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ABSTRACT

This paperpresentsthe developmentof the HTK broadcastnews
transcriptionsystemfor theNovember1998Hub4evaluation.Rel-
ative to thepreviousyear’s systemThesystemanumberof features
wereaddedincludingvocaltractlengthnormalisation;cluster-based
variancenormalisation;doublethequantityof acoustictrainingdata;
interpolatedword level languagemodelsto combinetext sources;
increasedbroadcastnews languagemodeltrainingdata;andanex-
tra adaptationstageusinga full-variancetransform. Overall these
changesto the systemreducedthe error rateby 13% on the 1997
evaluationdataandthe final systemhadan overall word error rate
of 13.8%for the1998evaluationdatasets.

1. Introduction

Significantprogressin theaccuratetranscriptionof broadcast
news datahasbeenmadeover the last few yearsso that we
arenow at a point wheresuchsystemscanbeusedfor a va-
riety of taskssuchasaudioindexing andretrieval. However
thereis still muchinterestin reducingthe error rateof such
systemsfurther which will increasethe potentialfor further
applicationsaswell asestablishingtechniquesfor the accu-
ratetranscriptionof generalaudiomaterial.

TheHTK BroadcastNews TranscriptionSystemusedin the
1997DARPA/NIST Hub4evaluationhadanoverallworder-
ror rateof 15.8%. This paperdescribesa numberof experi-
mentswith, anddevelopmentsof, thatsystem.Someof these
wereincludedin 1998HTK Hub4evaluationsystem.

The main areasof developmentthat wereusedin the 1998
evaluationsystemweretheuseof vocal tract lengthnormal-
isationon a segmentclusterbasisandcluster-basedvariance
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; theuseof morebroadcastnews languagemodeltrain-
ing data;andanextra acousticadaptationstageusinga full-
variancetransformto supplementthenormalmeanandvari-
anceMLLR transform.Otherexperimentswhich didn’t lead
to overall word error rate reductionsincludediscriminative
training using the frame discriminationmethodand useof
thesoft-clusteringtechnique.

The paperis arrangedas follows. We first give detailsof
the broadcastnews datausedin the experiments,thengive
anoutlineof theoverall systemusedin the1997evaluation.
The subsequentsectionsgive the detailsof a numberof ex-
perimentsthatwe performedin systemdevelopment.This is
followedby a descriptionof, andthe resultsfrom, the 1998
Hub4evaluationsystem.Thefull recognitionresultsfrom the
variousstagesof operationareincluded.

2. Broadcast News Data
This sectiondescribesthe variousdatasetsthat have been
usedin theexperimentsreportedin thepaper.

Thebaselineacousticcorpusavailablein 1997usedrecorded
audiofrom variousUSbroadcastnewsshows(televisionand
radio). This amountedto a total of 72 hoursof usabledata
(BNtrain97). This datawas annotatedto ensurethat each
segmentwasacousticallyhomogeneous(samespeaker, back-
groundnoiseconditionand channel). The LDC releaseda
furthertrancheof dataof similarsizein 1998(about71hours
of data). This wassimilarly transcribedat the speaker turn
level but didn’t distinguishbetweenbackgroundconditions
which meantthat marked training segmentswereno longer
necessarilyhomogeneous.The combinedset of 1997 and
1998datais denotedBNtrain98.

Focus Description
F0 baselinebroadcastspeech(clean,planned)
F1 spontaneousbroadcastspeech(clean)
F2 low fidelity speech(typically narrowband)
F3 speechin thepresenceof backgroundmusic
F4 speechunderdegradedacousticalconditions
F5 non-nativespeakers(clean,planned)
FX all otherspeech(e.g.spontaneousnon-native)

Table1: Broadcastnews focusconditions.

Systemdevelopmentmainly usedthe1997Hub4evaluation
data, BNeval97. BNeval97 was taken from a numberof
sourcesbroadcastin October/November1996andwaspre-
sentedto the systemasa single3 hourfile. The 1998eval-
uationdata,BNeval98, consistedof two 1.5 hour datasets:



the first drawn from a similar epochas the 1997 dataand
theseconddrawn from June1998.Theevaluationresultsare
presentedfor eachof theNIST “focus” conditionswhich are
shown in Table1.

Focus Proportionof data
Cond BNeval97 BNeval98

F0 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
BNeval98 is given in Table2. It canbe seenthat thereis a
ratherdifferentdistribution datatype betweenthe two sets:
particularlyfor F0,F2,F4 andFX.

3. Overview of 1997 system
TheHTK BroadcastNewssystemrunsin anumberof stages.
Theinput audiostreamis first segmented;a first passrecog-
nition is performedusingtriphoneHMMs anda trigramlan-
guagemodel(LM) to getaninitial transcriptionfor eachseg-
ment;thespeaker genderfor eachsegmentis found;theseg-
mentsareclustered,andunsupervisedmaximumlikelihood
linear regression(MLLR) transforms[2, 7, 8] estimatedfor
eachsegmentcluster. This is followed by generatinga lat-
tice for eachsegmentusingtheadaptedtriphonemodelswith
a bigramLM, expandingtheselatticesusinga word 4-gram
interpolatedwith a category trigramLM, andperformingit-
erative lattice rescoringandMLLR adaptationwith a setof
quinphoneHMMs. Finally hypothesesfrom the quinphone
and triphonestagesare combinedto form the final output.
Systemdetailscanbefoundin [16].

Thedatasegmentation[4] aimsto generateacousticallyho-
mogeneousspeechsegmentsanddiscardnon-speechportions
suchaspuremusic.It usesa setof Gaussianmixturemodels
to classifythedataasto type(widebandspeech,narrow-band
speech,pure music, speechand music), and then any pure
music is discarded.A genderdependentphonerecognition
stagethengeneratesa streamof genderlabelledphoneunits.
Usingaclusteringprocedureandasetof smoothingrulesthe
final segmentsto beprocessedby thedecoderaregenerated.

For recognition,eachframeof inputspeechis representedby
a 39 dimensionalfeaturevector that consistsof 13 (includ-
ing ��� ) MF-PLP cepstralparametersandtheir first andsec-
onddifferentials.Cepstralmeannormalisation(CMN) is ap-

pliedovereachsegment.ThetriphoneHMMs wereestimated
usingBNtrain97andcontained6684decision-treeclustered
states[17], eachwith 12 Gaussiansperstatewhile thequin-
phonemodelsused8180statesand16 Gaussiansper state.
TheHMMs wereinitially trainedon all thewide-bandanal-
ysedtrainingdata.Narrow-bandsetswereestimatedby using
aversionof thetrainingdatawith narrow-bandanalysis(125-
3750Hz),andgenderdependentversionsof eachweremade.
Thereducedbandwidthmodelsareusedfor dataclassifiedas
narrow band.

ThesystemusestheLIMSI 1993WSJpronunciationdictio-
nary augmentedby pronunciationsfrom a TTS systemand
handgeneratedcorrectionsfor a 65k word vocabulary. The
1997systemusedN-gramlanguagemodelstrainedon 132
million wordsof broadcastnews texts, the LDC-distributed
1995newswire texts, andthe transcriptionsfrom BNtrain97
(LMtrain97). Thiscorpuswasusedto estimatebothwordN-
gramsanda category N-grambasedon 1000automatically
generatedwordclasses[6, 10, 11].

Thefinal hypothesiscombinationusesword-level confidence
scoresbasedon anN-besthomogeneitymeasure.Theseare
usedwith theNIST ROVER program[1] to producethefinal
output.

4. System Developments

Thearchitectureof the1997systemdescribedabove formed
thebasisof the1998system.Duringsystemdevelopmentthe
BNeval97testsetwasused.

4.1. Increased Acoustic Training Data

We first comparedtheeffect of usingtheadditionaltraining
datain the BNtrain98set. Versionsof the acousticmodels
(triphonesand quinphones)usedin the 1997 systemwere
trainedwith BNtrain98(16mixturecomponentsperstatefor
bothtriphonesandquinphones).Experimentswith noadapta-
tion (or cluster-basednormalisation)showedthattheworder-
ror rate(WER)wasreducedbyupto0.9%absolute.However
whenMLLR adaptationandVTLN wereapplied(seebelow)
theWERgainwasreducedto 0.4%absolute.Howeverit was
notedthatthegainswereacrossall speechconditionswith the
largestgainsbeingfor non-native speakers. Similarly, using
quinphonemodelswith MLLR a gainof 0.5%in WER was
achievedwith increasedtrainingdata.

We alsodid someexperimentsthat usedautomaticsegmen-
tationof theextendedtrainingdatato try andensurethat the
segmentsusedin trainingwereacousticallyhomogeneousbut
thisprovidednoadditionalimprovements.



4.2. Vocal Tract Length Normalisation

We have previouslyworkedon robustvocaltract lengthnor-
malisation(VTLN), mostrecentlyin thecontext of conversa-
tional telephonespeechtranscription[5].

We usea maximumlikelihood techniqueto selectthe best
datawarpfactorvia a parabolicsearch.It is importantwhen
comparingthewarpeddatalikelihoodsto properlytake into
accountthe effect of the transformation.We have donethis
implicitly by performingvariancenormalisationon thedata.
TheVTLN andthevariancenormalisationis doneon a seg-
mentclusterbasis.Wefoundanoverallimprovementin WER
with cluster-basedvariancenormalisationof 0.3% absolute
anda further0.6%absoluteby applyingVTLN in bothtrain-
ing andtestingwithout adaptation.However with meanand
varianceMLLR adaptationthe separatebeneficialeffect of
variancenormalisationandVTLN is muchreduced.

A summaryperformanceon BNeval97 (MLLR adaptedtri-
phones)for increasedtraining dataandthe useof VTLN is
shown in Table3. Furthermore,in line with thetriphonefig-
ures,theoverall gain for 1998trainedMLLR adaptedquin-
phonemodelswas0.4%absolutedueto VTLN.

Data BNtrain97 BNtrain98
Type non-VTLN VTLN non-VTLN VTLN

F0 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 17.5 16.8 16.7 16.4

Table 3: %WER on BNeval97 for different train-
ing/normalisation. Mean+varianceMLLR is usedwith the
19974-gramLM andtriphoneHMMs. Non-VTLN systems
usesegment-basedcepstralmeannormalisation.

4.3. Language Modelling

For the 1998system,the additionaltranscriptionsfrom the
1998acoustictrainingwereavailable. Furthermorewe pro-
cessedadditionaltranscriptionsof broadcastnews texts sup-
plied by PrimarySourceMedia (from late 1996, 1997 and
early 1998)so that we hada total of 190MW of suchdata
available. Finally, we decidedto use a different (though
similarly sized)portionof newspapertexts covering1995to
February1998(about70MW in total). All thesesourcesex-
cludeddatafrom thedesignatedtestepochs.Thiscorpuswas
denotedLMtrain98.

Previously we have constructedLMs by simply pooling the
texts and weighted the acousticdata transcriptioncounts.
Here,asothershave donepreviously (e.g. [15]), we exper-
imentedwith building separatelanguagemodelsfor eachof
the3datasourcesandtheninterpolatingthelanguagemodels.
For efficiency andeaseof usein decoding,a modelmerging
processwasemployedusingtoolssuppliedby EntropicLtd.,
thatgivesa similar effect to explicit modelinterplotationbut
saves run-timecomputationand storage. The interpolation
weightswerechosento minimiseperplexity.

Data LMtrain97 LMtrain98 LMtrain98
Type pooled pooled interp.

F0 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 32.5 31.4

Overall 18.4 17.7 17.2

Table4: %WERonBNeval97for differenttrigramLMs with
VTLN unadaptedtriphoneHMMs with eitherpooleddataor
(merged)interpolatedLMs.

The effect of using threedifferent LMs on BNeval97 with
VTLN dataand 1998 unadaptedtriphoneHMMs is shown
in Table4. Note that the LMtrain98 modelsalsouseda re-
visedvocabularywhichreducedtheout-of-vocabularyrateon
BNeval97by about0.1%. It canbeseenthat thenew train-
ing corpusreducestheWERby a0.7%absoluteandafurther
0.5%absolutereductionwasobtainedby usinga mergedin-
terpolatedlanguagemodel. Themergedinterpolatedmodels
gave mostimprovementon thespontaneousspeechportions
of thedata.Laterexperimentswith adaptedquinphonemod-
els showed that a total improvementof 0.9% absolutewas
gainedfrom usingthe thenew LM dataandestimationpro-
cedure.

4.4. Full Variance Transform / SAT

Thebasicadaptationapproachin our systemremainsMLLR
for both meansandvariances[2]. In addition,for the quin-
phonestageof iterativeunsupervisedadaptation,theeffectof
a singlefull variance(FV) transform[3] wasinvestigated.

This FV transformwas usedwith, for the widebanddata,
HMMs estimatedwith a singleiterationof speaker adaptive
training (SAT) [14] to updatethemeanparameters.Theef-
fect of thesechangesis shown in Table 5. It can be seen
thattheFV transformreducestheerrorrateby 0.3%absolute
with SAT training contributing 0.1%. The word error rate



Data -FV +FV +FV
Type +SAT +SAT -SAT

F0 9.0 8.7 8.8
F1 13.7 13.6 13.8
F2 17.6 17.1 17.1
F3 25.9 26.5 26.4
F4 17.8 17.2 17.4
F5 20.2 17.5 17.8
FX 27.9 27.2 27.1

Overall 14.6 14.3 14.4

Table5: %WERon BNeval97 for BNtrain98VTLN MLLR
adaptedquinphonesusingthe1998fgintcatLM with / with-
out a full-variance(FV) transformandSAT meanestimated
models.

on BNeval97of 14.3%(includingFV andSAT) representsa
13%reductionrelative to thesamestageof the1997evalua-
tion system[16].

4.5. Frame Discrimination

We have recentlyexperimentedwith discriminative training
of largevocabulary systemsandusingtheframediscrimina-
tion (FD) technique[13]. FD is relatedto maximummu-
tual informationestimation(MMIE), but usesall Gaussians
(ratherthanall words)in thesystemto modelconfusiondata.
We developeda fast implementationtechniqueto make FD
training on largeHMM setspracticalandon the WSJ/NAB
taskFD givessimilar reductionsin worderrorrate(about5%
relative) to lattice-basedMMIE with a muchsmallercompu-
tationalcost.

Our experimentswith FD on broadcastnews datashow that
overall we get very similar resultsto maximumlikelihood
training,althoughthetrainingproceduregivesa sizeableim-
provementin the FD criteria. We thereforedid not include
FD modellingin the1998evaluationsystem.

4.6. Soft Clustering

The soft-clusteringtechniquedeveloped at JHU [9] had
shown worthwhile reductionsin word error rate on the
Switchboardcorpusandwe performeda preliminaryevalu-
ation on BroadcastNews data. The techniqueworks by in-
creasingthe numberof Gaussiancomponentsin eachstate
distribution while not increasingthe overall numberby in-
creasedGaussiansharingso that the strict context to “tied-
state”relationshipgivenby decisiontreestate-clustering[17]
is notenforced.

Initially weusedbandwidthindependent,genderindependent
triphonestoevaluatethetechniqueandundertheseconditions

it gave a 1% absolutereductionin WER. However, when
bandwidthdependent,genderdependentmodelswith vari-
ancenormalisationand MLLR adaptationwere used,there
was no WER advantageand hencesoft clusteringwas not
usedin the1998evaluationsystem.

5. 1998 DARPA Evaluation System

ThissectiondescribestheHTK systemusedin the1998eval-
uation. The systemtakesthe 1997systemandincludesthe
additionalacoustictrainingdatain BNtrain98;cluster-based
normalisationand VTLN; the revised languagemodelling
dataand build procedureand full varianceadaptationwith
SAT training.

5.1. Language Models

Theword N-gramsweretrainedby interpolating(andmerg-
ing) componentLMs trainedon the acoustictranscriptions,
thebroadcastnewstextsandthenewspapertexts. Theresult-
ing LMs had5.6 million bigrams,9.9 million trigramsand
7.4 million 4-grams.The category-trigramused1000auto-
matically derived word classesand was trainedusing LM-
train98. Category bigramsandtrigramswereaddedonly if
the leave-onetraining set likelihoodimproved andthe final
category modelcontained0.85million bigramsand9.4 mil-
lion trigrams.

The 65k wordlist was chosenby combining the word fre-
quency lists from thedifferentLM trainingsourceswith suit-
able weightingsand choosingthe most frequentwords for
whichwealreadyhadpronunciations.

BNeval97 BNeval98 1 BNeval98 2

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 rateand perplexities of the 1998 evaluation
LMs. Perplexities shown for trigram (tg), 4-gram(fg) and
word4-graminterpolatedwith category trigram(fgintcat).

The out-of-vocabulary (OOV) rate and perplexity of these
languagemodelson BNeval97 and the two halves of the
BNeval98 set is shown in Table7. It was notedthat com-
pared to the use of the 1997 languagemodels all OOV
rateshadbeenreducedslightly, the mostbeingby 0.1%on
BNeval98 2. Furthermorethe19984-gramlanguagemodel
gave a constant15%improvement(over all testsets)in per-
plexity overtheequivalentmodelusedin the1997evaluation.



Stage LM MLLR % WordError
/FV Overall F0 F1 F2 F3 F4 F5 FX

P1 tg N/N 19.9 10.9 20.5 29.6 20.2 20.6 26.0 34.8
P2 tg N/N 17.5 10.2 17.9 26.5 19.1 17.2 24.7 30.9
P3 bg 1/N 19.1 11.9 20.4 27.6 24.2 18.6 24.3 30.5
P3 tg 1/N 16.2 9.5 17.4 22.4 18.8 16.0 20.4 27.3
P3 fg 1/N 15.5 8.8 16.6 22.9 18.6 15.1 20.0 26.8
P3 fgintcat 1/N 15.3 8.7 16.3 22.6 18.1 14.8 21.3 26.5
P4 fgintcat 1/N 14.9 8.3 15.7 21.5 16.8 14.8 20.4 26.2
P4 fgintcat 1/Y 14.2 8.0 15.2 20.2 16.4 14.1 16.6 24.7
P6 fgintcat 4/Y 14.2 8.0 15.4 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 the1998HTK broadcastnews evaluationsystem(alsoP4FV contrast).Only P1
usesgenderindependentnon-VTLN HMMs. P1to P3usetriphonesandP4-P6quinphones.

5.2. Decoding Passes

The overall decodingprocessproceedsasfor the 1997sys-
tem, but with a coupleof additionalstages. The first pass
(P1)usesgenderindependenttriphoneHMMs to getan ini-
tial transcriptionwith atrigramLM. Thistranscriptionis used
for both genderselectionas well as VTLN warp selection
for eachsegmentcluster. GenderdependentVTLN models
arethenused(P2)to providea revisedtranscriptionwhich is
usedto estimateglobalmeanandvarianceMLLR transforms
for eachcluster. Theseadaptedmodelsarethenusedto gen-
eratelattices(P3/bg)which areexpandedto usethe 4-gram
wordLM interpolatedwith thecategory-basedtrigrammodel
(P3/fgintcat).

Thesystemthenusesquinphonemodels(VTLN/SAT trained)
andMLLR with an additionalFV transformto processthe
data(P4).Thisstageis repeatedtwicemorewhile increasing
the numberof MLLR transforms(P5/P6). The confidence-
annotatedoutputof P6 is combinedwith P3/fgintcatoutput
with ROVER.�
5.3. System Performance

Theresults(over thecomplete1998evaluationset)for each
of thesestages,togetherwith additionalcontrasts,is shown in
Table6. Thereis a12%reductionin errorby usinggenderde-
pendentmodelsandVTLN (P1to P2)anda further7%from
usingMLLR. This is a rathersmallerMLLR gainthanprevi-
ouslyobservedwhichwebelieveis dueto themoreextensive
input datanormalisation.Thereis a 6% gain from employ-
ing the category trigram and4-gramover the trigramalone,
and a 7% gain moving from adaptedtriphonesto adapted
quinphones:most of which (5%) was due to the full vari-

�
Before ROVER combinationan alignmentpasswas run to get exact

word timings. Due to the effects of automaticsegmentationthis process
reducestheWERby about0.1%absolute.

anceadaptation.Thisgainfrom theFV transformwasrather
greaterthanobservedon theBNeval97data.

Finally, the effect of the automaticsegmentationprocedure
on theBNeval98setwasinvestigated.On BNeval97we had
foundthatautomaticsegmentationhadproducedverysimilar
overall accuracy to manuallydefinedsegments.However on
BNeval98 theautomaticsegmenterfairedmorepoorly. The
WER for a first passwith widebandmodelswas0.7%abso-
lute higherwith the automaticsegmentsthanwith the man-
ual segments.This poorerperformancewasalsoreflectedin
thenumberof framesassignedto multiplespeakersegments:
1.6%for BNeval97but 4.3%for BNeval98.

6. Conclusion
Thispaperhasdescribedthedevelopmentandperformanceof
the1998HTK broadcastnews transcriptionsystem.A num-
berof improvementsto the systemsaccuracy have beende-
scribedand,asin previousyears,thesystemgave thelowest
error rateoverall on themainF0 focuscondition. While the
systemproducesgoodresultsit is computationallyexpensive:
acompanionpaper[12] discussesaversionof thesystemthat
runsin lessthantentimesreal-timeoncommodityhardware.
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