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ABSTRACT

We introduce our extensive projectson spontaneous
speeclprocessin@ndcurrenttrials of lecturespeechrecog-
nition. A large corpusof lecturepresentationandtalksis
beingcollectedin the project. We have trainedinitial base-
line modelsandconfirmedsignificantdifferenceof reallec-
turesandwritten notes. In spontaneoukecturespeechthe
speakingrateis generallyfasterand changesa lot, which
malkesit harderto apply fixed segmentationand decoding
settings. Therefore,we proposesequentiadecodingand
speaking-rate@lependentlecodingstratgies. The sequen-
tial decodersimultaneoushperformsautomaticseggmenta-
tion and decodingof input utterances.Then,the mostad-
equateacousticanalysis,phonemodelsand decodingpa-
rametersareappliedaccordingo the currentspeakingate.
Thesestratgjies achieze improvementon automatictran-
scriptionof reallecturespeech.

1. INTRODUCTION

Automaticspeechrecognitionof readspeectasbeensuc-
cessfuin achieving accuray of over90%andrealizingdic-
tation systems. The system,however, assumeghat users
clearlyuttergrammaticallycorrectsentencewith orthodox
pronunciationasthe human-to-machineterfaces.On the
other hand, recognitionof human-to-humarspontaneous
speechwhichwould realizeapplicationsof automatidran-
scription or translationof lecturesand meetings,is very
poorandneedsmoreextensve studies.

Fromthis perspectie, we startedthe projectof “Spon-
taneousSpeechCorpusandProcessingechnology”spon-
soredby the Scienceand TechnologyAgengy Priority Pro-
gramin JapanTheprojectis conductedver5 yearg(1999-
2004)in pursuitof thefollowing threemajortargets[].

(1) Building alarge-scalespontaneouspeectcorpus.
ThedesignedCor pus of Shontaneous Speech (CSJ) con-
sistsof roughly 7M wordsor 700 hours. Manily recorded
are monologuessuch as lectures,presentationgnd news
commentariesThey are manuallygiven orthographicand
phonetictranscription. One-tenthof the corpus(“Core”)
will be tagged manually with morphologicaland para-
linguisticinformationfor linguistic analysis.
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(2) Acoustic and linguistic modeling for spontaneous
speechrecognitionunderstandingndsummarization.

(3) Constructinga prototypeof a spontaneouspeectsum-
marizationsystem.

In this paper we reportinitial studieson speechrecog-
nition of lecturepresentationgsingthe corpuscompiledat
present.Lecturespeechcanbe regardedasin-betweenof
broadcashews andtelephonecorversation both of which
arewidely dealtwith sofar. Thespealeris notprofessional,
nor readinga draft materialasin broadcashews®. But the
speakingstyle is not so casualas in telephonecorversa-
tion. Oneof the prominentcharacteristicsn spontaneous
monologuespeechis the speakingrate is generallyfaster
andchanges lot. Sincespealersdo not necessarilytter
sentencéy sentencetherearemary segmentsof verylong
duration. We addressacousticand languagemodelingas
well asdecodingstratgiesconsideringhesefactors.

2. DATABASE AND TASK

Corpusof Spontaneoudapanes@CSJ)currentlydeveloped
by the project consistsof a variety of oral presentations
at technicalconferencesndinformal monologuetalks on
giventopics. The speechdataarerecordedvia a head-set
microphoneto digital audiotapes,anddigitizedat 16 kHz
and16 bit sampling.They arenotsegmentedatall, i.e. one
largefile correspond$o alecture.

For languagemodel training, all transcribeddata (as
of June2001) are used. Thereare 612 presentationsind
talks by distinct spealers basically The text sizein total
is 1.48M words (=Japanesenorphemes).As for acoustic
modeltraining, only male spealkersare usedin this work.
We use224 presentationthatamountto 37.9hourspeech.

Thetest-sefor evaluationconsistof tenlecturepresen-
tationsspecifiedin Table1l. Many of themareinvited lec-
turesattechnicalmeetingsthusrelatively longerthansim-
ple paperpresentations.They were given by experienced
lecturersvhodid notpreparerafts.It is obsenedthatthere
is muchdifferencen speakingateamongthesespealers.

1somepresenterarereadinga draft, but we do not includesuchkind
of speechin thetest-set.



Tablel: Test-sebf lectures

#words | duration

(min.)

A01MO0035(AS22) 6294 28
A01MO0007(AS23) 4391 30
A01MO0074(AS97) 2508 12
AO05M0031(PS25) 5372 27
A02M0117(JL01) 9833 57
KK99DECO005(KK05) 6527 42
A03MO0100(NLO7) 2644 15
A06M0134(SG05) 4460 23
YG99JUNOOLYGO1) 2759 14
YG99MAY005 (YGO05) 3108 15

3. BASELINE MODEL

3.1. Acoustic Modedling

Acousticmodelsarebasedn continuousiensityGaussian-
mixtureHMM. Speectanalysids performedevery 10msec
and25-dimensiongbarameteis computed12MFCC + 12
A MFCC + A Power).

Thenumberof phoness 43,andall of themaremodeled
with left-to-right HMM of threestatesandno state-skipping
transitions. We trained context-dependentriphone mod-
els. Decision-treeclusteringwasperformedto setup 3000
shared-statesWe alsoadoptPTM (phonetictied-mixture)
modeling[3, wheretriphonestatef the samephoneshare
Gaussiansut have differentweights.Here,129 codebooks
of 64 mixturecomponentsreused.

3.2. Language Modeling

We built alexicon of 19158wordsfrom thetrainingcorpus,
andthenatrigramlanguagemodel. It realizescoverageof

97% andtest-sefperpleity of 135. The perpleity is very

large sincethe Japanesenorphemeunit is shorterthanEn-

glish wordsandthat of the newspapettaskis about50-80.
Main reasonis the amountof training datais not sufficient

while thetopicsanddomainsof lecturesareof awide vari-

ety. Thetrainingdatafor spontaneouspeechs essentially
muchsmallerthanwritten text corporasuchas newspaper
articles,sincerecordingand manuallytranscribingsponta-
neousspeectcostsalot.

Therefore we explore effective useof varioustext cor-
pora. Specifically texts of lecture notes available via
World Wide Web are collected. A topic-independento-
cahulary selectionbasedon mutualinformationcriterionis
performed[3. Thetext sizeamountgo 1.69Mwordsin to-
tal, which is largerthanthe CSJcorpushbuilt sofar. These
texts are not actual transcriptionof lectures,but manual
editing processs performedfor readability

Then, weighted combinationof text corporais per

formed. Supposehe occurrencecountof word sequence
W in the matchedcorpus(=CSJ)is C (W) andthatin the
un-matchedarge corpus(=Web)is Cy (W), thenthesecor-
poraarecombinedby thefollowing formula.

C(W) =X Co(W) + A1 - Cr(W)

Here, estimation of the weights is done with the
deleted-interpolatiomethodby splitting the matchedcor-
pus(=CSJ)into M portions.As aresult,we derivedvalues
of A\1=0.95and)\(=0.066.

Preliminaryevaluationwith thefour testlecturesshowvs
thatcombinatiorof textsimprovedaccurag to 65.6%com-
paredwith the baseling=CSJonly) of 65.1%. The weight
of theWebtext is very smallandonly alittle improvement
is obsened. Theresultsuggestshatevenlecturenotesare
muchdifferentandnot goodfor languagemodelingof real
lectures’. But we usethe combinedmodelin thefollowing
experiments.

We alsotried to incorporatehe newvspapeicorpuswith
a sentenceselectionmechanismbut only got performance
degradation.

4. SEQUENTIAL DECODING WITH
MULTIPLE-PASS SEARCH

In spontaneouspeechutteranceslo not necessarilynatch
thelinguistic sentencedyecausgeopleput pauseon arbi-
trary timing. In giving lectures,spealkrsoften utter mary
sentencesvithout a breakand sometimesput mary filled
andun-filled pausesWhenwe cutrecordednaterialbased
on pausesn pre-processingherearealot of verylong ut-
terancesswell asmary shortsggmentsof only fillers.

Too long inputs are hardto dealwith for the corven-
tional decodersespeciallytwo-passdecodersncludingour
Julius[4] which keepsa hugenumberof candidatedefore
re-scoring. Moreover, getting N-beststring lists is almost
meaningleswhentheinputis toolong. Automaticsggmen-
tation of spontaneouspeechitself is not so easybecause
existenceof weakly articulatedportionsand changeof the
speakingatemakeit hardeno useafixedthreshold.

To solve the problem,we revise our two-passforward-
backward decodingalgorithmsothatit doesnot needprior
segmentatiorof speech.t simultaneouslyperformsrecog-
nition and seggmentationwith model-baseddetection of
shortpausesWe have aspecificmodelfor shortpausedoth
in acousticandlanguagemodeling. Whenthe shortpause
modelis ranked first in the hypothesedeamfor consecu-
tive frames,the decodersuspendshe forward searchand
performsbackward search.Then,the decodingis resumed
usingthefixedword history.

The methodmakes full useof acousticand language
modelin detectingshortpausesthusit is morereliablethan

2Useof Weblecturenoteswasmoreeffective whenthesizeCSJcorpus
wassmaller



Table2: Word accurag usingsequentiatlecoding(%)

corventional | sequential

decoder| decoder

AS22 58.9 60.1
AS23 72.4 71.9
AS97 72.5 73.8
PS25 64.7 65.2
JLo1 62.7 64.8
KKO05 64.7 66.8
NLO7 68.0 69.0
SGO05 58.6 57.4
YGO1 61.5 63.3
YGO05 67.2 68.0
average 64.2 65.3

the prior sggmentatiorusingcornventionalend-pointdetec-
tion algorithms. Moreover, on-line adaptatiorof the short
pausemodelis alsopossible.

This sequentialecodingalgorithmis evaluatedon the
wholetest-setWordaccurag is listedin Table2 in compar
isonwith thecorventionaldecodethattakesprior segmen-
tation. The proposedsequentiablecodersuccessfullyhan-
dleswhole lecturespeechof 12-57minutes)andachieves
betteraccurag.

5. SPEAKING-RATE DEPENDENT DECODING

Distribution of phonedurationin lecturespeech(CSJcor-

pus: 35 hours)andreadspeechJNAS corpus:40 hours)is

plottedin Figurel. Phonedurationis estimatedvith Viterbi

alignment. As we usethree-statgphoneHMMs without

state-skippingthe minimum durationis threeframes(=30

msec).Many sggmentdn CSJcorpusmayhave fewerdura-
tions, but areforcedly alingedwith threeframes.This may
have causeda seriousmis-match.Moreover, fastspeaking
ratesuggestshattheseseggmentsarepoorly articulatedand
big problemin recognition[5][6][7].

Relationshipbetweenthe word accurag and speaking
rateis plottedfor the test-set. Speakingrateis definedas
themoracountsdividedby theutteranceluration(sec).lt is
confirmedthatfasterutterancesre harderfor recognition.
In Figure 2, breakdavn of recognitionerrorsis shown for
eachspeakingrate. In fastutterancessubstitutionerrors
areincreasedswell asdeletionerrors. On the otherhand,
therearemary insertionerrorsin slow segments.

Basedon thesefacts,we proposeapplyingdifferentde-
coding methodsaccordingto the speakingrate within the
multiple-passsearchframevork. Speakingratein the cur-
rentspeectsggmentis estimatedn thefirst pass.Then,the
mostadequatecousticanalysis phonemodelsanddecod-
ing parameterareapplied.

Specifically thefollowing processingareapplied. The

500000
450000 |
400000 |
350000
300000
250000
200000
150000 f
100000 f

50000 f

CSJ corpus (lecture) —— |
JNAS corpus (read) -+

count

0 -
01234567 8 91011121314151617181920
duration (#frames/phone)

Figurel: Phonedurationdistribution of CSJandJNAS cor-
pus

35

substitution error ——
30 b deletion error -+ J
insertion error e
25} 1
g
© 20 + 1
o
S 15 f A
5]
10 } “ /_4‘*."
SE B

0 . . . . .
S5less [5,6) [6,7) [7,8) [8,9) [9,10)10 more
speaking rate (mora/sec)

Figure2: Ratioof substitutiondeletionandinsertionerrors
for eachspeakingate

first threeareintendedor fastspeechandthelastoneis for
slow speech.

(1) Shorterframelengthandshift

To copewith fastspeectsggmentswherespectralpat-
ternchangesapidly, the framelengthandshift for spectral
analysisare shortened.After preliminaryexperimentswe
setthe framelengthof 20msandthe shift of 8msfrom the
baselineof 25msand10ms.

(2) State-skippindransitionsn phonemodels

Anotherway to copewith fastspeechs to add state-
skipping transitionsin phonemodels. It allows flexible
matchingwith lessthanthreeframes.

(3) Useof syllablemodels

Since not a few phone segmentsmay disappearwe
modelthemwith syllablesof phonesequence.We select
syllablesby consideringboth their duration and training
dataamount[§.

(4) Changénsertionpenalty
For slow speeclsegmentsa largervalueof word inser
tion penaltyis usedin orderto suppresssertionerrors.



Table3: Accurag with differentdecodingaccordingo speakingate (%)

actualspeakingate -5 5-6 6-7 7-8 8-9 | 9-10 10- || average
(#utterances) (433) | (434) | (596) | (435) | (343) | (161) | (115) (2517)
baseline 61.3| 645| 659| 659| 653| 60.1| 53.6 64.2
1. analysisrame 60.3| 655 | 66.5| 66.9| 672 61.7 56.1 65.3
2. skippingtransition 62.3| 66.0| 66.6 | 672 | 65.8| 60.7| 54.8 65.2
3. syllablemodel 596 | 64.6| 66.2| 659 | 66.6| 61.1| 56.2 64.7
1.+2. 59.0| 64.0| 65.1| 65.3| 65.3| 60.4| 56.0 63.8
1.+3. 56.0| 61.8| 64.4| 655| 66.0 62.4| 56.5 63.5
2.+3. 60.5| 645| 66.3| 66.3| 66.1| 62.8| 57.0 64.9
1.+42.+3. 54.3| 60.7| 63.4| 649| 66.2| 62.0| 57.9 62.9
4. insertionpenalty 643 | 673 | 664 | 64.7| 62.8| 55.8| 50.1 63.7
| bestoneselectedoracle] | 643] 67.3] 66.6] 67.2] 67.2] 61.6] 56.1]] 65.9]
| selectedvith estimatedspeakingate || 62.6] 66.4| 66.7] 66.9] 664 60.6] 55.8[ 65.4]

Thesetechniquesandtheir combinationsare evaluated
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on the test-set. They are comparedwith the baselinede-
codingthat first sgmentsspeechinto utterancedor con-
venienceof experiments. Utterancesare labeledwith the
speakingate(mora/sec)Theresultsarelistedin Table3.

For fastspeeclsegmentsall proposednethodq1,2,3)
areshawn to be effective andimprove the overallaccurag.
Combinationsof them have effect on the very fastspeech
(9 mora/secor faster),but resultin the increaseof errors
in slow speechwhich cancelthe effect. For slow utter
ancesthe useof severeinsertionpenaltyreduceserrorsas
expected.

Then,selectve applicationof thesemethodsaccording
to the speakingrateis implementedasspecifiedwith bold
fontin Table3. If thespeakingateis known andbesttech-
niguesarechoseraccordingly(oraclecase) the overall ac-
curag could beimprovedby 1.7%absolute.In actual,we
estimatethe speakingatewith phonemodelsandsyllable
constraintandapply the differentdecodingmethodsn the
secondpass. This stratgy achievesimprovementof 1.2%
absolutdlastrow).

6. CONCLUSIONS

We have seta task of automaticlecture transcriptionfor
spontaneouspeechrecognitionand understandingln the
first half of the five-yearproject, we have collectedthe
largestcorpusfor this purposeandmadeclearthe problems
of spontaneouspeech.

In this paper we mainly addressdecodingstratgies
dedicatedor spontaneoukecturespeechOneis sequential
decodingandthe otheris speaking-ratelependentlecod-
ing. Both of themareshawn to be effective andtheir com-
binationis ongoing.We planto furtherpursuespeaking-rate
normalizationapproachcombinedwith spealer adaptation
techniques.

Maekavaof NIJLA andDr. Isaharaof CRL andothermem-
bersof theprojectfor fruitful collaboratioranddiscussions.
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