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Abstract

In this paperwe presentthe applicationof a boostingclassificationalgorithmto
confidencescoring. We derive featurevectorsfrom speechrecognitionlatticesand
feedtheminto a boostingclassifier This classifiercombineshundredsof very simple
‘weak learners’and derives classificationrules that can reducethe confidenceerror
rateby up to 34%. We compareour resultsto thoseobtainedusingtwo otherstandard
classificatiortechniquesSupportVectorMachineg SVMs) andClassificatiorandRe-
gressionTrees(CART), andshaw significantimprovements.Furthermorethe nature
of the boostingalgorithmallows us to combinethe bestsingle classifierandimprove
its performance.

We presenexperimentaresultson realworld corporaderivedfrom our SpeebBot
Webindex http://wwwspeebbot.comandfrom theHUB4 DARPA evaluationsets.We
believe theseresultshave wide applicability to audio indexing andto acousticand
languagemodelingadaptationvhereword confidencescorescanbe usedin iterative
adaptatiorschemes.
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1 Intr oduction

Speechrecognitiontechnologyhasadvancedo thestagewherereal-world applications
arefeasible.However, dueto the currentimperfectnatureof speechrecognition confi-
dencescoringhasemepgedasanimportantcomponendf currentsystemsConfidence
scoringattemptsto assign‘trust’ to the hypothesegproducedby speechrecognition
systems.

We areinterestedn audioindexing systemdor the Weh Confidencescorescan
bevery usefulfor suchsystemavhereanenormousamountof datais indexedandthe
groundtruth is not known. For example,our speechindexing systemSpeebBot[10]
indexescloseto 9000 hoursof untranscribedudiocontent.A goodconfidencescorer
couldenableusto make useof suchdata,eitherfor acousticandlanguagemodeladap-
tation or evenfor retraining[9]. We could alsouseconfidencescoresto improve our
indexing function.

Theliteraturecontainsmary examplesof techniquegor word confidencescoring.
Typical approachedorm a featurevector by concatenatingr otherwisecombining
oneor morebasicfeaturescorrelatedwith word confidencejncluding basicfeatures
of adjacentwords. One of a variety of classifiersis then appliedto this vectorto
determineconfidencefor the word. Featuresbasedon the acousticmodel (e.g. see
[12]), thelanguagemodel(e.g. [16]), thedecodingprocesqe.g. [17, 8, 19, 5, 7]) and
word semanticg4, 11]) have beenproposed.Classifiersinvestigatednclude simple
thresholdind19], lineardiscriminantanalysisfollowedby alinearthresholdg12, 11],
Bayesclassifierd5], neuralnetworks[17, 12, 8, 18], generalizedinearmodels[7, 14]
anddecisiontrees[8, 11].

In this paperwe explore the useof boostingtechniquedo classifyconfidencedea-
turevectors.Boostingcombineshundredsor eventhousand®f very simpleclassifiers
(called‘weak learners’in the MachineLearningliterature)by a weightedsum. Each
classifierfocusests attentionon thosevectorson which the previousclassifierfails.

The useof boostingclassifierswith the choiceof weaklearnersproposedn [15]
offers us the uniqueadwantageof beinglesssensitve to spuriousfeatures. Thatis,
component®f theconfidencdeaturevectorthatdo notaddary advantageareignored
at the expenseof more promisingfeatures. Additionally, we are ableto analyzethe
relative importanceof eachfeaturein a principledway. A simpleinspectionof the
weaklearnershighlightsthosefeatureghat contribute mostto classification.

2 ConfidenceFeatures

We usea fairly standardsetof confidencdeaturesaugmentedvith onenovel feature
to form afeaturevectorfor eachhypothesizedvord. Sinceour boostingclassifierwill
ignorecomponentshat supply spuriousinformation, thereis no harmin includingas
mary featuresaspossiblg(otherthanwastedprocessingime). Ourbasicsetof features
is listedin Table1.

In additionto thisbasicset,weincludecontext informationfor eachword. Weform
thefinal confidencdeaturevectorfor eachhypothesizedvord asthe concatenatiomf
thefeaturesetin Tablel for thatword, andthecorrespondingetsfor themostlikely (in
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| Component | BasicFeature |
word graphprobabilitye.g. [19]
hypothesigiensityatword beginning
hypothesigiensityatword end
averagehypothesiglensityovertheword
hypothesisiensityat precedingrame
hypothesigiensityatfollowing frame
acousticscore

unigramscore

word lengthin frames

word lengthin phones

10-12 3D pointrepresentinghefirst phoneof the
word (explainedin thetext)

©Coo~NOOUTA~,WNEO

Table 1: Core featuresetusedto constructthe featurevectorfor eachhypothesized
word. This vectoris augmentedby left andright context asdescribedn thetext.

the Viterbi searchsenseprecedingandfollowing words. Our final confidencdeature
vectorthushasdimension39.

Our onenovel featureis a 3D representationf thefirst phoneof eachword. Our
motivationis thatwe wish to includemoreinformationabouttheintrinsic confusabil-
ity of wordsin confidencescoringmetrics. However, sincethereis no simple low-
dimensionamonothetiaepresentationf word confusability we approximatet by the
confusabilityof the first phoneof the word. This is reasonableincean error at the
beginning of the word will impactthe whole word. Indeed,mary words begin with
easilyconfusibleconsonants.

We representhe confusabilityof the first phonein the word by transformingthe
phonelabelto arealthree-dimensiongboint usingMulti-dimensionalscaling(MDS).
This transformationfrom a label to the real spaceallows us to treatthis featurenu-
merically, similar to all otherfeatures MDS (e.g. [20]) is a standardechniquewhich
transformsa seriesof objects,aboutwhich only relative distanceinformationis avail-
able,to aserieof N-dimensionapoints. Themappingattemptgo preseretherelative
distancedetweerobjectssuchthatobjectswhichareknown to be‘close’ to eachother
are‘close’ in the V dimensionakpace.To transformphonelabelsusingMDS, we use
a phoneconfusionmatrix asa measuref the relative distanceamongthem. Figure 1
shaws our 3D representationf TIMIT phonesderivedusingMDS on their confusion
matrix. We seethatlinguistic categoriesarewell preseredin this Euclidearspace We
usethis mappingto obtaina 3D pointfor thefirst phoneof eachword.

3 BoostingClassifier

Boostingis anovel approacho classificationwhich haslately recevedmuchattention
dueto its simplicity, elegance power andeaseof implementationThe basicideasand
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Figurel: 3D Euclideanrepresentationf TIMIT phonesderivedusingMDS on their
confusionmatrix. For clarity, only pointscloseto the origin areshown.

algorithmswereintroducedby Schapird13] andFreund[6].

Boostingappliesaclassificatiorprocedureteratively to a setof weighteddatavec-
tors. At first eachvectoris assigne@nequalweight (or aweightdependingnits prior
probability). On eachiteration,a classifieris learntandthe vectorsthat are classified
incorrectly have their weightsincreasedvhile thosethat are correctly classifiedhave
their weightsdecreased.The intuition is that vectorswhich are difficult to classify
recevve moreattentionon subsequeriterations.

The classifierlearntat eachiterationis calleda ‘weak’ classifier It is calledweak
becausedt is not expectedto classify the training datavery well, only betterthan
50%. Typically avery simpleweakclassifieris used.Thefinal classifier the so-called
‘strong’ classifier is formedasa weightedsum of the weak classifierdearntat each
step.Table2 givesa algorithmicdescriptionof the boostingclassificatiorprocedure.

The formal guaranteegrovided by boostingclassificatiorntheoryarequite strong.
Freundand Schapireprove that the training error of the strongclassifierapproaches
zeroexponentiallyin the numberof iterations.

3.1 Choiceof Weak Learner

The boostingalgorithm doesnot imposeary restrictionon the natureof the weak
learner Any classifierthat doesa betterjob than pure chanceis acceptable.In this
paperwe have experimentedwith a rathersimpleweaklearner We usea variantof
AdaBoost[6] proposeddy Tieu andViola [15] in which the weaklearneris a simple
thresholdthatdepend®n a singlecomponenbf thefeaturevector This weaklearner
examinesthe featurevectorandfindsthe componenaindthresholdthatbestseparates
the two classes.Thereforeeachweaklearnerh;(z) is identifiedby a featurecompo-
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e Begin with N training vectorsz; andtheir associatedabelsy; wherey; = 0,1 for
negative andpositive examplesrespectiely.

e Initialize weightsw; ; = 5=, 5; for y; = 0,1 respectiely, wherem and! arethe

numberof negativesandpositivesrespectiely.
e Fort=1,...,T:

1. Normalizetheweights,
Wt,;

2?21 Wt,j

sothatw; is a probabilitydistribution andaddsupto 1.0.

Wy, 4 —

2. For eachfeature, j, train a classifierh; which is restrictedto usinga single
feature.Theerroris evaluatedwith respecto wy, €; = >, w; |h;(x:) — yi|-
3. Chooseheclassifier by, with thelowesterrore;.
4. Updatetheweights:
Wiy1 i = weify
wheree; = 0 if examplexz; is classifiedcorrectly e; = 1 otherwise,and
B = .

e Thefinal strongclassifieris:

ha)={ 1 Tii (@) > 55
0 otherwise

wherea; = log i

Table2: Theboostingalgorithmfor learninga classifier T' weakclassifiersare con-
structed. The final strongclassifieris a weightedlinear combinationof the T' weak
classifieravheretheweightsareinverselyproportionalto thetrainingerrors.

nent f;, a thresholdd;, anda directiond; indicatingthe direction of the inequality
sign.

) _ 1 if d]fj(.’L') < djé?j
hi(w) = { 0 otherwise @

In practiceno single featurecomponentan performthe classificationtask with low
error. Typically thefirstweaklearnetasanerrorrateof about0.3 andthefinal learners
closerto 0.5. Figure2 shavs weakandstronglearnererrorratesfor the HUB496 data
setasafunctionof thenumberof iterations.We seethatthestrongerrorratecorverges
to 0.2 while theweaklearnercorvergesto aroundo.5.
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Figure2: Strongandweakerrorratesasa function of the numberof iterationsin the
boostingalgorithm. The datasetvasa subsebf the HUB4 confidenceset.

4 Alter native Classifiers

In additionto boosting,we alsoexperimentwith alternatve classifierson our feature
set. We usestandardmplementation®f SupportVector Machines(SVM) [2] and
ClassificatiorandRegressiortrees(CART) [1].

5 Experimental Results

We testour algorithmon confidencefeaturesobtainedfrom two datasets. The first
setis the 1996 HUB4 testset[3], atotal of about3 hoursof speech.The secondset
is sampledrom around9 hoursof transcribedNVeb BroadcastNews from our internal
SpeehBottestset[10].

To obtainlatticesfrom which our confidencdeaturesareextracted,we run a stan-
dardHMM-baseddecoderbuilt on the HUB496 and HUB497 training sets. For the
SpeehBottestset,thetrainingdatais Real-Audioencodedinddecodedo accounfor
the streamedhatureof the testset. The decoderfor the HUB4 datausesl6 Gaussian
mixturecomponentperstate.For the Speebbotdata,8 mixturecomponentareused.
Theword errorratesfor the datasetsare32.9%and55.0%respectiely.

Using the decodedword lattices, We constructconfidencefeaturevectorsas de-
scribedin Section2 for eachword in the top hypothesis.Eachfeatureis labeledwith
‘1’ or‘0’, reflectingwhetheror nottheword s correct.Table3 givesfurtherdetailsof
thefeaturesets,ncludingthebaselinesrroror prior probability of Class0. Noticethat
theerrorratesfor the confidencevectorsarenotthe sameastherecognizeerrorrates.
Thisis becausaleletedwords,which countaserrorsfor word errorratescoresgdo not
appeatin confidencdeaturesets(sincethereis noword to obtainfeaturedor).

| DataSet | Nr. Vectors | BaselineErr or |

HUB496 43k 29.0%
SpeehBot 43k 41.7%

Table3: Detailsof the HUB4 andSpeebBotconfidencdeaturesets
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For all theexperimentgeportedn this papemwe performcrossvalidation. Thedata
setswererandomizedandsplitinto 10 differentsets.Trainingwasperformedon 9 sets
andtestingon the remainingset. This experimentwasrepeated.0 timesby testingon
all 10 sets. Our error ratesarethereforeaveragesover all 10 sets. This experimental
methodprovidesmoreaccurateandvalid results.

We alsoreportthe confidenceerror ratesfor both classes.Any classifiercan be
tunedto minimize globalerrorrateor to minimizefalsepositivesor falsenegatives.In
this paperwe tune our classifiersto operatecloseto the equalerror rate point where
bothfalsepositvesandfalsenegativesaresimilar. Otherwise purresultswill bebiased
by the prior probabilitiesof eachclass.

5.1 HUB496results

Table4 shavstheresultsof testsontheHUB4 datasetWe shaw errorratesfor boosting
systemswith up to 200 weaklearners.We did not obsene significantimprovements
beyondthis number Theresultsshav thatwe canreducethe errorrateto 25.5%, an

improvementof 12.1% relative to the baselineof 29.0%.

Number of Classl Class0 Total
weak learners | Error Rate | Error Rate | Error Rate
1 30.4% 28.9% 28.1%
50 27.6% 27.4% 26.1%
100 27.4% 27.1% 25.9%
200 28.0% 26.3% 25.5%

Table4: Error ratesfor the HUB4 96 datasetandtheir relationshipto the numberof
weaklearners.

On this set,the CART classifierproducesan error rate of 28.1%, almostno im-
provementover the baseline.The SVM classifieryields an errorrateof 31.2%, again
noimprovement.

5.2 SpeechBot results

Table5 presentsesultsfor the SpeebbotdatasetAgain, we shav errorratesfor upto
200weaklearners A substantiaimprovementoverthebaselingesultis obsened. We
improvetheerrorratefrom 41.7% to 27.6%, arelatve improvementof 33.8%. Onthis
datasetthe CART classifiemproducesanerrorrateof 28.4% andthe SVM classifieran
errorrateof 32.6%.

6 Discussion

We obsene thatour boostingclassifieroutperformsoth SVMs and CART classifiers.
Evenon the HUB96 datasetvherethe CART andSVM classifiersfailedto yield arny
improvementboostinggave a 12.1%relative improvement.



Number of Class1 ClassO Total
weak learners | Error Rate | Error Rate | Error Rate
1 28.6% 34.4% 31.9%
50 26.1% 29.7% 28.2%
100 25.5% 29.2% 27.7%
200 25.7% 28.9% 27.6%

Table5: Error ratesfor the SpeebBotdatasetandtheir relationshipto the numberof
weaklearners.

Percentage of weight

0 5 10 15 20 25 30
Weak Learner

Figure3: Weightsappliedto eachof theweaklearners Thefirst fivelearnerscontribute
closeto 25%to thedecision.

Becauseour choiceof weaklearneris a dimensionspecificclassifier it is inter-
estingto examinewhen eachfeaturecomponents chosenby the boostingiterative
procedurelntuitively, confidencevectorfeatureghatarechoserearly aremoreinfor-
mativethanthosechosenateron. Usingthis simpleanalysiswe obsenre thatfeatures
3,0, 3,1, 7and11 arethe first six featureschosenby the strongclassifier These
featurescorrespondo the averagehypothesisdensityover the word, the word graph
probability, the hypothesisdensityat the word beginning, the unigramscoreandthe
middle componentf our 3D representationf thefirst phonein theword. This order
of featurechoiceis relatively consistenacrossexperimentsanddatasetsinterestingly
our 3D phonerepresentatiois moreinformativethanmary of theotherlattice-derved
features.

Figure 3 displaystypical weightsappliedto thefirst thirty weaklearners.We ob-
sene thatthe featuresfor context words(from componentd.4 to 39) thatprovide an-
other26 componentso our 39 dimensionalectoronly appeamfterposition10 or so.
In fact,afterlearning100 weaklearneronly 26 out of thepossible39 arechosen.This
is dueto thefactthatour boostingimplementatiorplaysa dualrole of learningclassi-
fiersandpickingthosefeatureghataremorepromisingin classifyingthedatacorrectly
This characteristiof our boostingimplementatiorcould be usedasa preprocessatio
extractinformativefeaturesrom anarbitrarily large setto aid dimensionalityreduction
in othertasks.



8 REFERENCES

7 Conclusion

In this paperwe have exploredthe useof boostingtechniquedor confidencescoring.
We have comparedthem with two other classificationschemesCART and SVMs,
andconsistentlyoutperformedhem. Our choiceof boostingalgorithmoffers several
adwantages.lt is simpleto implement,fastin its learningtime, and very flexible in
the choice of weak learner In this paperwe have useda very simple learnerthat
picksindividual featuresandclassifieshemwith a thresholdanda flag indicatingthe
directionof theinequalitysign. Remarkablysucha simpleclassifieris ableto provide
upto a34% improvemenin performanc®nthe SpeebBotdatasetMore sophisticated
weaklearnerssuchasCART shouldbeableto improve this performancet the costof
longertrainingtime.

In the future we will explore how confidencescorescan be usedto improve our
public audioindexing system,both to refinethe retrieval function aswell asfor lan-
guageandacousticmodel adaptation.Confidencescoreswill allow usto effectively
mine more than 9000 hoursof unlabeledaudio currently indexed by the SpeebBot
system.
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