues

representt，helikelihoodthatonebunsetsumodifiesanOtherinasentence．

IntheJapaneselanguage，almostal1practicalparsersassumethefbllowlng

twoconstraints［83］・Althoughthereareasmal1number ofexceptions（i・e．，

inversion）forthesetwoconstraints，themajorityofthemcanbeavoidedby

devisingcorpusannOtationsandbunsetsudefinition＄・Thesetwoconstraintswith

Carefu1bun声etSude丘nitionscanimprovetheparslngperformanCebyc11ttingoff

excessivemodificationcandidates．

1．EverybupsetsuexceptthelastonemodiResonlyoneposteriorbunSetSu．

2．Nomodificat，ioncrossesto othermodificationsinasentence．

Table5．1illustratesamodificationmatrixfortheexamplesentence．Inthe

matrix，COl11mnSandrowsrepresentanteriorandposteriorbunsetsuB，reSpeCtively．

Fc．rexample，the丘rstbunsetsll‘kinou－nO’modiGesthesecond‘yuu9ala－ni’with

8COreO．70andthethird’kirdo－nO’withscoreO．07．Theaimofthischapteristo

generateamodificationmatrixbyu5ingdecisiontrees・

Thefinalstepofparsingoptimizestheentiredependencystructurebyusing

thevaluesinthermodi丘cationmatrix．Achartpar5ingalgorithm［44］isadopted

todeterminetheoptimaldependencies（bestparse）．

Beforego．1ngintothedetai1softheproposedmethod，Weintroduceherethe

notationsthatwi11beu占edinthischapter．LetSbetheinputsentence．

general1ycomprisesabunSetSuSetBoflengthm（（＜bl，fl＞，…，＜bm，ん＞）），

inwhichbiandhrepresenttheithbunSetSuanditsfeat11reS．Wedefine●D．as

m。dificati。nSet；D＝（mod（1），・・・，mOd（m－1）），inwhichmod（i）isthebuns云七Su

modifiedbytheithbunSetSu・－Becauseofthe丘rstassumptionabove，thelength
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巌m和一れ0

押岬血壷　0・70　押岬血血

抽功一れ0　　0・07

加加m叩α　0・10

ぴα∽一び0　　　0．10

れαm闇－ね　　　0．03

0．10　　たわゎ0－れ0

0．10　　　0．70　　如血mローダ¢

0．10　　　0．20　　　0．05　　Ⅷα点かWO

O．70　　　0．10　　　0．95　　　1．00

Table5．1．ModificationMatriⅩforSampleSentence

ofDisalwaysm－1・Usingthesenotations，theresultofthethirdstepfbrthe

examplesentenceisDbeS舌＝（2，6，4，6，6）aBShowninFigTre5・1・

伽∴を⊥適職まnokふ油日．

Figure5・1・ModificationSetforSampleSentence

5．2．Decision取eesforDependencyAnalysis

5．2．1IJinguisticFeatureTypesUsedforLearnlng

Thissectionexplainstheconcretefeaturesetusedforleaming・Outoffl，…，ん，

wec。nStruCtth。featuresetfijforthetwobunsetsubiandbj，Whichformeach

pieceofthemodificationdata・Weusethirteenfeaturesforahj，tendirectly

fromthetwobunSetSu－underconsiderationandthreefortheotherbunsetsu

inf。rmationsummarizedinTbJble5・2・

Eachb。nSetSu（anteriorandposterior）hasthefivefeaturesshownasNo・1to

No．5inThble5．2．FeaturesNo・6toNo・8arerelatedtobun＄etSupairs・Both
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No．TwoBunset，S11　　　　　　　No．Others

1　1exicalinformationofheadword　6　distancebetweentwobunSetS11

2　part－Of－SPeeChofheadword　　　7　particle‘wa，betweentwobunsetsu

3　typeofbunBetSu　　　　　　　8　punCtuationbetweentwobunSetSu

4　　punctuation

5　　parentheses

Table5．2．LinguiBticFbatureTypeSUgedforLearnlng

FeatⅦre ValⅦeS

2サ変名詞，感動詞，記号，形式名詞，形容詞，固有名詞，時制相副詞，時相名詞，人名，数詞，

接続詞，地乳陳述副詞，程度副詞，動乱動詞性接尾辞，発言副詞，評価副瓢頻度副詞，

普通名詞，副詞，副詞形態指示詞，副詞的名詞，名詞形態指示詞，名詞性名詞助数軌

名詞性名詞凄尾辞，名詞接続助詞，名詞接頭辞，様態副詞，量副詞，連体詞，形態指示詞

3きり，くらい，けど，けれど，けれども，こそ，こと，さ，さえ，し，しか，じゃ，すなわち，すら，て，

で，でも；ぜ，そして，それに，ぞ，ため，だけ，だって，だの，つけ，つたら，つて，つつ，と，

とか，とも，ども，な，なあ，ない，ないし，ないしは，ながら，など，なら，ならびに，なり，

なんか，なんて，に，ね，の，のみ，は，ばかり，へ，ほど，また，または，まで，も，もしくは，

もの，もめの，や，やら，よ，よう，より，る，わ，を，サ変名詞，意志，括弧開，感動詞，基本㍉己号，

及び，共，形式名詞，形容乳形容詞性述語接尾辞，固有名詞，語幹，時制相即瓢時相名詞，

条件，人乳推量，散乱接続軌地名，中，陳述副詞，程度副詞，動詞，発言制札評価副詞，

頻度副詞，普通名瓢副詞，形態指示詞，副詞的名乳並びに，又は，未然，名詞形態指示詞，

名詞性述語接尾辞，名詞性名詞助数辞，名詞性名詞接尾辞，命令，様態副詞，

量副詞，連体，連体詞，形態指示詞，連用

4　　no，読島句点

5　　no，‘，（，，「，r，【，〈，【，’，，），〉，」，J，】，］

6　　A（0），B（1－4），C（≧5）

7　　　yes，nO

8　　　y朗，nO

Table5．3．PossibleValuesforEachFbat11re
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No．1andNo．2concerntheheadwordofthebunsetsu・No・1takesvaluesoffre－

quentwordsorthesauruSCategOries［40］・No・2，Ontheotherhand，takesvalues

ofpart－OLspeechtags・No・3dealswithbunsetsutypesconsistingoffunctional

wordchunksorpart－Of－SPeeChtagsthatdominatethebunsetsu，ssyntacticchar－

acteristics．No・4andNo・5arebinaryfeaturesandcorrespondtopunctuation

andparentheses）reSpeCtively・No・6representshowmanybunSetSueXistbetween

thetwobunsetsu．PossiblevaluesinoursettingareA（0），B（0～4）andC（≧5）・

No．7dealswiththepost－pOSitionalparticle‘wa，whichgreatlyinfluencesthe

long－distancedependencyofsubject－Verbmodifications・Finally，No・8addresses

thepunctuationbetweenthetwobunSetSu・Thedetai1edvaluesofeachfeature

typearesummarizedinTable5・3・

rrhedatafbrthedecisiontreeleamingcompriseanyunOrderedcombinationof

twobunSetSuin＿aSentenCe，ThefeaturesusedforleamingareLfomthelinguistic

informationshowninTable5・2・％ble5・4illustratesthesamPledatagenerated

fromtheexamplesentencediscussedinSection5・1・t－nOunandc－nOuninthe

tal）1erepresentthetemporalnounandthecommonnoun，reSPeCtively・Notealso

thatnoinitalicandnoinRomanmeantheJapanesepostpositionalparticle‘no7

andabinaryvalue‘no），reSpeCtively・

Eachofthefirsも13rowscorrespOndstothefeaturesshowninTable5▲2・The

first5andthesecond5rowsrepresentNo・1toNo・5featuresforbothanterior

andposteriorbunSetSu・Theremaining3featureshandleNo・6toNo・8ftaturesin

this。，de，．Th。1a5trOWtakesthebinaryclassvalues（yesandno）thatdelineate

whetherthedata（thetwobunsetsu）haveamodificationrelationornot・Inthis

setting，thedecisiontreealgorithmautomatical1yandconsecutivelyselectsthe

significantfbaturesfordiscriminatingmodify／non－mOdify（yes／no）relations・

5．2．2　StochasticModelandDecisionTrees

ThestochasticdependencyparSeraBSignsthemostplausiblemodificatiomset

DbesttOaSentenCeintermsofthetraimingdatadistributionasequa七ion（5・1）・

βムeβt＝叩mα∬かP（印）＝叫叩叫㌦（かlβ）　　（5・1）

Althoughmodificationsinasentehceareinfactdependentoneachother，aSil－
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Anterior Posterior Others ClaBS

1　　　　　2　　　　3　　4　　5　1　　　　2　　　　3　　　4　　5　　6　7　　8

kino11　t－nOun　nO nO nO yuugata C－nO11n ni no no A no no yeS

kinoⅦ　　t－nO11n　乃ロ　nO・nO kiれjo

kino11　　t＿nOun　陀O nO nO kodomo

kino11　　t＿nO11n　れ8　nO nO Wain

kinou t＿nOじn　†批Il刀O nO nOmu

C－nO11n　γ10　　nO nO B no no nO

no no B no no no

no no B no no no

C－nO11n　タα

C－nO11n　　址昭

verb veTb no no B no no no

no kiIか

no bdomo

n

n

C一皿O≠n　　れ甘　　nOy1111gata・

y11Ⅶgata

C Olm　れO nO nO A no no no

no no B no no no

no no B no no no

C－　Olm　タ¢

C一皿O11皿　　WO

verb verb

yuⅦgata・C－mOⅦ1巨扇　no no wain

y11ug乱ta C－nO11n†l豆　no no nomn no no Blno no yeS

ye5

nO

no no A no no

no no B no no

Oul＝卵

Olm t〟∂

b verb

C－n

C－n

Ver

C－n

Ver

VeT

kiヰio C－nO11n　乃O nO nO kodomo

kinjo c－nO11n nO nO nO　Ⅷn

ki両0 C－nOu二n‾　†川IlnO nO nOmu no no B no no no

no A no no nokodomo c－nO11n gα　nO nO Waln

kodomo c一皿Oul＝卵　nO nO nOmu

O11n t〟¢　　　nO

b verb no

b verb no

no B no no yes

no A no no yeswain C－nOⅦn t〃O nO nO

Table5．4．TrainingDataGeneratedfromExampleSentence

1ustratedbythetwoconstraintsinSection5，1，itisgeneral1ydi缶culttoe伍ciently

determinewhatrangeofmodi丘cationshouldbeconsideredintheonlinecomplト

tationofmodificationprobabilityoftwobunSetSuS・Inaddition，thelearnlngOf

SuChdependencieswo111drequirelargeamountsoftrainingdata・Wethusadopt

the11SualindependenceaBS11mptionfbre伍cientlearnlngfi・Omalimitedamount

oftrainingdata・Byassumingtheindependenceofmodifications，P（DiB）canbe

transformedasequation（5・2）・P（yeBlbi，ち，J；j）meanStheprobabilitythatapair

ofbunSetSubian■dちhaveamodi丘cationrelationshipgiventhe‾featuressetん．

NotethatJijCOntainstheinformationofotherbunsetsudespitetheassumption

ofindependence・Inotherwords，featuresfromotherbunSetS11Sarealsoassumed

to decidewhetherthetwobunSetSuShaveamodi鮎ationrelationship．■We11Se

decisiontreestodynamical1yselectappropriatefeaturesforeachcombinationof

bunsetsus（T嵐ble5A）・
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P岬lβ）＝ⅢP（y錯1れ，らj，ん）
l＝l

（5・2）

盲

Let。Sfirstc。nSid。rthesingletreecase・WeshghtlychangedC4・5［66］proT

gramStObeal）letoextradclasshequenciesateverynodeofthedecisiontree

becauseourtaSkisregressionratherthanClassification・Thcfouowingwi11ex－

plainhowadecisiontreeiscon由uctedinC4・5・Thealgorithmisgivensamples

offeature－ValuevectorsaSSOCiatedwiththeirclasslal）els・Table5・4showsthe

samplesgener油dfromtheexamPlesentence・Thefirsttaskofthealgorithm

toconstruCtadecidontreethatcompletelyclassifiesthesesamPles・TheC4p5

programrecursively・SPutSthe－Samplesbyselectingafeaturethatmaximi2H3Sa

bewi如c鮮血血加dted乱

LetSandC㌧beasetofsamples・andtheith（totalnumber＝k）class，

respecdvely・freq（Ci，S）repre狐tSthenumberofsamplesinSthatareclassified

q・ISlandmrepfeSenttheTumberofsampleBinSandthenumberofsputs・
c。nSid。，arand。mSamplefromSclassifiedq・Theprobabihtyoftheeventis

Jr印（q，g）

151

TheinfbrmationoftheeventcanbecomptltedaB

－J・一ソこ

Jγ印（q，g）

l・ざ．

BytakingtheexpeCtationoverS，

刷）＝一皇′γ晋β）
j＝1

最ね．

×Jo如
才re曾（q，判

例
鮎ね

istheentropyofS・

FortrainingsamplesT，info（T）representstheaNerageinformationtoclassify

asamPleinT・Simihrly，Wedefineinfof（T）whichisaNerageinformationwhen

職印批r毎血nga鎚a餌代J・

輌（T）＝甜×瑚）
Thesphtofthedatabyusingafeaturefisusefulonlywhenthepredictionof

thedaBSeSbecomeseasier・hotherwords，theclassdistributionshouldbemore
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concentrated．Totesttheusefu1nessoff，WeCanutilize9ain（f），Whichisthe

di鮎rencebetweeninfo（T）andinfo／（T）・

卵m（J）＝可0（r）一由げり（れ

Because9ain（f）tendstobiaBthefeaturewithmanyq）hts，Weintroduce9ainJaiio（f）

byregularizingthe卵in（f）overthefo1lowingspliLinfo（f）・

姉血棚＝一差岩沼堵

関れ相加（J）＝
タαわ（J）

由比血♪（′）

㌻

【

【

」

」

L

AlthoughthecomstruCteddecisiontreecanCOmpletdyclassifythetrai血g

samples，itdoesnotathieveveryhighperformanceagainstoutside（unknown）

samples・TbaNOidcrver－fittingtrainingsamples，thesecondtaskispmigthe
constrllCtedtree．TheC4．5programemploysapruningtechmiquebasedon七he

statisticaltestinwhichtheconGdenceleⅦ1varies丘omO％tolOO％・Thesmal1er

theconfidencelevelis，themorethedecisiontreeispruned，

Figure5・2i11ustratesthesimplifiedversionofanunpruneddecisiontree・The

treeisgenerated肋mthetrainingdatashowninTable5・4・Eachnodeandedge

inthetreeislabeledwithafeaturenameanditsvalue，reSpeCtively・ThismeanS

thatthedataare8Plitbythefbatureaccordingtoitsvalues・ThesefbatureBand

valuesareselectedinordertomaximal1ysepaJ・atedasslabelsofthedata・The

final1y8epa∫atedclaBSValuesareattachedto6achleafnodeofthetree・Inthe

currentexample，thedecisiontreehstselectsthefeatureDigtanceatthetop

node．IfitsvaluもisAandthevalueofthenextfeatureanteriortypeisno，the

classofdatai5thendeterminedasyes・Therestofthedatacanbecorrectly

clagsi丘edinthesameway．Noteherethatwecanextracttheclass軸encies

fromeachnode．Fbrexample，thecirclednodeofdepthlstores5examplesof

Table5．4whosedistanCeⅦ1uesareA．ThechiSS軸encyatthisnodeis（yes，

no）＝（3，2）．Wecanthuscomputeatthisnodetheprobabilityofyesas3／（3＋2）

＝0．6．

InthecaBeOfthepruneddecisiontree〉WeCanalsocomputetheprobability

fbT（yeslbi，bj，hj），WhichistheLaplaceestinateoftheempiricallikeuhoodthat
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Distance

Anヒ．

ヒype

乃8

yeS

0血r

ve祓

yS

oJ九erJ

Post．

type nO

血朋

0

Post．

ype

由比．

ver∂　type

乃

nO

0めe門

yeS

Figure5・2・SimpleDecision取eeGeneratedfromExampleData

bimOdi丘e＄bjattheleafoftheconstructeddecisiontreeDT・Note・thatitis

necessarytonormalizeZbT（yesIbi・bj，jij）toapproximateP（yeslbi，ち，fLj）・By

consideringallcandidatesposteriortobl・P（yesLbi，bj，h）is・COmputedusinga

heuristicru1e（5．3）・SuchanormalizationtechiqueisalsoutilizedbyCo11ins【16］・

Itisofcoursereasonabletonormalizeclassfrequenciesinsteadoftheprobability

pDT（yes［bi，b”jh）・Equation（5・3）tendstoemphaBizelong－distancedependencies

morethaninthecaseoffrequency－basednormalization・

ア打（ye抽，ち，ム訂

‾∑毘ijもT（押抽，わj，ん）ア（ye抽，毎ん…，ん）～ （5．3）

LetuBeXtendtheabovetouse・aSetOfdecisiontrees・Asbrie且ymentioned

atthebegimingofthechapter｝anumberofinfrequentandexceptionalexpres－

sionsappearinanynatural1anguagephenomena；theydeterioratetheoveral1

performanCeOfapplicationsystems・ItisalsodifBcultfbrautomatedleaming

systemstodetectandhandletheseexpression岳becauseexceptionalexpressions

areplacedinthesameclassasfrequentones・TotacklethisdifBculty，Wegenerate

asetofdecisiontreesbyintroducingtheAdaboost［27］algorithmi11ustratedin
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ヨ

〔

r

rIbble5・5・Thealgorithmfirstsetstheweightstolforal1（tmining）examples（2

inrrhble5・5）andrepeatsthefo1lowingtwoproceduresTtimes（3inTable5・5）・

1．AdecisiontreeisconstruCtedbyusingthecurrentweightvec七Or（（a）in

Table5．5）

2．Thesametrainingdataarethenparsedbyusingthetree，andtheweights

ofcorrectlyhandleddataarered11Ced（（b）and（c）inl泡ble5．5）

L

■

【

i

】

】

i・

E

1．hp11t：Seq11enCeOfNtrainlngeXamples＜el，Wl＞，・・・，＜eN，WN＞inwhich

eiandwirePreSentaneXampleanditsweight，re8Pedively・

2．Initiali盗etbeweightvectort〟i＝1hr盲＝1，・，＝．，〃

3．Dofbrf＝1，2，‖．，r

（a）CallC4．5providhgitwiththeweightvectorwiSandCon5truCtamOdi丘－

Cationprobabilityset九t

（b）L9tErrwbeasetoftrainingexample8thatarenotidenti£edby

Comp11tethepse11doerrorrateofht：

句＝∑に助，灯明／∑た1叫

if∈t≧圭，tbemabortloop

ごi～＝丁㌔

（c）Fbrtrainingexamplescorrectlypredictedbyh電，11pdatetheweightsvector

tobe叫＝叫属

4∴Output・a負nalprobabilityset＝

九∫＝如擁擁）
Table5．5．CombiningDecisionneesbyAdaboostAlgorithm・

ThefinalprobabilitysethfisthentomputedbymiⅩingTtreesaccording

totheirperfbrmanCe（4■in％ble5・5）・UsinghJinsteadofPbT（yesrbi，♭j，ん）in

equatiom（5．3）generatesaboostedversionofthedependencyparser・Theseq11en－

tialdecisiontreesgradual1ychangefrom－broadcoverage・tO・SpeCificexceptiona1
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treesthatcannotbecapturedbyageneraltree・Imotherwords，themethod

incorporatesnOtOnlygeneralexpressionsbutalsoinfrequentspeci五cones・

5．3．ExperimentalResults

TheproposedparserwasevaluatedbyusingtheEDRJapaneseannotatedcor－

pust23］・Theexp占rimentconsistedoftwopartS・Oneevaluatedthesingle－tree

parserandtheother七heboostedcounterpart・Intherestofthissection，parSing

accuracyrefersonlytoprecision，thatisihowmanyofthesystem’soutputsare

correctinterm80ftheannotatedcorpus・Wedonotshowrecallbecauseweas－

sumeeverybunSetSumOdifiesonlyon色posteriorbunset＄u・Thefeaturesusedfbr

leamingwerenon－h’云adwordfeatures，（i・e・，typeS2to8inT嵐ble5・2）・Section5・9

investigatesthelexicalinformationofheadwordssuchasffequentwordsandthe－

sauruSCategOrie＄・Beforegolngintothedetai1softheexperimentalresults，We

summa血eherehow．trainingandtestdatawereconstructed・

1．Afterall＄entenCeSintheEDRcorpuswereword－Segmentedandpart－Ofl

＄peeChtagged）theywerethenchunkedintoasequenceofbunSetSu・

2．Allbun＄etSuPairswere■comparedwithEDRbracketingannOtation（bunー

setsusegmentationsandmodifications）・Ifasentencecontainedabunsetsu

palrinconBistentwiththeEDRannotation，thesentencewaBremOVedfrom

3．Al1dataexamined（totalnumberof＄entenCeS：207，802，tOtalnumberof

bunSetS。：1，790，920）weredividedinto20fi1es・rIhimingandtestdatawere

completelydifEbrentiated・Thetrainingdatawas50，000sentences，Which

werethe丘rst2，500sentencesofthe20fi1es・Tbstdata（10，000sentences）

werethe2，501thto3）000thsentencesofeach丘Ie・

BecausetherearenoexplicitdelimitersbetweenwordsinJapaneSe，theprl－

marytaskis・tOWOrdsegmentandpart－OLspeechtagtheinputsent9nCeS・The

partroLspeechinformationcontainedintheEDRcorpusistoocoarsetobeused

inparslng・Wethusemployedonlybracketinginformationfromthecorpus・Fbr
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thePOStagging，WeuSedaJapanesemorphologicalanalyzingprogramcalled

Cha5en［60］to■makeuseofthewell－grainedtaginformationtoaddressthesyn－

tactic ambiguities．Afterparモー0トspeechtagging，aSequenCeOfbunsetsuswa，S

automaticallygener．atedbyutilizingthealltOmaticbunSetSuSegmenterdevel－

OpedbyFujio【28］・Thebunset5uSegmenterisimplementedinPerlandcontains

1311segmentationrules・

Thesecondstepdetect＄themodificationrelationshipsexistingintheEDR

COrpuS．Duetothedi鮎rencebetweenourdefinitionofbunSetSuandthat11Sedin

theEDRcorpus，SOmediscrepanCie畠ofbunSetSuboundaryoccurred．Weremoved

丘omthedatatho5eSentenCeSthatcontainedthesediscrepancies．Notethatthe

removalhas noe鮎cton theuseofthe resultingparSerbeca11Seal1bunsetsu

S？gmentationsinuseareperformedaccordingtoourbunBetSude丘nition・

ThethirdstepistoconstruCtCOmpletelydi鮎rentiatedtrainlngandtestdata．

Forbothdata，WetOOkthesamenumberofsentences血・Om20diffbremtfi1esin

ordertoavoidimbalancesinthegenresoftexts．

Ⅰ血thesingle－treeeXperiments，WeeVal11atedthefollowingfourpropertiesof

thenewdependencyparser・

●Tteepruning乱ndparsingacc－1raCy

●＿N11mberoftrainingsentencesandparslngaCCuraCy

●SignificanceoffeaturesotherthanHeadwordLeⅩicalInformation

●Signi丘canceofHeadwordLexicalInformation

【

l

5．3．1　PruningandParsingAccuracy

T嵐ble5．6s11mmarizestheparsingaccuracywithvario11SCOnfidencelevelsofprun－

ing．ThenumberoftrainlngSentenCPSWaSlO，000・

InC4．5programS，alargerval11eOfcon丘dencemeansweakerpruning；25％

iscommonlyusedinvariousdomains［66］・Ourexperimentalresultsshowthat

75％pruningattainsthebestperfbmance，i，e・Weakerpruningthanuiual，In

theremaining．single－treeeXt）eriments，WeuSedthe75％confidencelevel・Al－

thoughstrongpruninghandlesin致■equentdataaBnOise，parSlnglnVOIvesmany
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c。nfidenceLeve1　25％　　50％　　75％　　95％

parsingAcc11raCy　82・01％　83・43％　83・52％　83・35％

Thble5．6．PruningConfidenceLevelvs・ParsingAcc11raCy

exceptionalandinfrequentmodificationsasmentionedbefore・Ourresultsindi－

catethatinformationincludedinonlyasmal1numberofsamplesisusefulfor

disambiguatingthesyntacticstruCtureOfsentences・
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Fighre5．3．LearningCurveofSingleDecisionnee

5．3．2　AmountofTrainingDataandParSingAcc11raCy

Figure5・3andTable5・7showhowthenumberoftrainingsentencesinfluencesthe

parsingaccuracyforthepamelO，000testsentences・They・illustratethefollowing

twocharacteristicsofthelearnlngreSulも・

1．Parsingaccuracyrapidlyris鱒uptO30，000sentencesandisalmostAatat

around50，000sentences・
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2．Themaxim11mparSingacc11raCyis84・33％at50，000trainingsentences．

NllmberofTrainingSentences　3000　　6000　10000　20000　30000　50000

ParsingAccuracy　　　　・82・07％　82・70％　83・52％　84・07％　弘27％　84．33％

Table5．7．NumberofTrainingSentencesvs．ParsingAccuracy

Wewilldiscussthemaximumacc11raCyOf84．33％．Comparedtorecentstochas－

ticEnglishparsersthatyield86to87％accuracy［16，56］，OurreSultisnotso

impressiveataglance．Themainreasonliesinthedi鮎rencebetweenthetwo

corporau5ed：PennTreebank［58］andtheEDRcorpus［23］・Penn取eebankis

also11Sedtoinducepart－0仁speech（POS）taggersbeca11SetlleCOrpuSCOntains

Verydetai1edPOSinformationaswellasbracketannotations・Inaddition，En－

glishparsersincorporatethesyntactictagsthatarecontainedinthecorpus・The

EDRcorpus，Ontheotherhand，COntainsonlycoarsePOStags．Wehadtouti－

1izeanotherJapanesePOStagger［60］tomakeuseofwe11－grainedi中）rmationfor

disambig11atingsyntacticstruCtureS■・OnlythebracketinformationintheEDR

corp11SWaBCOnSidere■d．Weconjecturethatthedi鮎rencebetweenthe．parsing

acc11raCiesis d11etO the diEerence ofthe corp11Sinformation available．Other

researchseemstQ＄upPOrtthisconjecture・［28］comstruCtedanotherEDR－baBed

dependencyparserbyusingasimi1armethodtoCollins’【16］・Theperformance

oftheparserwas80・48％precisionwiththesameeValuationmethodasours．

Furthermore，thefbat11reStheyu＄edwereexactlythesameasoursalthoughposT

siblevaluesofeachfeaturewereslightlydifferent．Theya150employedthesame

part－Of－SPeeChtaggerandbunSetSuSegm印ter・Althoughwedonotexactly．know

whatportion・OftheEDRcorpuswasusedaBtheir200）000trainlngandlO，000

testsentencesIaCOmparisonofthetwoparsers，WOuldgivesomeinformationon

thecharacteristicsoftheEDRcorpusbecauseofthegreatsimilarityinbur．set－

tings・Thetwoparsersdifferenceinperformanceprobablyarisesmainly鈷・Omthe

featureselectioncapabilityofthedecisiontreealgorithm．
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5・3・3　Significance ofNon－headword恥atures

Wewi11nowsummarizethesignificanCeOfeachnon－headwordfeatureintroduced

in Section5．2．Theinfluence ofthelexicalinformation ofheadword willbe

discussedinthenexts．ection・Table5・8illustrateshowtheparsingacc11raCy

wasreducedwheneachfeat11reWaSremOVed．Thenumberoftrainingsentences

wa占10，000．Inthetable，antandpostrepresenttheantetiorandtheposterior

bumsetsu，reSPeCtively．

Fbature AccuracyDecrease

antpoSofhead　　　　　　　　　　　　　－0．07％

antbunSetSutype　　　　　　　　　　　＋9．34％

antpunctuation　　　　　　　　　　　＋1・15％

antparentheses　　　　　　　　　　　土0・00％

postpOSofhead　　　　　　　　　　＋2－13％

postbunsetsutype　　　　　　　　　　＋0・52％

postpunCtuation　　　　　　　　　　　＋1．62％

postparentheses j＝0．00％

distanCebetweentwobllnSetSu　　　　　　＋5．21％

punctuationbetweentwobunSetSu　　　＋0・01％

‘wa，betweentwobunsetsu　　　　　　　　＋1．79％

Table5．8．DecreaseofParsingAccuracyWhenEachAttributeRemoved

Table5．8clearlydemonstratesthatthemostsigni負cantfeat11reSareanterior

bunSe七Sutypeanddistancebetweeilthetwob11nSetSu．Thisresultmaypartial1y

supportanoften11Sedheuristicrequiringthatbunsetsumpdificationdistancebe

asshort－rangeaB pOSSible，prOVided themodiGcationissyntacticallypossible．

Thus，WeneedtoconcentrateonthetypesofbunSetSutOattainahigherlevelof

accilraCy．Mostfbatures contribute，tOSOmeeXtent，tOParSingperformanCe．In

ourexperiment，informationonparentheseshasnoeffectohper払rmqnce・The

reasonmaybethatEDR containsonlyasmal1numberofparentheses．One

exceptioninourfbaturesisanteriorPOSofhead・Wecurrentlyhypothesi2：ethat
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thisdropinaccpracyisduetothefollowlngtWOreaSOnS，

●Inmanycases，thePOSofaheadwordcanbedeterminedfromthebunsetsu

type・

●OurPOStaggersometimes■asslgnSVerbsforverb，derivednouns．

5．3．4　Signi負canceofHeadwordLeⅩicalInformation

Wefocusedontheheadwordfeaturebytestingthefo1lowlngfourlexicalsources

withthelO，000trainingsentbnces．The鮎st．andthesecondarethelOOand200

mostfrequentlyocc11mingwords．Thethirdandthefourtharederivedfroma

broadlyusedJap血esethesaurus，WordListbySemanticPrinciples［40］，inwhich

LevellandLeve12classifywordsinto15and67categories，reSpeCtively．

1．100mostFre叩entWOr由

2．200mostflequentwords

3．Ⅵわーd工ノistLevel1

4．ⅥbrdIノistLeve12

HeadwordInfbrmationAdded lOOwords　200words Leve11Leve12

Par5ing．Accuracy　　　　　　83・34％　82．68％　82．51％　81．67％

Tもble5・9・HeadwordInformationvs・ParsingAccuracy

Table5，9displaystheparslngaCCuraCyWheneachoftheabovefourtypesof

headwordlexicalinformationwaBuSedinadditiontothepreviousfeat11reS．In

al1cases，theperformanCeWaSWOrSethan83・52％，WhichwaBthelevelattained

withoutthem・Moresurprisingly，mOreheadwordinformationyieldedworseper－

formanCe・WhydoeslexicalinformationnotimprovetheparslngaCCuraCyeV甲

thoughlexicalinfbrmationisreportedtobeverye鮎ctiveforparsingEuropean

languages？IntheJapaneselanguage，thefunctionalwordssuchaspostpositional
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particlesofferstrongercl11eSfordependencystruCtureSthanistrueinE11rOpean

languages・Notethatthesemostin触entialwordformsareu七ilizedinanOther

feature，typeOfbunsetsu（3in7もble5・2）・Otherlexicalinformationmayhave

tobemoreelaboratetofurtherimprovetheparslngaCC11raCyOfJapanesetexts・

ItmaybehelpfultoincorporatethemorestruCturedlexicalinformation（case

frameinformation）aBin［17］・Wewi11brieflydiscussproblemsinvoIvedinword

statistic5andthesaurusinformationweusedinturn．

Fbrfrequentlyoccumngwords，thereremainsthepossibilitythattheperfbr－

mancewasworsebecauseweconsidereddirectlyalimitednumber（100and200）

ofwords．Otherresearch［28］hasreportedthatconsideringal1contentwordswith

thesameSmOOthingtechniqlユeaSCollinsslightlyimprovestheparsingacc11raCy．

Thepreprocessingoftheheadwordco－OCCurrenCemightbehelpfu1evenfor

ourdeci5iontreelearningmethod・Fbr example，thefeat11reuSed払rlearning

maybeaquantizedco－OCCurrenCeprObabilitybetweentwoheadwords・Anyway，

thesetworesultsindicatethatwordstatisticsdoesnothaveasstronganimpact

inparsingtheEDRcorp11SaSitdoesinEuropeanlanguagecorpora・Thereason

forthiBdi鮎rencemaybethat theEDRcorp11SCOmprisesmorediversegenres

oftextsthanPennrr王eebank（WallStreetJournalarticles）■　Weneedfurther

researchtotestthispossibility・

Theresul七色・OmWordListbySemanticPrinciplesinvoIvesmoresensitiveand

complicatedproblems．First，thecategoriesofthethesauruSmaybetoocoarSetO

beusedinparsing，Second，theentriesofthethesauruSCOntainonly30，000words．

Thesetwoshortcomingsofthethesaurusmaydeterioratetheoveral1performance．

Thus，furtherinvestigationofotherthesaurus［39］andclustering【10】techmiques

mightimprovetheparslngperformance・

Insummary，it may now be safely said，atleastfortheJapanese corpus，

thatwecannotexpectlexicalinformationofcontentwordstoconsistentlymake

Signi負cantimprovementinperfbrmance・

5．3．5　BoostingExperiments

Thissectionreportsexperimentalresultsontheboostedversionofo11rparSer．

Inallexperiments，pruningconfidencelevelsweresetto55％・1もble5，10and
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Fig11re5・4showtheparsingaccuracywhenthenumberoftrainlngeXampleswas

increased・Becausethenumberofiterationsineachdatasetchangedbetween

5and8，Wewi11showtheaccuracybycombiningthefirst5decisiontrees．In

Figure5・4，the中ttedlineplotsthelearningofthesingle－treeCaSe（identicalto
Figure5・3）forthereader’sreference・Thecharacteristicsoftheboostedversion

Canbesummarizedasfo1lowsincomparisonwiththesingle－treeVerSion．

●Theleamingcurverisesmorerapidlywithasmallnumberofexamples．It

issurprislngthattheboostedversionwithlO，000sentencesperformsbetter

thanthesingle－treeVerSionwith50，000sentences．

●Theboostedversionsigni£cantlyo11tperformsthesingle－treeCOunterpartfbr

anynumberofsentences，althoughtheyusethesamefbaturesforleamlng．

NumberofTrainingSentences‖　3000　　6000　10000　20000　30000　50000

ParsingAccuracy　　　　　　83・10％　糾・03％　84．44％　弘74％　84β1％　85．03％

Table5・10・Numberof取ainingSemtencesvs・ParsingAccuracy

Next）Wediscusshowthenumberofiterationsinfluencestheparsingaccuracy・

T嵐ble5・11showstheparslngaCCuraCyforvariousiterationnumberswhen50，000

SentenCeSWereuSedastralningdata．Theresultshavetwocharacteristics，

●ParSingaccuracyroserapidlyattheseconditeration．

●Noover－fittingofdatawasobserved・TheperformanCeOfeachgenerated

treefe11toa；0und30％atthefinalstageofiteration，Showingthatthetre。S

becomemorespecialized．

5．4．　RelatedⅥわrk

We丘rstrelateourworktootherresearchintheparslngCOmmunity．Reccntso－

phisticatedEnglishparsers［56，10］replacedPCFGwithtranSformation（exten－

Sionandlabeling）rulesthatareaugmentedwithseveralattributes，inparticular
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Figure5A・LearningCurveOfBoostingParser

NumberofIteration　1　　2　　3　　－4　　5　　6

parsingAccu∫aCy、弘32％84・93％弘89％・84・86％貼・03％　85・01％

Table5．11■．NumberofIterationvs・ParsingAccuracy

lexicalinformation，However，Weadoptdependencyanalysisbecausewordorder

inJapanese，particularlybunsetsuorder，isrelativelyunreStrictedcomparedto

Europeanlanguages・Ourapproachis，inspirit，SimilartoCollins，dependency－

basedEngliBhparser・Themaindifrerenceliesinthefeatureselectionprocess・A

c。11ins－typeparSer［16，28］prede丘nesasetoffeatu王esandconditionsthemod－

ificationprobabilitiesbyalloftheattributes，regardlessofthebunSetSutyPe・

Themethodcanincorporateonlyasmal1numberoffeaturestopreciselyeval－

uateparameterSfromafiniteamOuntOfdata・Ourdecisiontreemethodoffbrs

moresophisticatedfeatureselectiontoautomatical1ydetectthemostsigni丘cant

featuresaccordingtothebunsetsutype・Thus，We・canuseanarbiもrarynumber

offeaturesthatmaycontributetoparslngaCCuraCy・Thesepotentialfeaturesfor

leaminghavebeenenumeratedinmanypapersonconventionalhand－COmpiled
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ParSerS・Fbrexample，【51，42】considermanyfeatures（typesofcharacters，Similar－

ityofbunsetsusequence，etC．）・Collinsincorporaもessubcategorizationframesin

hisextendedgenerativemodel【17］andreports2・3％improvementofperformance

overhisdependency読odel［16］．SuchstruCturedlexicalinformationalOuldbe

usefulino11rdecisiontreebasedparsers・

TherearealsoBOmeinterestingpoints＆omthemachinelearnlngViewpoint．

Ⅴ甜iolユSkindsofre－SamPlin9teChniqueshavebeenstudiedinstatistics［24，25］

andmachineleaming【2，37，27】・TheAdaboostmethodwasdesignedtocop－

StruCtahigh－PerformancepredictorbyiterativelycallingaweaklearnlngalgoT

rithm（whichis51ightlybetterthanrandomguessing）・Anempiricalworkreports

thatthemethodgreatlyimprovedtheper女）rmanCeOfdecision－tree，k－neareSt－

neighbor，andotherleamingmethods［26，22］・Inthecontextofnatural1anguage

proc占ssing，Chapter4reportsthattheAdaboostimprovestheperformanceofaJ

Japanesepart－Of－SPeeChtaggerthatuseghierarchicalcontexttrees【68，34］・How－

ever，mOStOftheseexperimentsweredonewithasmal1numberofexamples，and

noasymptoticresultswerereported・Wetestedtheproposedalgorithmwithone

millionpiecesoftrainingdata（50，000sen七ences）inareal－WOrldparsingtask．

Ourresultscon丘rmtheusefu1nessoftheAdaboostalgorithminboththerapid－

ityoflearn1ngCurVeimprovementandtheimprovedperformanCeaftersufEcient

data・areglVentOtheparser・

5．5．Summary

Thischapterha5describedanewJapanesedependencyparserthat11SeSdecision

trees．First，Weintroducedaslngle－treeParSertOClarifythebasiccharacteristics

Ofour parser．Theexperimentalresultsshowthatit achievesanaCCuraCyOf

84％o11tPerformingconventionalstochasticparsers・Next，theboostedver＄ionof

ourparserwasintroduced．ThepromislngreS－11tsoftheboostedparsercanbe

summari2；ed as払1low5．

●Anaccuracyof85％，Outperformingthesingle－treeCO11nterpartregardless

OftheamountOftrainingdata・

●Nodataover－fittingwasobservedwhenthenumberofiterationschanged．
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Thisresearchshouldbecontinuedintwodirections，Oneistomaketheparser

availabletoabroadrangeOfresearchersandtousetheirfeedbacktorevisethe

featuresforlearnlng・Second，themethodshouldbetestedwithotherlanguages

suchasEnglish．AlthoughwehavefocusedontheJapaneSelanguage，OurparSer

couldbeeasilymodifiedtoworkwithotherlanguageS，

88



Chapter6

AIDA：AnAdaptiveand

IntegratedDictionaryAgent

6．1．NeedforIntegratingVAriousLanguageRe－

Thischapterreportsanadaptivedictionaryenvironmentcal1edAIDA（皇daptive

and王ntegrated⊇ictionary皇gent）asaconcreteapplicationofcorpus－basednat－

urallanguageprocesslngteChniq11eS．Thefo1lowlngCOmpetitiverequlrementSfor

fbreignlang11agedictionariesmotivatedthedevelopmentofthesystem．

brevityandcontextdependemce Altho一ユghbriefdescriptionsforanentryare

desirable，theysho111dcontainexplanationsandexamplesthatindicatethe

COrreCtuSageOfwords．

generalityandBpeCificityofwordusage Thereare SeVeralkinds ofwords

fromdomain－SPeCi丘cwordssuchastechnicaltermstogeneralwordss11Ch

asfrequentlyusedverbs・Theformermainlyreq111reSWOrd－tO－WOrdtransla－

tion，WhilethelatteralBOdemandssubtlen11anCeandcultllralbackground．

Asingledictionarycannotsatisfytheserequirementsbecausealargerdictio－

narydoesnotalwayssubs11meSmallerones．Usershavetouseseveraldictionaries

accordingtoagivenpurpose［77］・Evenifuserstrytoutilizedi鮎rentdictionaries

Simultaneously，therearethefbllowlngdrawbacks．
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●Eachdictionaryisaseparatepieceofwork・Itisnotassumedbydevelopers

thatdictionaries・aremutuallylinkedfbrtheAexibleuse・

●Dictionariesare static；theydonot offeradapta七iontonewdomains or

personalcustomizationfbrusers・

Tbaddresstheseiss11eS，AIDAisdesignedtobeanadaptivedictionaryenvi－

ronmentthatcanbechangedon－1ineaccordingtoauser）spreftrences・Byusing

corpus－baBedlanguageprocessingtechniques，thissystemprovidesuswithacross

refbrence。fⅥ血ousdictionariesandcorporainasinglegraphicaluserinterface・

Morespeci£cal1y，AIDAoffersthefo1lowingfunctionstousers・

1．Cross refbrence fbrdictionaries and corporaUserscanaccess any

la71guageSOurCeintheirfaNOritedirection，Say＆omaJapanese－English

dictionarytoanEnglishmonolingualcorpusor丘omabilingualcorpusto

anEnglish－Englishdictionary・Thiscrossreferencingisrealizedbysharing

acommonindexstruCtuream？ngal11anguagesources・

2．Flexibleexpressionretrievalfromcorpora

AlDAoutputscorpussentenCeSintheorderofsimilaritywithaninput

expre6Sion．Simi1arityiscomputedasthesumOfactivefeatureweights・

Thefeaturesaresyntacticandsemanticchanacteristicsofasequence of

words．Theyareextracted蝕ominputbymorphologlCalanalysis・The

weightsforeachfeaturecanbelearnedthroughinteractionsbetweenthe

SyStemand11SerS・

3．A11tOmaticextractionofbiling11alandmonolingllalcollocations

ThestatisticalmethodsreportedinChapter3canextractbilingualand

monolingualcollocationsfromcorpora・Thesecollocationsarelinkedwith

otherlanguageresourcesinAIDA・Theyareveryeffbctive払radapting

AIDAtotheapplicationdomainofeachuser・

4．htegra七eduserin七er払ceimplementedomNetscape

ThefunctionssummarizedabovecanbeaccessedthroughasirLgle▼＄raphical

interfaceimplementedonNetscape・Theinte血ceenablesuserstoshareand

accessvariouslanguageresourcesviatheInter71e七・
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Theorganizationofthe，Chapterisasfollows・Section6・2describestheimple－

mentedfunctionsofArDA・Section6・3discussesthe8exibleretrievalofcorpora．

Theretrievalalgorithm，thefeaturesusedandthelearningmechanismoffbature

Weightsareexplainedinthisorder．Final1y，Section6．4relatesAIDAwithother

research，andSection6．5mithechapter．

6．2．　Overview ofAIDA

TheinputtothesystemisanykindofdictionaryannOtatedwithSGML，in－

Cludingsentencealignedbilingualcorporaandmonolingualcorpora．Table6．1

illustratesthelanguagereSOurCeSWeimplementedinAIDAl．Intheinitialization

Step，theinput・dataispart－0仁speechtagged［60，4】andthenword－indexedby

usingPatriciatrees［32】・Thecollocationextractionisthenperformedforboth

thebilingualandmonolingualcorpora・

DataType Name（Volume）

Dictionary　　AnchorEngr－Japanese，AnchorJapanew－Eng・，ConciseEng・－Eng・

BiungualCorpus NikkeiScience（65000pair），YomimiEditorial（7000pair）

Eng鮎hC鱒卯はlⅥ切1Stre鏡Joml（1987－19鍋）

Table6．1．DataIncorporatedinAIDA

Figtlre6・1isascreenshotimageofauserlookinguptheEnglishword‘habit，

intheEnglish－JapaneSedictionary・Theunderhedwordsintheimagesignify

thattheyhaveentriesinotherdictionaries・Theleftwindowdisplaystheentry

for‘n血re’oftheEnglish－Englishdictionaryaccessed丘omtherightwindow．

Figure6・2showsthescreenshotlmagewhenauserconsultsthebihgual

COllocationdictionarylinkedfromtheNikkeiScience：Therightwindowshows

thelistofcouocationsextractedfromthedata・Theleftwindowdisplaysexample

SentenCeSincludingthecouocation‘アルツハイマー病患者一ALzheirnerpatie醸，．

1wewouldliketothankNikkeiSciencePublishingCo・andYbmiuriShinbun Cb・for

Permittingustousethedata．
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Figure6．1，LookingUpDictionaries

Letusmoveonto the且exibleretrievalofcorpora．Whenauserinputs an

expression，theAIDA system o11tputS Simi1arexpressionsby11Slngadynamic

programmingteclmique．Theusertheninteractswiththesystemandevaluates

theoutp11tS．When an appropriate expressionisprovidedwithlowsimilarity

Oraninappropriateexpressionwithhighsimilarity，thesystemcanbes11pplied

errorfeedbackfromthe user．Thesystemadaptstotheuser’spreferences by

Changlngthefeatureweightsaccordingtothefeedback・Figure6・3isascreenshot

image．whemauserinputstheJapaneseexpression瀾地の取得を急ぐ必要がある，

toretrievebilingllalsentences．Theleftwindowdisplaystheresultingsentence

pairs・Therightwindowisusedtoevaluate（feedback）theoutput・

Althoughwehave so fardisclユSSedthedictionaries，thecollocationsandthe

retrievalofexpressions separately，theactual11SeOftheAIDAsystemiscom－

plexandintegratesprocesse8aCCOrdingtotextdomainsandtheuser）sabilityin
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Figure6・2・LookingUpBilingllalCollocations

6・3・RetrieYlngCbrpora

6．3．1　DPSearchAlgorithm：atⅥわrd－POglevel

Inretrievingcorpora，thefo1lowlngthreestagesofpreprocesslngaredoneforthe

raW COrpuS・

1．Nothingisdone；thecharacterlevelsearchisperformed．

2．Onlymorphologicalanalysisisdone；thewordandlocalstruCt11relevel

searchisper払rmed・

3・Dependencyanalysisisdone；theglobalstru血relevelsearchisperformed．

93



Figure6．3．FlexibleExpressionRetrievalandEvaluationIma色e

Becausekanjicharacterscarrysema皿ticinformation，thecharacter－levelsearch

inJapaneBehasanadvantageinutilizingthelimitedsemantics・However，the

methodcannOtCapture thesyntacticstruct11reSOfasequenceofwords・The

globallevelsearchwithparsing】Ontheotherhand，incorporatesthelong－distance

dependencyinaseq11enCe・Itdepend＄Ontheuser）sdemandwhetherthelong－

distancedependencyisneededornot・Becauseourmaintargetisphrasesearch

withinmiddle－Sizebilingualcorpora，thecurrentversionofAIDAusesalocal

struCturelevelsearch．Thefo1lowingsummarizesthemainreaBOnS・Ofcourse，a

moreglobalsearch（say，eXample－basedtranSlation）requireslozlg－distancedepen－

dencies．Animportantfuturedirectionistoimcorporatetheparsingtechnique

introducedinChapter5・

●MostllSerdemand8areforshortexpreBSionsthatarewellhandledbymor－

phologlCalanalysisalone・
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●Along－distancedependencyise拝ectiveonlywhenthevol11meOfavailable

dataislarge．

●TheaccuracyofparslngteChniquesisnotasstableasmorphologicalanal－

ysis．

Letsim（m，n）beasimi1aritymeasurebetweenamorphological1yanalyzed

inp11tS（sl，S2，・・・，S，n）andacorpussentencet（il，t2，…，ln）・Thecomp11tation

Ofsim（m，n）proceedsasfo1lowsbyadynamicprogrammingmethod・Inthe

equation，m（i，j）repre8entSthecontributionofwordssiandちtothetotalsimi－

1aritysim（m，n）・m（i，j）iscomputedbysummingtheweightofactivefeatures．

Theactualfeatur？SuSedwillbeexplainedi11thenextsection・Dy71amicprogram－

ming・■（searchwidth＝4）■withthemorphologicalanalysiscane伍cientlyconsider

thelocalphrasestruCtureSaSWell‾a＄thewordlevelconcordances・

0　　　壱J（豆＝0vJ＝0）

由m（盲，j）＝

（

如m（盲－1，ゴー1）＋m（豆，j）

扇m（乞－1，ブ）

鹿m（豆，j－1） ）

6．3．2　FeaturesUsedforSimilarityEstimation

T乱ble6・2illustratesthefeaturesforJapanesethatprod11Cethesimilaritym（i，j）

betweentwowordssiandち・Therightcol11mnShowsthcnumberofparameters．

m（i，j）iscomputedbysummin左theweightsofactivefeaturesthataresatisfied

bysiandち・Figure6・3clearlyindicatesthatthese＄implefbatureswellcapture

semanticandsyntacticcharacteristicsoftheinp11tSequenCe．Afuturedirectionis

toconsiderotherfeaturessuchasthecategoriesofathesaurusandthecharacter

levelin払rmationofka両i．

6．3．3　0n－1ineLearnlngOfFeatureWeights

ThissectiozldescribeshowtheweightlearnlnglSper払rmed．Becauseau墓erミscon－

S111tationandfbedbackoccurinterac七ively，Wehavetoemployanon－1inelearn1ng

algorithmratherthanabatchalgorithminwhichind11Ctionisperformedbyuslng
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Typeoffbature Number

Word5urface l

Part－Of・SpeeCh POSsymboIs

Conjugation COnJugationtype

wordsurhceofsi－1andij－1POSsymboIs2

La5tWOrdslⅡ払ce l

Lastpart－Of－SpeeCh POS8ymboIB

Firstword8ur払ce l

Firstpahof・SpeeCh POSsymboIs

Table6．2．FeaturesUsed

thestoredsamplesatonetime・Weintroduceasimpleon－1inealgorithmcal1ed

wINNOWt53，54］．WINNOWlearnsweightsoflinearseparablemodels・The－

oreticalanalysisshowsthatthealgorithmisverytoleranttOirreleヤantfeatures・

Morespecifical1y，theupperboundofthenumberofmistakesisinthelinearor－

derofrelevantfeaturesandinthelogarithmicorderoftotalnumberoffeatures・

ThisisthemainreasonWINNOWisusedinapplication5Withla■rgedimension－

alitysuchaBthetextcategorizationtask・Inoursetting，WINNOWupdatesthe

featureweightseverytimeAIDAoutputsaninappropriateresultlabeledbythe

user．feedbackthroughthegraphicalinterfaceinFigllre6・3・

LetO，α（＞1）beathresholdandalearningparameter・－WINNOWperforms

thefollowlngprOCeduresinThble6・3toobtainthefbatureweights・WINNOW

enablesAIDAtoadapttocopewithauser，sprefbrencesbyupdatingfeature

Weigbts・

96



1．Initializeweightvectorsw＝（wl，W2，・・・，un）・

2．Whenfeedbackisgiven，thetwostrategiesareiteratedl皿tilal1thegiven

－　eXamPlesconverge・

（a）WhenAIDA’＄Simi1arityistoosmal1，uPdatetheweightsofactive

fbature8bymultiplyingα，（w←α・W）・

（b）WhenAIDA’ssimilarityistoolarge，updatetheweightsofactive

鮎tur闇bymultiplyingl／α，（ぴ←1／α・W）・

恥ble6．3．WeightUpdatebyWINNOW

6．4．RelatedⅥわrk

ThissectionrelatesAIDAtootherpreviousresearCh・［76］and［70］concernthe

me七hodsfbrflexibleretrievalofabilingualcorpus・t76］reducesuselessexpres－

sionsbyincorporatingaca5eframestruCtureOfverbs・Thegeneralization甲Slng

caBeframesisef艶ctiveonlywhen alarge amountOfdataisavailable・Inad－

dition，theaccllraCyOfcurrentparsingtechniq11eSmaybecomeanObstacleto

theapproach．［70］proposesacharacterlevelsearchtomakethebestuseofthe

kanjiinformation．Fbrexanple，themethoddeteqtsthesimilaritybetween‘観

察7and‘観測，．However，mOrefreq11entphrasere七rievalrequiresgeneralization

withpart－0トspeechtags．Weconsiderthelocal1evelstructuresbyperforming

morphologicalanalysis．Althoughtherewereabout5％errorsintheresultsof

the morphologlCalanalysis，nOSeriousproblemswerefoundbecausetheerrors

occurredconsistentlybothincorpusandinputwordsequences・Notethatour

methodcaneasilyincorporatethecharacterlevelinformationdfKanjiandthe

senanticcategoriesofathesa11ruSaSprOpOSedintheaboveresearch・

Although［48，641combinedanOnlinedictionaryandcorpus，theirobjectives

are quitediEbrent血・OmthatofAIDA・【48］proposesamethodtoau岳meptan

existingbilingualdictionarywithanew－15ageanditsfrequencyinformationtaken

fromcorpora．Themethodwastestedonlywithasmal1numberofverbs・［64】on
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theotherhandaimsatfbreignlanguageSupPOrt・Userscanlookupwords丘・0rn

aFfench＿DutchdictionaryandaFrenchcorpu5throughagraphicalinterface・

AIDAappliedcorpus－basednatura11anguagetechniquestovariouslanguage

sourcesandcombinedthem・Inthisexample－drivenspirit，itwasgreatlylnSpired

bytheCOBUILDEnglishdictionary［15］・Thedi庁erenceliesintheadaptive

functionssuchas七helanguagesourceselection，thecollocationextractionandthe

leamingofuserpreferences・Inaddition，AIDAemphasizestheuseofbilingual

FurtherfunctionsareneededtoaugmentAIDA・Forexample，WOrdsensedis－

ambiguationisimportan＝oreduceuselessoutputs－・Thestochasticapproach［55】

canalsobeappliedtocoupleadictionaryandacorpusbydeterminingwhich

entryofthedictionaryawordusageinthecorpusbelongsto・

6．5．Summary

ThischapterhasdescribedanadaptiveandintegrateddictionaryagentAIDA・

Bycombiningmorphologicalanalysisandsimplemachineleamingmethods】We

cantightlycoupledictionariesandcorpora・Furtherresearchwi11beneededto

providethesystemwithrichfunctionsbyinvestigatingtheactualuseofAIDA

invario11SCOmmunicationroles・
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Chapter7

Conclusions

7．1．Summary

Thisthesishasdescribedthemachineleamingapproachtonatural1anguageprか

CeSSinginordertotackletheknowkd9eprOblem・TheconstruCtionofkn0wiedge

forNLPha＄beenconceptuallyclassifiedintothreesteps．

1・Enumeratelinguistic如resthatpotential1yinfhencethetargetlanguage
ta5k．

2．Selectfbaturesandcombinethemintoaformofrules．

3．Determinepreferenceparametersofru1es．

Througho11ttheth朗is，Ihawetriedtoemphasizetwopoints．

1・ThefirststepcannOtbeeasilysoIvedbythecurrentmachineleamingtech－

niquesIWhichinsteadhelphumanhguistsbyonlyextractingsignificant

m蝕代Ofwor由andph乱∃田．

2・ThesecondandthirdstepscanberobustlyperformedbystaterofhleLrt

machinelearningtechmiques，Particularlywhentherepresentationofthe

taskhasasimplestruCtureSuChasacontexttreeordecisiontree．
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Themachinelearningapproach（probablyotherapproaches，tOO）succeeds

whengoodfeatures，gOOdandsimplerepresentations，andagoodlearnlngalgo－

rithmareal1prepared．Althoughnota1loftheNLPtaskshavetheseproperties，

theproblemsdescribedinthethesissatisfytheserequirements：

1．BilingualSentenceAlignmentUsingStatisticalandDic七ionaryIn－

formationTheonlylinguisticfeatureusedistheword－COrreSpOndenceof

dictionaries．Therepresentationisanon－CrOSSlng，Weightedandundirected

graph・Thelearningalgorithmcorrespondstoiterativerefinementsofthe

weights．Althoughsentencealignmentisessential1yanunSuperVisedlearn－

ingtask，theperformanCeOfthemethodisgoodbecauseeachofthethree

StepShasveryasimplestruCture・‾

2・LearningBilingualCollocationsbyWoz・d－levelSortingThelingulS－

ticfeaturesusedarewordformsandpart－0重二speechtags，Therepresenta．t・ion

forfiⅩedco1locationsisthepointertable，andtheleamingalgorithmisvery

Simplestatistics，AlthoughthetaskisunS11PerVised，fiⅩedco1locationsare

accuratelyextracted．Flexiblecollocationsaren’tontheotherhand・This

maybebecausethetwolinguisticfeat11reSaretOOWeakforthetask・

3．Mistake－DrivenMixt11reApproachtoMorphologicalAnalysisThe

linguisticfeatures arepart，OfJsp？eChtagsandfrequentwordforms・The

representationis hierarchicalcontext trees，and boostingis adopted as

thelearn1ngalgorithm．Beca11Sethesethreecomponentscomplementeach

Oもher，theproposedmethodattainsgoodperformance・

4・Mis七ake－Driven MixtureApproachtoDependencyAnalysis Sev－

eralfeaturesaredevisedbyhumanlinguists・Therepresentationisasimple

decisiontreethat canutilizethefbaturese蝕ctively．Boostingisadopted

aBthelearn1ngalgorithmandfoundtobeverypowerfu1．

5・AIDA；Adap七iveandIntegratedDictionaryAgentSeveralfeatures

arepreparedby ah11manlinguist・Therepresentationisin・theformofa

feature－Weightvector．Theleamingalgorithmisthewell－knownWINNOW

metbod．
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7．2．　Future Directions

WhenwedecidetofurtherdevelopthemachinelearnlngapprOaChforlanguage

processlng，What・kindofresearchwi11beneededinthefuture？Intherestofthe

Chapter，Iwilldiscussthedirectionsthatseemtobeimportantf上oextendingthe

researchconductedinthethesis．

1・ThemostimportantandchallenglngreSearChdirectionconcernshowlin－

guisticfeaturesareconstructed（the6rststep），aqueStionwhichhassig－

niacantinfluenceonthetargetlang11ageta5k・Inthisthesis，Ihaveonly

Shownapplicationswhosefeaturesaresimpleorcanbeempirical1yhandled

byexperiencedlanguageenglneerS・However，thesuccessofmorecompli－

Catedtasksrequiresautomaticdetectionofthelanguagefeatures．Feature

detectionisoneofthegreatestbottlenecksofsymbolprocesslngbecause

learnlngthemistightlycoupledwithsensoryslgnals．WehumanSaCquire

anduselangllageSinaBSOCiationwithvision，mOtionandauditionofthe

realworld・Therefore，thecomputationalneuroscienceapproach［43］tocog－

nitiveactivitiesmightbepromisingtothebasicresearchinthisdirection．

2・Morepracticalresearchshouldpursuelearnlngalgorithmssuitableforlan－

guageproce＄Sing（thesecondandthethirdsteps）・Inunsupervisedleaming，

themostinterestingdirectibniBtOeXtraCtfu11translationpatter11S丘oma

bilingualcorpus・Thesentencealignmentalgorithm，thefixedcollocation

extractionmethodand・therobustdependencyanalysismethodreported

inthisthesisshouldprovidesstrongcluesfbrthetask・Furthermore，a

newextractionalgorithmshouldconsidernotonlytranslationpatternsbut

alsotheoverallperformanceofthetranSlationsystem・Inotherwords，the

leamingalgorithpneedstoqecidehowtheextractedru1esareused（the

thirdstep）aswe11aBWhataretheru1es（thesecondstep）．

Nowletus■mOVeOntOSuPervisedleaming・TheAdaboostalgorithm［27】

efrectivelydealswithinfrequentandco1loquialexpressionsofnatural1an－

guage，aSShoァninthethesis・Othermargin－based【79］1eaningalgorithms

suchaBSupportVectorMachine【18，79］mightbehelpfultohandlenatu－
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rallanguagecorpusdata・Itwouldbeinterestingtoinvestigatevaluesof

marginforvarioustypesoflanguagetasks・

3．AnalternativepromislngdirectionconcernsthecooperatioD’betweencom－

putationallinguistsandmachinelearnlngreSearChers・AsIhaveemphasized

inthiBthesis，themostpracticalmachinelearnngapproachatpresentisfor

humanlinguiststo丘ndeffectivefeaturesbyuslngmaChinelearningtech－

niques．ThecurrentmachinelearnlngteChniquesandhigh－SPeCCOmputerS

havemadethesecondandthirdstepsfeaBible・Thepreferenceparameters

areautomatical1ysetwhenamachineleamingalgorithmquantitatively

selectsthe－SignificAntfeatures・Thiscooperativestrategywillreducesthe

humanburdeninvoIvedintheconventionaltrial－and－errOrru1ecompilation・

Ibelievethiscooperativeapproachwi11beanewshapeofnatura11anguage

englneeringinthenearfuture・Thefo1lowingsummarizesseveralissuesto

beresolvedinthisdirection．

●Machineleamingtechmiquesforlang－1ageprOCeSSingarenowmatJlユre

enoughtocooperatewithcomputational1inguistswhohaveengaged

inthedevelopmentofpracticalsystems・Thecomputational1inguists

knowwhichfeatureshaveanefFectontheperformanCeOfthesystem，

butcannotoptimizetheprefbrencepara，me七ersbecausethesizeofru1es

istoolarge・ThepowerofthemachinelearnlngapprOaChshouldbe

provedinsuchasituation・Ithinkthemostpromiingdomainfor

suchcooperationisdependencyanalysisbecausethefeaturesfbrthe

taBkarealreadyknowntosomeextentandtheircombinations and

preftrencesaredifRculttoset■

●Iproposedanewleaming－drivenlanguageengineeringlnWhichacom－

putationa11inguistteststhepotentialfeature＄inhismindbyalearnlng

algorithm．Ifafeatureisjudgedtobesignificant，ru1esandprefbrences

areautomaticallydeterminedbythealgorithm・Suchaninteraction

betweenhumanandmachinerequlreSaSOphisticatediilterface・The

computationallinguistshouldknowthee鮎ctofeachfeatureandun－

derstandtheoutputru1esofthealgorithmtofurtherimprovethefea－
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tureset．AgraphicalenvironmentfbrthispurposeisneededtoadvanCe

theleaning－drivenlanguageenglneerlng・
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