
AutomaticAcousticModelinguslng

Tied－MixturesuccessiveStateSplitAlgorithm＊

Alexandre Girardi

Ab8traCt

Thisthe8isde＄Cribesa．na．utomatica00u8ticmoddgenerationalgorithm．The

newalgorithmextendstheworkof8tate－OLthe－artalgorithms，hkeM

LikelihoodSucce88iveSta，teSplitting（ML－SSS）algoritlmaJldPhoneticDecision

nee＄（PDT）algoritlm．

ML－SSSandPDTu8etOP－downdusteringalgorithmBtOPrOduαtheiracou8－

ticmodeltopologie8．hitial1yinthiB叩PrOa血a8etOf8tate8rePre8entingaset

Oftriphones（orcontext8inチmOregenericcaBe）axedivided8uCCe8Sivelyuntil弧
a．cousticmodeltopology18PrOduced・

TheproblemwithML－SSSandPDTisthattheco8tfunctiontheyu8etOtake

thedeci8iononhowandwheretosphta8tateneed＄tObere8trictedto8tateS

modeledby8ingleGau8Sian8・Themorenaturala・ndcompleterepre8entation）

namely，a．COntinuousdensity（G肌88ianMixture－GM）repre8entationofthe

probabilityden8ityfunction（pdf）i88implytooexpen8ivecomputational1y・

Attempt8haⅦbeendonetosoIvethisprobleminGMrepre＄entationtoo）but

withoutsucce88．Atied－miⅩture（TM）representa・tionisal80arichrepresentation

forthepdfofacandidatestatefor＄Plitting，butinit80riginalformatthisi8also

computational1yexpen8ive・Inthisthe8isweproposea8implificationtotheTM

approa血whichyield8a・COmPutational1yle8Sintensivealgorithm・

Themainfocusofthisthesi8isthereforethis8implificationthatmake8TM

top－downClusteringfeaBible・Inthi8the8isweal80PreSentSpee血recognitionex－

perimentswhichcomparestate－Oithe－artalgoritlms，SuCha＄ML－SSSandPDT，

●Doctor，8Thc＄i8，DepartmentofhformationProce8Slng，GraduateSchoolofInformation

Science，NaRaI鮎tituteofScienceand恥clm01ogy・NAIST－IS－DT9661204，FebruarylO，2001■
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withtheproposedTied－MixtureSuccessiveStateSphtting（TM－SSS）algorithm・

ItisexpectedthaA？despitethesimplification，aricherrepresentationofthepdfof

candidatestatesplitswillimprovethefinalacousticmodeltopology・Theexper－

imentspresentedinthisthesisconfirmthishypothesiswithaslgnificantincrease

oftherecognitionrate・

Thethesisisdividedintwoparts・Thetwopartscombinedresultinthe

proposedFaB七Tied－MixtureSuccessiveStateSplitting（FTM－SSS）algorithm・In

thefirstpartitisprovedthatthenewalgorithmresultsinaslgnificantincrease

inaccuracya＄COmParedtoML－SSS・＝owever，thealgoritlmisstillslowand

hencei8demonstratedwithspeaker－dependentexperimentsonly・hthesecond

part）Whi血i8thefinalver8ion，afewmoresimplificationsleadtoanalgoritlm

whi血is鮎tenoughforlargedictationtask8・ThisisthencomparedtoPDTon

aspeaker－independentlargevocabularytaBk・Re＄ultsforthefinalversionshow

thatforequalconditionsabetteraccuracylSa・Chieved・

Ⅹeywords：
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1．ⅠⅠ止roduction

AutomaticSpeechR∝Ognition（ASR）＄ySte＝娼aJebecominga・realityindaily

lifewithapphcationstha．tra．ngefrompersonalcomputer8（command＆control

todictation），telephonyservices，mObilephonestoeventoys・It＄importanceis

self－eVident．

ThegoalsofaspeechrecognitionenglneaJeaSdiverseasitsapplication8・

SomeASRsystemsareusedin叩Plicationswhereaccura・Cyisthemostimpor－

tantfactor（i．e．，inpersonalcomputerswithdictationorintelephonyservice＄

withcreditcardtransactions），Otherswherespeedorconverselyminimumhard－

wareisthedominantfactor，SuChaBintoysandvoicedialingsystemsformobile

phones．ASRsystemgoal8auethen8PeeChrecognitionaccuracyorspeed（mini－

m血mhaxdwa．re）．

Thegoalsareclear・AndASRsystemsareoutthereworking・Butisthe

problemsoIved？Thea・nSWerisno・Mostsystem8a・refu1lofwronga8SumPtion8，

theoreticalproblem8andpracticalproblems・TheoreticalproblemBareinthe

centerofmo8tPerformancedegradationsof8uCh8yStemS）e・g・）WOrderTOrrate

ver8uS8Peedcharacteristiccurvedegradation・PracticalproblemsaJethereasons

for皿nyunuSedtheoryandhenceconstrainedutilizationofASRsystems・

Ontheth∞reticalproblem8WeCanPOintoutthatmost coⅡ皿rCialASR

sy8temSuSeHiddenMaRkovModd8（HMM’s），de8Pitethetheoreticalproblems

thatitca．rries．AfewexamplesofproblemswithHMM）sa∫e：

●HMM）saB8umeindependentstates）but＄ねtesastheyaretrainedincorr＞

mercialapphcationsarenotindependent（theyaxetrainedwithdatat

istoocorrdatedsamPle．bysample）・

●Most8y＄temBaRetrainedbaBedonthecriterionofMaximumLikelihood・

Thisworksrea点Onably，butiskn0wnnOttOPrOVidethebestanswer・

●StatesinHMM，saJePOOrlyrepresentedbyaB8umlngthatea・Chdimension

oftheinputdata・isindependentofea・Chotherbyu＄1ngdiagonalcovariaJICe

ma．tricestorepresenttheunderlyingmodel・

●WhenconstruCtingtheHMMtopologyIu81ngaClusteringalgorithmISingle

GaussianSareuSedtorepresentstates・Thi8i8botha・COnCePtualerrora皿d

l



amismatchwiththe＝MM，sIn8dd8rePreSentationeventuallyused・

on七hepracticalorcommercialaBPeCtWeareinterestedinminim血gthe

resovcesneededforacertaintaBktobeefkctivdyammplished・Thistranslates

tominimumhardwareorenergyrequlrementSforacertaintaBksizeandnecessary

accuracy・hthecaBeOfhaxdware，COnStraintsareaconsequenCeOfmemory

orddpsi防・hthecaseofenergyitisrdatedtoCPUspeed，Sinceenergy

consumptiongrowswiththespeedoftheCPUdock・鴨canfurtherdividethe

practicalissuesa点fo1lows：

●Memory：b脆rs（assynchronousaspossible，alsoas8hortresponseddayas

possible），aCOuSticandlanguagemodelsi掴（aBSmal1a8POSSible，PrOVided

thattherei＄nOSignificantlos8inaccura・Cy）・

●CPUspeed：numberofparameterStOeValuate，rePreSentativenessofpar

ramete，S（ohlyrelevantdata8houldbeaddressed）・

●Accuracy：ShouldbeaBhighaBPOSSible，butthereisalwaysatrad

withmemoryandrecognitionspeed・Mostapphcationswiuheinbetween

theextremepoints・Aspointedoutbefore，therearesyste加Wherea＆

curacyhasmoreimportallCe，8uChasdictationsystems，andotherswhere

recognitionspeedismoreimportant，8uChasdataretrievalsystems・

As。1uti。nt。thethe。reticalproblemrr皿tionedbeforeexists（usingGaussian

MixturesduringtheHMMtopologyconstruCtion），butitistoocomputational

intensivetobepralCtical1yfeaBible・

ApartialsolutiontothisproblemistheconstruCtionofHMMtopologies

ba眉edonsta鳥esrepresentedby＄ingleGau＄Sians・Howeverthisapproachleadsto

・anOnOPtimalHMMtopology・ItisimportanttonoticethattheinitialHMM

topologydealswiththeinitiahzationofHMM，8Whichisusual1yi＝皿utableduring

theamusticmodeltrainingproces＄andanyerrorintheHMMtopologyu8edis

propagatedanditisdiiRcultifnotimpossibletocompensatelaterinmostspee血

recognitionenglneS・ThispaRtialsolutionneedsthereforebeimproved・

concluding，thereareanumberofargumentsforfocusslngeifbrt＄Onthe

construCtionoftheinitialHMMtopology：
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●HMMstate8arein8u伍cientlyrepre5entedby8ingleGa．u＄Siansandaricher

repre＄entationmustbeused．

●ItiscruCialtoconstructtheHMMtopologylnalimitedtimeframe．More－

OVeritisaproceduretha．tisreproducedmanytimesduringthedevelopment

a．ndacro8Smul七ipledialect8andlanguages．

Becau8eOftheseargumentsthisthesisaim8atfindingasolutionforthecon－

StruCtionofinitia．1HMMtopologie＄thatsoIve＄thetheoreticalproblemsanditis

PraCtical1yfeasibleatthesametime．Itcanbeseenasspeedinguprecognition

time，1nCreaSlngaCCuraCyOreVenreducinghardwarerequlrementS・Thefocu＄

Willbeon a．cou8ticmodelgeneration，mOreSPeCificdlyintheHMMtopology

generation，Sinceiti8importanttobesureweareevaluatingtherelevantdata

andonlytbat．

1．1HMMTbpologyGeneration

Crea．tionofpreciseandrobustacousticmode18forspeechrecognition，glVena

1imitedamountOftraining血ta，hasbeenanintenBivelystudiedfieldofre＄ear血

overthela8tlOyea∫S【16，19］．Acou8ticmodelingisa・importantcomponent

ofthedevelopmentofarecognitionenglne．Itsimplementationisdoneinthr恍

mainsteps．Ⅵ毎canna・methemasafirstrougthestima七eofcontextdependent

models，fo1lowedbyHMMtopologycreation（wherecontextdependentmodds

areestima七ed）andfin誠yatrainingprocedure・

IIMMtopoIogygenerationisthesecondofthethr恍＄tepSneededtocreate

acousticmode18．Iti8the8ubjectofthiBthesisandwillbefurtherexplainedin

moredetai18inSec．3．1andSec．4．

horderthethreestep80facou8ticmodelgenera．tionare：

●Contextindependent modeling．First weproduce contextindependent

a．cou8ticmode18basedinauniform＄egmentation．Theoutputofthisstepl＄

afirstroughsegmentaiionintermsofcontextindependentacou8ticmodels．

This＄egmentationi8uSedtocreatethecodebooku8edinthenextstep・

AtypicalhstofphonemesforJapanese）thati8alsousedinthisthe8i8and

thatis皿OdeledinthisstepIS：
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N，Q，a，む，aN，aa，ai，aO，b，by，dl，d，e，eN，ee，ei，f，g，gy，h，hy，i，i＋，iN

，iij，k，ky，m，my，n，ny，0，0－，ON，00，Ou，P，Pau，r，ry，S，Sh，t，tS，u，u＋

，ひ，ue，nl，uu，W，y，Z・

shortsilence，sp，andsilencemodels，pau）areusuallytrainedinseparate

justafterwehaNetrainedthere＄tOfthephonemes，becauseitspresencei＄

usual1ynotkn0wnbeforeha・nd・

Thosemoddsareusefu1alsotohelponident抱血gtheacousticspaceand

asinitializationforthelaterVectorQua・ntizationsteps・

●HMMtopologygeneration・Atthi＄1evelwetrytofindcontextdependent

models，uSual1ytriphones（alsothechoiceofthiswork）・Asthenuhberof

七riphonesislargeandnormal1ywedonothavetrainingdataforal1possible

triphonesweneedtomodelsetsoftriphones（allophone＄）thatareclose

togetherasiftheywereasinglemodel・

Thatwa虐infactthedirectionfouowedinthefirstalgorithmsforHMM

topologygeneration【16，19，9］・Moregenerical1yinⅡMM，swecanmodd

togetherpartsof80mePhonemesasifthewereone，i・e・tyingstate8，Gaus－

8ian8，Gaussianweightsandevenpartsofitstopologie8（tran8itions）・This

way，ifasetofphonemes8tartWith’statis七icauycloseframeswecanmodel

thosephonemeswiththesame8tate・ASimi1arlycanbeusedalsowiththe

centerandthefinal＄tateSOfphonemes・

Tbdefinehowthose＄tate＄Shouldbesharedisaverycomplexta＄ktobe

rdiablydonebyhand†SOWeneedanautOmatictooltoproducethose8tate

七ying．SuccessiveStateSplitting（SSS）algorithmisoneofthefirstand

succ。SSfu1attemptstodoso［8】．Laterthis．algorithmwasconsolidatedby

usinguniquelymaximumlikelihood（ML）asacriteriaforHMMtopology

generation・AIsointhesamelineisPhoneticDecisionTree（PDT）algorithm

usingphoneticquestions【18，14】・

Theresult。fthi8StePisaHMMtopology，WeretheunSeenCOnteXt8（in

。urCa＄etriphones）aremodeledbysharingstates，tranSitionprobabilitie8

andmiⅩtureWeights・

●btraining・retraininglSneCeSSary，becauseusual1yaftertheHMMtopology

4



generationwehaNeHMM8tateSWithasingleGa・uSSian）duetolimitation

oncurrenta．utomaticHMMtopologyalgoritlmgenera・tion・

ThenuniberofGaussianusedtorepresenta・Stateisusual1yaugmented

byduplicatingaGau8Sian（how6verchanging＄1ightlyitsvalues）andnor－

mali2；ingtLemiⅩtureWeightssothattheHMMre－eStima七ionequations

stayvahd．ThenuniberofGau＄Sian＄uSedtorepresentasta・teisusual1y

肌gmentedtosomethingbetwe飢4and32Gaussian8）dependingonthe

am0untOftrainingdataavailable・

Thisproo飴SthenrequiressomeEM（estimationmaxim近ation）iterations

toconvergetheHMMmode18・Lateronevendiscriminativetraining【13】

oradaptationcanbeu＄edontopofthefinalHMMa00uSticmodelinorder

toimproverecognitionrate・

1．2　Tbesis StrⅦCtⅦre

Thisthesisisdividedasfo1lows：inSec．2weshortlyde＄Cribespeechrecognition

usingⅡiddenMarkovMode18（ⅡMM，8）・Theimわorta皿CeOffeatureextraction

isdi8CuSSedinSec．2．1，therelationshipbetweenacoustic8COreSandlanguage

modelsinSec．2．2，theimportanceandourchoiceforthelanguagemodelu8edin

sp㊦eChrecognitioninSec・2・3・HiddenMarkovModelsareexplainedinSec・2・4I

thewaywerepresentourobserva・tionprobabilitiesi8alsodescribedandwillplay

akeyroleduringthetrainingprocedureaBWeWillseeinSec・2・4・1・

Sec．2．4．2discus8eStheforwardalgoritlmwhichi8uSedfore伍cientlyeval－

uatingtheprobibilityofanobservationglVenamOdel・Itsreverseenglneerlng

Ⅵterbialgoritlmwhichisusedtorecoverthebeststa・teSequenCeforaglVen

modeli＄di8CuSSedinSec．2．4．3．Thebackwardalgoritlmwithwhichwecan

derivethere－eStimationfommlasneededtoestimatethea¢OuSticmode18isde－

8CribedinSec．2．4．4．

Thissectionconclude8WithanintroductiontotherecognitionenglneJulius

Sec．2．5u8edinthisthesis．

Afterthi白HMMintroductionweintroducethereadertothefirstpartofthe

thesi＄inSec．3．

Sec．3．1point80uttheproblem8addre88edbytheproposedautomaticHMM
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topologytrainingTied－MixtureSucce8SiveStateSphtAlgorithm・Itisthen

showedhowweipprovethebaBeMaximumLikdihoodSuccessiveStateSpht

AlgorithmSec・3・2・Thealgorithmi＄SurrmarizedinSec・3・2・1・

Thetheoreticaldevelopmentofitsextensiontoa・COnteXtualsphtisdiscussed

inSec．3．2．2．Thequantitativeprehminaryresultsinspeakerdependentdatais

showninSec．3．3，Sec・3・3・1andalso七hequalitativeresultsinSec・3・3・3・This

isfouowedbyasu皿aryOfthisfirstpartinSec・3・3・2andSec・3・4・

ThedescriptionofthesecondpartofthetrainingalgoritlmstartsinSec・4・

someadditionalaBSumPtionsaredescribedinSec・4・1・The8eaJeeXPloredin

sec．4．1．1，1eadingtoafasterTM－SSSalgoritlm，thesocal1edFaBtTied－Mixture

successiveStateSphtAlgorithm・DuetotheaB叩叩tionthecodebookdonot

needtobeupdateddurings七atesphtinTM－SSSthenewalgoritlmisnowfa＄ter

enoughtobetestedinlargeam0untSOftrainingdata（inaspeakerindependent

experiment）・Thedatait＄dfisdiscussedinSec・4・2，andtheexpcrirrmtscamied

outandtheirre8ultsinSec・4・2・1・Finallythepartialresultsfromthe8eCOnd

partareSumi班dinSec・4・3・

Final1ySec・5concludesthethesisandSec・6givesdirectionsforfuturewofk・
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2．SpeechRecognitionusingHidde血MarkovMod－

・els

Inthissection，WeWillbrieflydescribespeechrecognitionu81ngHiddenMarkov

Model＄OrSimplyHMM）s・hthefirstpartwewillde＄Cribehowaspeechsignal

ismodelcdSec．2．2．Thiscontainsadescriptionoflangua＄emOdelingSec・2・3・

Nextwedescribehowobservation＄aXemOdeledSec．2．4．1．ThenextthreepartB

aKethethreebaBicproblem8efRcientlyha・ndledbytheEstimationMaximi2；ation

（EM）algoritlm，namelytheforwaJd（Sec・2・4・2），theViterbi（Sec・2・4・3）andthe

backward（Sec．2．4．4）problemB・Tho8ethreea・1gorithmsa・retheadlSWerreSPeC－

tivelytohowtoe鮎ctivelycomputeP（YIW）（theprobabilityoftheob8erVa・tion

sequenceYgiventhemodelW），howtochoo8eaSta・te8equenCethatisoptimal

insome8enSe（MaximumLikelihoodinourcase），giventheob8erVationsequence

Y＝（yl，y2，．．．，yF）andfinallyhowtoadjustthemodelparametersWtomaxi－

mizeP（YIW）．ThelaBtSub8eCtiondescribestheJuliusRecogni七ionEngineu8ed

inthisthe8is Sec．2．5．

2．1SamplingandFeatureVbctors

SpeechhaBmuChmoreinfornationthana・SPee血recognitionenglneC弧hzmdle）

butwecanreduceslgnificantlytheamountOfdataweneedtoprocessIWithout

loo8ingasignificantPartOftheinformationthatwearelooki皿gfor（forexamPle

ifweca．nreconstruC七thespeechsignalin8uChawaythatahumanbeingcanstill

recognizewhathaBbeingsaid，aSrmChaBintheoriginaldata）・

Amongtho8eda・tareductionteclmique8WeCanmention‥

●SamPungthe8peeChsignalatabitmoreth弧tWiceitsNiquistfrequency

isenoughtoensuretha・tWeCanrePrOducetheoriginal＄ignal・

●WOrkingwitha・Cepstralrepresentationofthesignal（thesignalviewedinits

log駐equencydomain）isquiteindependentoftheexaLtPOintintimew

thewindowofthe＄1gnaltobeanaly次di8eXtraCted．Inthetimedomain

wewouldneedtoknowwhenthepitcbi8aVai1a・bleandtakewindow＄（set

ofsamples）alway＄inthesamepOSition・Beside8itwouldbeo血1ypossible

7
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atpoint＄intimewhenthepitchihformation・Inpracticethetimedomain

approa血resultsinunrehablerecognitionenglneS・

●alsoiti＄importanttonoticethatthehumaneari＄mOreSenSitivetosmal1er

企equencyrange8forlowfrequencie＄thaJlitisforhigh缶equencies・Awen

knowmethodistoconsider録quencybands，dependingonhowourhuman

即PrOCeS＄eSSPee血）inotherword8tOCOnSideraMEL－SCalefrequency

rangeforea血band・

ontopofthatwecoulduseCepstralmeannOmalintion，becauseitcom－

pensateschanneldistortionshkemicrophoneoreventelephonelinedi8tOrtion8・

cepstralmeannOrmalizatione＄timatestheCepstralfrequencyofthenoi＄efrom

thesilencepa血（non－SP㊦e叫andsubtractingthatfromtheCepstralrepre紀nta．

tionofthespeedpart・Thatcanbedonebecau＄einthisdomainnoisecanbe

consideredadditive．

AfterprocessingthesignalinthetimedomainX，withapreprocessor8imilar

tooneonFig・1weendupwiththefeaturevectorsY・

蜃卜±十ゼ堅

蒜司座蜃H互［互］

短［亘H室］　慧

Figurel・Signalprepro8SeSSlng：SamP血g，Windowlng，Cepstraltransformation，

norma鮎ationandchanndcompensationforeEicientspeeQh丘ameeXtraCtion・

hFig・1，FFTstandsforFh8tFburierTransform，DCTstand8forDiscret

cossineTtansformandVADstandsforVbiceActivityDetection・

FtomthispointonwewillnotreferdirectlytotheinputsignalX＝31，32，・・・，XT

inthetimedomain，buttoit，8equivalentintheframedomainY＝yl，y2，・・・，yF・

8
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2・2　ModelingtheSpeechSignal

Thegoalofspe∝hrecognitionistofindthemo8thkelyword8equCnCeWfora

glVenSPe∝h丘ameSequenCeY・Thisisthewordsequenceforwhich

P（Ⅳ1y）
P（Ⅳ）P（yIⅣ）

P（y）
（1）

isla巧朗t・

P（W）givestheprobabilityofa・ParticulaRWOrd8equenCe，andi8independent

oftheactualinputsignal．

P（Y）istheprobabilityofobservingtheframeSequenCeY・

P（YIW）i＄theprobabihtyofob8eⅣingtheたame8equenCeYgiventha・tthe

actua．1wordsequenceisW・

Recognitioni＄thenperformedcomparingP（WIY）withal1possibleword紗

quence8．A8P（Y）i＄thesameforauhypothe＄eSWeCa刀しCOnSiderthi8termCOn－

stantandthelargestP（WIY）reducestosimplylookingforthelarge8tP（W）P（YIW）・

P（YIW）c弧bestatistical1yrepresentedbyHiddenMaxkovModd＄（HMM’8），

seeSec．2．4．Itsevaluationi8a．PrOblemtobe801vedbytheEstimationMaximizar

tion（EM）algoritlm，de＄Cribedintheforward（Sec・2・4・2），backward（Sec・2・4・4）

andViterbi（Sec・2・4・3）8eCtion8・

Thenextsectionwinde8CribehowtoestimatetheP（W）・

2・3　LanguageModels

ThclanguaiemodelprobabilityP（W）istheprobabilityofagivenwordsequence

Wwhi血i8COⅡ皿Onlyrepre紀ntedbyn－gramSSuChasbigramsandtrigrams［3］．

P（W）ise8timatedusinglargeamOuntSOftextda・ta，Whereusuallyunits，in

particula3WOrdsIhavenotonlybe弧identifiedbutal＄OamOtatedwiththeir

syntacticalcla朗ification・

hgeneralann－gramisusedtooomputeP（W）as

見知珊　＝　Ⅱ監1P（叫叫＿1，叫＿2，…，叫叫＋1）　　　（2）

Therei8neVerenOughtextmaterialtoestimateal1pos＄iblen－gramS，andeven

iftherewas，WeWOuldhaⅦtOOmanyparameterStOStOre・

9
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FortheproblemofinsufRcienttextmaterialacorrmonpraCticei＄tOemPloy

batk＿0ffsmoothingteclmiques，SuChaBthediscountingintheWitten－Beu［6］

Toal1eviatethesecondproblemoflargelanguagemodelfi1esize8WeuSed

an＿Dgram1anguagemoddwiththesmallestsetofprobabihtyparameterSthat

minimi2BSthetrainingsetperplexityt12】・

2．4　HiddenMarkovModels

TheprobabihtyP（YIW）ofobseⅣingtheffameSequenCeYgiventhattheactual

wordisWcanbestatistical1yrepresentedbyastatema血ineorMa血Ⅳ血血

withstatesandtranSitions・Eachstatescanproduceanobsqvedframeywith

acertainprobabihtyp（yIs）・Usingthreseprobabihties，theprdb諷ityP（YtW）
ofaframeSequenCeYproducedbytheMarkovchaincorrespondingtotheword

seqp飢CeWcanbeevaluated・AgraphicalrepresentationofsudaMarkovChain

canbe別㌍nhFig・2・

℃l□ロロロロ■

丈）lロロ■ト■ト■ロ

丈〕り計嘩ロロロロ

Ma血，［［］□□□触

Figure2・SetofMarkovChainswith3statesle氏toright，inputframeSinthe

b。ttOmandinshadedboxesthebeststate／＆amesequenceforthatparticular

hspeechrecognitionaMarkovChainsrepresentsaphoneme（contextdepen－

10



dentcase）oratriphone＄et（contextindependentcase）・Set80fMarkovChain8

are亜gnedtoformeaChtranscriptionofaword，aSglVenbyadictionary・

Aspee血recognitionsystemworksbycomparlngtheprobabilitythatthe

observedsequenceof鮎meswa点PrOducedbytheMarkovChainrepre卦巳ntinga

glVenWOrdIagainstotherwordsinthedictionary・

ThecomputationofP（Y）W）fortheobservationsequenceY＝yl，y2，，：・・，yJ，・・・，yF・

c。n8ideringallpos＄iblestatesequence8Vsf＝Sl，S2，・・・，SJ，・・・，SF，1SglVenby：

ア（ylⅣ）＝∑呵や（βFlⅣ）p（y持F，Ⅳ） （3）

（4）

hequation4weassumestatisticalindependenceofob8erVation8frame8yJ・

AIso，becauseitismodeledbyaMarkovchain，thestatesfdependsonlyonits

predecessorstatesJ－1・Equation4thereforebecome＄

P（y世）＝∑呵埠＝1p（βJ匝ト1，Ⅳ）p（折lβJ，Ⅳ）　　（5）

Itisal8。Clearfromequation5thataBPartOfthecomputationofP（YIW）

itisnecessarytocomputetheprobibilityden8ityfunctionp（yflsJ，W）ofagiven

featurevec七oryfbeinggeneratedbyasingle8tateSJ・Wh印mOdelingspe∝血

withHiddenMarkovModels（ⅡMM），itisaBSumedthatp（yJIs／，W）onlydepend8

0nthecurrentfeaturevectorandstate・Theprobabilitydensityfunctioncanbe

approximatedbyasuperpositionofLGaussiandi8tribution＄・IfthecoefRcient＄

inthefeaturevector8a・renOtCOrrelated）thisprobabilitydensityiscomputeda・8

aTied－Mixturesystem：

P（ylβ，Ⅳ）＝巧∑絢（βJ）〃（yル，∑∫）

ora8aGaussia．nMixture：

P（yIβ，Ⅳ）＝埠∑絢（βJ）〝（yル（り）∫，∑（βJ）∫）

11
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Thediiftrencebetwe飢aTied－MixttuesystemandaGaMSianMixt叩Sy8tem

isthatinthefirstcaBetheGanssiansare＄haredamOngS七ate8，Whileinthe

GaussianMixturethereisasetofGaussiansperstate・

hbothequationstheGaussianN（yIp，＝）isnormallyevaluatedaBamultト

variateGaussiandistributionaBinequation8below，WhereDisthenu＝iberof

dimension80fthe丘ameVeCtOry・

Ⅳ（yl〝，∑）

1

（2汀）pl∑t

e一拍一匹）で∑‾1（y一〝） （8）

Theequation8isnormal1yre＄POnSibleformudlmOrethanhalfofthecorr＞

putationrequiredfromaspeechrecogn12m・Toreducethecomputationalcorr＞

plexitnthecovaxianCematrix＝isnormal1ya＄Sunedtobeadiagonalone・This

approximationisnormal1yreaBmible，andcanbeevenrdnforcedbysomeLDA
tran8fofmationoftheinputframeSy・hl＄uChacaBeequation88implifie8tO

勅∑）＝商扇e魔轢　（9）
ItisalsoimportanttOnOticethatbyu8in亭a餌1co血iancematrixweincre誠e

thenumberof丘eeparamet郎Weneedtoestimate・ThiswinthenreqTllrealaRger

trainingdataba＄e（inotherword8，iti＄ine鮎ient）・

2．4．2　ForwardAlgorithm

withahttlee触twecanSeethatequation5haBmanyredundancie＄andwe

canbemoreefRcientlyevaluateduslngthefo1lowingalgorithm

12



ForwardAlgorithm

●in比i誠次げ＝0）

叫（β）＝p（帥lβ，Ⅳ）訂，，1≦β≦g

●iterate払り＝1，2，‥・，ダー1

αJ＋1（β）＝p（裾＋11β，Ⅳ）∑き＝1αノ（β′）p（堰，Ⅳ），

β＝βJIβ／＝βト1

●　teminate

ア（ylⅣ）＝∑皇1αア（β）

whereSistotalnu血berofstate8inthemodelWand訂＆i8theinitialtra皿Sition

probabilityforthefirst8tateS）Whichi81forth畠initial8ta・teandOotheⅣi8e・

WiththisalgoritlmweefRcientlyevaluatetheprobal）ilityofacertainmodel

W，givenanob8erVationframeyF・αJ（s）isthereforetheprobabilityofthepartial

9b＄erVationyfgiventhemoddW・Howev併Wealsoneedtoknowthebe8t8tate

8equen伐insome8en8e（e・g・intheM血mLikehhood＄en8e）thatbestexplains

theob8erVaiion．ThenextalgoritlmSec・2・4・3showshowtodothi8・

2．4．3　ViterbiAlgorithm

horder toobtainthe8tate8equenCeWhichinsomesen＄ebest explains the

。bservati。na．COⅡ皿nSOlutioni8tOtakethepa．ththatmaximi2X：8αf（s）・Thi8is

knownastheViterbialgorithmThi8algoritlmisin払cttheFbrwardalgoritlm）

butreplacingthe＄u皿ationbyam誠Ⅰ正弘tionstep，aSShownbythedescription

oftheViterbialgorithmbdow・

13



ViterbiAlgorithm

●initiali2；e（f＝0）

α1（β）＝p（y。tβ，Ⅳれ，1≦β≦g

．iterateforf＝1，2，‥・，F－1

α什1（β）＝p（裾Jβル）打脚弧き＝1α′（β′）p（弼Ⅳ），β＝5′，β′＝隼1

●terminate

P（ylⅣ）＝水野朋皇1αア（β）

2．4．4　BackwardAlgorithm

wtstiuneedtoaddresstheproblemofre嘲timatingthemoddparameterSW＝

（a（S，Sl），bL（s），Vt）・Herea（S，S，）＝P（sfIsJ＋1，W）isthetransitionprob白bihtyffom

statesJtOframeSJ＋1，andbt（s）＝P（vIIsf，W）istheprobabihtyofGaussianlor

simplytheGaussianWeightforstatesJ，mixandlandmoddW，andul＝（FLtPl）

isthesetofme弧SandvaRiaJICeSOfmixandl・

hordertosoIvethisproblemwemu＄tfir8tdefineafewnewexpressions：

●thebackwaxdprobabihtyβJ（sB）thatisthepartialprobabihtyoftheobser－

vationsequenceY＆om丘amefuntilthelaBtframeF・

ThebatkwardprobabihtycanbesoIvdefRcientlyinawayanalogou8tOthe

forwaJdprobabihtybyusingthefo1lowingalgorithm

BackwardAlgorithm

●initia．1ize（f＝F）

み（βき）＝1，1≦β≦ぶ

．iterateforf＝F－1，F－2，・・・，1

β′（β）＝∑き＝1p（坤左Ⅳ）p（折1lβ′，Ⅳ）β川（β′）

14



％alsoneedtolookforP（yfIsf，Zl，W），theprobabiLtyofanobservationyJ

giventhestatesf，themiⅩand巧＝ipt，01）andthemodelW，andP（yflsJ，Sj・1，W），

theprobabilityofanOb＄erVation＄equenCeduringthetranSitionfrom＄tateSJtO

thenext8tateSf＋1・ThiscanbecalculatedaBfouow8：

p（yJlり，叫，Ⅳ）

7J（βJ，g）

7J（βJ，J）

ア（yflβJ，り＋1，Ⅳ）

む（βJ，り＋1）

p（yJlり，Ⅳ）

wbere

7J（βJ，り

α′（り）幽艶塑仙）
p（yJlβJ，Ⅳ）

αJ（り）h（βJ）呵yルJ，∑J励（り）

む（り，β什1）

（10）

（11）

（12）

（13）

α′（り）p（β川tβJ，Ⅳ）p（町＋1lり＋1，町勅＋1（り＋1）（14）

∑れ（β′，り　　　　　　　　　　　（15）

頼′）＝p（巧lβJ，Ⅳ）　　　　　　（16）

α（βノ，β川）＝p（り＋1lβノ，Ⅳ）　　　　　（17）

Wtcanthan，fromthemodelparametersW＝（a（sJ，SJ＋1），bt（sJ），Zl）estimate

thenewm。dd8a（sf，S／．1），bt（sJ），Zl）aBafunctionof7f（sJ，l）andEJ（sf，Sf＋l）・

a（β，β′）

bJ（β）

抑

∑岩抽ノ，β；．1）

∑畏1∑き＝1む（βJ，ヰ＋1）

∑畏17J（触り

∑覧1∑れ（βJ，り

∑畏1∑皇17J（り，り町

∑覧1∑皇17J（βJ，り

∑臣1∑皇17J（βJ，J）（研一仰）（帥一抑）T

∑畏1∑監17J（βJ，り

（18）

（19）

（20）

（21）

ThesymboIsinboldareusedtoindicatethee＄timatedvaluesthatwillbe

usedforthenextitera・tion・
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2．5JuliusRecognitionEnglne

ThisworkmikesuseoftheJuhusrecognitionenglne・TheJuliusrecognition

englneisatwopaB＄reCOg血itionenglnethatu8eStheconceptofawordtreuis

index【2】・Aword七rdhsindexconsists’ofafirstpasswherepathsofViterbi

scoresofword－endnodeswithinapredefinedbeamarekept・InasecondpaBS

wordboundariesaKedeteminedus皿gSta止decoder，lnWhi血thetrenisfrom

thefir8tpa＄SisconnectedaBbackwardheuristic，Sincealsothewordbeginning

丘aneCOrreSPOndingtoeachendnodeofasurvivedword（wordnotprunned）is

stored．
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3．AcousticModelingbyTied－MixtureSucces－

siveStateSplitAlgorithm

Inthissectionwewiudescribethepropo8edFaBtTied－MixtureSucce8SiveSta・te

Sphtalgorithm（FTM－SSS）andpointoutthed臆rencainrespecttotheoriginal

TM－SSSalgorithm，duringthede＄Cription・

Thissectionshow8howadivisive8tateCh＄teringalgoritlmthatgenerates

ac。uSticHiddenMaJkovModds（HMM）canbenefitfromatied－mixturerepre－

sentationoftheprobabilityden＄ity血皿Ction（pdf）ofastateandincreasethe

recognitionperfomance・

Populardeci8iontreebaBedchsteringalgorithmB，likeforexamPletheSucces－

8iveStateSplittingalgorithm（SSS）makeuseofasimplificationwhenclu＄tering

data．Theyrepresenta8tateu8ingasingleGaJuSSianpdf・Wt8howthatthis

approximationofthetruePdfofastatebyasingleGaussiani＄tOOCOarSe，for

。ⅩamPlea8ingleGanssiznc弧nOtrePre8entthedi触弧CeSinthesyⅡu批tricparts

ofthepdf，80fthenewhypothetical8tate8generatedwhenevaluatingthe8tate

sp揖gain（whichwi11deteminethe8tateSPlit）・

Theuseofmore80Phisticatedrepre8entation81飽dtointra・Ctablecomputむ

tionalproblem8thatwesoIvebyuslngatied－mixturepdfrepresentationofa

state．Additional1y，WeCOn8trainthecodd）00ktobeim皿止血1eduringthesplit・

Betw。enState8Plits，thisconstrainti＄rdaxed（thecodebookisupdated）・

Theproposedalgorithni8thenaneXtenSiontotheSSSalgorithm，theso－

canedTied＿mixtureSuco飴SiveStateSphttingalgorithm（TM－SSS）・

3．1Tied＿MixtureSuccessiveSta七eSplitting（TM－SSS）

Creationofpreciseandrobustacousticmodelsforspeechrecognition，glVena・

1imiteda．mountOftrainingdata）ha＄beena・nintensivefieldofresearchoverthe

laBtlOyeaJS［16，19］・Theapproachinmostsucce＄8fulspeechrecognitionsystems

haBbeenbaBedonsometypeofdecisiontreebaBed8Plittingorclu8teringtoauto－

maticanyfindane瓜cientparameterSharingstruCture，1・e・tyingstates，Sharing

tranSitionprobabilities，tyingmixturesandsoon・ExamPlesofsuccessfu1algo－

rithnsforthistypeofautomaticacousticmodelingaredecisiontreeclu8tering

usingphoneticquestion＄【18，14】弧dML－SSS【5］・
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ofpaJticularinterestinthi8the8isistherobustn鰯anddegreeofrepresen－

tationthatatied－mixturerepresentationyield8inanHMM，inparticulaxatthe

du8teringpha＄e・Duringthedu8teringphaBeal1state＄arehypothetical1ysphted

intwo．Theprocessconsistsinmatchingthepdfofthedataqgainstthehypo－

theticalpdf，s，eValuatingaspht（match）gainforeach＄tatethatweconsiderfor

spht・ThedataisaBSignedtothehypotheticalstatethatbestmatche8itspdf

andthe＄tatetOSPlitistheonethato蝕椚thehighestsplitgam・

Theproblemistheerrorintheclusteringproces8Wem町becom血tting

whenweignoretheGaussianindistinguishblecoⅡ卿nentthataJlyPdfhas・The

previou8algorithmsworkbBifthepdfofthesphtstatewerewellbehavedaBin

Fig・3・InthisfigureweshowatripLonesetwhosecenterphonemesb，d，9are

c。nSideredforasput（stateS）・InthisexamPlethephoneme8b，d（stateSl）have

quitedi触entmeanValuesifcompaxedtophoneme9（stateS2）・Thetwonew
hypotheticalstate＄Cantlmsbedi＄tinguishedby8ingleGaussianS・

ⅡoweverFig・4showsanextremecaseWheretheresultingtwonewGaussi

axenotdistinguishablebya＄ingleGaussian・hFig・4thetriphonesettobespht

representsastatewithcenterphone騨m，n，PreCededbyphonemeaa瓜dsu＆

ceededbyphonemee・Whenthistriphonesetissphtthetwocenterphone胱＄m

andnaremoreandlessin触enced，reSPeCtivdy，fromtheneighboringphonemes

a，e，reSultingintwonewstatesWithsamemea刀∴孔ndvariance・

18
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Despitetheirdi触enttruePdf，8，theyaReindistinguishblefromthepointof

viewofasingleGaussiandistributionrepresentationa皿dtlm＄thesphtgalnWiu

bezero．However，ifwecouldcalculatethegamu81ngthetruepdf？sandnotthe

approximationusingasingleGaussian，this＄tate8Plit頑btgiveusthemaximal

galn・hotherwords，the＄tateSPhtordermightbedi触ent・

ML－SSSu8eSa8ingleGaussianduringthestatesplitgalneValuationandhence

itssplitgalnisnota＆ctedbythedi触ence8thatareGaussianindistinguish－
ableinthere＄ultingpdf，80fthetwonewsta＾es・Obviously，u＄ingaContinuous

Density（CD）mixturerepre8entationwithas逓cientlylargenu＝iberofmixand8

（Gau＄Sian80fastate）wouldresultinamorereah＄ticgaincalcula＾ion・However，

theCDirq｝1ementationwouldbecomputational1ynon－traCtablea8thenecessary

sufBcient8tatistic8WOuldhaNetOberecalcula七edfromthedatas弧plesforeach

hypotheticalsput・Inthisthesis，Wethereforeproposeatied－mixture（TM）rep－

re8entatio竺・Aswewiu8howinlatersections，theTMrepresentationmakesit

computational1yfeasibletoevaluatethesphthypothe＄e8・
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Figure4・StatesphtwithonlyGau8Sianindistinguishablepdf）8・Herewe＄eean

exampleofresultingnewhypotheticalpdf，sthata＄ingleGaussianrePre8entation

isnotcapめ1etodi＄tinguish・HeretheRdimensionalobservationvectorylS

plottedaBaSingledimen＄iontosimphfytheplot・
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Therestofthissectionisdividedasfo1lows：inSec．3．2．1wedescribetheTM－

SSSalgoritlmtosoIvethepdfrepresentationproblemandtheclusteringprocess

inmoredetai1．hSec・3・3・1weapplythenewalgorithmtoawordrecognition

taskinordertoverifyitsusehhe＄Sanddi8CuSStheresult＄・Final1y，inSec・5we

drawconclusions．

3．2　ReformulationofML－SSS

hordertorepresentthepdfofastateduringthesplitphaBebyatied－miⅩture

representation？theproposedalgoritlmI企omnowoncal1edTied－MixtureSucces－

siveSta．teSplittingalgoritlm（TM－SSS），introducesseveralchange8tOthebasic

algoritlm（MLSSS）・

3．2．1TM－SSSalgorithm

TheTM－SSSalgorithmstart8withasimpleHMMconstruCtedtorq）re乱巳ntall

thephonemesinthedmibase．hourcasea・threestateleft－tOイightHMMis

used．TheBa・um－W占1chalgoritlmisa・PPliedtotheinitialHMMtogetthestate

occurrencecount＄andtoupdatetheHMMparameterS・

Ftomthestatisticsofthere－eStimation，aSPlitgalnisevaluatedsimula・ting

a．sta．tesplit．Fbreachcandidatesta．tesplitsC，againG（sC）isobtainedthat

isdependentonthepdftha．tthi8StaterePreSCntS・Thestatethatgivesthe

maximumexpectedhke址00dgains＊＝aRgmaX；G（sC）i8SPlitandal1七he曲cted

statesarere－e8tima，tedwiththeBaum－Ⅵklchalgoritlm・A餓氾tedstate8areal1

sta．tesinHMM）swhichcontainthesplitsta七e・Theprocessisrepeated？i・e・the

HMneti8grOwnuntilitreachesapre－definedstatenumber）theincreaseingaln

isnegligibleortherearenomorestatestosplit・Detai1edfiguresandformulaB

willbeshowninSec．3．2．2．

Finauy，triphonecontext8thatarelostduringthesplit？theso－CauedunSeen

triphones，arePlacedintheresulting甘MnetstruCture・Thisisperformedusing

a．treeofnonoverlappingphonemespaceenvironments［19］）tha・tisproducedas

aresultoftheTM－SSStraining．TheunSeentriphones（gapsandholesofthe

phonemespaceenvironment）areplacedintheleavesofthistree，basedon七he

co－OCCurrenCeCOuntSOfphonemelabelscollected丘omthesplithistory・
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Thepropo8edal呂OrithmisaBfo1low＄：

TM－SSSAlgorithm

l．createa．codebook

（a）Aatstart（estimatemead18andvariances）

（b）vectorquantizationtogetthecodebook

（c）Baum勒1ch（BW）ofinitialⅡMM

2．iterateoverthecandidate＄tateS：

（a）getstatesphthformationforeachdomainand鳥′CtOr

（b）findbestsphtforeaddomainandfactor

（c）8Phtthe＄tatewiththehighe＄teXPeCtedlikdihoodgain

（d）ifupdatecodebook（statesphtpertaintoa鮎ctedstate8SincelaBt
00debook叩date）

i．runBW，trainmeanB，VaRiance8，Weightsandtransitionsforal1

StateS

ii．useonlythemo8t8ignificantlLmixands

else

i．runBWoveraffbctedstates（state＄inHMM，＄Whichcontainthe

spht8ta七e），Onlytrainweightsandtra・nSition8

3．repeatlaBtStePuntilnu血erofstatesreachedorincrea点eingalni8negh－

gible

4．recoverunSe孤triphone8COnteX七sba虐edonsplithistory
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GetStateSplitInfbrmation

l．iterateov訂thedomainsandfactors

（preceding，CenterOr8uCteedingphonemes）：

（a）fromoriginalstatecreatetwonewhypotheticalstates

（b）iterateuntilconv訂genCeismet

i．fbrdldata

A・aS81gndatatothemorelikelystate

ii・eStimatenewstatesandsplitgaln

FbraglVenda・ta・＄amPle，therei8aunユquePa．ththroughtheHMnet．Itmeans

thatwhenwe8PlitaBtateWeareaB81gnlngthedatathatispaBSlngthatstateto

eitherofthetwonewstate8・Asthenumberofpossiblecombinationsofsplits

maybetoolarge，areCurSivealgoritlm［15，22］isusedtofindtheoptimalsplit：

theinitialstateiscopiedtoprovidetwonewstate5tO＄tarttherecurBion，One

Whichisacopyoftheoriginalstateandasecondthatisaperturbedcopyofit．

Allthedatathatpassedthroughtheoriginalstatei8aBBignedonebyoneto

themostlikelystatetorepresentit・Ftomthetwoset＄OfdatathepdfparameterS

forthenewstatesaxere－eStimatdandtheprocessisrepeateduntilaconvergence
criterioni＄met．

Whatsimplifiestheuseofatied－miⅩtureSyStemisthatweconstrainthecode－

booktobeimmutableduringtheestimationofthegainG（sC）ofthecadldidate

StateSPlitsC・Hencejustadjustingthemixtureweightsisenoughtoevaluatethe

Sta・teSPlit・Thiscon＄traintmaybeconsideredwellBatisfiedwhenweha・Vea・1arge

nhmberofstate＄intheHMnet，butmightbetoostrongaconstraintwhenthe

StateSPlitprocessisstillatthebeginnlng．

Moreoftenweupdatethecodebook，betterthefinalHMnetis，howeverfor

COmPutationalreasonsthecodebookisupdatedonlyifthecurrentstatesplits＊

Pertainstooneofthe脆ctedstatessincethelaBtCOdebookupdate・Bydoingso，
WeCarryOutafu11BW（Ba・um－W占1ch）moreoftenwhenwehaveasmal1number

Ofstates（whenastate＄PlitaRtctsmorethecodebook）andlessvice－VerSa．
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こ

ト

」

ThetraihingalgorithmfouowsthedaBSicaltied－midureBWalgoritlm【7］・It

isu8edafterastate8PhttoaccoⅡ皿datesmalldi触ence＄thatmayarise企om

thefixedcodebookconstraintduringthesplitandthei血enceofthesplitin

neighboringsta・teS・

h。rdertoderivethegainfunctionwed血etheobserveddatayTaByT＝

iyl，y2，・・・，yT‡andtherelatedhidden8tate8STa＄ST＝（sl，S2，・‥，ST）・

RBquiringthatⅡ脱n＄andvarian服Ofthecodd）00kareconstantduringthe

spht）aBStatedabove，thegainfunctionkexpressedasadi触enceoftheexpected
hghkehhoodbeforeandafterthespht・Fbreachstatesphtiterationkthe

expectedloglikdihoodbecomes：

Q（〆叫岬彗＝印喝p（yr，卵（叫）lyr，〆た）】

＝∑p（削ぎ，押）logp（yr，卵（叫）
さr

∑　∑抽，可logα（β，β′）
さ：さ＝さ‘，〆＝βトIt

＋∑∑∑竹（β，りlog頼）
β：さ＝β暮　t J

＋∑∑∑刊（β，りlogⅣ（抽～，∑∫）
■：■＝■l f J

竹（β，り

以β，β′）

α（β，β′）

むJ（β）

Ⅳ（飢l恥∑J）

p（βt＝β，巧Iyr，〆た））

p（βt＝β溝＿1＝拍r，〆た））

預flβトいβ（叫）

p（巧lβゎβ（帰））

p（y舟，〆叫）

（22）

aAda（s，Sl）isthetransitionprobabihty加mthestates＝Si－1tOStateSl＝St，

bL（s）istheweightofthecoddookvectorzlandN（ytIpt，∑t）istheGaussian

mixtureoftheobservationytwithrespecttoLl・earetheHMnetparameterS・

Notethatthisequationanowsus，aSSmngthatthetransitionprobabihtie＄
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axefiⅩeda眉inML－SSS［5］，tOCOnSideronlythecontributiontoQ（e（k＋1）le（k））that

comesfromthecandidatesplitsta七esC．Hence，OurgainG（sC）resumeStO：

G（βC）＝Q（β（叫1）岬）（β1，β2卜Q（β（帥）岬）（βC）

＝　∑．〆穐（ちβ′）logα（β，β′ト叫（βC，βC）logα（βC，βC）

＋　∑J監．〟去（β，J，りlogみJ（β）－〟ら（βCJ，りlogむJ（βC）】

＋　∑ル巧J）【鳩（β1，j）＋鳩（β2，ゴト鳩（βC，J）】

wbere

（23）

勅（β，β′）＝　∑む（瑚（β，β′）

〟ら（β，J，り　＝　∑　∑　7f（β，り
j（き，J）おt＝り（■，刀

鳩（β，J）＝　∑　∑竹（ちりlog〃（y－れ，∑J）
血書＝り（■，J）J

aJldjrepresentsaphoneme，Withj∈j（s，f），Wherej（s，f）repre8entSal1the

generalizedallophones［19］ina・CertainfaJCtOrf∈brecedin9，Cenier，SuCCeedin9）

Phoneme8forstates．With（s，S／）∈‡（sl，Sl）‡forthecontextualdomain＄Pht

and（s，Sl）∈（（sl，Sl），（sl，S2），（s2，S2））forthetemporaldomainspht（seeFig・5）・

Thefirstterm叫（），inequation23isindependentofthechosenfactorfand

constantduetotheconstraintoffiⅩedtransitionprobabilitiesduringthesplit．

Additional1yduetotheconstraintofconstantcodebookduringthestatesplit，

thelastterm鳩（）isconstanttOO．Thesecon8traintsreducethecal云ulationof

thegaintotheevaluationoftheterm〟ら（）・

3．2．2　ContextualSplit

hthecontextualsplitaBuSedinTM－SSS，theaimistosplitasta．tesCintwo

newstatesslands2ba層edontheobservationdatayassociatedwiththesplit

statesc．AssociatedwiththesplitstateisthephonemespaceA．Accordingly

thetwonewphonemesubspaces＾landA2withA8C＝AlUA2refertosland

S2，reSPeCtively．
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Figure5・Exa叩Ieof＄Phtofstates・intostat倒Slands2forcontextualand

temporddomains・

Eachobservationisdescribedbyasetoffactors，1・e・，it＄PreCeding，Centerand

8uC既dingphone＝kS・Acontextual8Phtmayonlybeperformedonafactorat

atime．Additionanyletu8grOuPtheob8erVationdataytbyphonemes］With

yj∈yh．，JhWherej（s・f）representasetofphoneme8inacertainfac七orfand

AsinTM－SSSthepurposeistorepre8enttheHMnetuslngtied－mixture8・A

stateswinbe，ePre8飢tedbyitsoutputdi＄tributionvectorb（s）withLcompo－

nentsb（s）＝（bl（s），・・・，bt（s），・・・，bL（s）），Wherelrepresentsoneofthecodebook

indi。鰭。ftheVQ（VtctorQuantization）・Thegoali8thentoestimatetwonew

vectorsofoutputdi＄tributioncoencient＄b（sl），b（s2），SOthatthemaximumhke＞

hhoodcriterioni80bserved・Thisi8baBicanyadivisiveclu8teringproblem・Tb

80lvethisproblemweuseChou，8Partitioningalgoritlm［15］asinML－SSS［11］，

chooslngthelossfunction

£（yr，り＝－logp（y律）　　　　　　（24）

chou，spartitioningalgorithmisapphedhere，SinceitaBSureSthattheoptimal

partitioninthe8enSeOfmaximal1ikehhoodwillbeselectedandthatitislinear

。nthenuHiberofclusteredphoneme8j（s，f）・WeperformClusteringofthedata

takingintoaccOuntthewholephoneme，1・e・WedonotuseViterbialignmentto
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extractthedata・forthesplitstate・Inねctweareclusteringphonemesbetwe弧

twoHMM）8Whichdi鮎ronlyonthesplitstatesCthatmaytakevaluesin

wbereゐ＝1，2．

Underthisobjectiveequation24，the“c孤trOid”functionbecomes

み（β烏）＝　拡g血n判£（y，む（β鳥））lβC】
叫■よ）

＝　argmaX利logp（yIb（sk））IsC］
8（βた）

argmaX∑∑竹（βC，りlog頼た）＋∬
t J

（25）

KturnSOuttObecon＄tantforstatesCduetotheuna鮎ctedterm8depending

onconstrainedfixstates，tran＄itionprobabilitiesandGa．u8Sianproba・bilities・The

new tranSitionterms and Gaussianterms sumtheir countStO the8ameValue

beforethehypotheticalsplit．

Themaximuminthisfunctionisgivenbythere増Stimaiionformulasofb（s）

eval11a，tedfromtheclustereddata．Thedivergencefunction，nOtCOnSideringthe

constantterm8forsl，becomes

d（y，あ（β1））＝呵£（y，み（β1川βCト壱（β）

＝－　∑．∑二∑ル（βC，りlogp（的l頃βl））
jむ（勘，J）旬f∈町J

＋　∑　∑∴∑亮（β（丑g）logp（yf裾β（川）
j∈拍り）旬t∈町J

（26）

Thephonemesj∈j（s，f）areclusteredmatchingthemtoitsnearestnei9hbor

b（sk）．i（s）istheminimumimpuritya虐definedinChou’8theorem【15］・

Fbrasinglephonemej∈j（s，f）thedivergencebecomes

d（妬み（β1））＝呵£（裾あ（β1））lβ卜£J（β）

ニ∑：∑ル（βC，りlogp（y溝（β1））
f：yt∈町J
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＋∑∑刊（β（j），りlogp（抽（β（j）））
t叩t∈γメJ

（27）

Theinequalityusedtosplitthephone胱jfrom8PaCeAtothespacesAk，

accordingtoChouIstheoremisdefinedaB

J∈Al if d（裾あ（β1））＜d（裾む（β2））

J∈A20tberwise　　　　　　　　　　　　（28）

Substitutingthedist弧Ceequation27intheinequality28weget，fortheith

dusteringiteration）thesphtequation

∑¶（βC，坤g軒1）（β1）≧∑－乃（βC，坤g軒1）（β2）
J J

¶（β，り ∑　乃（β，り
‘：£暮＝り（一．J）

（29）

wbere

hthi＄equationweaKenOtCOnSideringtheminor曲ct＄thatfiⅩedmeanILt

andvaKiance∑tmayhaveonthedivergencea8a・distancefunction・

Thestate＄Plitisperfohned，ffomthesphtstatesC，initial1ybycreatingtwo

statessl弧ds，，1．e．tWOneWSetOfmixtureweight8・

hthec。nteXtualdomaintheinitialweightvectorforstateslisobtained

bycopy（toaBSurethatthehkehhoodwi11notdecreaBe）andforstates2by

di8turbingtheoriginalweightsbt（sC）by（1＋（－1）lel）・Thenewweight＄Obtained

arethenr甲OrmahzedISOthattheysti11＄umuPtOl・elisarbitrari1ychoBen，

typidlyl■Oe－3・

Ft。mtheclu＄tereddatanewtied－mixturesweightsforthetwonewhypo－

the七icalsta．te＄arere－e8timated）COnStitutingthetwonewcentroidsforthenext

iteration．Thedusteringisiterateduntilthe血angeinthestatesplitgainbe－

comessmal1erthan’anaRbitrarilychosene）tyPical1yl・Oe－5・Ifthereisnopositive
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splitgaln，thevalueofeisreducedbyafactoroflOaBmanytimesasnecessary

untilagalnisa血ieved・

ThesplitdesignalgoritlmmaybesummaXizeda虐fo1lows・

SplitDesignAlgorithmforFactorf

（AllthetermSbelowdependonf，butfisfixedheresoitwi11beomitted）

●Initiali2；ation（itera．tioni＝0）hitiali2CthedistributionparameterCen－

troid8forthetwonewhypotheticalsta・teS‥

〆0）（β1）＝押）（β1），…げ）（β1），・・・好（司

む（0）（β2）

畔）（β2）

【む1（βC），…bJ（βつ，…ゐェ（βつ】＝あ（巧

［呼）（β2），…研（β2），…好（β2）］

（1＋（一1）J亡）あJ（βC）Ⅵ

●Iteratefori＝1，2，．．．

1．Findn。Wbinarypartition（A㌢），Aど））‥

Fbreachj：j∈j（s，f），aSSignal1theyi：yi∈yjtOA㌘）if

∑¶（βC，りlog軒1）（β1）

≧∑亮（βC，g）log軒1）（β2）

。therwise，aSSlgnal1theyitOAぎ）．

2．Findnewcentroidsib（i）（sk）：k＝1，2）・

研（βた）＝
∑拍（妬J）（り¶（β，り

∑府（妬J）（り∑用（β，J）

（30）

（31）

（32）

where7i（s，l）haNebeen＄tOredduringthepreviou＄BWre－eStimation・
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3．Tbstforconvergence：StOPifthepartitiondoe8nOtChangeorif

G（βC）（り－G（βC）（吊）

G（βC）（吊）

whereG（sC）isthecontextualgain（Equation23）andりisanheuri＄ti－

callydos弧COnVergenCethreshold・NotethatG（sC）（i）≧G（sC）（i－1）・

3．3　Experime血alData

I8。1atedwordrecognitionexperiment8foronemaleJapane＄eSPeaker（8Peaker

MHTofATRdatabaBeP］）wereperformedto虞旧WtheeffbctivenessoftheTM－

sssalgorithm・ThedatabaBeCOnSht80foneutt飢nCeeaChofthemost駐equent

5240Jap弧eSeWOrd8hbeuedwith55phonemehbels・

weusetheML－SSSalgorithmaBaba占elineforcomparisonwiththeTM－SSS

algorithmintheexperimentsthatfonow・

Acodebooksize・00mmOntObothTM－SSSaAdML－SSSmodel＄WaB8ettO

lO24GadlS＄izms．hordertokeepthecodebook8izefixedamOngal1modds，ML－

sssⅡMnet＄Wereretrainedwithmul七iplemiⅩandspersta七e・Fbrexample，the

256stateML－SSS甘MnetwaBretrainedwith4miⅩandsperstate，reSultingma

comparablenumberoflO24G肌SSiansperHMnet・

Tよblel．Fbatureextraction・

par鉱脈ter Vd血e

＄amp血grate　　16000批

正ame＄hift tllOms

丘ameleng也　　　25ms

pre－emPhasi8COef・0・97

param魂er8 12MFCC，12△Mf’CC，

1△logpowα

恥blelde8Cribe＄thefeatureextraLtion・
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3．3．1Speiker－dependentHMnetExperlmentS

Theexperimentswereconductedunderthefo1lowlngCOndition8：

●TheinitialHMnetconsist＄Of3sta．tesalignedlefttoright，rePreSentingall

thephonem朗inal1thecontexts・

●Onlycontextualsplitwa層performed・

●TM－SSSisperformedwithcodebookoflO24Gaussians・

●HMnetsare8Plitupto256and512＄tateS・

●ML－SSS HMnetsareretrainedwith4and2Gaus8ia．n8Per＄ta．te，reSPeC－

tivdy．

●Embeddedre－eS七imation，i．e．notuslngtimeinformationofthephoneme

la．bel＄，i8P由払rmedtocompen8ateforhbelingerrors・

Uptoherewehavetrainedtwosetsofmodels，OneaSetOfTM（Tied－Mixture）

models，ObtainedusingtheTM－SSSalgoritlmandanotherasetofGM（Continn－

ousDensityGaussianModels）models，COn8truCtedusingtheML－SSSalgoritlm・

Fora．fairercompaJisonbetweentheTM－SSSandML－SSSalgorithm8Wealso

estima，tedaTMmodel丘omaGMmodelandvice－VerSa．hthiscase，neithera

di鮎renceinthenuniberofparameterS，nOradi鮎renceintheHMMstruCture

existsatal1．Theseconvertedmode18WereCreatedaBfo1lows：

●TM－SSSmodelsareconvertedtoGMmodels，byconstrahingthenumber

ofmixandsperstateto4and2，forⅡMnetswith256and512statesper

model，reSPeCtively．

●Similaxly，ML－SSSmodelsaxeconvertedtoTMmode18，byinitial1ytaking

，10％ofthemixandweight＄anddistributingthemuniformelyasmiⅩands

WeightsforthemiⅩandsoftherema・1nlngStateS・

A11conv併tedmode18arefinal1yretraineduslngembeddedre嘲timationwith

thetrainingdata，1nOrdertooptimi2Cthemodelparameter＄tOthenewmodel

StruCture．
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3．3．2　WbrdRecognitionRe8ult＄

鮎cognitionresultsforTM－SSSandMしSSSalgoritlmsandtheirre＄PeCtivecon－

vertedmodelsaxesuⅡ皿ahzedinTable2and乱ble3・Thetrainingdataa3ethe

2620even－nuHiberedword＄andthetestdataasethe26200dd－nu＝iberedwords・

Table2．Wbrdrecognitionerror（％）forML－SSS弧dTM－SSSwithlO24Gans－

、Siansand256stateseach．

五ndtopology

匿窒］
tr血ng

dgoritbm

MしSSS田［亘軋［二重コ

Table3．Wordrecognitionerror（％）forML－SSSandTM－SSSwithlO24Gau8－

siansand512state＄ea血・

retrahbpology

匿遥
training

algorithm

MしSSS‾門地　4・08

hTible2andTable3trainingalgorithmrefk8tOthealgoritlmu8edto

getthefirstHMMtopology，inthecaseofTM－SSSre＄ultinglnatied－mixture

topology（TM）andinthecaBeOfML－SSSinacontinuousde適tyGau88ian

mixturetopology（GM）・TheresultsofTM－SSSalgoritlmwithaGMtopology

aAdofML－SSSwithaTMtopologyrefertotheconvertedmodels・

Table2andTable3showthatanHMMmodelcon8truCteduslngtheTM－SSS

algorithmne打1yhalvestherecognitionerrorratecomparedtoanHMMmodel

creaiedusingtheML－SSSalgorithm・Thishold＄trueforspl価ngupto256states

and512states・

Fbrameaningfu1analysis）thetwoapproache8havetobecomparedwithin

the8ametOPOlogytype）1・e・TMandGM，reSpeCtivdy，SOthatthetotalnud）er
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of丘eeparameterSisthesameeVena・tthelevelofthenunibeTOfmiⅩandweight＄・

FbrtheGMtopology，WhentheTMtopologyobtaineduslngTM－SSSwaB

conv併tedtoa．GMtopology，theTM－SSSalgoritlmstilldidbetter（3・74％vs

5．27％for256state8，3．63％vs4．08％for512states）・1Thisprove＄thatTM－SSS

algorithmise鮎ctiveonitschoiceoffinalsharedstatetriphonesfortheHMnet・

TbkingtheTMtopologyaBa・POintforcomparison）Wealsodidbetterwiththe

TM－SSSalgoritlm，becausetheGMmodelobtaineduslngtheML－SSSalgoritlm

didnotshowadecreaseintheerrorra．te，becauseofthewe11－knownsensitivity

ofHMM，8tOinitialⅤalue8．hotherwords，althoughmorefreeparameterSare

avai1ableintheTMtopology，theseparameten∋aKenOtuSedefBcientlyandthe

errorrateremaindat5．27％for2568tateS and4．08％for512states．Inboth

caBeSthecorre8POndingTM－SSStrainedmodelsoutperformtheML－SSStrained

models（2．79％vs5・27％for256states，2・21％vs4・08％for512states）・

3．3．3　Center Phoneme

AnotherwaytomeaBurethe曲ctivene8SOfthenewapproachi8tOanaly紀how

thephonemeshavebeensplit・hanIIMnet）eVeryStatePathdefinesamodel

representingasetoftriphones（orgenerali詑dallophones）・hSSSthesesetsof

triphone8areCOnV既SPaCeSWhichmayberepre8entedbyset80fphoneme8）eaCh

onerepresentingonecontext（preceding，Centerandsucceedingphonemeset）・

FbranHMnetwith256states，almostal1thecenterphonemes8houldhaveal－

readybeenspht■Ta・ble4andTable5show＄thetriphoneswhosecenterphonemes

remainunSPLtinthefinalHMnetIaBWellastheiroccurrencefor256and512

8ta．te8re＄PeCtively．

Wtca∬ト魯eefromTa．ble4andTable5thatus皿gtheTM－SSSalgoritlmalmost

al1thecenterphonemeshaNeb恍nSPlit．WithML－SSSanimportantam0untOf

unSPlitcenterphonemes，eqPivalentto27・2％ofal1triphonescontexts，remain8・

Ⅵ砧thinkthattheiⅡ坤rOVemen七withTM－SSSi＄duetothemoreaccuratesplit

gaincalculationl

1Theincreaseinerrorrate缶om2．79％to3．74％for256state8，2．21％to3．63％wassornehow

expectedaBthetotalnumberoffreeparameter8i8reducedbythec占nversion・
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Table4．Unsphtcenterphonem田forHMnetwith2568tateB（＄PeakerMHT）・

MLSSS％　　TM－SSS％

（e，恍）（叫0，か）（0，ひ）

（a，む，姐）（皿，00）

（e，ei，恍）（eiee）

（m，g）（訂，ny）（t，p）

（k，t，p）（血，毎）
27．18％

Table5．Unsphtcenterphonem傍for甜netwith5128tate5（speikerMHT）・

ML＿SSS％　　TM－SSS％

（叫0，ひ）（0，か）

（a，む、a息）（皿，00）

（ei，恍）

（m，g）（訂，ny）（t，p）

（k，t，p）（血，毎）

（a，姐）（叫0）
21．02％　　　　　0．0％

Inthh8eCtionwepropOSedanewalgorithmnamedTM－SSS（Tied－mixtureSu＆

増SiveStateSplitting）・Thisnewalgorithmextendstheuseoftied－mixturerep－

resentationnotonlytothefinalphaBeOfanacousticmoddgenerationalgorithm，

butalsotoitstopologytrainingphaBe・

FbrthesamenuderofGaussianstheresultsu8ingTM－SSSareabout31％

（relativedeqeaBeineTrOrrate）betterthanusingtheML－SSSalgorithm・

Thesuperi0rityoftheTM－SSSalgoritlmi＄8hownnOtOnlybyitsrecognition

ratebutalsobythevisiblequalityofthefinalphonemespht，aBatteStedbyits

perform弧CeOnSPlittingthec蝕terphonerrm・
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DespiteitsgoodperformanCeithaBa・maJOrdrawbackthati8itscomputar

tiona，1costforla・rgeta・Sks・Tha・tisexactlytheproblemwetackleinthenext

section．
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4．馳stTied－MixtureSuccessiveStateSplitting

（FTM－SSS）

TM－SSS（Tied－Mixtur？SuccessiveStateSphtting）kanalgorithmthatautomat－

ical1ygeneratesconteXtdependentHMM，swithsharedstates，tranSitionprobむ

bihtie8andaGaussiancodめ00k・Thisalgorithmprovedtoachievehigherrecog－

niti。nrateSthaAML－SSS（MaxirrmmLikehhoodSuccessiveS七ateSphtting）for

asinglespeaker，butthealgoritlmwaBtOOSlowforspeakerindependenttaBk8・
TheⅡ購tdemandingcomputationaltaskwa虐tOupdatethecodd）00kev

astateissplit・PreviousattemptstOreducethenumberofsphtsresultedin

poorerrecognitionrates・

Howeverwefoundthatoncethecodebookprovide＄anunbiaBedrepresenta－

tionoftheacoustic8PaLeWeCankeepitconstantduringthe＄tahe8Phtprocess，

updatingitju＄tOnCethe＝MM，ssetisd血edandtlmssavingalotofcomputむ

tion，Without8ignificantlyahtingtherecognitionrate・Besidesthi＄reduction，

furtherimprovementSWerePO8Sibleduetothis叩PrOaCh，Whichanowedusto

trainspeakerindependentmaleandfemaleacousticmode18inareaBOnabletime・

hthissection，Wethu8PrOPOSeaneXtenSiontotheTM－SSSalgoritlm，the

紗CauedFastTied－MixtureSuccessiveStateSphttingalgorithm（FTM－SSS）・The

recognitionre＄ult8for8imi1amuderofkeeparaw七郎betwecnmonophoneand

FTM－SSStriphone（FTM－SSSbaBed）acousticmodd＄Showedaboutthesam

recognitionrateformaleandanincreaBeOfabout3・6％for触ale，req血ingonly

l．5time8thecomputationam0untOfamonophoneacousticmodel・

AsaresulttheFTM－SSShaBbe孤叩Phed七otheASJ（AcousticSociety

ofJapan）andJNAS（JapaneSeNewspaperArticleSentence8）databaBe（more

than60hours）・R鮒gnitionresultsforthelOOsentence8taken企omtheIPA

（hformation－teChnologyPromotionAgency）CD－ROM，forbothmaleandfemale

amu8ticmodel＄aJerePOrted・Theperformanceisahcompaxedtothemodds

pre5entinthedi＄tributionthathadbe弧generatedwiththeHTKtoo比it・The

FTM－SSSacousticrrmddsrepresentanincreaBeinrecognitionaccuracyof2％

whencomparedtomonophones，withasimi1adnu＝iberoffreeparameterS・
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4．1SpeedingupTM－SSS

hthi88eCtionwewi11describetheproposedFTM－SSSalgoritlmandpointout

thedi魚汀enCe8inrespecttotheoriginalTM－SSSalgoritlm，duringthedescrip－

tion．

OfparticularinterestinthisthesisisthebehavioroftheGa闇Siancodebook

duringthesta．tesplitproces8inthecaseoftheTM－SSS［1】algori七lm．InFig．6a

WeSeeaSetOfallophone8beingsplitacoupleoftimes，aCCOrdingtotheTM－SSS

algoritlm・nyingtoreducethepumberoftimesweupdatethecodebookha＄an

adverseeffbctaBShowninFig．，6b．Theidea．isthentokeeptheerrorcausedby

thecodebookconstant，SOthatthestatesplitorderisminimally脆ctedbythe

COdebook，Fig．6cshowshowtheproposedmethodbehaves．
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Figure6・StatesphtandmeapsofcodebookmoveswithBaumWd血（BW）
re－eStimation・a）justsplitsendingwithBW，b）BWalternatedwithmorethan

OneSta．teSPlit，C）alterna・tedBWandstatesplit．aandcbehavesimi1arly，butb

lea．dstononoptimalacousticmodelstruCtureS．

WiththeoriginalTM－SSSweneededtotrainal1theda．ta．together，1．e．We

00uldn’tseparatedatainitscentralphonemeandtrainitinseparateproc鶴8e8，

becau8ethecodebookwassharedamOngal1theda．ta．．NowwithafiⅩedcodebook

thisispos8ible，＄OWeCantakeadvantageofmultiprocessorcomputerstospeed

uptheacousticmodelgeneration．
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4．1．1FTM－SSSAlgorithm

TheoriginalTM－SSSalgorithmstartswithasimpleHMMconstruCtedtorepr＆

sental1thephonemesinthedatabaBe・hFTM－SSSwestartwithal1thecenter

phoneⅡ腰SPhtsowecanprOCeSSdi触entphonemesinpaJal1d・hTM－SSSit

isinfactadisadvantageto＄PhtinadvanCethecenterphoneⅡ腰，becausethe

codebookmstbeupdatedduringthestatesphtproc鰯，SOWeC弧nOtbenefit

fromsplittinginadvancethecenterphonemesforpar此1processmgpurposeS・

Bothalgorithmsaxeusual1yinitiali雄dwithathree＄tatele氏－tMightHMM

forrepresentingitsinitialauophone＄・hTM－SSStheBamWdchalgorithmk

apphedtotheinitialHMMtogetthe＄tateOCCurrenCeCOunt8andtoupdatethe

HMMparameterS・hFTM－SSSthecodebookisjusttheresultoftheVQ（侮tor
QⅦ弧tiz誠ion）oftbeda出血a汎

Ftomthestati8ticsoftherヶ朗timation，aSPhtgalnisevaluatedsimulating

astatespht・Fbreachcandidatestate＄PhtsC，againG（sC）i80btainedthat

i8dependentonthepdfthatthhstaterepresentS・Thestatethatgivesthe

血血mexpectedhkehhoodgains・＝argmaX：G（sC）i8SPlitand拙he曲cted

statesaRere＞eStimatedwiththeBanm牒托Idalgoritlm・A触tedstate＄areal1

stat窃inHMM，＄Whichcontainthesphtstate・Theproo朗Sisrepeated，i・e・the

IIMneti8grOWnuntnitreache8aPre＞d血edstatenuniber，theincreaseingamk

negligibleortherea別OmOreStateStOSPht（thegainfunctionisbdowl・Oe－5）・
Thed騰rencebetw弧TM－SSSandFTM－SSSisthatinthefir8ttheBanrrL

職1血proα血∬eOVer血瓜ddB抽馴pd如拙be叩弧etem∋Oftbeacou眉tic

model，includingthecodd）00k，WhneinthesecondonlythetranSitionprobabiト

itiesandmiⅩandweightsaseupdated・

Findy，triphonecontextsthataselostduringthe＄Plit，theso－Cal1edun8een

triphones）aXePlacedintheresulting＝MnetstruCture・Thisi8Performedusing

atreeofnonoverl研ingphonemespaceepironrrmts［19］）thatisproducedas

aresultoftheTM－SSStraining・Theun弼ntriphones（gap＄a皿dhdlesofthe

phonemespaLeenやOnm孤りaxeplacedintheleaNeSOfthistreqbasedonthe
c囲CCurrenCeCOuntSOfphonemehbelsconectedfromthesphthistory・

AttheendoftheacousticmoddgenerationincaseofFTM－SSSacoupleof

Banrr＞Wddlinteractionsaxecamiedouttoalsoaccommodatethe℃Odebookto

thefinalacousticmodel・
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TheoriginalTM－SSSandtheproposedFTM－SSSalgorithmsaredescribed

belowinacompactform：

TM－SSSAlgorithm

l．crea七eacodebook

（a）鮎tstart（estimateme弧SandvarianCeS）

（b）vectorquantizationtogetthecodebook

（c）BaurrLW占1ch（BW）ofinitialHMM

2．itera．teoverthecandidatestates：

（a）getstatesplitinformationforeachdomainandfactor

（b）findbestsplitforeachdomainandfactor

（c）BPlitthestatewiththehighestexpectedlikelihoodgain

（d）ifupdatecodebook2

i．runBW，trainmeans，VarianCeS，Weightsandtransitionsforal1
State8

ii．useonlythemostsignificantLmixands

i・runBWoveraやCted8tate8（statesinHMM’8Whichwntainthe
BPlitstate），OhlytrainweightBandtransition8

3．recoverunSeentriphonescontextsbaBdon8Plithistory

2As＄tatedatthebeginningoftheSec．4itisbeneficial，企omthepointofviewofrecogmition

accuruy，tOalwaysupdatethecodebook（andthatisthe叩prOaChusedinTM－SSSwhen

COmParingwithFTM，SSS）・
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FTM－SSSAlgorithm

l．createaCOdebook

（a）且atstart（estimatem弧SandvaxianCe8）

（b）vectorquantimtiontogetthecodebook

2．iterateoverthecandidatestates：

（a）getstate8Phtinformationforeachdomainandhctor

（b）findbestsputforeaddomainandfactor

（c）sphtthestatewiththehighestexpectedhkehhoodgain

（d）runBWovぼ曲cted＄tateS，Onlytrainweight＄andtranSitions

（a）runBW，trainman8，VaRiance8，Weight8andtran8itionsforallstates

4．rec卯ertm8＊ntriphonescontextsbaBedonsphthi8tOry

BothTM－SSSandFTM－SSSalgorithm＄haJethesameproceduretogetthe

statesplitinformationaBfo1lows：

GetStateSplitInfbrmation

l．iterateowrthedomain＄andfactors

（preceding，CenterOrSuCCeedingphonemes）：

（a）ftomoriginalstatecreatetW6newhypotheticalstates

（b）iterateuntnCOnVergenCei8met

i．払rdldata

A．asslgndatatotherrmrehkdystate

ii．estimatenew8tateSandsplitgam
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FbraglVendatasamPle，thereisaumquepaththroughtheHMnet・ItmeanS

thatwhenwesplitastateweareasslgnlngthedatathatispasslngtha・tStatetO

eitherofthetwonewstates．AsthenuHiberofpossiblecombinationsofsplit8

maybetoolaxge，areCurSivealgoritlm［15，22］isusedtofindtheoptimalsplit：

theinitialstateiscopiedtoprovidetwonewstatestostarttherecursion，One

whichisacopyoftheoriginalstateandasecondthatisaperturbedcopyofit

（mixandweight8multipliedbyl・Oe－3）・

Authedatathatpa＄Sedthroughtheoriginalsplits七ateisassignedtothe

mostlikelyhypotheticalstate・Ffomthetwo8etSOfdatathepdfparameterSfor

thenew8tateSaXere一朗timatedandtheprocessisrepeateduntila・COnV訂genCe

criterionismet．

Whatsimphfiestheu8eOfatied－mixturesystemi8thatweconstrainthecode－

bookduringthestatesplittobei＝皿utable・Hencejustadjustingthemixture

weightsisenoughtoevaluatethestatesplit・

Thetrainingalgoritlmfo1low8theclas8icaltied－mixtureBWalgoritlm［7】・

In。rdertoderivethegainfuhctionwedefinetheobserveddatayTasyT＝

（yl，y2，．．．，yT）andtherelatedhiddenstate8STassT＝（sl，S2，…，ST）・

RequiringthatmeansandvarianCeSOfthecodebookareconstantduringthe

split，aB8tatedabove）thegainfunctionisexpressedaBadi鮎renceoftheexpected

loglikehhoodbeforeandafterthe8Plit・Fbreachstate8Plititerationkthe

expectedloghkelihoodbecomes：

Q（〆帰）岬）＝印ogp（yr，β押仙））lyr，β㈹】

＝∑p（β紬r，β（鳥））logp（yr，β押叫）
きr

∑　∑抽，可logα（β，β′）
き：き＝きf，〆＝βト1t

＋∑∑∑竹（β，J）log頼）
き：β＝きf t J

＋∑∑∑竹（β，りlogⅣ（ytl抑∑J）
8：き＝きI f J
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擁，り＝晦叫巧榊（た））

的β・）＝p（βt＝β，恥1＝湖，〆た））

α（β，β′）＝p（抽一1，〆叫）

h（β）＝p（抽，腔1））

Ⅳ（y血，∑J）＝p（yれ腔1））

anda（s，S／）isthetran＄itionprobibihty＆omthe＄tateS＝恥1tOStateSl＝St，

bl（s）i＄theweightoffhe00ddookvedormandN（yiI”，∑t）istheG狐8Siw

mixtureoftheobs耶ationytwithrespecttOZl・OaKetheHMnetpar狐etCr＄・
thatthetransitionprobabilities

arefixedasinMLrSSS［5］，tOCOnSidqo山ythe00ntributiontoQ（腔1）IO（k））that

c。Ⅱ腰fromthec弧didate8PhtstatesC・Hence，OurgainG（sC）re5umeStO：

Notetha＾thisequationallow8u8†aBSu皿mg

岬）＝Q（押叫l呵（輌）－Q（β叫l押糎）

∑．√妬直，押ogα（β，β′ト抑み印即（βC，βつ

＋∑瓜城ト，J誹og頼）一項り，坤g畔）1

＋∑脚）【鳩師）＋蛾（β2，か鳩（βⅦ

J帆（β，β′）

城（β，J，り

鳩（β，ブ）

∑毎，J）（β，β′）

∑　∑　7t（β，J）
ル，J）如戸∬メい・J）

∑　∑頑，りlog〃（扉仰，∑∫）
廟＝り（■，J）J

弧djrepr田ed＄aPhon弧e，withj∈j（s，f），Wherej（s，f）repr醐tSal1the

gene通如曲もon坤匝ac血n仙r′∈かeα袖Ce廟β心根e㈲
phon甜forstabs・With（s，Sl）∈｛（sl，Sl）｝forthecont既tualdomainspht

弧d（s，S，）∈（（sl，Sl），（sl，S2），（s2，S2）｝forthetemporaldomahspht（seeFig・7）・

43



sl抽Siitl

toれte玉山al

dom痴れ

甲Iit

かom

prec曲g
ぬtes 敦b卯∝帥舶喝

ぬteさ

曲／＼局
地mporal

do皿血印Iit

G

⑮

Figure7・ExamPleofsphtofstates＊intostatesslaJlds2forcontextualand

temporaldomains・

Thefirsttermノ仇（），inequation34isindependentofthechosenfactorfand

constantduetotheconstraintoffiⅩedtran8itionprobabilitiesduringthesplit・

Additionally，duetotheconstraintofconstantcodebookduringthestatesplit〉

thelastterm鳩（）isconstanttoo・Thesecon8traintsreducethecalcula・tionof

thegaintotheevalua七ionofthetermM；（）・

4．2　ExperimentalData

Speakerindependentcontinuosspeechrecognitionexperiment8formaleandfe－

ma．1espeaker8（ASJ【17］andJNAS［10］data・base）werecarriedoutwiththesame

trainingda，tathathadbeenusedtoconstructtheacousticmodelsoftheIPA【20］

di8tribution．Thetrainingda．taba．8eCOn＄ist80f20414sentencesutteredbymale

speakersa・nd20958sentence＄utteredbyfemalespeakers・SeparatelOOmalesen－

tencesandlOOfemale＄entenCeSWereuSedforte8ting丘omspeakersnotpresent

inthetrainingdatabaBe・The8entenCeSWerelabeledwith43phonemelabels・

Asbaseline，WeuSedmonophoneHMM’8，with16miⅩtureSPer8tateforcorr＞

parisonwiththeFTM－SSSalgorithmintheexperimentsthatfo1low・Allthe

modelshavearound2000Ganssian8Whetheritis atied－miⅩtureOraGa，uSSian

miⅩtureStruCture．

Table6describes thefe誠ureextraction．Theexperimentswereconducted

44



Table6．Fbatureextraction・

parameter

samPlingrate

丘amesbi氏

企aⅡ旭1engtb

pre－emPhaBiscoef・

PaJameter8

日

田

口

円

田

Ⅴ誼ue

16000Hヱ

10ms

25Ⅱ娼

0．97

12MFCC，12△MFCCI

l△logpow訂

underthefo1lowingconditions：

●Monophonemoddsare七rainedwith？8tateahgnedlektorightperphoneme・

●FTM－SSSmodelsasetrainedwithacodd）00kofabout2000mixand8

●Embeddedre＞e8timationIi・e・nOtuSingtiwinformationofthephoneme

labels，ispe血mdtocompensateforhbelinge汀OrS，foral1a00uSticmod－

4．2．1Speaker－independentHMnetExperiments

Forthefouowingexperiments，Wehavebe孤uSingv椚ion2・2bofJdius，that，

amOngOtherthings，reCOgn12ieStied－mixtureacoudicmodd8inHTKformatand

takeslehandrightintrz”Ordcontexts，andrightinter－Wrdcontextsintoac－

count．FtomnowonWheneverwemtionJuliu8Wearereferringtov誠on

2．2b．Anewfeatureinthisver8ionkpruningthenu＝iberofmiⅩ弧dsthatwiu

beevaluatedinorderto＄Peeduprecognition・

FbrourexperimtsweusedtheASJandJNASmaleandfemaletrainingsen－

tencesdescribedintheIPAdistributionCDandthet傍tdatawithlOOsentence8

foreadgender，uSedforIPAacousticmodd8eValuation・

Ac。uSticmoddsformonophones，FTM－SSSandPDT（PhoneticDecision

ne朗）wぼegenぼated・ThePDTmoddwwtrainedu＄ingtheⅡTKtoolkt【14】

andwaBthenconvertedtoatied－mixtureformatbymerglngalltheGaJuSSiansand
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applyingastandardfi00rlngOfl・Oe－5toal1miⅩandweights，PrOPerlyrescaling

themiⅩandweightstomakethemsumuptol・0・Aumoddsarefinal1yretrained

withatleast3Baurr＞W占1chiterationstodealwithdi触ence8thatm町arise

h：Om＄truCtureCOnVerSion．

wordrecognitionresultsforftmaleaJCOuSticmodelsforFTM－SSSandPDT

algorithmsaxesummarizedinTable7fordi触entpruninglevelstoverifythe
efftctofpruninginbothalgorithms・

Table7．W。，drecognitioncorrect／accurate（％）forFTM－SSSandPDTfordif－

fe，。ntlevels。fpruning（tmixrepre＄entSthenunberofmostsignificantmiⅩands

thatmustbeevaluated）

巴
algorithm

FTM－SSS PDT

Aswecan＄ee丘om乱ble7theFTM－SSSalgoritlmproducesanaCOuStic

modelthati8mOrere8istanttOPruningIbecauseitbuilds・itsstruCturebasedon

atied－mixturecodebook，WhileincaseofthePDTgeneratedacou＄ticmodel，it

isaJtificial1ygeneratedbymerglngthemixtures・

nomnowonwewillu8ethemonophoneacousticmodelsasba点eline■R朗ults

formaleand鮎malemodelsaxesurrmari2；edinTable8・

Table8showsthatanHMMmodelcon＄七ruCtedusingtheFTM－SSSalgo－

ritlm1eadstoabout2％increaseintherecognitionratewhileonlyincreasing

thedecodingtimeby50％・恥ble8alsoshowsthattheHMMmodelconstruCted

usingtheFTM－SSSalgoritlmadieve8ahigherrecognitionratethanuslngthe

acousticmodelgenerateduslngPDTalgoritlmforthistask・Fbrimix＝32

0btainincreaBeOfmorethanlO％inbothgendersforFTM－SSSwhencompared

witbPDT．
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Table8．Wbrdrecognitioncorrect／aaurate（％）formonophone，FTM－SSSand

pDT，pruninguptothefirsthighe8t32and512mixture8PreSentinthecodebook

trainhg

algorithm

monopbone

FTM－SSS

PDT

一丁M－SSS

至∃≡妄空毒
口⊂二］83・叫82・46

日［至二］軋56／82・53

違79．68／74・1183．65／82・31

鋸．糾／79・76

4．3　SⅦmmary

hthissecondpartOfthetheskwepropo＄edanewal＄OrithmnamedFTM－

sss（FbBtTied－MixtureSucwsiveStateSphtting）・FTM－SSSworksalsofor

speakerindependenttaBks，andthu8allowstoapplythebenefitsofTM－SSS

（Tied－MixtureSuc増SiveSta七eSphtting）withoutsaaificingrecognitionperfor－

manCe．Itisonestepforwardforusingcon七ext－independent，8Peakerindependent

aa）uSticmodel＄inreal－timeapplica・tions・
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5．Conclusion

Thisthesishastocopewithaproblemfoundinspeechrecognitionsystem＄that

hasbotha．theoreticalandpracticalaspect・Thee＄SenCeOfthisproblemisthe

representationofHMMstatesby＄ingleGaussianBduringtheHMMtopology

generation・Theoretical1ythisisinsu伍cientaBarq）reSentation，andresulting

error8arePrOPagatedintothesystem・Thepureapplicationofthetheoretical

solution，namelytheGaussianMixtureapproacbisnotpracticdyfhsibleatthe

stateofHMMtopologydesign・

Itiskn0wnthatintheGaussianMixturecaseastatesplitwouldhaveastrong

impactintheGa・u8Siansofthe＄Plitsta・te・HoweverintheTied－Mixturecasethat

e鮎ctisexactlytheopposite．AstatesplitintheTMca8ePrOduce＄justaslight

changeintheGau8Siancodebook・Itwasobservedthatmostofthecomputation

costisduetoupdatingthecodebookwhileperforrmngthestate8Plit・BothTied－

MixtureandGa，uSSianMixturepdfrepresenta・tionsareequivalentandricherthan

a．singleGaussianrepresentation・Thi81eadtothehypothesi去thatitispos＄ible

touseaTied－Mixturerepre8enta・tionkeeplngthecodebookunmtableduringa

StateSPlit．

In七histhesisweexaminedthishypothesisandproposedanautomaticalgo－

ritlmnamedFTM－SSS（払stTiedMixtureSuccessive．StateSplit）algorithmfor

HMMtopologyconstruCtionthatsoIvestheproblemsmentionedearlier・W占have

beenabletodrawthefo1lowlngCOnCl11Sionsaboutthisapproach：

●FTM，SSSsoIvesatheore七icalproblemofpreviousautomaticacousticmodel

algorithms，namelytherepresentationofthepdfofastatebyasingle

Gaussian，duringtheconstruCtionoftheHMMtopology・Moreoveritis

practicalinthesensethatitdoes＄0withoutbeingascomputationauy

expensiveastheapproachofrepresentingstatesbyGaussianMixtures・

●FTM－SSSreduce8theerrorratebyabout31％comparedtotheoriginal

ML－SSSalgoritlmandbyaboutlO％comparedtothePhoneticDecision

Trees（PDT）basedalgorithms・Thiscomparisonwasdonewithmodels

ofcomplexitysimi1artoabaselinemonophoneHMMsetandfastprunlng

appliedtobothFTM－SSSandPDT（inordertobecompetitiveintermsof

sped）・
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●FTM－SSSmake8distinction8intheearlystagesoftheⅡMMtopologycon－

struCtionthataxemofeconsistentwithphoneticknowledge・Thesedistinc－

tionswereobs耶edinFTM－SSSbutnotinpreviousalgorithrrusuchas

MaxirrrumLikelihoodSuccessiveS七山eSplit（ML－SSS）・

Bothquantitativeandqualitativere8ult88howthatabetterⅡMMtopology

wasachievedbyu＄1ngFTM－SSS・Thisi＄importanttotheperforman∝aSPeeCh

recognitionsystemISinceanye汀Orinthe＝MMtopologylSPrOPagatedanditis

di伍cultifnotirnpossibletocompensateforthisatlaterstages・

Theresultsofthesecondpartofthethesisalsoshowthat：

●thealgorithmi＄fhBtenOughtobeapphedtolargetask8SuChaBtheJNAS

andIPAdatabaBeS，Whichcontaintogethermorethan60hoursoftraining

●trainingdataspeech8houldbeasequal1ydistributedintheacousticsp

aBPOS＄ible）8udthatitdoesnotaLrtctthedecisionstak飢bytheHMM

stateclusteringalgoritlmwhenproducingtheHMMtopology・

Thecontributionofthi8the8isi8thentoshowthatitispossibletogrowa

dustertreewithaveryrichrepre紀ntationoftheprobabihtydensityfunction

（pdf）ofacandidate＄tateSPht（withaTied－Mixturerepre8entation）andatthe

8ametimebecomputa七ionallyfeasible，glVentheaBSumPtionthatthecodebook

changeduringthesplitcanbeneglected・

IthaBbeendemonstratedthatthepropo8edapproachisefrtctiveforlarge

context－independent）8PeakerindependentdatabaBeSSuChastheJNASandthe

IPAdatabases．
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6．FutureⅥわrk

Suggestionofdirectionsthatcanbetakenfo1lowtheworkpresentedinthisthesis

●aC。uSticdurationmode18．Shouldthemalsobeinchdedintheclustertree？

Shouldwealsoconsideritsdependency？

●dimen8ionlngOfthe＝MMtopologytree・hparticulaxtobetterunderstaJld

whenweshouldtostopsplittinga・State†1nOrdertoavoidundertraining

problemBlater．Itisspecial1yimpoitantwhenlookingforhighestpos8ible
accuracythatcanbea血ieved・ShoulditbeintermsofoccurrencecountS，

ma880CmenCe，OrWbat？

●de8ignarecognitionenglnethatchoosesthedegreeofdependencyofthe

acousticmodelsbasedonitsduration（atruntime）・FbrexamPle，inves－

tigatingwhetherweshouldusefu11／left／rightco皿teXtdependentmodels

（aclustertreelea・Ve）orcontextindependentmodels，basedonthestate

occurrenceduringtraining／recognition・
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