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ABSTRACT
We introduce our extensive projects on spontaneous

speechprocessingandcurrenttrialsof lecturespeechrecog-
nition. A largecorpusof lecturepresentationsandtalks is
beingcollectedin theproject.We have trainedinitial base-
line modelsandconfirmedsignificantdifferenceof reallec-
turesandwritten notes.In spontaneouslecturespeech,the
speakingrate is generallyfasterandchangesa lot, which
makesit harderto apply fixed segmentationanddecoding
settings. Therefore,we proposesequentialdecodingand
speaking-ratedependentdecodingstrategies. The sequen-
tial decodersimultaneouslyperformsautomaticsegmenta-
tion anddecodingof input utterances.Then,the mostad-
equateacousticanalysis,phonemodelsand decodingpa-
rametersareappliedaccordingto thecurrentspeakingrate.
Thesestrategies achieve improvementon automatictran-
scriptionof reallecturespeech.

1. INTRODUCTION

Automaticspeechrecognitionof readspeechhasbeensuc-
cessfulin achievingaccuracy of over90%andrealizingdic-
tation systems. The system,however, assumesthat users
clearlyuttergrammaticallycorrectsentenceswith orthodox
pronunciationasthehuman-to-machineinterfaces.On the
other hand, recognitionof human-to-humanspontaneous
speech,whichwould realizeapplicationsof automatictran-
scription or translationof lecturesand meetings,is very
poorandneedsmoreextensivestudies.

Fromthis perspective,we startedtheprojectof “Spon-
taneousSpeechCorpusandProcessingTechnology”spon-
soredby theScienceandTechnologyAgency Priority Pro-
gramin Japan.Theprojectis conductedover5 years(1999-
2004)in pursuitof thefollowing threemajortargets[1].

(1) Building a large-scalespontaneousspeechcorpus.
ThedesignedCorpus of Spontaneous Speech (CSJ) con-

sistsof roughly 7M wordsor 700 hours. Manily recorded
are monologuessuchas lectures,presentationsand news
commentaries.They aremanuallygivenorthographicand
phonetictranscription. One-tenthof the corpus(“Core”)
will be taggedmanually with morphologicaland para-
linguistic informationfor linguisticanalysis.

(2) Acoustic and linguistic modeling for spontaneous
speechrecognition,understandingandsummarization.

(3) Constructinga prototypeof a spontaneousspeechsum-
marizationsystem.

In this paper, we reportinitial studieson speechrecog-
nition of lecturepresentationsusingthecorpuscompiledat
present.Lecturespeechcanbe regardedasin-betweenof
broadcastnews andtelephoneconversation,both of which
arewidelydealtwith sofar. Thespeakeris notprofessional,
nor readinga draft materialasin broadcastnews1. But the
speakingstyle is not so casualas in telephoneconversa-
tion. Oneof the prominentcharacteristicsin spontaneous
monologuespeechis the speakingrate is generallyfaster
andchangesa lot. Sincespeakersdo not necessarilyutter
sentenceby sentence,therearemany segmentsof very long
duration. We addressacousticand languagemodelingas
well asdecodingstrategiesconsideringthesefactors.

2. DATABASE AND TASK

Corpusof SpontaneousJapanese(CSJ)currentlydeveloped
by the project consistsof a variety of oral presentations
at technicalconferencesandinformal monologuetalks on
given topics. The speechdataarerecordedvia a head-set
microphoneto digital audiotapes,anddigitizedat 16 kHz
and16bit sampling.They arenotsegmentedatall, i.e. one
largefile correspondsto a lecture.

For languagemodel training, all transcribeddata (as
of June2001) areused. Thereare612 presentationsand
talks by distinct speakersbasically. The text size in total
is 1.48M words (=Japanesemorphemes).As for acoustic
model training, only malespeakersareusedin this work.
We use224presentationsthatamountto 37.9hourspeech.

Thetest-setfor evaluationconsistsof tenlecturepresen-
tationsspecifiedin Table1. Many of themareinvited lec-
turesat technicalmeetings,thusrelatively longerthansim-
ple paperpresentations.They weregiven by experienced
lecturerswhodid notpreparedrafts.It is observedthatthere
is muchdifferencein speakingrateamongthesespeakers.

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



Table1: Test-setof lectures

#words duration
(min.)

A01M0035(AS22) 6294 28
A01M0007(AS23) 4391 30
A01M0074(AS97) 2508 12
A05M0031(PS25) 5372 27
A02M0117(JL01) 9833 57

KK99DEC005(KK05) 6527 42
A03M0100(NL07) 2644 15
A06M0134(SG05) 4460 23

YG99JUN001(YG01) 2759 14
YG99MAY005 (YG05) 3108 15

3. BASELINE MODEL

3.1. Acoustic Modeling

AcousticmodelsarebasedoncontinuousdensityGaussian-
mixtureHMM. Speechanalysisis performedevery10msec
and25-dimensionalparameteris computed(12MFCC + 12�

MFCC +
�

Power).
Thenumberof phonesis 43,andall of themaremodeled

with left-to-rightHMM of threestatesandnostate-skipping
transitions. We trainedcontext-dependenttriphonemod-
els. Decision-treeclusteringwasperformedto setup 3000
shared-states.We alsoadoptPTM (phonetictied-mixture)
modeling[2], wheretriphonestatesof thesamephoneshare
Gaussiansbut havedifferentweights.Here,129codebooks
of 64mixturecomponentsareused.

3.2. Language Modeling

Webuilt a lexiconof 19158wordsfrom thetrainingcorpus,
andthena trigramlanguagemodel. It realizescoverageof
97%andtest-setperplexity of 135. Theperplexity is very
largesincetheJapanesemorphemeunit is shorterthanEn-
glish wordsandthatof thenewspapertaskis about50-80.
Main reasonis theamountof trainingdatais not sufficient
while thetopicsanddomainsof lecturesareof a wide vari-
ety. Thetrainingdatafor spontaneousspeechis essentially
muchsmallerthanwritten text corporasuchasnewspaper
articles,sincerecordingandmanuallytranscribingsponta-
neousspeechcostsa lot.

Therefore,we exploreeffective useof varioustext cor-
pora. Specifically, texts of lecture notes available via
World Wide Web are collected. A topic-independentvo-
cabulary selectionbasedon mutualinformationcriterionis
performed[3]. Thetext sizeamountsto 1.69Mwordsin to-
tal, which is larger thantheCSJcorpusbuilt so far. These
texts are not actual transcriptionof lectures,but manual
editingprocessis performedfor readability.

Then, weighted combinationof text corpora is per-

formed. Supposethe occurrencecountof word sequence�
in thematchedcorpus(=CSJ)is ����� ��� andthat in the

un-matchedlargecorpus(=Web)is �
	�� ��� , thenthesecor-
poraarecombinedby thefollowing formula.

��� ���
�� 	�� � 	 � ������� � � ����� ���
Here, estimation of the weights is done with the

deleted-interpolationmethodby splitting the matchedcor-
pus(=CSJ)into � portions.As a result,we derivedvalues
of
� � =0.95and

� 	 =0.066.
Preliminaryevaluationwith thefour testlecturesshows

thatcombinationof texts improvedaccuracy to 65.6%com-
paredwith thebaseline(=CSJonly) of 65.1%.Theweight
of theWebtext is very smallandonly a little improvement
is observed. Theresultsuggeststhatevenlecturenotesare
muchdifferentandnot goodfor languagemodelingof real
lectures2. But weusethecombinedmodelin thefollowing
experiments.

We alsotried to incorporatethenewspapercorpuswith
a sentenceselectionmechanism,but only got performance
degradation.

4. SEQUENTIAL DECODING WITH
MULTIPLE-PASS SEARCH

In spontaneousspeech,utterancesdo notnecessarilymatch
thelinguistic sentences,becausepeopleput pausesonarbi-
trary timing. In giving lectures,speakersoften utter many
sentenceswithout a breakandsometimesput many filled
andun-filledpauses.Whenwe cut recordedmaterialbased
on pausesin pre-processing,therearea lot of very long ut-
terancesaswell asmany shortsegmentsof only fillers.

Too long inputs arehard to dealwith for the conven-
tionaldecoders,especiallytwo-passdecodersincludingour
Julius[4] which keepsa hugenumberof candidatesbefore
re-scoring. Moreover, gettingN-beststring lists is almost
meaninglesswhentheinputis toolong. Automaticsegmen-
tation of spontaneousspeechitself is not so easybecause
existenceof weaklyarticulatedportionsandchangeof the
speakingratemakeit harderto useafixedthreshold.

To solve theproblem,we reviseour two-passforward-
backwarddecodingalgorithmsothat it doesnot needprior
segmentationof speech.It simultaneouslyperformsrecog-
nition and segmentationwith model-baseddetection of
shortpauses.Wehaveaspecificmodelfor shortpausesboth
in acousticandlanguagemodeling. Whentheshortpause
model is rankedfirst in the hypothesesbeamfor consecu-
tive frames,the decodersuspendsthe forward searchand
performsbackwardsearch.Then,thedecodingis resumed
usingthefixedwordhistory.

The methodmakes full useof acousticand language
modelin detectingshortpauses,thusit is morereliablethan

2Useof Weblecturenoteswasmoreeffective whenthesizeCSJcorpus
wassmaller.



Table2: Wordaccuracy usingsequentialdecoding(%)

conventional sequential
decoder decoder

AS22 58.9 60.1
AS23 72.4 71.9
AS97 72.5 73.8
PS25 64.7 65.2
JL01 62.7 64.8
KK05 64.7 66.8
NL07 68.0 69.0
SG05 58.6 57.4
YG01 61.5 63.3
YG05 67.2 68.0

average 64.2 65.3

theprior segmentationusingconventionalend-pointdetec-
tion algorithms. Moreover, on-line adaptationof the short
pausemodelis alsopossible.

This sequentialdecodingalgorithmis evaluatedon the
wholetest-set.Wordaccuracy is listedin Table2 in compar-
isonwith theconventionaldecoderthattakesprior segmen-
tation. The proposedsequentialdecodersuccessfullyhan-
dleswhole lecturespeech(of 12-57minutes)andachieves
betteraccuracy.

5. SPEAKING-RATE DEPENDENT DECODING

Distribution of phonedurationin lecturespeech(CSJcor-
pus:35 hours)andreadspeech(JNAS corpus:40 hours)is
plottedin Figure1. Phonedurationis estimatedwith Viterbi
alignment. As we use three-statephoneHMMs without
state-skipping,theminimumdurationis threeframes(=30
msec).Many segmentsin CSJcorpusmayhavefewerdura-
tions,but areforcedlyalingedwith threeframes.This may
have causeda seriousmis-match.Moreover, fastspeaking
ratesuggeststhatthesesegmentsarepoorlyarticulatedand
big problemin recognition[5][6][7].

Relationshipbetweenthe word accuracy andspeaking
rate is plottedfor the test-set.Speakingrate is definedas
themoracountsdividedby theutteranceduration(sec).It is
confirmedthat fasterutterancesareharderfor recognition.
In Figure2, breakdown of recognitionerrorsis shown for
eachspeakingrate. In fast utterances,substitutionerrors
areincreasedaswell asdeletionerrors.On theotherhand,
therearemany insertionerrorsin slow segments.

Basedon thesefacts,we proposeapplyingdifferentde-
codingmethodsaccordingto the speakingratewithin the
multiple-passsearchframework. Speakingratein thecur-
rentspeechsegmentis estimatedin thefirst pass.Then,the
mostadequateacousticanalysis,phonemodelsanddecod-
ing parametersareapplied.

Specifically, thefollowing processingsareapplied.The
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first threeareintendedfor fastspeechandthelastoneis for
slow speech.

(1) Shorterframelengthandshift
To copewith fastspeechsegments,wherespectralpat-

ternchangesrapidly, theframelengthandshift for spectral
analysisareshortened.After preliminaryexperiments,we
settheframelengthof 20msandtheshift of 8msfrom the
baselineof 25msand10ms.

(2) State-skippingtransitionsin phonemodels
Anotherway to copewith fastspeechis to addstate-

skipping transitionsin phonemodels. It allows flexible
matchingwith lessthanthreeframes.

(3) Useof syllablemodels
Since not a few phonesegmentsmay disappear, we

model them with syllablesof phonesequence.We select
syllablesby consideringboth their duration and training
dataamount[8].

(4) Changeinsertionpenalty
For slow speechsegments,a largervalueof word inser-

tion penaltyis usedin orderto suppressinsertionerrors.



Table3: Accuracy with differentdecodingaccordingto speakingrate(%)

actualspeakingrate -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 64.5 65.9 65.9 65.3 60.1 53.6 64.2
1. analysisframe 60.3 65.5 66.5 66.9 67.2 61.7 56.1 65.3

2. skippingtransition 62.3 66.0 66.6 67.2 65.8 60.7 54.8 65.2
3. syllablemodel 59.6 64.6 66.2 65.9 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 65.5 66.0 62.4 56.5 63.5
2.+3. 60.5 64.5 66.3 66.3 66.1 62.8 57.0 64.9

1.+2.+3. 54.3 60.7 63.4 64.9 66.2 62.0 57.9 62.9
4. insertionpenalty 64.3 67.3 66.4 64.7 62.8 55.8 50.1 63.7

bestoneselected[oracle] 64.3 67.3 66.6 67.2 67.2 61.6 56.1 65.9

selectedwith estimatedspeakingrate 62.6 66.4 66.7 66.9 66.4 60.6 55.8 65.4

Thesetechniquesandtheir combinationsareevaluated
on the test-set. They arecomparedwith the baselinede-
coding that first segmentsspeechinto utterancesfor con-
venienceof experiments. Utterancesare labeledwith the
speakingrate(mora/sec).Theresultsarelistedin Table3.

For fastspeechsegments,all proposedmethods(1,2,3)
areshown to beeffectiveandimprovetheoverallaccuracy.
Combinationsof themhave effect on the very fastspeech
(9 mora/secor faster),but result in the increaseof errors
in slow speech,which cancelthe effect. For slow utter-
ances,theuseof severeinsertionpenaltyreduceserrorsas
expected.

Then,selective applicationof thesemethodsaccording
to thespeakingrateis implemented,asspecifiedwith bold
font in Table3. If thespeakingrateis known andbesttech-
niquesarechosenaccordingly(oraclecase),theoverallac-
curacy couldbe improvedby 1.7%absolute.In actual,we
estimatethe speakingratewith phonemodelsandsyllable
constraintandapply thedifferentdecodingmethodsin the
secondpass.This strategy achievesimprovementof 1.2%
absolute(lastrow).

6. CONCLUSIONS

We have set a task of automaticlecture transcriptionfor
spontaneousspeechrecognitionandunderstanding.In the
first half of the five-yearproject, we have collectedthe
largestcorpusfor thispurposeandmadecleartheproblems
of spontaneousspeech.

In this paper, we mainly addressdecodingstrategies
dedicatedfor spontaneouslecturespeech.Oneis sequential
decodingandthe other is speaking-ratedependentdecod-
ing. Both of themareshown to beeffective andtheir com-
binationis ongoing.Weplanto furtherpursuespeaking-rate
normalizationapproachcombinedwith speaker adaptation
techniques.
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