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ABSTRACT

This paperpresentgshe developmentof the HTK broadcasnews
transcriptionsystemfor the November1998Hub4 evaluation. Rel-
ative to the previousyears systemThe systema numberof features
wereaddedncludingvocaltractlengthnormalisationglusterbased
variancenormalisationgoublethequantityof acoustidrainingdata;
interpolatedword level languagemodelsto combinetext sources;
increasedroadcashens languagenodeltraining data;andan ex-
tra adaptatiorstageusing a full-variancetransform. Overall these
changedo the systemreducedthe error rate by 13% on the 1997
evaluationdataandthe final systemhadan overall word error rate
of 13.8%for the 1998evaluationdatasets.

1. Introduction

Significantprogressn theaccuratdranscriptiorof broadcast
news datahasbeenmadeover the lastfew yearsso thatwe
arenow ata pointwheresuchsystemsanbe usedfor ava-
riety of taskssuchasaudioindexing andretrieval. However
thereis still muchinterestin reducingthe errorrate of such
systemdurther which will increasehe potentialfor further
applicationsaswell asestablishingechniquedor the accu-
ratetranscriptionof generabudiomaterial.

The HTK BroadcasiNews TranscriptionSystemusedin the
1997DARPA/NIST Hub4 evaluationhadanoverallword er

ror rate of 15.8%. This paperdescribesa numberof experi-

mentswith, anddevelopment®f, thatsystem.Someof these
wereincludedin 1998HTK Hub4evaluationsystem.

The main areasof developmentthat were usedin the 1998
evaluationsystemwerethe useof vocaltractlengthnormal-
isationon a segmentclusterbasisandclusterbasedvariance
normalisation;the use of an increasedquantity of acous-
tic training datafrom about70 hoursto 140 hours;the use
of interpolatedword level languagemodelsto combinedata
from differenttypesof sourceratherthansimply poolingthe
texts; the useof morebroadcashews languagemodeltrain-
ing data;andan extra acousticadaptatiorstageusinga full-
variancetransformto supplementhe normalmeanandvari-
anceMLLR transform.Otherexperimentsvhich didn’t lead
to overall word error rate reductionsinclude discriminative
training using the frame discriminationmethodand use of
the soft-clusteringechnique.

The paperis arrangedas follows. We first give details of
the broadcasnews datausedin the experimentsthengive
anoutline of the overall systemusedin the 1997 evaluation.
The subsequengectionggive the detailsof a numberof ex-
perimentghatwe performedn systemdevelopment.Thisis
followed by a descriptionof, andthe resultsfrom, the 1998
Hub4evaluationsystem.Thefull recognitiorresultsfromthe
variousstageof operatiorareincluded.

2. Broadcast News Data

This sectiondescribeghe variousdatasetsthat have been
usedin the experimentseportedn the paper

Thebaselineacousticcorpusavailablein 1997usedrecorded
audiofrom variousUS broadcashews shaws (television and
radio). This amountedo a total of 72 hoursof usabledata
(BNtrain97). This datawas annotatedo ensurethat each
sgmentwasacousticalljhomogeneougsamespealer, back-
groundnoise conditionand channel). The LDC releaseca

furthertrancheof dataof similar sizein 1998(about71 hours
of data). This wassimilarly transcribecat the spealer turn

level but didn’t distinguishbetweenbackgroundconditions
which meantthat marked training segmentswere no longer
necessarilynhomogeneous.The combinedset of 1997 and
1998datais denotedBNtrain98.

Focus Description
FO | baselinedbroadcasspeechclean,planned)
F1 | spontaneoubroadcasspeect(clean)
F2 | low fidelity speecHtypically narravband)
F3 | speechn thepresencef backgroundnusic
F4 | speechunderdegradedacousticatonditions
F5 | non-natve spealers(clean,planned)
FX | all otherspeeche.g.spontaneouson-natie)

Tablel: Broadcashews focusconditions.

Systemdevelopmentmainly usedthe 1997 Hub4 evaluation
data, BNeval97. BNeval97 was taken from a number of
sourcesbroadcasin October/Neember1996 andwas pre-
sentedto the systemasa single 3 hourfile. The 1998eval-
uationdata,BNeval98, consistedf two 1.5 hour datasets:



the first drawvn from a similar epochas the 1997 dataand
the seconddrawvn from Junel998. The evaluationresultsare
presentedor eachof theNIST “focus” conditionswhich are
shavnin Tablel.

Focus Proportionof data
Cond | BNeval97 | BNeval98
FO 45.0% 30.6%
F1 20.0% 19.3%
F2 16.1% 3.4%
F3 5.1% 4.3%
F4 4.9% 28.2%
F5 2.3% 0.7%
FX 6.3% 13.5%

Table2: Proportionof testdataof differentaudiotype

The proportion of data of each type in BNeval97 and
BNeval98is givenin Table2. It canbe seenthatthereis a
ratherdifferentdistribution datatype betweenthe two sets:
particularlyfor FO,F2,F4 andFX.

3. Overview of 1997 system

TheHTK BroadcasNews systenrunsin anumberof stages.
Theinputaudiostreamis first sgmenteda first passrecog-
nition is performedusingtriphoneHMMs anda trigramlan-
guagemodel(LM) to getaninitial transcriptiorfor eachseg-
ment;the spealer genderfor eachsggmentis found; the seg-
mentsare clustered,and unsuperviseanaximumlik elihood
linearregression(MLLR) transformg2, 7, 8] estimatedor
eachsgmentcluster This is followed by generatinga lat-
tice for eachsggmentusingtheadaptedriphonemodelswith
abigramLM, expandingtheselatticesusinga word 4-gram
interpolatedwith a cateyory trigram LM, andperformingit-
erative lattice rescoringand MLLR adaptatiorwith a setof
quinphoneHMMs. Finally hypothesedrom the quinphone
and triphone stagesare combinedto form the final output.
Systenmdetailscanbefoundin [16].

The datasegmentatior[4] aimsto generateacousticallyho-
mogeneouspeectsegmentsanddiscardnon-speechortions
suchaspuremusic. It usesa setof Gaussianmixture models
to classifythedataasto type (widebandspeechnarronv-band
speech pure music, speechand music), andthenary pure
musicis discarded.A genderdependenphonerecognition
stagethengenerates streamof gendelabelledphoneunits.
Usingaclusteringprocedureanda setof smoothingulesthe
final segmentgo be processethy the decodearegenerated.

For recognition.eachframeof inputspeechs representetly
a 39 dimensionafeaturevectorthat consistsof 13 (includ-
ing cp) MF-PLP cepstralparameterandtheir first and sec-
onddifferentials.CepstraimeannormalisatiofCMN) is ap-

pliedovereachsegment.ThetriphoneHMMs wereestimated
using BNtrain97 and contained6684 decision-treeclustered
stateqg17], eachwith 12 Gaussianger statewhile the quin-

phonemodelsused8180 statesand 16 Gaussianger state.
The HMMs wereinitially trainedon all the wide-bandanal-

ysedtrainingdata.Narrowv-bandsetswereestimatedy using

aversionof thetrainingdatawith narrov-bandanalysig125-

3750Hz),andgenderdependentersionsof eachweremade.
Thereducedandwidthmodelsareusedfor dataclassifiedas

narrov band.

The systemusesthe LIMSI 1993WSJpronunciatiordictio-

nary augmentedy pronunciationdrom a TTS systemand
handgenerateaorrectionsfor a 65k word vocatulary. The

1997 systemusedN-gram languagemodelstrainedon 132

million words of broadcashews texts, the LDC-distributed
1995 newswire texts, andthe transcriptiongrom BNtrain97
(LMtrain97). This corpuswasusedto estimatebothword N-

gramsand a category N-gram basedon 1000 automatically
generatedvord classe$6, 10, 11].

Thefinal hypothesisombinationusesword-level confidence
scoreshasedon an N-besthomogeneityneasure . Theseare
usedwith theNIST ROVER program[1] to producethefinal
output.

4. System Developments

Thearchitectureof the 1997 systemdescribedabore formed
thebasisof the 1998system During systemdevelopmenthe
BNeval97testsetwasused.

4.1. Increased Acoustic Training Data

We first comparedhe effect of usingthe additionaltraining
datain the BNtrain98set. Versionsof the acousticmodels
(triphonesand quinphonesjusedin the 1997 systemwere
trainedwith BNtrain98(16 mixture componentger statefor
bothtriphonesandquinphones)Experimentsvith noadapta-
tion (or clusterbasechormalisationshavedthattheword er
ror rate(WER)wasreducedy upto 0.9%absolute However
whenMLLR adaptatiorandVTLN wereapplied(seebelow)
theWER gainwasreducedo 0.4%absolute However it was
notedthatthegainswereacrossll speecttonditionswith the
largestgainsbeingfor non-natve spealers. Similarly, using
quinphonemodelswith MLLR a gain of 0.5%in WER was
achievedwith increasedrainingdata.

We alsodid someexperimentsthat usedautomaticsegmen-
tation of the extendedtraining datato try andensurethatthe
segmentusedn trainingwereacousticalljhomogeneousut
this providedno additionalimprovements.



4.2. Vocal Tract Length Normalisation

We have previously worked on robustvocaltractlengthnor-
malisation(VTLN), mostrecentlyin the contet of corversa-
tional telephonespeectiranscription[$.

We use a maximumlik elihood techniqueto selectthe best
datawarp factorvia a parabolicsearch.lt is importantwhen

comparingthe warpeddatalik elihoodsto properlytake into

accountthe effect of the transformation.We have donethis

implicitly by performingvariancenormalisatioron the data.
The VTLN andthe variancenormalisationis doneon a seg-

mentclusterbasis.Wefoundanoverallimprovemenin WER

with clusterbasedvariancenormalisationof 0.3% absolute
anda further0.6%absolutdoy applyingVTLN in bothtrain-

ing andtestingwithout adaptation.However with meanand
varianceMLLR adaptationthe separateébeneficialeffect of

variancenormalisatiorandVTLN is muchreduced.

A summaryperformanceon BNeval97 (MLLR adaptedtri-
phones)for increasedraining dataandthe useof VTLN is
shavn in Table3. Furthermorein line with thetriphonefig-
ures,the overall gainfor 1998trainedMLLR adaptedjuin-
phonemodelswas0.4%absolutedueto VTLN.

Data BNtrain97 BNtrain98
Type | non-VTLN | VTLN | non-VTLN | VTLN
FO 10.4 9.8 9.8 9.5
F1 17.3 16.4 16.8 16.3
F2 21.7 20.6 21.2 20.2
F3 28.6 29.3 27.8 30.0
F4 21.2 20.0 20.1 19.7
F5 24.4 23.8 21.4 20.0
FX 32.7 32.7 30.9 30.9

Overall 175 16.8 16.7 16.4

Table 3: %WER on BNeval97 for different train-

ing/normalisation. Mean+arianceMLLR is usedwith the
19974-gramLM andtriphoneHMMs. Non-VTLN systems
usesgyment-basedepstrameannormalisation.

4.3. Language M odelling

For the 1998 system,the additionaltranscriptionsrom the
1998acoustictraining were available. Furthermorewe pro-
cesseddditionaltranscriptionof broadcashews texts sup-
plied by Primary SourceMedia (from late 1996,1997 and
early 1998) so that we had a total of 190MW of suchdata
available. Finally, we decidedto use a different (though
similarly sized)portion of newspapettexts covering1995to

Februaryl998(about7OMW in total). All thesesourcesex-

cludeddatafrom thedesignatedestepochsThis corpuswas
denoted_Mtrain98.

Previously we have constructed_Ms by simply pooling the
texts and weightedthe acousticdata transcriptioncounts.
Here,asothershave donepreviously (e.g. [15]), we exper

imentedwith building separatdanguagemodelsfor eachof

the3 datasourcesandtheninterpolatinghelanguagemodels.
For efficiency andeaseof usein decodinga modelmeiging
processvasemployed usingtools suppliedby EntropicLtd.,

thatgivesa similar effect to explicit modelinterplotationbut
saves run-time computationand storage. The interpolation
weightswerechoserto minimiseperpleity.

Data | LMtrain97 | LMtrain98 | LMtrain98
Type pooled pooled interp.
FO 11.0 10.4 10.4
F1 18.7 18.0 17.1
F2 22.9 21.6 19.9
F3 32.0 30.0 28.6
F4 22.1 22.1 22.2
F5 23.5 22.3 22.7
FX 33.1 325 31.4
Overall 18.4 17.7 17.2

Table4: %WERon BNeval97for differenttrigramLMs with
VTLN unadaptedriphoneHMMs with eitherpooleddataor
(memed)interpolated_Ms.

The effect of using threedifferentLMs on BNeval97 with

VTLN dataand 1998 unadaptedriphone HMMs is shovn

in Table4. Note thatthe LMtrain98 modelsalsouseda re-

visedvocahularywhichreducedheout-of-vocalularyrateon

BNeval97 by about0.1%. It canbe seenthatthe new train-
ing corpusreduceshe WER by a0.7%absoluteandafurther
0.5%absolutereductionwasobtainedby usinga meigedin-

terpolatedanguagamodel. The memgedinterpolatednodels
gave mostimprovementon the spontaneouspeechportions
of the data.Laterexperimentswith adaptedjuinphonemod-
els shaved that a total improvementof 0.9% absolutewas
gainedfrom usingthe the new LM dataandestimationpro-
cedure.

4.4. Full Variance Transform / SAT

The basicadaptatiorapproachn our systemremainsMLLR
for both meansandvarianced2]. In addition,for the quin-
phonestageof iterative unsuperviseadaptationthe effect of
asinglefull variance(FV) transform[3] wasinvestigated.

This FV transformwas usedwith, for the widebanddata,
HMMs estimatedwith a singleiterationof spealer adaptve
training (SAT) [14] to updatethe meanparametersThe ef-
fect of thesechangess shavn in Table 5. It canbe seen
thatthe FV transformreduceghe errorrateby 0.3%absolute
with SAT training contrituting 0.1%. The word error rate



Data -FV +FV | +FV
Type | +SAT | +SAT | -SAT
FO 9.0 8.7 8.8
F1 13.7 | 13.6 | 13.8
F2 176 | 171 | 17.1
F3 259 | 26,5 | 26.4
F4 178 | 17.2 | 174
F5 20.2 | 175 | 17.8
FX 279 | 272 | 27.1
Overall | 146 | 14.3 | 14.4

Table5: %WER on BNeval97 for BNtrain98VTLN MLLR
adaptedjuinphonesisingthe 1998fgintcatLM with / with-
out a full-variance(FV) transformand SAT meanestimated
models.

on BNeval97 of 14.3%(including FV andSAT) representa
13%reductionrelative to the samestageof the 1997evalua-
tion system16].

4.5. Frame Discrimination

We have recentlyexperimentedwith discriminatie training
of large vocalulary systemsandusingthe framediscrimina-
tion (FD) technique[13]. FD is relatedto maximummu-
tual information estimation(MMIE), but usesall Gaussians
(ratherthanall words)in the systemto modelconfusiondata.
We developeda fastimplementatiortechniqueto make FD
training on large HMM setspracticaland on the WSJ/NAB
taskFD givessimilarreductionsn word errorrate(about5%
relative) to lattice-basedMMIE with a muchsmallercompu-
tationalcost.

Our experimentswith FD on broadcashews datashav that
overall we get very similar resultsto maximumlikelihood
training, althoughthe training proceduregivesa sizeabldm-
provementin the FD criteria. We thereforedid not include
FD modellingin the 1998evaluationsystem.

4.6. Soft Clustering

The soft-clusteringtechnique developed at JHU [9] had
shavn worthwhile reductionsin word error rate on the
Switchboardcorpusand we performeda preliminaryevalu-
ation on BroadcastNews data. The techniqueworks by in-

creasingthe numberof Gaussiarcomponentsn eachstate
distribution while not increasingthe overall numberby in-

creasedGaussiarsharingso that the strict context to “tied-

staterelationshipgivenby decisiontreestate-clusteringl 7]

is notenforced.

Initially we usedbandwidthindependenggendeindependent
triphonedo evaluatethetechniqueandundertheseconditions

it gave a 1% absolutereductionin WER. However, when
bandwidthdependentgenderdependenmodelswith vari-
ancenormalisationand MLLR adaptationwere used,there
was no WER adwantageand hencesoft clusteringwas not
usedin the 1998evaluationsystem.

5. 1998 DARPA Evaluation System

ThissectiondescribesheHTK systermusedin the 1998eval-

uation. The systemtakesthe 1997 systemandincludesthe
additionalacoustictraining datain BNtrain98; clusterbased
normalisationand VTLN; the revised languagemodelling
dataand build procedureand full varianceadaptatiorwith

SAT training.

5.1. Language M odels

Theword N-gramsweretrainedby interpolating(andmeig-
ing) componentMs trainedon the acoustictranscriptions,
thebroadcashews texts andthe navspapetexts. Theresult-
ing LMs had 5.6 million bigrams,9.9 million trigramsand
7.4 million 4-grams. The cateyory-trigramused1000 auto-
matically derived word classesand was trained using LM-
train98. Categyory bigramsandtrigramswere addedonly if
the leave-onetraining setlik elihood improved and the final
categgory modelcontained).85 million bigramsand9.4 mil-
lion trigrams.

The 65k wordlist was chosenby combining the word fre-
queng lists from the differentLM trainingsourceswith suit-
able weightingsand choosingthe most frequentwords for
whichwe alreadyhadpronunciations.

| | BNeval97 | BNeval98.1 | BNeval982 |

OOV rate 0.43% 0.38% 0.40%
tg pplex 145.2 140.4 157.1
fg pplex 131.6 127.8 143.1
fgintcatpplex 128.6 125.2 139.8

Table7: OOV rate and perpleities of the 1998 evaluation
LMs. Perpleities showvn for trigram (tg), 4-gram(fg) and
word 4-graminterpolatedvith cateyory trigram (fgintcat).

The out-of-vocahulary (OOV) rate and perplity of these
languagemodelson BNeval97 and the two halves of the
BNeval98 setis shavn in Table7. It was notedthat com-
paredto the use of the 1997 languagemodelsall OOV

rateshad beenreducedslightly, the mostbeingby 0.1%on
BNeval982. Furthermorehe 19984-gramlanguagemodel
gave a constantl5% improvement(over all testsets)in per

plexity overtheequivalentmodelusedn the1997evaluation.



Stage LM MLLR % Word Error
IRV Overall| FO | F1 | F2 | F3 | F4 | F5 | FX
P1 tg N/N 199 | 109| 20.5| 29.6| 20.2 | 20.6 | 26.0| 34.8
P2 tg N/N 175 | 10.2| 179 26.5| 19.1 | 17.2| 24.7| 30.9
P3 bg 1/N 19.1 | 119|204 | 27.6| 24.2| 18.6| 24.3| 30.5
P3 tg 1/N 16.2 | 95 | 174 | 22.4| 18.8| 16.0| 20.4| 27.3
P3 fg 1/N 155 | 88 | 16.6| 22.9| 18.6 | 15.1| 20.0| 26.8
P3 fgintcat 1/N 153 | 87 | 16.3| 22.6| 18.1| 14.8| 21.3| 26.5
P4 fgintcat 1/N 149 | 83 | 15.7| 21.5| 16.8| 14.8| 20.4| 26.2
P4 fgintcat 1Y 142 | 8.0 | 15.2| 20.2| 16.4| 14.1| 16.6 | 24.7
P6 fgintcat a/Y 142 | 8.0 | 154 | 20.3| 16.5| 14.0| 16.6 | 24.6
ROVER | fgintcat | 4/Y+1/N | 13.8 | 7.8 | 15.1| 20.1| 15.8| 13.6| 16.6| 24.1

Table6: Word error ratesfor eachstageof the 1998HTK broadcashews evaluationsystem(alsoP4 FV contrast).Only P1
usesgenderindependenton-VTLN HMMs. P1to P3usetriphonesandP4-P6quinphones.

5.2. Decoding Passes

The overall decodingprocessproceedsasfor the 1997 sys-
tem, but with a couple of additionalstages. The first pass
(P1) usesgenderindependentriphoneHMMSs to getanini-
tial transcriptiorwith atrigramLM. Thistranscriptionis used
for both genderselectionaswell as VTLN warp selection
for eachsggmentcluster GenderdependenVTLN models
arethenused(P2)to provide a revisedtranscriptionwhichis
usedto estimateglobalmeanandvarianceMLLR transforms
for eachcluster Theseadaptednodelsarethenusedto gen-
eratelattices(P3/bg)which are expandedo usethe 4-gram
word LM interpolatedvith thecateyory-basedrigrammodel
(P3/fgintcat).

ThesystenthenusegqquinphonenodelgVTLN/SAT trained)
and MLLR with an additionalFV transformto processthe
data(P4). This stages repeatedwice morewhile increasing
the numberof MLLR transforms(P5/P6). The confidence-
annotatedbutputof P6is combinedwith P3/fgintcatoutput
with ROVER'!

5.3. System Performance

The results(over the completel998evaluationset)for each
of thesestagestogethemwith additionalcontrastsis shavnin
Table6. Thereisa12%reductionin errorby usinggenderde-
pendenmodelsandVTLN (P1to P2)anda further7% from
usingMLLR. Thisis arathersmallerMLLR gainthanprevi-
ouslyobsenedwhichwe believeis dueto themoreextensie
input datanormalisation. Thereis a 6% gain from employ-
ing the cateyory trigram and4-gramover the trigram alone,
and a 7% gain moving from adaptedtriphonesto adapted
guinphones:mostof which (5%) was dueto the full vari-

1Before ROVER combinationan alignmentpasswas run to get exact
word timings. Due to the effects of automaticsggmentationthis process
reduceghe WER by about0.1%absolute.

anceadaptationThis gainfrom the FV transformwasrather
greatethanobsenedonthe BNeval97 data.

Finally, the effect of the automaticseggmentationprocedure
onthe BNeval98 setwasinvestigated On BNeval97 we had
foundthatautomaticsegmentatiorhadproducedsery similar
overall accurayg to manuallydefinedsegments.However on
BNeval98 the automaticsggmenterfairedmore poorly. The
WER for afirst passwith widebandmodelswas0.7%abso-
lute higherwith the automaticsggmentsthanwith the man-
ual segments.This poorerperformancevasalsoreflectedn
thenumberof framesassignedo multiple spealer segments:
1.6%for BNeval97but 4.3%for BNeval98.

6. Conclusion

Thispapehasdescribedhedevelopmentandperformancef
the 1998HTK broadcashews transcriptionsystem.A num-
ber of improvementgo the systemsaccurag have beende-
scribedand,asin previousyears the systemgave the lowest
errorrateoverall on the main FO focuscondition. While the
systenproducegioodresultst is computationallyexpensve:
acompaniorpapei12] discusseaversionof thesystenthat
runsin lessthantentimesreal-timeon commodityhardware.
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