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ABSTRACT

We describethe systemusedby IBM in the 1999 HUB4 Evalua-
tion underthe 10 timesreal-timeconstraint. We detail the system
architectureandshawv thattheperformancef this systems over 20

percentmoreaccurateatthe samespeedhanthe systemusedin the
1998Evaluation.Furthermorewe have closedthe gapbetweerour
unlimited resourcesystemandour 10 timesreal time systemfrom

45 percento 14 percent.

1. Introduction

In this paperwe reporton the 10xRT systemrun by IBM
in the 1999 Hub4 evaluation,giving contrastve resultswith
othersystemarchitecturesve hadconsiderecswell aswith
theunconstrainegystenrun in the otherportion of the eval-
uation. Becausehe 10xRT constrainis someavhat arbitrary
in thatit is machinedependentywe have chosento fix our
machinego be thoseusedin the 1998 Hub4 Evaluation;all
programsare compiledfor the AlX platformandall experi-
mentswereconducte®na320MIPSRS/60005P2nodewith
512MB of memory As theseareexactly the sameresources
we usedin the 1998evaluation,all systemimprovementsare
codeandalgorithmicallybased.

For comparisonwe shav our performancenumbersin the
1998Hub4 evaluation(testsetsl and 2) in table 1 for both
the baselinetranscriptionsystem(A1,A2) and the baseline
10xRT system(B1,B2).

Avg FO F1 F2 F3 F4 F5 FX
Al 14.5 7.8 | 16.8 | 209 | 24.7 | 10.0 | 19.4 | 19.7
A2 12.4 84| 147 | 143 | 127 | 141 | 5.7 | 344
Bl || 21.2 || 11.4| 21.8 | 33.7 | 326 | 148 | 26.1 | 31.5
B2 178 || 10.8 | 194 | 244 | 205 | 21.0 | 15.7 | 54.1

Table 1. Performanceon the 1998 Hub4 Evaluation Test Data of the
1998 unlimited broadcasnhews transcriptionsystemand the 1998 10xRT
system.Al=Baselinaunconstrainedystemtestset1l. A2=Baselineuncon-
strainedsystem,testset2. B1=10xRT, testset1l. B2=10xRT, testset?2.
FO=Clean,plannedpeech.F1l=spontaneouspeech.F2=Speeclovertele-
phonechannels.F3=Speectwith backgroundnusic. F4=Speeclwith de-
gradedacousticsF5=Non-natve speakersFX=Combination®f F1-F5.

2. System Architecture

Severalchangedo the systemarchitecturaisedfor thebase-
line broadcasnews transcriptionsystemwere necessaryn

orderto arrive at a systemwhich would run in lessthanten
timesrealtime.

Thefirst differenceve madewasto changdrom theresearch
codebaseto onecloserto IBM's commercialproduct, Vi-
a\bice, which hasbeenalgorithmically optimizedfor effi-
cient execution. The codeincludesan improvementin the
evaluationof the phonetictree that representshe entirevo-
calulary of the recognizer The acousticfast matchmay be
done much more efficiently using the fact that undercer
tain conditionsthe resultsof branchevaluationscanbe used
to approximatethe scoresof otherbranchesf the tree[5].
The sameapproachhasbeenusedto speedup the detailed
match[6].

Anotherdifferencebetweerour 10xRT systemandourbase-
line broadcashews systemlies in whatcontet is takeninto
accountto modeleachphoneme.n our baselinesystemwe
consider5 phonemedo the left andto the right of a given
phonemen building the acousticmodelsfor that phoneme
evenacrosgheendof theword underconsiderationwhile in
our 10xRT systemwe do not considerphonemeso theright
of the word boundarywhen building the acousticmodelfor
agivenphoneme This restrictioneliminatesthe needfor re-
computingheacoustimbsenationprobabilitiesneartheend
of eachword asthe hypothesizedvord stringbecomesvail-
ableasthe searctproceedsowardstheendof thesentence.

Anotherdifferencebetweenthe 10xRT and baselinebroad-
castnews systemsis that for the 10xRT systemthe Gaus-
sianprototypesarearrangechierarchically;only thoseGaus-
sianswhich scorewell at a given level of the hierarchyare
expandedor consideratioratlowerlevels.

Thearchitectureof thebaselingranscriptiorsystenrelieson
Rover [2]; several differentrecognitionsystemsarerun and
avoteis takenon the recognitionoutputsto producea final
transcription.Furthermoremultiple passe®f adaptatiorare
performedwithin eachof the systemsiponwhich Rover op-
erates.This framevork provedtoo costly for the ten-times-
real-timeconstraint;for the 10xRT systemwe operateonly



asinglesystenratherthana Rover paradigmandthe system
consistsonly of a rapid first pass,adaptationand a single,
more detailedsecondpassratherthan multiple iterationsof

adaptatiorwith re-decoding.

We have found a first passrunningat roughlytwo timesreal
time, anadaptatiorphaserunningatroughlythreetimesreal
time, anda secondpassrunningat approximatelyfive times
realtime to performwell.

3. Acoustic Training

In this sectionwe describethe constructionof the speaker
adaptedtraining (SAT) model and give performancenum-
bers for the final model versusother modelstested. The
SAT training algorithm transformsthe SI model meansfor

eachspeakerwith the adaptednmeansa full-variancelinear
transformthatmaximizegshelikelihood of the datafrom that
speakeris computed[1]. The computationcan be imple-

mentedefficiently asa featurespacetransformationf1]. A

singleiterationof SAT trainingconsist®of computingatrans-
formationfor eachtraining speakeandthenperformingtwo

iterationsof the EM-algorithmto adjustthe speakeiadapted
models;thefinal modelusedin the evaluationwasthe result
of two iterationsof SAT training.

Avg FO F1 F2 F3 F4 F5 FX
Cl |l 163 8.7 | 18.7 | 279 | 25.0 | 10.3 | 23.0 | 22.8
C2 || 136| 86 | 153 | 21.0 | 14.5| 159 57| 374
D1 | 16.4 | 8.6 | 18.7 | 26.1 | 243 | 10.8 | 22.4 | 23.2
D2 || 135 | 8.4 | 154 | 204 | 149 | 15.9 5.7 | 38.2
El 16.2 || 8.3 | 18.6 | 26.1 | 26.4 | 10.8 | 20.6 | 22.7
E2 133 || 8.2 | 15.1| 20.3 | 14.0 | 15.6 5.7 | 38.0

Table 2: Performanceon the 1998 Hub4 evaluationsets1 and 2 using
decodedrainingdatatranscriptiongo performoneiterationof SAT training
(C1,C2)versune(D1,D2)andtwo (E1,E2)iterationsof SAT trainingusing
thetruetranscriptionsHandsegmentationf thetestis usedin all cases.

We alsoconsiderediecodingthe training dataandusingthe
decodedscriptratherthanthetruth to calculatethe transfor
mationfor eachspeakersoasto morecloselymatchthetest-
ing procedure. The truth continuedto be usedfor the EM
processing.Resultsof this experimentfor a singleiteration
of SAT training areshowvn in therows C1 andC2 of table2
andareto be comparedwith the baselineexperimentof us-
ing the true transcriptionfor computingthe transformation
for eachspeakemndrunninga singleiterationof SAT train-
ing, shavn in therows D1 andD2 of thetable.RowsE1 and
E2 of the tableshaowv the improvementover baselineD1 and
D2 by running a seconditerationof SAT training usingthe
truetranscriptionin calculatingspeaketransforms.lt is this
modelwhich wasusedin the 1999Hub4 Evaluation.

4. Language M odel

We useddifferentlanguagemodelsfor the first and second
passdecodes.For the first passwe useda mixture of three
componentswo trigramsandonemaximumentropymodel.

Forthesecondasdecodave usedalargermodelcomprised
of six componentshethreefrom thefirst pasplusoneaddi-

tional trigramandtwo additionalmaximumentropymodels.
Mixture weightswerechoserto minimizeperpleity onade-

velopmentestset.

5. Decoding

The first decodingresultswe presentwill be to justify the
two-passarchitectureof our 10xRT system. We comparea
singledecodingpasstunedto run attentimesreal time with
the SAT systemwhereinthemostcostlystepthesecond-pass
decode runs at lessthan 4.9 timesreal time. The results,
shavnin table3, clearlyjustify our choiceof the SAT archi-
tectureover asingle-passiecode.

Avg FO F1 F2 F3 F4 F5 FX
Gl || 179 89| 19.6 | 30.2 | 27.3 | 12.3 | 20.6 | 25.7
G2 |l 148 94| 170 21.1 | 139 | 182 | 8.6 | 38.2
H1 || 16.2 || 8.3 | 18.6 | 26.1 | 26.4 | 10.8 | 20.6 | 22.7
H2 || 133 || 8.2 | 151 | 20.3 | 140 | 156 | 5.7 | 38.0

Table 3: Performanceon the 1998 Hub4 evaluationdatasets1 and 2,
comparinga singlepassdecodeunningat tentimesrealtime (G1,G2)with
the SAT architecturén whichthemostcostlysteprunsatlessthan4.9times
realtime (H1,H2). Handsegmentatiois usedin all cases.

The remainingsubsectionsn this sectiondescribein more
detailthe individual stepsrequiredto decodein “evaluation
mode”thedataof the1998or 1999Hub4evaluation.Because
thedatais providedasonelong continuousaudiostreamwe
first sgmentit into manageablehunks,identifying anddis-
cardingregionsof puremusicin the processasdescribedn
section. The sggmentsare thenclusteredaccordingto the
algorithmdescribedn section for the purpose®f accumu-
lating enoughself-similardatawithin eachclusterto robustly
estimatetransformationgor adaptation. The sggmentation,
musicdetection,and clusteringtogetherrun at lessthan0.3
timesrealtime. Having segmentedandclusteredthe data,a
rapidfirst pasds run asoutlinedin section, followedby two
passesf transformatiorestimationfor thedatain eachclus-
ter asdescribedn section. The more-detailedsecondpass
decodenvhichmakesuseof theadaptatiortransformatiorcal-
culatedfor eachclusteris describedn section.

5.1. Segmentation and Music Detection

The Bayesianinformation Criterion (BIC) is usedto detect
acousticchangesin the data[3]; the unpartitionedaudio
streamis divided into sggmentsbasedon the timesat which



changesredetected Oncesegmentedthe datais classified
asoneof five acousticconditions,one of which is puremu-
sic, by meansof a Gaussian-mixturelassifier[4]. Thesin-
gle modelfor musicsegmentscompetesvith four modelsof
speechn variousnoiselevels and conditions;all five of the
mixture modelsconsistof 156 Gaussians.Thosesggments
identifiedas pure music are discardedrom further process-
ing. The effect of automaticsggmentations fairly sesere,as
seenby comparingthe resultsin table4 with the handsey-
mentationbaseline(H1,H2) presentedn table 3. The say-
mentationand music detectionstepruns at 0.2 timesreal-
time.

Avg FO F1 F2 F3 F4 F5 FX
11 || 16.8 || 8.6 | 19.0 | 27.7 | 25.2 | 11.2 | 19.4 | 24.0
12 || 141 | 8.6 | 159 | 19.9 | 15.3 | 16.3 1.4 | 46.2

Table4: Effect of automaticsegmentatiommn the 1998 Hub4 evaluation
datasetsl and2. Comparewith baselinehandsegmentatiorftable 3 rows
H1,H2).

5.2. Clustering

After sggmentation,clusteringis performedin orderto ac-
cumulateenoughdatato robustly perform adaptationwith

oneadaptatioriransformatiorestimatedor eachcluster The
segmentsareclusteredusinga maximum-linkagepottom-up
clusteringprocedurewith a single Gaussiarmodelfor each
segmentandalog-likelihoodratiodistancaneasurg3]. The
bottom-upclusteringprocedurgerminatesvheretheBIC cri-

terionreachests maximum.Thereal-timefactoris approxi-
mately0.1.

5.3. First Pass Decode

Thefirst passdecodewhoseoutputsenesastheinput script
for adaptationjs tunedto run at slightly lessthan1.8 times
realtime. The systemusesthe same286K-Gaussianleft-
contxt systemas the more detailed secondpassdecode
which runsat slightly lessthanfive timesrealtime. The dif-
ferencedetweerthe two systemdie in the languagemodel
asdescribedn section4, a moreaggressie hierarchyin the
first passthanin the secondpass,andmoreaggressie prun-
ing in the searchof thefirst passdecodeithanin the second.
Resultsof thefirst passaloneon the unpartitionedevaluation
dataof 1998areshown in tableb.

Avg FO F1 F2 F3 F4 F5 FX
Jl|| 21.2 || 10.9 | 22.0 | 37.0 | 33.8 | 154 | 24.8 | 30.2
J2 || 175 10.7 | 19.2 | 23.5| 19.1 | 20.8 | 11.4 | 53.4

Table5: Performancef thefirst passdecodeJ1,J2)on thedatafrom the
1998Hub4 evaluationtestsetsl and2. Automaticsegmentatiors used.

By comparingable5 with rows B1 andB2 of table1 we note
that the performancefrom this first-passdecodeis already
betterthan that obtainedby our 10xRT systemusedin the
1998Hub4 evaluation.

5.4. Transform Computation

The transformatiorcalculationdetailedin [1] provedto run

too slowly for the ten-times-real-timeonstraint. We made
several algorithmicapproximationdo increaseits speedas
will bedescribedn this section.Thefirst approximatiorwas
in the computationof obsenation probabilities. Ratherthan

summingover all Gaussiansn a mixture, we approximate
the sumwith the maximum probability from the individual

Gaussiansvithin the cluster The secondapproximationis

introducedin the trellis calculation. Ratherthan summing
over all predecessonodes,we againapproximatethe sum

with the maximumof the individual membergoinginto the

summationBoth of theseapproximationgliminatethe need
for a costlylinearadditionin the log domain. Furthergains
in speedvereobtainedby thresholdinghe numberof counts
attributedto a Gaussiarbeforeincludingit in thetransforma-
tion calculation.

Oneadditionalmethodof speedingiptheadaptations to per
form ablock-diagonatransformatiomatherthanafull matrix
one. We tried constrainingthe transformatiorto consistof
two blocksandfound anincreasein speedfrom 1.5xRT to
0.8xRT for eachiterationat the costof lack of recognition
accuray, especiallyin the FOandF1 conditions,asshavn in
table6.

Avg FO F1 F2 F3 F4 F5 FX
K1 || 16.8 || 8.3 | 18.7 | 27.7 | 326 | 10.7 | 21.8 | 24.1
K2 || 135 | 85| 155 | 19.6 | 142 | 16.1 | 4.3 | 36.9
L1 165 89| 194 | 25.7| 25.0 | 11.1 | 21.2 | 225
L2 140 | 8.8 | 158 | 175| 14.2 | 169 | 11.4 | 38.7

Table 6: Performancaisinga full-matrix transformation(K1,K2) vs. a
2-blockdiagonaltransformfor adaptation(L1,L2) on testsetsl and2 from
the1998Hub4 evaluationafteronepassof EM-training. Handsegmentation
is usedin all cases.

Althoughthe overall degradationin performances perhaps
acceptablgiventheincreasen speedye decidechotto pur-
suetheuseof atwo-blocktransformin our 10xRT systendue
to its severeimpactonthe FO andF1 conditions.

Anotherconsiderationvasthenumberof iterationsrunin cal-
culatingthe transformfor thetestset. We foundthat perfor
mancefor a secondterationincreaseaver thefirst iteration
andthenstayedfat for thethird asindicatedin table7, sowe
optedto runtwo iterationsin test.



Avg FO F1 F2 F3 F4 F5 FX Avg FO F1 F2 F3 F4 F5 FX
M1 16.5| 85| 18.7 | 26.7 | 25.8 | 10.7 | 21.8 | 23.7 S1 || 158 | 7.7 | 16.0 | 27.6 | 19.0 | 12.6 | 22.2 | 42.1
M2 142 || 83 | 16.3 | 20.3 | 14.6 | 17.6 8.6 | 39.3 S2 || 145 8.1 | 183 | 12.0| 12.0| 12.7 | 11.9 | 32.9
N1 164 || 86 | 18.7 | 26.1 | 24.3 | 10.8 | 22.4 | 23.2 Tl 183 || 9.1 | 17.3| 35.7 | 20.7 | 142 | 22.2 | 51.0
N2 135 84 | 154 | 204 | 14.9| 15.9 5.7 | 38.2 T2 171 || 8.6 | 184 | 179 | 12.0| 152 | 146 | 41.0
P1 16.3 || 8.7 | 188 | 25.5| 23.3| 10.7 | 23.0 | 23.1 Ul || 178 | 9.0 | 17.2| 346 | 20.8 | 14.2 | 19.4 | 465
P2 136 || 84 | 16.2 | 204 | 14.2| 158 57| 37.7 U2 || 16.7 || 83| 185 | 17.1 | 124 | 15.0 | 14.4| 39.7

Table7: Performancdor 1 (M1,M2), 2 (N1,N2),and3 (P1,P2)passe®f
calculatingthe adaptatiormatrix for eachclusteron the datafrom the 1998
Hub4evaluation.Handsegmentatiois usedin all cases.

5.5. Second Pass Decode

Thesecongassdecodenakeauseof thefeature-spactans-
formation calculatedfor eachcluster Although it usesthe
sameacousticmodelsasthe first pass,it usesa larger lan-
guagemodeland more costly searchparameters.The final

systemperformancen the unpartitionedl998Hub4 evalua-
tion datais shavn in rows Q1 andQ?2 of table8, reflectingan
improvementn performancef 21.8%over lastyear(tablel,

Bl andB2).

6. Lattice-Based Word Error Minimization

This stepwas not includedin the 1999 evaluationbut was
foundto significantlyimprove to performancevithin theten
timesreal-timeconstraintt usesheword latticesgenerated
by the secondprassdecodingin orderto find the wordswith
maximal posteriorprobabilities(the consensu$ypothesis),
therebyreducingthe Word Error Rate[7]. Rows R1 andR2
of table8 summarizegheresultsandareto be comparedvith
rows Q1 andQ2. Thisimprovementof 3 percentbringsthe
overallimprovementover lastyears systemto 24 percent.

Avg FO F1 F2 F3 F4 F5 FX
Q1| 16,5 83 | 18.6 | 279 | 26.2 | 10.7 | 22.4 | 23.7
Q2| 140 86 | 158 | 194 | 153 | 16.0 | 5.7 | 448
R1 || 16.0 || 85| 18.1 | 26.1 | 25.8 | 10.5 | 18.8 | 225
R2 || 13.6 || 8.7 | 15.7 | 18.6 | 14.6 | 15.3 57| 41.1

Table8: Performancen the 1998Hub4EvaluationTestDataof the 1999
10xRT systemand that systemwith lattice word consensus.Q1,Q2=1999
10xRT systemR1,R2=1999 0xRT systemwith latticeword consensus.

7. Perfor mance on 1999 Evaluation Data

In this sectionwe shawv the performanceof our systemson
the 1999Evaluationdata.

In table9 line (S1,S2)we shav the performancenf our 1999
Unlimited resourcesystem,followed by that of our 10xRT
systemin lines (T1,T2). Lines (U1,U2) indicatethe perfor
manceof the 10xRT latticeword consensusystem.

Table9: Performancen the 1999Hub4 EvaluationTestDataof our 1999
systems.S1,S2=Unlimitedesourcesystem.T1,T2=10xR systemwithout
latticeword consensudJ1,U2=10xR systemwith latticeword consensus.

By comparingthe dggradationincurredby thetentimesreal
time constraintn the 1999evaluation[(S1,S2)vs. (U1,U2)]
with thatincurredin 1998[(A1,A2) vs. (B1,B2)], we note
that we have closedthe gap betweenthe unconstraine@nd
the 10xRT systemfrom 45 percento 14 percent.
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