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ABSTRACT

We have beendevelopingareliablemethodof prosodiovord bound-
ary detectionfor Japaneseontinuousspeectbasedon the statis-
tical modelingof moratransitionsof fundamentafrequeng con-
toursof prosodicwords. Modificationsin the codebooksizesand
in the HMM topologiesimproved the boundarydetectionperfor
mance. Whenusingmoraboundaryinformation obtainablefrom
thephonemeecognitionprocessthedetectiorrateswerereached
around73 % with 12.5% insertionerrorsfor spealer-openexperi-
ments. This methodwasthenintegratedto a continuousspeech
recognitionsystemwith un-limited vocalulary. The integrated
systemconductsrecognitionprocessn two stages:first stageto
detectmoraboundariesvithout prosodicinformationandsecond
stageo increasanorarecognitiorrateusingprosodiovord bound-
ary information. Slight improvementsin morarecognitionrates
wereobsenedbothin spealer-closedand-openexperiments.

1. INTRODUCTION

In view of the importanceof prosodicfeaturesin the humanpro-
cessof speechperception,a ratherlarge numberof works have
beenconductedto develop methodsto utilize prosodicfeatures
in machinespeechrecognitionprocess. However, the usageis
limited to a small part of the process suchasto detectinterro-
gationfrom the sentencdinal rise of fundamentafrequengy (F,)
contours,thoughit is known that prosodicboundaryinformation
may facilitate the recognitionprocessand improve the recogni-
tion performance.In the works relatedto the Verbmobil project,
prosodicboundariesvere usedto constrictsearchspace[1], but
they were limited to major boundarieswhich might be accom-
paniedby pauses.This situationis mainly dueto the ratherlow
boundarydetectionratesfor minor boundariesnot accompanied
by pausesOnemajorreasorfor thelow detectiorratesis thatthe
methodsattemptedo detectprosodicboundarieswvithout taking
temporalrelationbetweerprosodicfeaturesandsegmentabound-
ary information well into account. The segmentalboundaryin-
formationwas utilized to measurehe sggmentalduration,i.e. to
detectphrasdinal lengthening.

From this point of view, we have beendeveloping methods
to locateprosodichoundariesisingtemporalrelationshipbetween
prosodicevents appearecn F, contoursand segmentalbound-
aries,which wereassumedo be obtainablethroughthe phoneme

recognitionprocess.One suchmethodis the statisticalmodeling
of F, contourtransitionsin moraunits [2][3]. Differentform the

caseof sggmentalfeaturesmodelingin frameunitswill notgive a

goodresult. This is becauserosodicfeaturesarethoseof supra-
sggmentaland shouldbe treatedin longer periods. Taking into

accountthat “mora” is the basicunit of Japanesg@ronunciation
(mostly coincidingwith a syllable) andthatits relative F, value
is importantfor accent-typeperception,we have developedthe

modelingscheme Sincethemodelsaretime-alignedo segmental
boundariesthey canbe rathereasilyincorporatednto phoneme-
basedspeechrecognitionprocess. The modelingin mora unit

further hasseveral advantagesver frame-basednodeling;it can
be robustto F, contourfluctuationsat consonantsandit canbe

trainedby arathersmallsizedspeectcorpus.

We alreadyhave appliedthis modelingschemeto the model-
ing of F, contoursof prosodicwordsandsucceedetb simultane-
ouslydetecttheir boundariesndrecognizetheir accentypeswith
ratherhigh accurag [4][5]. Here,a prosodicword is definedas
a word or a word chunk correspondingo an accentcomponent,
which is alsocalled asan accentphrase. We thenintegratedthe
developedmethodof prosodicword boundarydetectioninto con-
tinuousspeechrecognitionsystemandobtaineda favorableresult
througha preliminaryexperiment{6]. However, severalconsider
ationsarestill neededn the codingof moraF, contours, HMM
topology andsoon.

In thecurrentpaper afterabrief explanationon themodeling,
improvementson the prosodicword boundarydetectionmethod
will beexplainedwith severalexperimentaresults.Resultsonthe
continuousspeechrecognitionexperimentgor spealer-closedand
-opencasewill bealsogiven.

2. STATISTICAL MODELING OF F; CONTOURSAND
PROSODIC WORD BOUNDARY DETECTION

2.1. Outlines

A sentencé, contourin logarithmicfrequeng scaleis ssgmented
into moraunits usingmoraboundaryinformationobtainedby the
phonemeecognitionprocess.The segmented=, contoursarede-
notedby moraF, contoursand,in the currentmodeling,they are
representedby pairs of codes: one for representinghe contour
shape(shapecode)andthe otherrepresentinghe averager, shift
from the precedingmora(AF, code). Thedevelopedmethodmod-



els prosodicwordsdifferently accordingto their accentypesand
presence/absencoé succeedingauses.The prosodicword mod-
els are matchedagainstinput utterancego obtain prosodicword
sequencewith theiraccentypes.Sinceaninput utterancecanbe
regardedasa sequencef prosodicwords, prosodicword bound-
ariescanbedetectedsimultaneously

2.2. Shape Coding

EachmoraF, contourmaydiffer in lengthandin frequeng range,
andshouldbenormalizedbeforeshapecoding. Currently normal-
ization was conductedsimply by shifting the averagevalue of a
moraF, contourto zeroandby linearly warpingthe contourto a
fixedlength. Sincethe derivative of anF, contouris animportant
featurecharacterizingprosodicevents,it waspreseredduringthe
warping processhy conductingthe samewarpingalso along the
log-frequeng axis.

Clusteringwasconductedy selectingnoraF, contourswith-
out voicelesspartsfrom the training datashown in section2.6.
Distancebetweentwo normalizedmora F, contourswas calcu-
latedasthe differencein logarithmicF, valuesfor corresponding
points averagedover the whole period of moraF, contours. Al-
thoughin the original method,9 clusterswere adopted[4], they
wereincreasedo 32 usingthe LBG algorithmfor betterperfor
mance.They werecalledascodes3 to 34. Two additionalcodes
1 and 2 were also preparedfor pausesand voicelessmorae,re-
spectvely. Here,voicelessmorais definedasthat whosevoiced
portiondoesnot exceed20 % of thewholelength. These34 codes
were assignedo moraF, contoursof input speech. In orderto
take pauselengthinto account,a pausewasdivided into 100 ms
segmentsandcodel wasassignedo all of them.Codel wasalso
assignedo the last sgmentin a pause which might be shorter
than100ms. Thesesggmentawith codel will bedenotedaspause
moraehereaftefor easeof explanation.Also, moraewith codes3
to 34 will bedenotedasvoicedmorae.

2.3. AF, Codes

Clusteringfor AF, codesvasconductedy selectingoairsof voiced
moraeadjacento eachotherform the samecorpusasusedin the
shapecode clustering. After calculatingaveragelog F, for the
voicedportion of eachmora,differencesetweerthe averagef
the first to the secondmoraewere calculatedfor all the selected
pairs. Then,the LBG algorithmwasusedto obtain32 clustersto
which codes5 to 36 wereassignedCodesl to 4 wereresenedto
represenpairsof moraewhenoneor bothof moraewerevoiceless
(or pausemoraeasfollows:

Code 1: boththefirst andsecondmoraewerepausemorae.
Code 2: only thesecondnorawaspausemora.

Code 3: only thefirst morawaspausemora.

Code4: atleaston of two moraewasvoicelesamora.

2.4. Prosodic Word Models

In the Tokyo dialectof Japanesean n-moraword is utteredwith
oneof n+ 1 accentypes,which areusuallydenotedastypei (i =
0 ~ n) accents.Letter“i” indicatesthe dominantdownfall in F,
contouroccurringatthe endof ith mora. Type 0 accentshavs no
apparentiownfall.

The following 7 modelswere trainedin the discreteHMM
frameawork.

S- -0 a0l

TO, TO_P, T1,T1_P TN, TN_P

Figurel: HMM topologiesfor prosodicword Fy models.

TOand TO-P models: for type0 (or type n) prosodicwords,
T1and T1-P models. for typelprosodicwords,

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

P model: for pauses.

Here,“-P” indicatesthatthe modelis for prosodicwordsfol-
lowed by a pause.“P model” was preparedo absorbpausepe-
riods in an utterance thougha pauseis actually not a prosodic
word. Figurel shavs the HMM topologieswhich weremodified
from the original onestaking the F, contourfeaturesof Japanese
into consideration.A doublecode-bookschemewas adoptedto
assigna pair of shapeand AF, codesto eachmoraF, contours.
The streamweightsfor shapecodesandAF, codesweresetto 1
for the currentexperiments.

2.5. Grammar for prosodic words

Prosodiovord bi-gramwascalculatedusingthesametrainingdata
for the prosodicword modelsto sene as grammarof prosodic
word sequences.

2.6. Detection of prosodic word boundaries

In orderto conductboundarydetectionexperimentsin spealer-
closedand-openconditions utterance®f two malespealerswere
selectedfrom ATR continuousspeechcorpusand were divided
into trainingandtestingdatasetsasfollows:

T(MYI): trainingdataof 450utterancedy spealer MYI, includ-
ing 3,023prosodicwordsand586 pauses.

R(MYI): testingdataof 50 utterancedy spealer MY, including
326 prosodicwordsand70 pauses.

T(MHT): training dataof 450 utterancesy spealer MHT, in-
cluding3,167prosodicwordsand915pauses.

R(MHT): testingdataof 50 utterancedy spealer MHT, includ-
ing 325 prosodicwordsand99 pauses.

Lexical contentsof T andR for both spealers areidentical. As
alreadymentioned training data(T) were usednot only to train
prosodiovord models put alsoto clustershapeandAF, codesand
to calculateprosodicword bi-gram. Sinceprosodiclabelsneces-
saryfor theexperimentssuchaslexical accentypesandprosodic
word boundariesare not includedin the databy spealer MHT,
they are corvertedfrom tone and breakindicesof J-ToBlI labels
attachedo the data. Strictly speakingthis meanghe prosodicla-
belsusedfor the experimentsarenot assigneasedon the same
criterionfor two spealers,leadingto adegradatiorof thedetection
performances.

Moraboundariesveredetectedy theforcedalignmentusing
tri-phoneHMMs explainedlaterin section3.1. Thefollowing four
combinationf thetrainingandtestingdatawereselectedor the
boundarydetectionexperiments:



Tablel: Resultsof prosodicword boundarydetection.

Experiment Ry(%) | R(%)

(@) MYI1 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.

Samplingfrequeny 20kHz

Analysiswindow Hammingwindow with 25 ms
Frameshift 10ms
Pre-emphasisoeficient | 0.97

Featureparameters 12MFCC+12AMFCC+Apower
Filter-banks 24 channels
Cepstrakubtraction Eachutterance

(@ T(MYI) for trainingandR(MY]) for testing.
(b) T(MHT) for trainingandR(MHT) for testing.
() T(MYI) for trainingandR(MHT) for testing.
(d) T(MHT) for trainingandR(MY]) for testing.

Casegqa) and(b) arefor spealker-closedexperimentswhile cases
(c) and(d) for spealer-openexperiments.

DetectionrateR, andinsertionerrorrateR; for prosodicword
boundariesare respectiely definedasRy = Neor /N, @andR =
Nins/Nyou- Here, Ny, Neor @andN, ¢ indicatethe numbersof to-
tal prosodicword boundariesn thetestdata,boundariesletected
insidethe + 100msregion from the correctpositionandinsertion
errors,respectiely.

Tablel shavstheresults.Althoughtheperformancegaresim-
ilar to thoseobtainedby the original modeling,superiorityof the
revised modelingis clearif we take it into accountthatthe mora
boundanyinformationattachedo thedatabas&vasusedin thefor-
merexperimentg5].

3. CONTINUOUS SPEECH RECOGNITION

3.1. Outlines

The boundarydetectionmethodwas integratedto a continuous
speectrecognitionsystemasshaowvn in Figure2. In orderto clar

ify the effects using prosodicallyobtainableword boundaryin-

formation in speechrecognition,word dictionary was not used
(unlimited-vocahulary). In the integratedsystemshown in Figure
2, morarecognitionwasconductedn two stages.Thefirst stage
operateswithout prosodicinformationandthe resultinginforma-
tion on moraboundarylocationsis fed to the procesf prosodic
word boundarydetection.In the secondstep,input speecthis first

segmentedinto prosodicwords using the prosodicword bound-
ary information thus obtained,and then morarecognitionis re-
conductedo getthe final results. All the recognitionprocesss

programmedisingHTK softwareVer.2.1. Conditionsof acoustic
analysisaresummarizedn Table2.

Thefollowing itemswerearrangedor the bothstages:

Input Speech

| Acoustic Analysisl

Recognition Result

Fo Analysis I (Mora Sequence)

Segmental Features
9 Fundamental Frequency \

\ Voiced/Voiceless

First Stage \ Second Stage Mora Bigram
(in sentence) Recognition Recognition (in prosodic word)
Phone Model (HMM) y

Phone Model (HMM)

Prosodic Word
Mora Boundaries | BOUNdary Detection

Pauses
( Prosodic-Word Bigram )

(Prosodlc—Word Model (HMM) ) LAccem Type chllonary)

Prosodic Word Boundaries

Figure2: Integratedspeectrecognitionsystem.

1. Moradictionaryconsistingof all possibleJapanesenorae
(125morae).PauseperiodSPis alsoincluded.

2. PhoneHMMs selectedfrom Japaneséri-phone models
trainedas“Basic Dictation Software for Japanesé devel-
opedunderanIPA project[7].

3. Two typesof morabi-gramaslanguagemodeling:oneob-
tained without taking prosodicword boundariesinto ac-
countandthe otherobtainedwith takingtheminto account.
The former onewasusedin thefirst stageof the recogni-
tion andthe latter in the secondstage. The bi-gramwas
constructedy the back-of smoothingtechniqueusingthe
samedatabaseisedfor the prosodicword modeltraining.
Morabi-gramperpleitieswerearound40to 42 for thefirst
stage while they werearound29 for thesecondstage.The
perpleity reductionfrom thefirst stageto the secondstage
indicatesthe possibility of betterrecognitionresultswhen
prosodicword boundaryinformationis used.

3.2. Experimental results

Mora recognitionexperimentsvereconductedor casega) to (d)
in section2.6. Their resultsare shovn in Figure 3, wheremora
recognitionratesbeforeand after the secondstageC,,,; andCam
aredefinedas:

Coms Cam = (Nmora — Ny — Ngpg — Nins) /Nmora @)

Here,Nmora, Nyg » Ny o @NdN; s respectiely representotal num-
ber of morae,numberof deletions,numberof substitutionsand
numberof insertions.ldeal Cyy, denoteghe morarecognitionrate
whenthe correctprosodicword boundaryinformationis obtain-
able. Horizontalaxis of thefigureis the grammarnmorabi-gram)
scalefactor S, which meansthat the log-likelihood is multiplied
by thefactorSbeforecombiningit with acoustidik elihood. If we
setthefactorSto 7, Cam outperformsby few percentrom C,, for
caseqa) and(d), indicatingthe validity of the proposednethod
in speectrecognition. In the casegb) and(c), improvementsin
the recognitionratesare not clear but the useof prosodicword
boundarystill hasno negative effect on speectrecognition.When
the factorSis increasedthe recognitionratesdecreaseandCym
hasavaluesmallerthanC, .. Thisindicatesthata certainlevel in
recognitionrate (of the first stage)is requiredto obtaina positive
effect from the prosodicword boundaryinformation. The figure
alsoshaws theresultsof prosodicword boundarydetection.
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Figure3: Morarecognitionresultsfor four cases.

4. CONCLUSION

Experiment®nprosodiowvord boundarydetectionvereconducted
usinga statisticalmodelingof moratransitionsof prosodicword
F, contours.By increasinghe codebooksizesandmodifying the
HMM topologiesdetectionratesbetterthanthoseby our original
modelingwereobtained.This boundarydetectiormethodwasfur-
ther combinedwith a continuousspeechrecognitionschemeand
evaluatedfrom the viewpoint of morarecognitionrates.Although
favorableresultswereobtainedthe experimentakesultsindicated
thatthe original phonemeaecognitionrateshouldexceeda certain
level (say60 %) in orderthatthe prosodicboundaryinformation
improved the recognitionrate. In view of thelack of speectcor-
puswith prosodicword boundarylocations,we arenow planning
to constructsuchacorpus.
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