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ExperimentswithlightlysuperviseddiscriminativetrainingonTDTdata

Overview

•ImprovetheHTKEnglishBroadcastNewssystembyaddinglargeamountof
TDTdata

–144hoursofaccuratelytranscribeddata
–TDT2(450hrawdata)
–TDT4(300hrawdata)
–Onlyclosed-captiontranscriptsareavailableforTDTdata

•Lightlysupervisedacousticmodeltraining

•Investigateinteractionsbetweendiscriminativetrainingandlightlysupervised
acousticmodeltraining

•Comparewithothersites’approaches

CambridgeUniversity
EngineeringDepartment

EARSMeetingSept20031



ExperimentswithlightlysuperviseddiscriminativetrainingonTDTdata

Lightlysupervisedtraining

•RecognizetheTDTdatatogetthetrainingtranscriptions

–usereasonablyfastandaccuratetranscriptionsystem

•Languagemodelincludesclosed-captions

–constructindividualLMfromeachtextsourceandperforminterpolation
–biastheinterpolatedLMtotheclosed-captionsources

•UseallTDTdatafortraining

•Comparewithdataselection,whichfiltersautomaticallytranscribeddata

–closed-captionsfiltering(LIMSI/BBNapproach)
–filteringbasedonsentenceconfidencescore
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TrainingandTestingDataSets

•Acoustictrainingdata

bnac144hoursbroadcastnewsacousticwithaccuratetranscriptions
TDT2Feb1998-June1998(902shows,∼450hrawdata)
TDT4Oct2000-Jan2001(448shows,∼300hrawdata)

•Textcorpora:TDT2cc(closedcaptions),TDT3cc,TDT4cc,Marketplace
andBNacoustictrainingtranscriptions,PSMbroadcastnewstranscriptions,
CNN,commercialnewswire,allbeforeendofJan2001

•Testsets

dev0317thJan2001-31Jan2001(6shows,3hdata)
eval03Feb2001(6shows,3hdata)
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TDTdatatranscription:RecognitionLM

•InterpolatedwordLM(tg,4g):onemodelforeachLMdataset

•59Kword-listofCU-HTK200310xRTsystem

–0.76%OOVrateonTDT2closed-captions(23Kunknownwords)
–0.85%OOVrateonTDT4closed-captions(14Kunknownwords)

•TranscribingTDT2-minimizeperplexityof10haccuratetranscriptionset

–trigramperplexityis44.5,fourgramperplexityis21.3
–OOVrateis0.68%
–interpolationweightforTDT2modelis0.92

•TranscribingTDT4-minimizeperplexityofdev03

–trigramperplexity-53.2,fourgramperplexity-25.6
–OOVrateis0.44%
–interpolationweightforTDT4modelis0.90
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TDTdatatranscription:Decoding

•RecognitionofTDTdata

–Automaticsegmentation

–P1,P2ofCU-HTK200310xRT
system

–Confusionnetwork,re-alignment

–∼5xRT

•WERon10hTDT2data(P2+CN)

–biasedTDT2LM:9.3%

•TDT2closed-captionsWERis10.3%

•WERondev03(P2+CN)

–biasedTDT4LM:8.3%

–CU-HTK200310xRTsystemLM:
12.4%
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Acousticmodeltraining

•Wide-bandmodeltrainingdata

–recognizedTDT2:420h(370hwb,50hnb)
–recognizedTDT4:255h(234hwb,21hnb)
–144hbnac

•Narrow-bandmodeltrainingdata:144hbnaconly(NBanalysis)

•MLE,HLDA,MMI,MPEacousticmodeling

•cross-wordtriphone,∼7000tiedstates,16Gaussianmixturecomponents

•Discriminativetraining

–I-smoothingforbothMMIandMPE
–numerator:accuratebnactranscriptions/recognizedTDTtranscriptions
–denominator:re-recognizewithMLE+HLDAmodel
–Heavilyprunedbigramforbothwordlatticesandphone-markedlattices
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Testing

•Testset-dev03,eval03

•SinglePassdecodingsystem

–GenderIndependent
–TrigramLM
–Noadaptation
–Controlledpruningbeamwidthfor∼5xRT

•CU-HTKP1-P2system

–P1,P2architectureofCU-HTK200310xRTevaluationsystem
–Confusionnetwork,re-alignment
–overall∼5xRTincludeadaptation

•Dictionary,trigramLM,fourgramLMarethesameasCU-HTK200310xRT
evaluationsystem
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UnadaptedsinglepassdecodingWER-dev03

Wide-banddataMLEMLE+HLDAMMI+HLDAMPE+HLDA
bnac(144h)19.717.915.515.3
370hwbTDT219.517.715.014.9
bnac+370hwbTDT219.317.414.514.2
bnac+420hTDT219.317.414.714.4
bnac+255hTDT418.716.914.213.7
bnac+370hwbTDT216.813.6
+230hTDT4

•Using370hwbTDT2aloneoutperformsbnacwith144hoursofdata

•AddingTDT2/TDT4tobnacimprovetheperformance

•TDT4dataismoreusefulthanTDT2data

•FurtheraddingTDT2onbnac+TDT4onlygivesverysmallimprovement
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UnadaptedsinglepassdecodingWER-eval03

Wide-banddataMLEMLE+HLDAMMI+HLDAMPE+HLDA
bnac17.815.914.413.8
370hwbTDT217.116.113.913.7
bnac+370hwbTDT217.115.513.413.0
bnac+420hTDT217.215.813.413.1
bnac+255hTDT417.115.113.212.6
bnac+370hwbTDT215.112.4
+230hTDT4

•MPEalwaysoutperformsMMI

•Moregainsareobtainedindiscriminativestagethanmaximumlikelihood

•Addingnarrow-bandTDT2data(wide-bandanalysis)harmsthemodel0.1%-
0.3%
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CU-HTKP1-P2SystemWER-dev03/eval03
dev03eval03

AcousticmodelP1P2P1P2
bnac16.212.514.811.5
370hwbTDT215.812.314.711.8
bnac+370hwbTDT215.111.914.011.3
bnac+420hTDT215.512.014.211.4
bnac+255hTDT414.511.413.610.7

•MoreWERreductioninP1(GI,unadapted,tightbeam-widths)thaninP2

•Adding255hTDT4tobnac

–1.1%(dev03)and0.8%(eval03)WERreductioninP2output
–10.7WERoneval03,thesameasfullCU-HTK200310xRTevaluation

system

•AddingTDT2tobnacobtainmuchlessgain,0.6%(dev03)and0.2%(eval03)
WERreductioninP2output
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DataselectionexperimentswithTDT4

•Closed-captionsfiltering

–aligntherecognizedtranscriptionswiththeCConawholeshowbasis
–CCmatch:onlyretainsegmentswhichmatchbestwithCC
–CCmismatch:onlyretainsegmentswhichmatchworstwithCC

•Confidencemeasurefiltering

–wordposteriorfromconfusionnetworkasconfidencescoreforaword
–averagingthewordposteriortogetthesentenceconfidence(perframe)
–removetrainingsentenceswithlowconfidence

•RemovethelasttwoweeksofTDT4datawhichcoverthetimeperiodof
dev03,230hTDT4dataisremaining(newbaseline)
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Dataselection:unadaptedsinglepassdecoding-dev03

Wide-banddataMLE+HLDAMPE+HLDA
bnac17.815.0
bnac+80hTDT4(94%CCmatch)17.014.4
bnac+115hTDT4(90%CCmatch)16.914.2
bnac+115hTDT4(CCmismatch)17.114.3
bnac+213hTDT4(0.85CM)16.713.9
bnac+230hTDT416.813.8

•VerysmalldifferenceinperformanceonCCmatchandCCmismatch!!

•Confidencemeasurefilteringdoesn’tappeartoreduceWER

•UsingalldataisthebestforMPE

•bnac+230hTDT4-1%and1.2%WERreductioninMLEandMPErespectively

CambridgeUniversity
EngineeringDepartment

EARSMeetingSept200312



ExperimentswithlightlysuperviseddiscriminativetrainingonTDTdata

Dataselection:unadaptedsinglepassdecoding-eval03

Wide-banddataMLE+HLDAMPE+HLDA
bnac15.613.5
bnac+80hTDT4(94%CCmatch)15.112.9
bnac+115hTDT4(90%CCmatch)15.012.9
bnac+115hTDT4(CCmismatch)15.213.0
bnac+213hTDT4(0.85CM)15.012.5
bnac+230hTDT415.112.5

•Similarpatternasintheresultsondev03

•bnac+115hTDT4(90%CCmatch)-reduces0.6%WERforbothMLEand
MPEoverbnacbaseline

•bnac+230hTDT4-reduces0.5%and1.0%WERforMLEandMPE
respectively
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Dataselection:CU-HTKP1-P2System-dev03/eval03
dev03eval03

AcousticmodelP1P2P1P2
bnac15.912.614.911.5
bnac+80hTDT494%CCmatch15.112.214.011.0
bnac+115hTDT490%CCmatch15.111.913.910.9
bnac+115hTDT4CCmismatch15.211.913.911.0
bnac+230hTDT414.511.813.610.9

•Adding230hTDT4tobnac

–0.8%(dev03)and0.6%(eval03)WERreductioninP2output
–muchbetterperformancethanallCCfilteringinP1output

•CCfiltering

–nodifferenceinperformancebetweenCCmatchandCCmismatch
–adding115hTDT4tobnacgiveP2resultsonlyslightlyworsethanadding

230hTDT4tobnacdata
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Conclusion

•SuccessfullyapplyMPEandMMIforlightlysuperviseddiscriminativetraining

•MPEoutperformsMMIinbothsupervisedandlightlysupervisedtraining

•Closed-captionsfilteringandsentencebasedconfidencemeasurefilteringdon’t
appearusefulforimprovingrecognitionaccuracyforMPE

•ThebestMPEresultcomesfromthemodeltrainedwithalldata

•Byadding255hTDT4datato144hbroadcastnewsacoustictrainingdata,on
eval03

–0.8%absoluteWERratedecreaseonthe5xRTP1-P2CU-HTKsystem
–10.7%WER,whichisthesameastheCU-HTK200310xRTBroadcast

NewsEvaluationsystem
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Conclusion

•Byadding230hTDT4data,ondev03

–0.8%absoluteWERratedecreaseinthe5xRTP1-P2CU-HTKsystem
–11.8%WER,comparewith11.6%WERoftheCU-HTK200310xRT

BroadcastNewsEvaluationsystem

•AddingoutdatedTDT2onbnac+TDT4doesn’tgivemuchfurtherWER
reductionwithcurrentset-up

•Futurework

–Usemorecomplexmodelsformoredata
–Improvelightlysuperviseddiscriminativetrainingprocedures
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