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Abstract

This paper describesBell Labs and NHK (Japan
BroadcastingCorp.) collaborationto develop a real
time large vocalulary speechrecognitionsystemfor live
closed-captioningpf NHK news programs. Bell Labs
broadcashews recognitionengineconsistof atwo pass
decoderusing bigram languagemodels(LM) and right
biphone modelsduring the first pass,and trigram LM
with within-word triphone modelsin the secondpass.
Variouspruning strategjies are usedto achiese real time
decodingtogethemwith a noisecompensatiomprocedure
aimedatimproving recognitionon noisy segmentsof the
program.Thesystemoperatesn real-timemodeandde-
liverslessthan 2% of word error rate (WER) on studio
news conditionsand about5% of WER on noisy news
andreporterspeechwhen evaluatedon a real broadcast
news program.

1. Introduction

Developinga broadcashews (BN) transcriptionsystem
for live subtitling is a challengingproblemsinceit re-
quires high recognitionaccurag with real-time perfor
mancefor alargevariety of acousticervironmentsyang-
ing from high quality anchorspeechin studio condi-
tion to reportersspeechin the field. SinceMarch 2000,
NHK (JaparBroadcastin@orp.) hasbeenproviding live
closed-captioningf its broadcashews programsausinga
real-timespeechrecognizerfollowed by manualcorrec-
tion of recognitionerrors[1]. While currentautomatic
speechrecognition(ASR) technologiecanprovide high
recognitionaccurag on anchorspealersin studiocondi-
tion, theinherentvariability of broadcashews programs
leadsto poor ASR performanceon someportionsof the
broadcastin anattemptto improve coreBN technology
NHK Labsand Bell Labs have teamedup andthis pa-
per presentsomeof our recentresultsusing Bell Labs’
Japanesezcognitionengine.

In section2, we presentBell Labs’ core 2-passde-
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coderand outline a new noise compensatiorprocedure
that significantly improves recognitionresultson noisy

speech[2]. Experimentalresultson an NHK’s broad-
castnews databasere describedn section3, followed

by someconclusions.

2. Bell Labs Japanese Broadcast News
Transcription System

2.1. System Overview

To satisfy both real-timedecodingand high recognition
accurag requirementsye have developeda 2-passde-
coderfor broadcashews applications Broadly speaking
a 2-passsearchconsistsof a very fastfirst passwhich

limits the potentialsearchspaceto a setof mostlikely

candidatesvhich arerescoredn theseconcassy more
detailedmodels. The succes®f thefirst passlies in its

ability to retainthe mostlikely word sequencehencenot

resultingin any searcherror. The basicideais to use
a simple searchstrat@y and/orsimpleacousticandlan-

guagemodels. The first passof our 2-passdecoderis

basedn thefollowing:

e A single static tree searchstructure. This is in
contrastto mosttree searchin speechrecognition
wheremultiple tree copiesdependingon the lan-
guagemodel history are used. This single tree
structuras alsousedby BBN [3] andNHK [1] sys-
temsandresultsin avery efficient first pass.

e Left biphoneacoustionodelstrainedusinga deci-
sion tree statetying algorithm[4]. Thesemodels
take advantageof context while still maintaining
efficiency. This canbe comparedo averagingthe
triphonesin the BBN system}, andusingfull tri-
phonesn theNHK recognizer

e Bigramlanguagemodels.Bigramprobabilitiesare
distributed amongnodesin the tree to benefitas

1Essentiallyleadingto modelsvery similar to monophones



early as possiblefrom the languagemodel. This

is the traditionallanguagemodel lookaheadused
in mary systemswhichis efficiently implemented
usingcaching.

Basedon the above ingredientsthe first passusesa
classicalViterbi beamsearchwhereat eachtime instant
the top K candidatesare propagatedack into the root
of thetree. Thelist of the bestword candidatesit each
time instantare keptfor later usein the backward pass.
To further improve the efficiency of the first pass,three
additionaltypesof pruningareused:

e Word endpruning,whereatighterbeamis usedat
theword ends.

e Histogrampruning, whereonly a specifiedmaxi-
mumnumberof arcsareretainedat eachtime. In-
terestinglythis type of pruningwasfound particu-
larly usefulin noisy speectdecoding.

e Phonemdookaheadbhasedpruning. Thisis based
on phonemepruning using a normalized local
acousticscoreasdiscussedh [5].

After usingtheabove techniquest wasobsenedthat
the computationaleffort is mostly spentin the likeli-
hood evaluation. This alsowas obsened by othersand
fastlikelihoodcomputatiortechniquesreusuallycalled
for to speedup the system. We usea vector quantiza-
tion (VQ) Gaussiarselectionschemeo reducethe effort
spentin Gaussiarcalculation[6]. The combinationof
all of the above techniquesesultin a very fastand effi-
cientfirst passwhich runsat lessthan0.5x RT for clean
speechand containsthe correctword candidatesabout
99% of thetime.

Theforwardpassresultsin a setof likely wordsend-
ing at eachtime frame. This passis followed by a back-
ward passwhosesearchspaceis constrainedy the re-
sultsof thefirst pass.Thebackwardpassuseghefollow-
ing models:

e Within word triphonemodels. In an earlier ver
sionof oursystemyight biphonemodelswvereused
in the backward passhut significantimprovement
have beenobtainedwhen using within word tri-
phonemodels.Onethe otherhand,we have found
thatusingcross-vordtriphonedeadsto significant
increasen the searchspaceandcomputatiortime.

e A backwardtrigramlanguagemodel.

The backwardsearchs againa Viterbi beamsearchem-
ploying word-end(in this caseword-begin) pruning,his-
togram pruning, and fast likelihood computationtech-
nigues. To make the pruningand hencethe searcheven
moreefficientthefollowing techniquesreused:

e Forward-backvard pruning. Here, the scorefrom
the forward passis kept and combinedwith the
scorefrom the secondpass. This allows the beam
width to bedrasticallyreduced.

¢ GrammarspreadingTo avoid theabruptchangen
scorewhenapplyingthe languagemodel at word
ends(againword-begin in the backward case) the
languagemodelscoreis distributeduniformly over
theword statesandhenceincrementallyapplied.

The combinationof the above techniquedeadsto a
very efficient backward pass,and henceoverall search.
For example the2-pasglecoderunsat0.7x RT for clean
speechandresultsin almostthe sameaccurag asour 1-
passdecodef7].

2.2. Noise Compensation

To improve recognitionaccurag on noisy data,we have
developeda new noisecompensatiorapproachthat op-
eratesin the featurespacein a completelyunsupervised
mannef2]. Thenoisecompensatiotakesasinputanut-
terancen thecepstradomainaswell asa Gaussiamix-
ture modelrepresentinghe distribution of cleanspeech
in the log-spectraldomain,and generatess outputthe
cepstrumsequencef the compensatedtterancewhere
the noisecontribution hasbeenattenuated.

The compensatiorapproachis designedo compen-
satethe effect of an additive noise. The basicideais to
deriveanestimatenf thenoisyspeechog-spectrunprob-
ability densityfunction(pdf) givenatestutteranceThen,
giventhe pdf of the cleanspeechwhich canbe derived
on the training data),a MMSE estimateof the compen-
sated(clean)speechs derivedin thelog-spectralomain
andis mappedackinto thecepstrunmdomain.Thiscom-
pensatedepstrums thenusedfor recognition.

Sincethenoiseis supposedo beadditive in thespec-
tral domain,therelationbetweemoise,cleanspeechtand
noisy speechs non-linearin thelog spectrakdomainand
canberepresentedy the functionz = f(x,n) wherez, x
andn arethe noisy speechcleanspeechandnoiselog-
spectrumrespectiely. Let usassumehatthepdf p(x) of
thecleanspeechasbeenderivedfrom the cleantraining
data.Wewill assumehatp(x) canberepresentedsinga
Gaussiamixture model. The compensatioprocessan
thenbedescribedasfollows:

1. Representf (x,n) by its mth order Vector Taylor
SeriegVTS), f™(x,n).

2. Approximate the VTS by a linear function,
g™(x,n) = A™x+ B™n+ C™ andderive the MMSE
estimatesgor A™, B™ andC™. These2 stepsarere-
quiredto getalinearrelationbetweerg, x andn, so
thatit becomegpossibleto expresshe pdf of zasa
functionof x andn pdfs’.



3. Initialize thenoisepdf p(n) usingthefirstN frames
of thetestutterance Typically we useN = 10 and
assumehat p(n) canberepresentedsinga Gaus-
siandistribution or a mixture of Gaussiardistribu-
tion.

4. Derive p(2) given p(x), p(y), andthe linear ap-
proximationfunctiong™(x, n).

5. For eachtestutterancerefinetheestimateof p, us-
ing EM andderive p(z) (usingbatchor sequential
estimation).

6. Derive an MMSE estimateof X givenz, p(x) and
p(2): X = E{x|z}.
7. Map X into the cepstrumdomain.

A nicepropertyof this algorithmis thatthe noisepdf
estimation(step5) can be performedeitherin batchor
onlinemode,andis thereforesuitablefor real-timeappli-
cations.In [2], we have shavn thatthe noiseestimation
canbe donesequentially allowing the noisecompensa-
tion to track slowly varying noisesthanksto an optimal
forgettingfactor For moredetails,the readeris referred
to[2].

3. Experimental Results
3.1. Database description

Thetrainingdataconsistf about80 hoursof broadcast
news recordedby NHK betweenApril and July 2000.
About 1/5th of the datacomefrom anchorspealers,the
remainingdatacomingfrom reportersBoth left-biphone
andtriphonemodelsaretrainedusingadecisiontreestate
tying algorithm,leadingto a total of about20K and90K
Gaussianprobability density functionsfor the biphone
andtriphonemodels respectiely.

The test data consistsof NHK’s typical news pro-
gramsrecordedrom Junelst,to June7th, for atotal of
about3 hoursof speechmaterial. The testdatais ex-
cludedfrom the training material. To studythe perfor
manceof the systembasedon the input speechcharac-
teristics,thetestdatahasbeensubdvidedinto 8 different
catgyoriesto reflectspealerandacousticervironment,as
indicatedin Table 1. In this evaluation,the samelan-
guagemodelis usedfor every cateyory, but a different
LM is usedeachday; built accordingto the approactde-
scribedin [8] to emphasizeecentnews stories.As are-
sult, the perpleity of the testdatavarieswidely across
catgyory, rangingfrom lessthan 10 on studio_news to
about60 on sports.noisy, weather and spontaneous.
Thedecodewusesalexicon of about?20K Japaneseords
(morphemes)leadingto an out-of-vocahulary raterang-
ing from about0.5% to 5% basedon the test cateyory.

Thefeaturevectorconsistof 39 componentsinclud-
ing 12 MFCC coeficientsplusenegy with their first and

Condition | Description
noisy_news | Noisy newsprograms
field_report | Reportersn field environment

sports.noisy | Sportsnewsin noisyervironment

sports.clean | Sportsnewsin cleanenvironment

weather Weathereports
studio_report | Reportersn studioervironment
spontaneous | Spontaneouspeech
studio_news | Anchorspealersin studioenvironment

Tablel: List of testdatacateyories.

secondlerivative. Thefirst cepstrakoeficientCy is used
asenegy coeficientsinceit is requiredby our noisecom-
pensatioralgorithm.

3.2. Recognition Results

The performanceof the systemis reportedin terms of

word accurag andrealtime factor Systemevaluations
have beencarriedout on a high end PC (quad 700Mhz
Xeon processors2MB L2 cache,3GB SD100 RAM)

runningLinux with only onerecognitionprocessunning
onasingleCPU.

Our noisecompensatioralgorithmhasbeeninitially
validatedusingour 1-pasgecognitionenginewhichuses
the sametriphone acousticmodelsand trigram LM as
our 2-passdecoder Table 2 representshe averageword
accurag for eachbroadcastateyory with and without
noisecompensationlt canbe seenthatthe noisecom-
pensationcan lead to significantimprovementon the
noisy speech,especiallyon the sports.noisy cateyory
wherethe error rate hasbeenreducedoy morethan7%
absolute. Reductionof word error ratesare obsened
on all noisy catayories, while someminor degradation
in performancds sometimesobsened for cleanspeech
recognition.Consideringhatthebenefitsof thecompen-
sationclearly overcomeits dravbacks,we now usethe
noisecompensatiomsa standardeatureof our system.
We shouldalsopointoutthatthefeaturecompensatioal-
gorithmhasbeenappliedonly duringtesting theacoustic
modelsbeingtrainedontheoriginaluncompensatecep-
strum.

When using our 2-passdecoder real-time perfor
manceis obtainedwhile still preservinga high recog-
nition accurag, asillustratedin Table 3. In our exper
iments,we also obsenred that one additionaladvantage
of usingthe noisecompensatiomlgorithmis thatit also
leadsto somespeed-upn decoding,especiallyon the
noisydata.Overall, every catggory with aword errorrate
of about5% is suitablefor live closed-captioning.



NoiseComp.

Environment w
field_report | 94.5| 93.8
noisy.news | 96.1| 95.7
spontaneous| 80.0 | 80.8
sports.clean | 91.2 | 91.2
sports.noisy | 81.3| 74.0
studianevs | 98.8| 98.9
studiareport | 89.8 | 90.1
weather 89.0| 89.3

Table2: Word Accurag (%) usingBell Labs’ 1-pasge-
coderwith andwithout noisecompensation.

Environment | Acc. | RT

field_report | 93.9| 1.1
noisy.nevs | 96.3 | 1.1
spontaneous| 78.3 | 1.2
sports.clean | 88.7 | 0.8
sports.noisy | 78.0 | 1.6
studianews | 98.4| 0.6
studiareport | 90.8 | 0.9
weather 82.8| 1.2

Table3: Word Accurag (%) andrealtimefactor(RT) for
Bell Labs’ 2-pasdecodemith noisecompensation.

4. Conclusion

In this paper we presentour 2-passdecoderfor broad-
castnewsapplicationandshawv thatwe areableto obtain
real-timedecodingwith moderatedegradationin perfor
mancecomparedo our high accurag 1-passsystem.

Experimentatesultsindicatethat our noisecompen-
sationalgorithmis ableto improve theword accurag on
averageandleadsto significantreductionof therealtime
factor On field_report, noisy_news and studio_news
conditions,the performances high enoughto allow live
close-captioninggf NHK’ s broadcashews with minimal
manualcorrectionof recognitionerrors.Additional work
is requiredon the othercategoriesbeforethe systemcan
beusedfor live subtitling.
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