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ABSTRACT

Wehavebeendevelopingareliablemethodof prosodicwordbound-
ary detectionfor Japanesecontinuousspeechbasedon thestatis-
tical modelingof moratransitionsof fundamentalfrequency con-
toursof prosodicwords. Modificationsin thecodebooksizesand
in theHMM topologiesimproved the boundarydetectionperfor-
mance.Whenusingmoraboundaryinformationobtainablefrom
thephonemerecognitionprocess,thedetectionrateswerereached
around73% with 12.5% insertionerrorsfor speaker-openexperi-
ments. This methodwasthen integratedto a continuousspeech
recognitionsystemwith un-limited vocabulary. The integrated
systemconductsrecognitionprocessin two stages:first stageto
detectmoraboundarieswithout prosodicinformationandsecond
stageto increasemorarecognitionrateusingprosodicwordbound-
ary information. Slight improvementsin mora recognitionrates
wereobservedbothin speaker-closedand-openexperiments.

1. INTRODUCTION

In view of the importanceof prosodicfeaturesin thehumanpro-
cessof speechperception,a rather large numberof works have
beenconductedto develop methodsto utilize prosodicfeatures
in machinespeechrecognitionprocess. However, the usageis
limited to a small part of the process,suchas to detectinterro-
gationfrom thesentencefinal riseof fundamentalfrequency (F0)
contours,thoughit is known that prosodicboundaryinformation
may facilitate the recognitionprocessand improve the recogni-
tion performance.In the works relatedto the Verbmobilproject,
prosodicboundarieswereusedto constrictsearchspace[1], but
they were limited to major boundaries,which might be accom-
paniedby pauses.This situationis mainly dueto the ratherlow
boundarydetectionratesfor minor boundariesnot accompanied
by pauses.Onemajorreasonfor thelow detectionratesis thatthe
methodsattemptedto detectprosodicboundarieswithout taking
temporalrelationbetweenprosodicfeaturesandsegmentalbound-
ary information well into account. The segmentalboundaryin-
formationwasutilized to measurethesegmentalduration,i.e. to
detectphrasefinal lengthening.

From this point of view, we have beendeveloping methods
to locateprosodicboundariesusingtemporalrelationshipbetween
prosodiceventsappearedon F0 contoursand segmentalbound-
aries,which wereassumedto beobtainablethroughthephoneme

recognitionprocess.Onesuchmethodis thestatisticalmodeling
of F0 contourtransitionsin moraunits [2][3]. Differentform the
caseof segmentalfeatures,modelingin frameunitswill notgivea
goodresult. This is becauseprosodicfeaturesarethoseof supra-
segmentaland shouldbe treatedin longer periods. Taking into
accountthat “mora” is the basicunit of Japanesepronunciation
(mostly coincidingwith a syllable)and that its relative F0 value
is important for accent-typeperception,we have developedthe
modelingscheme.Sincethemodelsaretime-alignedto segmental
boundaries,they canbe rathereasilyincorporatedinto phoneme-
basedspeechrecognitionprocess. The modeling in mora unit
furtherhasseveraladvantagesover frame-basedmodeling;it can
be robust to F0 contourfluctuationsat consonants,andit canbe
trainedby a rathersmallsizedspeechcorpus.

We alreadyhave appliedthis modelingschemeto themodel-
ing of F0 contoursof prosodicwordsandsucceededto simultane-
ouslydetecttheirboundariesandrecognizetheiraccenttypeswith
ratherhigh accuracy [4][5]. Here,a prosodicword is definedas
a word or a word chunkcorrespondingto an accentcomponent,
which is alsocalledasan accentphrase.We thenintegratedthe
developedmethodof prosodicword boundarydetectioninto con-
tinuousspeechrecognitionsystem,andobtaineda favorableresult
througha preliminaryexperiment[6]. However, severalconsider-
ationsarestill neededon the codingof moraF0 contours,HMM
topology, andsoon.

In thecurrentpaper, afterabrief explanationonthemodeling,
improvementson the prosodicword boundarydetectionmethod
will beexplainedwith severalexperimentalresults.Resultson the
continuousspeechrecognitionexperimentsfor speaker-closedand
-opencaseswill bealsogiven.

2. STATISTICAL MODELING OF F0 CONTOURS AND
PROSODIC WORD BOUNDARY DETECTION

2.1. Outlines

A sentenceF0 contourin logarithmicfrequency scaleis segmented
into moraunitsusingmoraboundaryinformationobtainedby the
phonemerecognitionprocess.ThesegmentedF0 contoursarede-
notedby moraF0 contours,and,in thecurrentmodeling,they are
representedby pairs of codes: one for representingthe contour
shape(shapecode)andtheotherrepresentingtheaverageF0 shift
from theprecedingmora(∆F0 code).Thedevelopedmethodmod-



elsprosodicwordsdifferentlyaccordingto their accenttypesand
presence/absenceof succeedingpauses.Theprosodicword mod-
els arematchedagainstinput utterancesto obtainprosodicword
sequenceswith theiraccenttypes.Sinceaninput utterancecanbe
regardedasa sequenceof prosodicwords,prosodicword bound-
ariescanbedetectedsimultaneously.

2.2. Shape Coding

EachmoraF0 contourmaydiffer in lengthandin frequency range,
andshouldbenormalizedbeforeshapecoding.Currently, normal-
ization wasconductedsimply by shifting the averagevalueof a
moraF0 contourto zeroandby linearly warpingthecontourto a
fixedlength.Sincethederivative of anF0 contouris animportant
featurecharacterizingprosodicevents,it waspreservedduringthe
warpingprocessby conductingthe samewarpingalsoalong the
log-frequency axis.

Clusteringwasconductedby selectingmoraF0 contourswith-
out voicelesspartsfrom the training datashown in section2.6.
Distancebetweentwo normalizedmora F0 contourswas calcu-
latedasthedifferencein logarithmicF0 valuesfor corresponding
pointsaveragedover the whole periodof moraF0 contours. Al-
thoughin the original method,9 clusterswereadopted[4], they
were increasedto 32 usingthe LBG algorithmfor betterperfor-
mance.They werecalledascodes3 to 34. Two additionalcodes
1 and 2 were also preparedfor pausesand voicelessmorae,re-
spectively. Here,voicelessmorais definedasthat whosevoiced
portiondoesnotexceed20% of thewholelength.These34codes
wereassignedto moraF0 contoursof input speech.In order to
take pauselengthinto account,a pausewasdivided into 100 ms
segmentsandcode1 wasassignedto all of them.Code1 wasalso
assignedto the last segmentin a pause,which might be shorter
than100ms.Thesesegmentswith code1 will bedenotedaspause
moraehereafterfor easeof explanation.Also, moraewith codes3
to 34will bedenotedasvoicedmorae.

2.3. ∆F0 Codes

Clusteringfor ∆F0 codeswasconductedbyselectingpairsof voiced
moraeadjacentto eachotherform thesamecorpusasusedin the
shapecodeclustering. After calculatingaveragelog F0 for the
voicedportionof eachmora,differencesbetweentheaveragesof
the first to the secondmoraewerecalculatedfor all the selected
pairs.Then,theLBG algorithmwasusedto obtain32 clusters,to
which codes5 to 36wereassigned.Codes1 to 4 werereservedto
representpairsof moraewhenoneor bothof moraewerevoiceless
(or pause)moraeasfollows:

Code 1: boththefirst andsecondmoraewerepausemorae.

Code 2: only thesecondmorawaspausemora.

Code 3: only thefirst morawaspausemora.

Code 4: at leastonof two moraewasvoicelessmora.

2.4. Prosodic Word Models

In the Tokyo dialectof Japanese,an n-moraword is utteredwith
oneof n

�
1 accenttypes,whichareusuallydenotedastypei (i �

0 � n) accents.Letter “ i” indicatesthe dominantdownfall in F0
contouroccurringat theendof ith mora. Type0 accentshows no
apparentdownfall.

The following 7 modelswere trained in the discreteHMM
framework.

T0, T0_P, T1, T1_P
�

P
�

TN, TN_P
�

Figure1: HMM topologiesfor prosodicword F0 models.

T0 and T0-P models: for type0 (or typen) prosodicwords,

T1 and T1-P models: for type1prosodicwords,

TN and TN-P models: for types2 to n-1prosodicwords,

P model: for pauses.

Here,“-P” indicatesthat themodelis for prosodicwordsfol-
lowed by a pause. “P model” waspreparedto absorbpausepe-
riods in an utterance,thougha pauseis actually not a prosodic
word. Figure1 shows theHMM topologies,which weremodified
from theoriginal onestaking the F0 contourfeaturesof Japanese
into consideration.A doublecode-bookschemewasadoptedto
assigna pair of shapeand∆F0 codesto eachmoraF0 contours.
The streamweightsfor shapecodesand∆F0 codesweresetto 1
for thecurrentexperiments.

2.5. Grammar for prosodic words

Prosodicwordbi-gramwascalculatedusingthesametrainingdata
for the prosodicword modelsto serve as grammarof prosodic
word sequences.

2.6. Detection of prosodic word boundaries

In order to conductboundarydetectionexperimentsin speaker-
closedand-openconditions,utterancesof two malespeakerswere
selectedfrom ATR continuousspeechcorpusand were divided
into trainingandtestingdatasetsasfollows:

T(MYI): trainingdataof 450utterancesby speakerMYI, includ-
ing 3,023prosodicwordsand586pauses.

R(MYI): testingdataof 50utterancesby speakerMYI, including
326prosodicwordsand70pauses.

T(MHT): training dataof 450 utterancesby speaker MHT, in-
cluding3,167prosodicwordsand915pauses.

R(MHT): testingdataof 50 utterancesby speaker MHT, includ-
ing 325prosodicwordsand99pauses.

Lexical contentsof T andR for both speakersare identical. As
alreadymentioned,training data(T) wereusednot only to train
prosodicwordmodels,butalsoto clustershapeand∆F0 codes,and
to calculateprosodicword bi-gram. Sinceprosodiclabelsneces-
saryfor theexperiments,suchaslexical accenttypesandprosodic
word boundaries,are not includedin the databy speaker MHT,
they areconvertedfrom toneandbreakindicesof J-ToBI labels
attachedto thedata.Strictly speaking,this meanstheprosodicla-
belsusedfor theexperimentsarenot assignedbasedon thesame
criterionfor two speakers,leadingto adegradationof thedetection
performances.

Moraboundariesweredetectedby theforcedalignmentusing
tri-phoneHMMs explainedlaterin section3.1.Thefollowing four
combinationsof thetrainingandtestingdatawereselectedfor the
boundarydetectionexperiments:



Table1: Resultsof prosodicwordboundarydetection.

Experiment Rd

�
%� Ri

�
%�

(a) MYI for trainingandtesting 72.7 12.3
(b) MHT for trainingandtesting 75.4 12.3

(c) MHT for training,MYI for testing 70.3 11.7
(d) MYI for training,MHT for testing 73.9 14.8

Table2: Conditionsof acousticanalysisfor speechrecognition.

Samplingfrequency 20kHz
Analysiswindow Hammingwindow with 25 ms
Frameshift 10ms
Pre-emphasiscoefficient 0.97
Featureparameters 12MFCC+12∆MFCC+∆power
Filter-banks 24channels
Cepstralsubtraction Eachutterance

(a) T(MYI) for trainingandR(MYI) for testing.

(b) T(MHT) for trainingandR(MHT) for testing.

(c) T(MYI) for trainingandR(MHT) for testing.

(d) T(MHT) for trainingandR(MYI) for testing.

Cases(a) and(b) arefor speaker-closedexperiments,while cases
(c) and(d) for speaker-openexperiments.

DetectionrateRd andinsertionerrorrateRi for prosodicword
boundariesarerespectively definedasRd � Ncor � Nbou andRi �
Nins � Nbou. Here,Nbou, Ncor andNins indicatethe numbersof to-
tal prosodicword boundariesin thetestdata,boundariesdetected
insidethe � 100msregion from thecorrectpositionandinsertion
errors,respectively.

Table1 showstheresults.Althoughtheperformancesaresim-
ilar to thoseobtainedby theoriginal modeling,superiorityof the
revisedmodelingis clearif we take it into accountthat the mora
boundaryinformationattachedto thedatabasewasusedin thefor-
merexperiments[5].

3. CONTINUOUS SPEECH RECOGNITION

3.1. Outlines

The boundarydetectionmethodwas integratedto a continuous
speechrecognitionsystemasshown in Figure2. In orderto clar-
ify the effects using prosodicallyobtainableword boundaryin-
formation in speechrecognition,word dictionary was not used
(unlimited-vocabulary). In the integratedsystemshown in Figure
2, morarecognitionwasconductedin two stages.Thefirst stage
operateswithout prosodicinformationandthe resultinginforma-
tion on moraboundarylocationsis fed to theprocessof prosodic
word boundarydetection.In thesecondstep,input speechis first
segmentedinto prosodicwords using the prosodicword bound-
ary information thus obtained,and then mora recognitionis re-
conductedto get the final results. All the recognitionprocessis
programmedusingHTK softwareVer.2.1. Conditionsof acoustic
analysisaresummarizedin Table2.

Thefollowing itemswerearrangedfor thebothstages:

Accent Type	  Dictionary

Input S



peech

Acoustic Analysis

Segmenta� l Features

Mora Dictionary

Mora Bigram
(in sentence)

Phone Model (HMM)

 First Stage
Recognition

Second Stage
  Recognition

Fundamental Frequency
Voiced/Voiceless

Prosodic Wor� d Boundaries

Prosodic-W
 ord Bigram

Prosodic-Word�  Model (HMM)

   Prosodic Word
Boundary DetectionMora Boundaries

Pauses

F0 An� alysis
Recognition Result
 (Mora Sequence)

Mora Dictionary

   Mora Bigram
(in prosodic word)

Phone Mod� el (HMM)

Figure2: Integratedspeechrecognitionsystem.

1. Mora dictionaryconsistingof all possibleJapanesemorae
(125morae).PauseperiodSPis alsoincluded.

2. PhoneHMMs selectedfrom Japanesetri-phonemodels
trainedas“Basic Dictation Softwarefor Japanese,” devel-
opedunderanIPA project[7].

3. Two typesof morabi-gramaslanguagemodeling:oneob-
tained without taking prosodicword boundariesinto ac-
countandtheotherobtainedwith takingtheminto account.
The former onewasusedin the first stageof the recogni-
tion and the latter in the secondstage. The bi-gram was
constructedby theback-off smoothingtechniqueusingthe
samedatabaseusedfor the prosodicword modeltraining.
Morabi-gramperplexitieswerearound40to 42for thefirst
stage,while they werearound29 for thesecondstage.The
perplexity reductionfrom thefirst stageto thesecondstage
indicatesthe possibility of betterrecognitionresultswhen
prosodicwordboundaryinformationis used.

3.2. Experimental results

Mora recognitionexperimentswereconductedfor cases(a) to (d)
in section2.6. Their resultsareshown in Figure3, wheremora
recognitionratesbeforeandafter the secondstageCbm andCam
aredefinedas:

Cbm � Cam � �
Nmora � Ndel � Nsubst � Nins � � Nmora (1)

Here,Nmora, Ndel , Nsubst andNins respectively representtotalnum-
ber of morae,numberof deletions,numberof substitutionsand
numberof insertions.IdealCam denotesthemorarecognitionrate
whenthe correctprosodicword boundaryinformation is obtain-
able.Horizontalaxisof thefigure is thegrammar(morabi-gram)
scalefactorS, which meansthat the log-likelihood is multiplied
by thefactorS beforecombiningit with acousticlikelihood.If we
setthefactorS to 7,Cam outperformsby few percentfromCbm for
cases(a) and(d), indicatingthe validity of the proposedmethod
in speechrecognition. In the cases(b) and(c), improvementsin
the recognitionratesarenot clear, but the useof prosodicword
boundarystill hasnonegativeeffect onspeechrecognition.When
the factorS is increased,the recognitionratesdecreasesandCam
hasa valuesmallerthanCbm. This indicatesthata certainlevel in
recognitionrate(of thefirst stage)is requiredto obtaina positive
effect from the prosodicword boundaryinformation. The figure
alsoshows theresultsof prosodicwordboundarydetection.
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Figure3: Mora recognitionresultsfor four cases.

4. CONCLUSION

Experimentsonprosodicwordboundarydetectionwereconducted
usinga statisticalmodelingof moratransitionsof prosodicword
F0 contours.By increasingthecodebooksizesandmodifying the
HMM topologies,detectionratesbetterthanthoseby our original
modelingwereobtained.Thisboundarydetectionmethodwasfur-
ther combinedwith a continuousspeechrecognitionschemeand
evaluatedfrom theviewpoint of morarecognitionrates.Although
favorableresultswereobtained,theexperimentalresultsindicated
thattheoriginalphonemerecognitionrateshouldexceeda certain
level (say60 %) in orderthat the prosodicboundaryinformation
improved therecognitionrate. In view of the lack of speechcor-
puswith prosodicword boundarylocations,we arenow planning
to constructsucha corpus.
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