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ABSTRACT
This paperpresentsthe recent developmentof the HTK broad-
castnews transcriptionsystem.Previously we have useddatatype
specific modelling basedon adaptedWall StreetJournal trained
HMMs. However, we arenow usingdatafor which no manualpre-
classificationor segmentationis availableand thereforeautomatic
techniquesare requiredand compatibleacousticmodellingstrate-
giesmustbeadopted.A numberof recognitionexperimentsarepre-
sentedthatcomparedata-typespecificandnon-specificmodels;dif-
fering amountsof trainingdata;theuseof gender-dependentmod-
elling andthe effectsof automaticdata-typeclassification.Based
on theseexperiments,theHTK systemfor the1997broadcastnews
evaluationwas designed.A detaileddescriptionof this systemis
givenwhich includesaclass-basedlanguagemodellingcomponent.
Thecompletesystemyieldsanoverall word errorrateof 22.0%on
the 1996 unpartitionedbroadcastnews developmenttest dataand
just15.8%on the1997evaluationtestset.

1. Intr oduction
The transcriptionof broadcastradio and television news
posesa numberof challengesfor largevocabulary transcrip-
tion systems.Thedatain broadcastsis nothomogeneousand
includesa numberof datatypesfor which speechrecogni-
tion systemstrainedon readspeechcorporasuchastheWSJ
corpushave high error rates.A typical news broadcastmay
includedataof differentspeechstyles(read,spontaneousand
conversational);native andnon-native speakers;high or low
bandwidthchannelseitherwith or withoutbackgroundmusic
or otherbackgroundnoise.Solvingtheseproblemswill beof
greatutility in dealingwith boththebroadcastnewsproblem
andmoregeneraltranscriptionof “found” speech.

Wehavepreviouslyinvestigated[15] theuseof specificmod-
elsfor differentaudioconditionsfor thesomewhatunrealistic
situationwherethedatahasbeenpre-segmentedinto homo-
geneousportions(sameaudioconditionsandsamespeaker)
andwheretheaudioconditionsassociatedwith eachsegment
aresuppliedto thesystem.Thatsystemwasconstructedus-
ing HMMs trainedon the Wall StreetJournal(WSJ)corpus
asa baseandthenadaptedto individual datatypesof broad-
castnews datausingsupervisedmaximumlikelihoodlinear
regression(MLLR) [7, 6, 3]. During recognitionwe usedit-
erative unsupervisedMLLR to adaptclustersof segmentsto
the particularaudioconditions. This systemwas shown to

give goodperformancein the1996DARPA/NIST broadcast
newspartitionedevaluation(PE)[15].

Our currentresearchhasconcentratedon the more general
situationwhereinformationaboutdatasegmentationandtype
is not suppliedto the recogniser(unpartitionedor UE data).
To extendour previous approachto the UE case,it is nec-
essaryto first segmentthe datainto homogeneoussegments
of differing datatypesaswell asrejectingsegmentsof data
thatcontainnospeech(e.g.backgroundmusic).Furthermore
given an automaticsegmentationit is of interestto develop
acousticmodelling techniquesthat do not rely on detailed,
manuallyderived,dataclassifications.

The restof the paperis arrangedas follows. We first give
detailsof the broadcastnews datausedin the experiments,
andbriefly describeour work on segmentprocessingwhich
splits theunpartitioneddatastreaminto moderatelengthho-
mogeneoussegments.This is followedby anoverview of the
basicrecognitionarchitectureand a numberof recognition
experimentsto determinetheperformanceof thesystem.We
comparetheperformanceof acousticdataspecificmodelling
andnon-specificmodelsonPEdata;theeffectof varyingthe
amountof acoustictrainingdata;theuseof gender-dependent
modelling;andtheeffectsof two automaticsegmentational-
gorithmson recognitionperformance.

Finally wedescribetheHTK transcriptionsystemusedin the
the 1997broadcastnews evaluationandgive a detailedde-
scriptionof thesystem’sperformanceonboththe1996unpar-
titioned broadcastnews developmenttestdataandthe 1997
evaluationtestset.

2. BroadcastNewsData
This sectiondescribesthe variousdatasetsthat have been
usedin theexperimentsreportedin thepaper.

For acoustictraininga numberof US broadcastnews shows
(bothtelevisionandradio)transmittedprior toJune30th1996
were recordedand labelledby the LDC. In total episodes
from 11 different shows were presentin the training data:
ABC Nightline, ABC World News Now, ABC World News
Tonight, CNN Early Edition, CNN Early PrimetimeNews,
CNN Headline News, CNN Primetime News, CNN The



World Today, CSPAN WashingtonJournal,NPRAll Things
ConsideredandNPR Marketplace.About 35 hoursof tran-
scribeddatawas madeavailable in 1996. We madesome
correctionsto thesetranscriptionsandusedthemto estimate
theHMMs describedin [15]. This corpuswill bereferredto
asBNtrain96. A further trancheof dataof similar sizewas
releasedin 1997to form in total 72 hoursof broadcastnews
trainingdata.We alsomodifiedthesetranscriptionsandtried
to remove portionsof the speechsignalwheretwo or more
speakersweretalking simultaneously. The72 hourcorpusis
denotedBNtrain97. Eachresultingsegmentin the training
corporawaslabelledby speakerandoneof theaudio“focus”
conditionslistedin Table1.

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

Table1: Broadcastnews focusconditions.

For developmenttestpurposes,databroadcastin July 1996
from six shows (ABC Prime Time, CNN World View,
CSPAN WashingtonJournal,NPRMarketplace,NPRMorn-
ing Edition and NPR The World) was used. The hand-
partitioneddevelopmenttest data, BNdev96pe, with given
segmentationand focus conditionscontainedextractsfrom
all theshows while theunpartitioneddata,BNdev96ue,con-
tained data from the first four shows (about two hoursof
data). Thedatafrom an episodeof NPR Marketplaceis the
only completeshow that is commonto both theBNdev96pe
andBNdev96uedatasets.

Finally the 1997 evaluationdata,BNeval97, containedex-
tractsfrom 9 differentshows and totalledabout3 hoursof
data. As for the developmenttest, the evaluationdatacon-
tained(differentepisodesof) shows thatalsooccurredin the
training setaswell assomeshows which werenot present.
Unlike BNdev96uefor which show boundariesare known,
the BNeval97 datais presentedto the systemas a single3
houraudiofile.

Table 2 gives the proportionsof the different audio types
presentin theBNdev96ueandBNeval97datasetsmeasured
by thenumberof referencewordsassignedto eachdatacat-
egory. Notethat thereis a significantlygreaterproportionof
F0 datapresentin BNeval97 thanin BNdev96ueandrather
lessF1 andF4.

Focus Proportionof data
Cond BNdev96ue BNeval97

F0 22.3% 45.0%
F1 30.5% 20.0%
F2 16.2% 16.1%
F3 6.2% 5.1%
F4 14.1% 4.9%
F5 2.7% 2.3%
FX 7.8% 6.3%

Table2: Proportionof testdataof differentaudiotype

3. SegmentProcessing
The goal of the segmentprocessingstagesis to convert the
continuousinput audio streaminto clustersof reasonably-
sizedspeechsegments.Ideally, eachsegmentshouldbeho-
mogeneous(i.e. samespeaker and channelconditions)and
thesegmentsshouldbegroupedinto clusterssuchthateach
clusteris sufficiently similar to sharea singlesetof MLLR
adaptationtransforms.It is alsodesirableto removeasmuch
of the non-speechfrom the input audiostreamas possible.
Detailsof thesesegmentprocessingstagesaregivenin acom-
panionpaper[5], but a brief overview is includedherefor
completeness.

Ourapproachto segmentprocessingis first to classifytheau-
dio datainto threebroadcategories: wide-bandspeech(S),
narrow-bandspeech(T) andmusic (M). After rejectingthe
music,agender-dependentphonerecogniseris usedto locate
silenceportionsandgenderchangepoints[9] andafterapply-
ing a numberof “smoothingrules” thefinal segmentbound-
ariesaredetermined.

Theinitial audioclassificationuses4 Gaussianmixturemod-
els: onefor eachof the requiredclasses(S, T andM) plus
a model for musicandspeech.Audio selectedby this lat-
ter modelis alsolabelledas(S) but its separateinclusionre-
ducesthe misclassificationof speechasmusic. Eachmodel
wastrainedondataof theappropriateclassextractedfrom the
BNtrain97dataup to a maximumof threehourspermodel.

After an initial classificationof the data,MLLR adaptation
transformswerecomputedfor eachclassandthenthedecod-
ing wasrepeated.This adaptationwasperformedseparately
for eachof the four shows andonly for classeswith at least
15secondsof data.Thisapproachgivesapproximatelya95%
frameclassificationaccuracy, andontheBNeval97setis able
to discard70% of the non-speechmaterialwhile only erro-
neouslydiscarding0.2%of thespeech.

Segmentationand genderlabelling is applied to both the
narrow-band(T) andwideband(S)datausingaphonerecog-
niser which has45 context independentphonemodelsper



genderplus a silence/noisemodel. The outputof the phone
recogniseris a sequenceof relatively shortsegmentshaving
male,femaleor silencetags.Silencesegmentslongerthan3
secondsareclassifiedasnon-speechanddiscarded.Sections
of malespeechwith high pitch arefrequentlymis-classified
as female and vice versa. Hence, a numberof heuristic
smoothingrulesareapplied. For example,a malesegment
followedby a shortfemalesegmentis mergedto form a sin-
gle malesegmentif the following segmentis silence.These
smoothingrulesalsoensurethatsegmentswith durationsbe-
tweenonesecondand30secondsarecreated.Thisbasicseg-
menteris referredto asS1. About 7% (by duration)of the
dataconsistsof segmentscontainingmorethanonespeaker
whenusingtheS1segmenter.

Furtherimprovementsto thesegmentationareeffectedusing
aclusteringprocedurein whichall segmentsareclusteredus-
ing atop-downcovariance-basedtechnique(seebelow). Seg-
mentswhichappearin thesameleafnodeandaretemporally
adjacent(ignoringinterveningsilences)aremergedinto asin-
gle segment. This processcorrectsmany of thegendermis-
classificationsbut resultsin long segments.Theclusteringis
thenrepeatedtakingaccountof theinter-segmentsilencesin
orderto obtainthefinal segmentation.This approachmakes
it impossibleto distinguishbetweentwo consecutive speak-
ersof the samegenderunlessthey areseparatedby silence.
However, sincemostsegmentboundarieshaveat leastashort
silencesegmentat the boundary, this doesnot causesevere
degradationin performance.Thesegmenterintegratingseg-
mentclusteringis denotedS2 andit reducesthe proportion
of thedatarepresentedby multiple speaker segmentsto 2%.
Theframeerrorratefor genderlabellingis 3-4%.

Finally thesegmentsareclusteredseparatelyfor eachgender
andbandwidthcombinationfor usewith MLLR adaptation.
Two alternative clusteringtechniqueshave beenevaluated.
Thefirst wasa bottom-upmethodin which eachsegmentis
modelledby a singlediagonalcovarianceGaussianandseg-
mentsaremergedbasedon a furthestneighbourdivergence-
like distancemeasure.Clustermergingstopswhenthenum-
berof framesin thesmallestclusterexceedsathreshold.This
wastheschemethatweusedin our1996broadcastnewseval-
uationsystem[15]. Thesecondschemerepresentssegments
by thecovarianceof thestaticanddeltaparametersandusesa
hierarchicaltop-down clusteringprocessin which eachnode
of thehierarchyis split into a maximumof four child nodes.
Segmentsarereassignedto the closestnodeusingan arith-
metic harmonicsphericitydistancemeasure[1]. Splitting
continueswhile a minimumoccupancy countis exceededin
all clusters. At the endof the process,all segmentswhich
weretoo small to computea full covariancerobustly areas-
signedto theleafnodewith theclosestmean.Theseschemes
were found to give similar performanceand the bottom-up
schemewasusedfor final segmentclustering.

4. RecognitionSystemOverview
Thissectiongivesanoverview of thebasicrecognitionarchi-
tectureusedfor the experimentsreportedin Section5. The
systemis a developmentof previous HTK large vocabulary
recognisers(e.g.[13]).

Eachframe of input speechis representedby a 39 dimen-
sional featurevector that consistsof 13 (including ��� ) MF-
PLPcepstralparameters[15] andtheirfirst andseconddiffer-
entials.Cepstralmeannormalisation(CMN) is appliedover
a segment.

ThesystemusestheLIMSI 1993WSJpronunciationdictio-
nary augmentedby pronunciationsfrom a TTS systemand
handgeneratedcorrections. Cross-word context dependent
decisiontree stateclusteredmixture GaussianHMMs [16]
areusedwith a 65k wordvocabulary. Thesystemusesa lan-
guagemodeltrainedon132million wordsof broadcastnews
texts, theLDC-distributed1995newswiretexts,andthetran-
scriptionsfrom BNtrain96.

As will beseenin Section6, the full HTK systemcanoper-
atein multiplepassesandusequinphoneHMMs, morecom-
plex languagemodelsanditerative unsupervisedadaptation.
However, for theinitial experimentsreportedin Section5, the
decoderwasrun in asinglepassusingtriphonemodels,a tri-
gramlanguagemodelandfairly tight beamwidths.We have
found that usingthe full systemwith adaptationresultsin a
20-25%decreasein worderrorrateonbroadcastnewsdata.

5. Single-PassRecognitionExperiments

5.1. Data SpecificModels and ExtendedTrain-
ing Data

We first comparedtheperformanceof modelswhich require
knowledge of data type with condition independentmod-
elswhich aremoresuitableto automaticallysegmenteddata
sincefine classificationis not required. Furthermore,it has
previouslybeenshown thatdataconditionindependentmod-
elscangivesurprisinglygoodperformance[9, 4].

The data type specific modelsusedWSJ secondarychan-
nel trainedHMMs with 6399speechstatesandweresubse-
quentlyadaptedto broadcastnews(usedin [15]). Two setsof
condition independentmodelswere trained: the BNtrain96
HMM-BN1 has5628statesand the BNtrain97HMM-BN2
set6684states.All modelsused12componentmixtureGaus-
sian distributions. In all casesgenderindependentmodels
wereused.

The resultsgiven in Table 3 for the BNdev96peset show
that the WSJ modelsare significantly improved by broad-
castnews adaptation(4% absolute).Perhapsmoresurpris-
ingly theHMM-BN1 modelsgive slightly betteroverall per-
formancethanthedataspecificWSJadaptedmodels.In par-



ticular, it canbeseenthatthereis a largeimprovementfor the
HMM-BN1 modelson the spontaneousspeechconditions.
Furthermore,doubling the amountof training datareduces
theerrorrateby a further2.1%absolute.

Data HMM training
Type WSJ WSJadapt BNtrain96 BNtrain97

F0 16.3 13.0 12.8 11.6
F1 35.2 31.8 28.5 26.2
F2 51.4 44.8 42.6 38.7
F3 36.4 32.7 35.3 32.8
F4 28.6 25.0 25.4 24.6
F5 28.6 23.8 27.1 24.8
FX 58.5 55.2 56.8 55.4

Avg. 36.0 32.0 31.7 29.6

Table3: %WorderrorratesonBNdev96pefor differenttrain-
ing conditions.Only theWSJadaptsetis dataconditionde-
pendent.

Whilst the resultsshown in Table 3 are encouraging,they
masktheseparateeffectsonmaleandfemalespeakers.Since
two thirdsof thebroadcastnewstrainingandtestdatais from
malespeakers,thereis a significantgenderbiaswhich isn’t
presentin the WSJ models. The error rate on the female
speakersin the test is 29.8%for the WSJadaptmodelsbut
is 33.3%for theHMM-BN1 models(and31.1%for HMM-
BN2). To try to improvetheperformancefor femalespeakers
we investigatedgenderdependentmodelling.

5.2.GenderDependentModelling

Genderdependentversionsof the HMM-BN2 setwerecre-
atedby splitting theBNtrain97dataaccordingto genderand
retrainingthe Gaussianmeansand mixture weightson the
gender-specificdataportions.Thesegenderdependentmod-
elswerethentestedondataonly from thecorrespondinggen-
der (i.e. it is assumedthat perfectgenderdeterminationis
possible). As shown in Table4, this gave a substantialin-
creasein recognitionperformance(overall1.4%absoluteand
2.3%for femalespeakers)andappearsto have largely miti-
gatedthegenderbiasin thetrainingdata.

It shouldbe notedthat althoughthe automaticgenderclas-
sification yields 3-4% error, using a forced alignmentwith
theabovegenderdependentmodelsandmakinga likelihood
basedgenderchoice(basedonafirst passrecognitionwith GI
models)yieldsagenderlabellingframeerrorrateof 1-2%[5].

5.3.Automatic Segmentation/Classification

Theeffect of usingtheautomaticallyderivedsegmentsfrom
both the CMU segmenterdescribedin [12] and the S1 and
S2segmentersdescribedin Sec.3 wasevaluatedon theBN-

Data Model typeanddatatype
Type GI / male GI /fem GD /male GD / fem

F0 9.7 13.9 9.9 12.5
F1 25.3 29.0 24.3 28.1
F2 38.3 41.6 35.7 37.3
F3 25.3 39.4 24.6 36.5
F4 24.2 25.1 23.1 21.3
F5 25.7 24.1 25.9 23.0
FX 57.2 53.7 57.1 50.4

Avg. 28.8 31.1 27.8 28.8

Table4: %WorderrorratesonBNdev96pesplit bygenderfor
genderindependent(GI) andgenderdependent(GD)versions
of HMM-BN2 models.

dev96ue data. It should be noted that someof the data
(that identified as pure music) is discardedby the S1/S2
segmenterswhile the CMU approachretainsthe entiredata
stream.As canbeseenin Table5 a),recognitionperformance
improveswith theS1segmenter, particularlyonF3segments
due in part to the removal of puremusic,andS2 improves
overall recognitionperformancefurther.

After the 1997 evaluationwas complete,additionalexperi-
mentsfor the CMU and S2 segmenterswere run using the
1997 trigram languagemodel and the HMM-BN2 models.
The resultsof theseexperimentsare shown in Table 5 b),
whichconfirmstheadvantageof theS2segmenterfor all data
types.It is expectedthattheS2systemwill haveafurtherad-
vantagewhenspeaker/environmentadaptationis useddueto
thesmallamountof datait includesin multiple-speakerseg-
ments.

Finally the performanceon BNeval97 of the S2 segmenter
wascomparedto thatusinghand-partitionedsegmentsgiven
in the referencetranscriptions.Again, the1997trigramLM
andtheHMM-BN2 acousticmodelsetwereused.It canbe
seenfrom Table6 that theoverall degradationcausedby the
automaticsegmentationis very small (on the development
datathedegradationis approximately1%absolute).Onsome
typesof datait appearsthattheautomaticsegmentationactu-
ally givessuperiorrecognitionresultsfor theBNeval97data.
For instance,for someF3 segmentswhich includea gradual
fadein/out of music during a sentence,automaticsegmen-
tation improves the results. This is becausethe automatic
segmenterchoosespausepointsfor segmentation,leadingto
betterrecognitionresults.Thegoodrecognitionperformance
of theautomaticallysegmenteddatais alsoareflectionof the
fact that,for this data,only a few errors(lessthan0.1%)are
introducedby erroneouslydiscardingspeech.



Data SegmentationAlg
Type CMU Segs S1Segs S2Segs

F0 12.3 12.1 12.1
F1 27.1 27.0 25.9
F2 39.7 39.5 38.3
F3 38.8 32.5 33.4
F4 27.9 27.1 26.0
F5 30.4 33.0 30.6
FX 69.5 65.5 66.7

Overall 30.1 29.2 28.6

a)

Data SegmentationAlg
Type CMU Segs S2Segs

F0 13.3 13.0
F1 21.6 20.8
F2 35.6 34.9
F3 34.1 32.4
F4 26.2 25.7
F5 29.0 27.5
FX 50.9 46.8

Overall 23.9 23.0

b)

Table5: % Word errorratesfor differentsegmentationalgo-
rithms using the genderindependentHMM-BN2 modelset
ona)BNdev96ueandb) BNeval97

5.4.TelephoneBandwidth Models

The S1/S2segmentersalsoclassifydataasnarrow-bandor
wide-band. A narrow-bandmodel version of HMM-BN2
(HMM-BN2T) wastrainedusingsingle-passretrainingfrom
the HMM-BN2 set and a reducedbandwidthdataanalysis
(125Hz to 3.75kHz)of the BNtrain97dataset.The perfor-
manceof the HMM-BN2T modelswas investigatedfor the
datawhichhadbeenautomaticallyclassifiedasnarrow band.

The useof thesemodelsimprovedperformanceon F2 data
using the S2 segmentationof the BNdev96ueto 35.9%er-
ror (from 38.3%)andreducedtheoverallerrorrateto 28.3%
(from 28.6%).Howeveramuchmoredramaticeffectwasob-
served for the S2 segmentationof the BNeval97 data. Here
the word error rateof F2 datawasreducedto 26.2%(from
34.9%)andtheoverall error rateto 21.4%(from 23.0%). It
shouldbenotedhoweverthattheadvantageof usingseparate
telephonebandwidth modelsdecreasessignificantly when
alsousingMLLR adaptation.

Data Segmentation
Type ManualSegments S2Segments

F0 12.9 13.0
F1 20.2 20.8
F2 35.5 34.9
F3 34.2 32.4
F4 25.0 25.7
F5 27.5 27.5
FX 45.6 46.8

Overall 22.9 23.0

Table6: % Word error rateson theBNeval97 for automatic
andhandgeneratedsegmentations.

6. 1997DARPA Evaluation System
ThissectiondescribestheHTK systemusedin the1997eval-
uation. Thesystemusesthemodellingtechniquesdescribed
in previoussectionswith theadditionof morecomplex acous-
tic andlanguagemodelsandmultiplepassesof unsupervised
MLLR adaptation.In this respecttheoperationis similar to
previous HTK evaluationsystems[14, 15]. New features,
apart from thosediscussedabove, include an interpolated
word-basedandclass-basedlanguagemodelandthecombi-
nationof differentoutputstagesbasedonconfidenceannota-
tion.

6.1.DecodingStages

The overall decodingprocessis asfollows. Firstly the data
is segmentedusing the S2 segmenterdescribedin previous
sections.A first passdecodingis performedusingtheHMM-
BN2 andHMM-BN2T genderindependentmodelswith atri-
gramlanguagemodel.Thisstage(pass1)providesa putative
transcriptionwhich is usedbothto selectanappropriategen-
derdependentmodelsetfor subsequentuseandalsoto pro-
videaninitial transcriptionfor MLLR adaptation.TheMLLR
processingat thisstageusesoneglobalblock-diagonalmean
anddiagonalvariancespeechtransformper setof clustered
segments.Theadaptedgenderdependentmodelsetsarethen
usedwith a word bigramlanguagemodel to generateword
latticesand the resultantbigram lattices(pass2/bg)are ex-
pandedin stageswith a word trigram (pass2/tg),a word 4-
gram(pass2/fg)andfinally an interpolatedlanguagemodel
combiningthe word 4-gramwith a category trigram model
thatuses1000automaticallygeneratedclasses(pass2/ic).

Thebestword string,foundusinganA* searchof the inter-
polatedlattices,is thenusedassupervisionfor globalMLLR
with a setof quinphoneHMM models(HMM-BN3). These
HMMs weretrainedin a similar mannerto HMM-BN2 but
the decisiontreeclusteringprocesstakesinto accountquin-
phonecontext andalsowordboundarylocations.TheHMM-



BN3 sethas8180speechstateseachmodelledwith a16com-
ponentGaussianmixture. Genderdependentandbandwidth
dependentversionsof thesemodelswereusedfor eachseg-
mentasappropriate.The systemincludes3 passesthrough
thedatawith MLLR-adaptedquinphonemodels.At thisstage
thesearchprocedureis constrainedby thepreviously gener-
atedword latticesincorporatinginterpolatedlanguagemodel
scores.Thefirst quinphonepass(pass3) usesa globalmean
andvarianceMLLR speechtransform;thesecondquinphone
pass(pass4) usesupto two MLLR speechtransformsandthe
final pass(pass5) usesup to four transforms.Word lattices
arealsoproducedby pass5.

Thefinal latticescanbefurtherprocessedin two ways.Firstly
they canbe re-scoredusingan unsupervisedunigramcache
model.Alternatively theoutputfrom thepass5latticescanbe
combinedwith thatfrom thepass2/iclatticesto form thefinal
recognitionoutput.

The following subsectionsdescribein more detail first the
languagemodelsusedandthendescribethehypothesiscom-
binationprocesswhich usestheNIST ROVER program.Fi-
nally completerecognitionresultsare presentedusing the
evaluationset-upfor boththeBNeval97dataandBNdev96ue.

6.2.LanguageModels

At variousstagesbigram, trigram and 4-gramword-based
languagemodelswereused.Theseweretrainedon the132
million words of the LDC broadcastnews training texts,
the transcriptionsof the BNtrain97data(addedtwice), the
1995newswire texts (both financialandnon-financial),and
transcriptionsfor the 1995 train, dev and eval Marketplace
transcriptionswhich wereaddedto the trainingcorpusthree
times. The text-processingfor this dataexpandeda number
of abbreviationsandcorrectedsomecommonspellingerrors.
Word-basedlanguagemodelsusingKatz backoff werebuilt
andcontained6.9 million bigrams,8.4 million trigramsand
8.6million 4-grams.

The category languagemodelused1000automaticallygen-
eratedword classeschosento maximisethetrainingsetlike-
lihood basedon word bigramstatistics[8, 10, 11]. Thecat-
egoriesandthe trigram category modelwerebuilt usingthe
broadcastnews training texts, the acoustictraining dataand
1995Marketplacetranscriptions.Bigramsandtrigramswere
only addedto thecategory modelif they improvedthetrain-
ing setleave-one-outlikelihood.Thecategory trigrammodel
contained803kbigramsand7.1million trigrams.

In usethe word 4-gramlatticeswere rebuilt by interpolat-
ing thecategory trigramlanguagemodel(weight0.30)with
the word 4-gram(weight 0.70). Theseweightswerefound
by performingN-bestrescoringexperimentsonapreliminary
versionof theevaluationsystemwith BNdev96uedata.

LangModel Perplexity
Type BNdev96ue BNeval97
bigram 243 240
trigram 172 159
4-gram 161 147
cat-model 246 238
4g+cat 149 137

Table7: Word level perplexities

Theperplexities for thevariouslanguagemodelson theBN-
dev96ueandBNeval97(filtered)referencetranscriptionsare
givenin Table7. Thecategorymodelalonehasasimilarper-
plexity to theword bigram,however wheninterpolatedwith
the word 4-gramit reducesthe 4-gramperplexity by about
8%. The OOV rateon both thesetestsetsusingthe filtered
transcriptionswasabout0.5%.

6.3.HypothesisCombination

Whilst onaveragetheoverallerrorrateproducedby thequin-
phonemodelsis a little betterthanthe triphonemodelswe
haveobservedthatthesystemsoftenmakeratherdifferenter-
rors. Thereforewe madeaninitial attemptat combiningthe
final quinphoneoutput(pass5) with the besttriphonestage
(pass2/ic).

The hypothesesfrom eachstagewere first annotatedwith
word confidencescoresandthentheNIST ROVER program
[2] wasusedto combinetheannotatedhypotheses.Thispro-
gramusesdynamicprogrammingbasedstring alignmentto
obtaina word correspondencefor all wordsin the hypothe-
sesandthenexaminesthecorrespondencepairsandchooses
theword with thehighestconfidencescore.Theconfidence
scoresweregeneratedusinganN-besthomogeneitymeasure
foundusingthe1000-besthypothesesfrom the latticesgen-
eratedat theappropriatestage.A decisiontreeprunedusing
10-fold cross-validationwasusedto convert the N-bestho-
mogeneityscoresto confidenceprobabilities. This treewas
trainedusinga preliminaryversionof thesystemrun on the
BNdev96uedata.

6.4.SystemPerformance

Detailedperformancefor eachstageof the evaluationsys-
temis shown in Table8 for boththeBNdev96uesetandthe
BNeval97 dataset. The betteroverall performanceof the
BNeval97 set seemsto be mainly due to the much greater
proportionof well-recognisedF0datapresent(seeTable2). It
shouldalsobenotedthatall resultspresentedin thispaperfor
the BNdev96uesetusethe 1996NIST scoringconventions,
while theresultsfor BNeval97usethe1997conventions.



Stage HMMs LM MLLR % Word Error
Type Overall F0 F1 F2 F3 F4 F5 FX

pass1/tg BN2/gi tg N 28.1 11.9 25.8 35.5 33.3 25.8 30.6 66.6
pass2/bg BN2/gd bg 1 27.9 13.0 27.9 33.8 32.0 24.4 28.0 61.7
pass2/tg BN2/gd tg 1 24.6 10.3 24.0 29.8 26.7 22.1 25.8 59.5
pass2/fg BN2/gd fg 1 24.0 9.9 22.9 29.5 26.7 21.5 23.5 59.3
pass2/ic BN2/gd ic 1 23.6 9.0 22.6 29.2 26.4 20.8 25.6 60.1
pass3/ic BN3/gd ic 1 23.0 9.4 22.0 27.8 26.5 20.0 22.1 58.5
pass4/ic BN3/gd ic 2 22.8 9.3 21.8 27.3 26.5 19.8 22.1 58.1
pass5/ic BN3/gd ic 4 22.7 9.3 21.8 27.1 26.7 19.7 21.9 57.8
+cache BN3/gd ic/cache 4 22.6 9.3 21.9 27.0 26.6 19.6 21.9 57.5
ROVER BN2/3/gd ic 1/4 22.0 8.5 21.4 26.2 25.4 19.0 22.3 57.1

a)

Stage HMMs LM MLLR % Word Error
Type Overall F0 F1 F2 F3 F4 F5 FX

pass1/tg BN2/gi tg N 21.4 13.0 20.8 26.2 32.4 25.7 27.5 43.2
pass2/bg BN2/gd bg 1 21.3 13.5 22.0 25.9 30.6 25.4 27.7 38.0
pass2/tg BN2/gd tg 1 18.0 10.7 17.7 21.8 29.9 21.4 26.0 34.8
pass2/fg BN2/gd fg 1 17.3 10.3 16.9 21.4 28.5 21.1 24.1 32.8
pass2/ic BN2/gd ic 1 16.8 9.9 16.3 20.8 28.4 20.7 24.1 32.1
pass3/ic BN3/gd ic 1 16.4 10.0 15.4 20.4 27.6 19.9 23.9 30.7
pass4/ic BN3/gd ic 2 16.2 9.8 15.5 20.1 27.7 19.6 24.2 30.1
pass5/ic BN3/gd ic 4 16.2 9.9 15.4 20.0 27.9 19.3 24.2 29.9
+cache BN3/gd ic/cache 4 16.2 9.9 15.4 20.1 27.9 19.4 24.1 29.9
ROVER BN2/3/gd ic 1/4 15.8 9.4 15.2 19.5 26.9 19.4 22.1 29.1

b)

Table8: Word error ratesfor eachstageof the 1997HTK broadcastnews evaluationsystemon both a) BNdev96ueandb)
BNeval97.

The useof global MLLR andgenderdependentmodelsre-
ducesthe first-passerror by between12-16%with a word
trigram,andit shouldbenoticedthat largerreductionsoccur
for themorechallengingdatatypes.Theword4-gramgivesa
3%reductionin worderroranda furtherreductionof similar
sizeresultsfrom theuseof theinterpolatedcategorylanguage
model.

Thequinphonemodelswith a globalMLLR improve theer-
ror rateby 3%overtriphonemodelsusingglobalMLLR. It is
somewhatsurprisingto find thatwhile iterative MLLR gives
further small gains on the BNdev96ue data (about 1.5%),
barelymeasurablegainswerefoundonBNeval97.Again the
useof theunigramcacheslightly improvedtheerrorrateon
BNdev96uebut did nothelponBNeval97.

Finally theuseof hypothesiscombinationusingROVER re-
ducedtheerror rateby a further3% to give a 15.8%overall
word error rateon BNeval97 and22.0%on BNdev96ue. It

wasnotedthattheconfidencescoresassociatedwith thecom-
binedhypotheseshadanormalisedcrossentropy of 0.173for
BNdev96ueand0.179for BNeval97. Thereductionin error
ratefor thecombinedquinphoneandtriphoneoutputresults
in morethandoublingtheoverall gainfrom theuseof quin-
phonemodelling.

7. Conclusion

Thispaperhasdescribedthedevelopmentandperformanceof
the1997HTK broadcastnewstranscriptionsystem.Thesys-
temusesadatasegmentationandclassificationschemewhich
incorporatesclustering.Theuseof HMMs thatareindepen-
dentof detaileddatatype fits well with automaticdataseg-
mentationandclassificationandyields at leastasgoodper-
formanceasdatatypespecificmodels.Thesystemincludes
aninterpolatedlanguagemodelandwehaveperformedsome
preliminary investigationson hypothesiscombination. The
final systemyieldedthelowestoverall word errorratein the



1997DARPA broadcastnewsevaluationby astatisticallysig-
nificantmargin.

8. Acknowledgements
This work is in partsupportedby anEPSRCgranton “Mul-
timediaDocumentRetrieval” referenceGR/L49611. Julian
Odellof Entropicgavevaluableassistancewith decoders.

References
1. BimbotF. & MathanL. (1993).Text-FreeSpeaker Recognition

usingan Arithmetic HarmonicSphericityMeasure.Proc. Eu-
rospeech’93, pp.169-172,Berlin.

2. Fiscus,J.G.(1997)A Post-ProcessingSystemto Yield Reduced
Word Error Rates:RecogniserOutputVoting Error Reduction
(ROVER). Proc. IEEE ASRU Workshop, pp. 347-352,Santa
Barbara.

3. Gales M.J.F. & WoodlandP.C. (1996). Mean and Variance
AdaptationWithin theMLLR Framework. Computer Speech &
Language, Vol. 10,pp.249-264.

4. Gauvain J.L., Lamel L., Adda G.& Adda-Decker M. (1997).
Transcriptionof BroadcastNews. Proc. Eurospeech’97, pp.
907-910,Rhodes.

5. Hain T, JohnsonS.E.,Tuerk A., WoodlandP.C. & YoungS.J.
(1998)SegmentGenerationandClusteringin theHTK Broad-
castNewsTranscriptionSystem.Proc. 1998 DARPA Broadcast
News Transcription and Understanding Workshop, Virginia.

6. LeggetterC.J.& WoodlandP.C.(1995).FlexibleSpeakerAdap-
tation Using Maximum Likelihood Linear Regression.Proc.
ARPA Spoken Language Technology Workshop, pp. 104-109.
MorganKaufmann.

7. LeggetterC.J.& WoodlandP.C. (1995).MaximumLikelihood
LinearRegressionfor Speaker Adaptationof ContinuousDen-
sity Hidden Markov Models. Computer Speech & Language,
Vol. 9, pp.171-185.

8. KneserR. & Ney H. (1993).Improved ClusteringTechniques
for Class-BasedStatistical LanguageModelling. Proc. Eu-
rospeech’93, pp.973-976,Berlin.

9. KubalaF., Hubert J., MatsoukasS., NguyenL., Schwartz R.
& MakhoulJ. (1997).Advancesin Transcriptionof Broadcast
News.Proc. Eurospeech’97, pp.927-930,Rhodes.

10. MartinS.,LiermannJ.& Ney H. (1995).Algorithmsfor Bigram
andTrigram Clustering.Proc. Eurospeech’95, pp. 1253-1256,
Madrid.

11. Niesler T.R., Whittaker E.W.D. & Woodland P.C. (1998)
Comparisonof Part-Of-Speechand Automatically Derived
Category-BasedLanguageModelsfor SpeechRecognition.To
appearProc. ICASSP’98, Seattle.

12. Siegler M.A., JainU., Raj B. & SternR.M. (1997)Automatic
Segmentation,ClassificationandClusteringof BroadcastNews
Data.Proc. DARPA Speech Recognition Workshop, pp. 97-99,
Chantilly, Virginia.

13. Woodland P.C., Leggetter C.J., Odell J.J., Valtchev V. &
Young S.J. (1995) The 1994 HTK Large Vocabulary Speech
RecognitionSystem.Proc. ICASSP’95, Vol. 1, pp. 73-76,De-
troit.

14. WoodlandP.C, GalesM.J.F., PyeD. & Valtchev V. (1996)The
HTK LargeVocabularyRecognitionSystemfor the1995ARPA
H3 Task.Proc. ARPA Speech Recognition Workshop, Harriman,
New York.

15. WoodlandP.C.,GalesM.J.F., PyeD. & YoungS.J.(1997)The
Developmentof the 1996BroadcastNews TranscriptionSys-
tem. Proc. DARPA Speech Recognition Workshop, pp. 73-78,
Chantilly, Virginia.

16. Young S.J., Odell J.J. & WoodlandP.C. (1994). Tree-Based
StateTying for HighAccuracy AcousticModelling.Proc. ARPA
Human Language Technology Workshop, March 1994, pp.307-
312.MorganKaufmann.


