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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’andderivesclassificationrules that can reducethe confidenceerror
rateby up to 34%. We compareour resultsto thoseobtainedusingtwo otherstandard
classificationtechniques,SupportVectorMachines(SVMs)andClassificationandRe-
gressionTrees(CART), andshow significantimprovements.Furthermore,thenature
of theboostingalgorithmallows us to combinethebestsingleclassifierandimprove
its performance.

We presentexperimentalresultson realworld corporaderivedfrom ourSpeechBot
Webindex http://www.speechbot.comandfrom theHUB4 DARPA evaluationsets.We
believe theseresultshave wide applicability to audio indexing and to acousticand
languagemodelingadaptationwhereword confidencescorescanbe usedin iterative
adaptationschemes.
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1 Intr oduction

Speechrecognitiontechnologyhasadvancedto thestagewherereal-world applications
arefeasible.However, dueto thecurrentimperfectnatureof speechrecognition,confi-
dencescoringhasemergedasanimportantcomponentof currentsystems.Confidence
scoringattemptsto assign‘trust’ to the hypothesesproducedby speechrecognition
systems.

We areinterestedin audioindexing systemsfor the Web. Confidencescorescan
bevery usefulfor suchsystemswhereanenormousamountof datais indexedandthe
groundtruth is not known. For example,our speechindexing systemSpeechBot [10]
indexescloseto ������� hoursof untranscribedaudiocontent.A goodconfidencescorer
couldenableusto makeuseof suchdata,eitherfor acousticandlanguagemodeladap-
tationor evenfor retraining[9]. We couldalsouseconfidencescoresto improve our
indexing function.

Theliteraturecontainsmany examplesof techniquesfor word confidencescoring.
Typical approachesform a featurevector by concatenatingor otherwisecombining
oneor morebasicfeaturescorrelatedwith word confidence,including basicfeatures
of adjacentwords. One of a variety of classifiersis then applied to this vector to
determineconfidencefor the word. Featuresbasedon the acousticmodel (e.g. see
[12]), thelanguagemodel(e.g. [16]), thedecodingprocess(e.g. [17, 8, 19, 5, 7]) and
word semantics[4, 11]) have beenproposed.Classifiersinvestigatedincludesimple
thresholding[19], lineardiscriminantanalysisfollowedby a linearthresholds[12, 11],
Bayesclassifiers[5], neuralnetworks[17, 12, 8, 18], generalizedlinearmodels[7, 14]
anddecisiontrees[8, 11].

In this paperwe exploretheuseof boostingtechniquesto classifyconfidencefea-
turevectors.Boostingcombineshundredsor eventhousandsof verysimpleclassifiers
(called‘weak learners’in theMachineLearningliterature)by a weightedsum. Each
classifierfocusesits attentionon thosevectorson which thepreviousclassifierfails.

The useof boostingclassifierswith the choiceof weaklearnersproposedin [15]
offers us the uniqueadvantageof being lesssensitive to spuriousfeatures. That is,
componentsof theconfidencefeaturevectorthatdonotaddany advantageareignored
at the expenseof morepromisingfeatures.Additionally, we areableto analyzethe
relative importanceof eachfeaturein a principledway. A simple inspectionof the
weaklearnershighlightsthosefeaturesthatcontributemostto classification.

2 ConfidenceFeatures

We usea fairly standardsetof confidencefeaturesaugmentedwith onenovel feature
to form a featurevectorfor eachhypothesizedword. Sinceour boostingclassifierwill
ignorecomponentsthatsupplyspuriousinformation,thereis no harmin includingas
many featuresaspossible(otherthanwastedprocessingtime). Ourbasicsetof features
is listedin Table1.

In additionto thisbasicset,weincludecontext informationfor eachword. Weform
thefinal confidencefeaturevectorfor eachhypothesizedword astheconcatenationof
thefeaturesetin Table1 for thatword,andthecorrespondingsetsfor themostlikely (in
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Component BasicFeature

0 word graphprobabilitye.g. [19]
1 hypothesisdensityatword beginning
2 hypothesisdensityatword end
3 averagehypothesisdensityover theword
4 hypothesisdensityatprecedingframe
5 hypothesisdensityat following frame
6 acousticscore
7 unigramscore
8 word lengthin frames
9 word lengthin phones

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

Table1: Core featuresetusedto constructthe featurevector for eachhypothesized
word. This vectoris augmentedby left andright context asdescribedin thetext.

theViterbi searchsense)precedingandfollowing words.Our final confidencefeature
vectorthushasdimension39.

Our onenovel featureis a 3D representationof thefirst phoneof eachword. Our
motivationis thatwe wish to includemoreinformationabouttheintrinsic confusabil-
ity of words in confidencescoringmetrics. However, sincethereis no simple low-
dimensionalmonotheticrepresentationof wordconfusability, weapproximateit by the
confusabilityof the first phoneof the word. This is reasonablesincean error at the
beginning of the word will impact the whole word. Indeed,many wordsbegin with
easilyconfusibleconsonants.

We representthe confusabilityof the first phonein the word by transformingthe
phonelabelto a realthree-dimensionalpoint usingMulti-dimensionalscaling(MDS).
This transformationfrom a label to the real spaceallows us to treat this featurenu-
merically, similar to all otherfeatures.MDS (e.g. [20]) is a standardtechniquewhich
transformsa seriesof objects,aboutwhich only relative distanceinformationis avail-
able,to aseriesof � -dimensionalpoints.Themappingattemptsto preservetherelative
distancesbetweenobjectssuchthatobjectswhichareknown to be‘close’ to eachother
are‘close’ in the � dimensionalspace.To transformphonelabelsusingMDS, weuse
a phoneconfusionmatrix asa measureof therelative distanceamongthem. Figure1
shows our 3D representationof TIMIT phonesderivedusingMDS on their confusion
matrix. Weseethatlinguisticcategoriesarewell preservedin thisEuclideanspace.We
usethis mappingto obtaina 3D point for thefirst phoneof eachword.

3 BoostingClassifier

Boostingis anovel approachto classificationwhichhaslately receivedmuchattention
dueto its simplicity, elegance,powerandeaseof implementation.Thebasicideasand
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Figure1: 3D Euclideanrepresentationof TIMIT phonesderivedusingMDS on their
confusionmatrix. For clarity, only pointscloseto theorigin areshown.

algorithmswereintroducedby Schapire[13] andFreund[6].
Boostingappliesaclassificationprocedureiteratively to asetof weighteddatavec-

tors.At first eachvectoris assignedanequalweight(or aweightdependingonits prior
probability). On eachiteration,a classifieris learntandthevectorsthatareclassified
incorrectlyhave their weightsincreasedwhile thosethatarecorrectlyclassifiedhave
their weightsdecreased.The intuition is that vectorswhich are difficult to classify
receivemoreattentionon subsequentiterations.

Theclassifierlearntat eachiterationis calleda ‘weak’ classifier. It is calledweak
becauseit is not expectedto classify the training datavery well, only better than
50%.Typically a verysimpleweakclassifieris used.Thefinal classifier, theso-called
‘strong’ classifier, is formedasa weightedsumof the weakclassifierslearntat each
step.Table2 givesa algorithmicdescriptionof theboostingclassificationprocedure.

Theformal guaranteesprovidedby boostingclassificationtheoryarequitestrong.
FreundandSchapireprove that the training error of the strongclassifierapproaches
zeroexponentiallyin thenumberof iterations.

3.1 Choiceof WeakLearner

The boostingalgorithm doesnot imposeany restrictionon the natureof the weak
learner. Any classifierthat doesa betterjob thanpurechanceis acceptable.In this
paperwe have experimentedwith a rathersimpleweaklearner. We usea variantof
AdaBoost[6] proposedby Tieu andViola [15] in which theweaklearneris a simple
thresholdthatdependson a singlecomponentof thefeaturevector. This weaklearner
examinesthefeaturevectorandfindsthecomponentandthresholdthatbestseparates
the two classes.Thereforeeachweaklearner ����	�

� is identifiedby a featurecompo-
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� Begin with � trainingvectors
�� andtheir associatedlabels ��� where ����������� for
negativeandpositiveexamplesrespectively.

� Initialize weights ����� � � �� � � ��"! for � � �#�$�%� respectively, where & and ' arethe
numberof negativesandpositivesrespectively.

� For ()�*����+�+%+,�.- :

1. Normalizetheweights,

�0/1� �32 �0/1� �465�"78� � /1� �
sothat �0/ is a probabilitydistributionandaddsup to ��+ � .

2. For eachfeature,9 , train a classifier � � which is restrictedto usinga single
feature.Theerroris evaluatedwith respectto � / , : � � 4 � �;��< � � 	=
��1�?>@���"< .

3. Choosetheclassifier, �$/ , with thelowesterror : / .
4. Updatetheweights: � /=A8��� �8�B� /1� �DC �FEHGJI/

where KL�M�N� if example 

� is classifiedcorrectly, KL�O�P� otherwise,andC / � QDR��E Q R .� Thefinal strongclassifieris:

�8	=
S�T�
U � 4WV/=78�SX /J��/�	=
S��Y �� 46V/=78�HX /� otherwise

where X /Z�6[]\�^ �_ R
Table2: Theboostingalgorithmfor learninga classifier. - weakclassifiersarecon-
structed. The final strongclassifieris a weightedlinear combinationof the - weak
classifierswheretheweightsareinverselyproportionalto thetrainingerrors.

nent ` � , a thresholda � , anda direction b � indicating the directionof the inequality
sign.

� � 	�

�T�
U � if b � ` � 	�

�dceb � a �� otherwise

(1)

In practiceno singlefeaturecomponentcanperformthe classificationtaskwith low
error. Typically thefirst weaklearnerhasanerrorrateof about�$+ f andthefinal learners
closerto �$+hg . Figure2 showsweakandstronglearnererrorratesfor theHUB496data
setasafunctionof thenumberof iterations.Weseethatthestrongerrorrateconverges
to �$+hi while theweaklearnerconvergesto around�$+hg .
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Figure2: Strongandweakerror ratesasa functionof thenumberof iterationsin the
boostingalgorithm.Thedatasetwasasubsetof theHUB4 confidenceset.

4 Alter nativeClassifiers

In additionto boosting,we alsoexperimentwith alternative classifierson our feature
set. We usestandardimplementationsof SupportVector Machines(SVM) [2] and
ClassificationandRegressiontrees(CART) [1].

5 Experimental Results

We testour algorithmon confidencefeaturesobtainedfrom two datasets. The first
setis the 1996HUB4 testset[3], a total of about3 hoursof speech.The secondset
is sampledfrom around9 hoursof transcribedWebBroadcastNews from our internal
SpeechBottestset[10].

To obtainlatticesfrom which our confidencefeaturesareextracted,we run a stan-
dardHMM-baseddecoderbuilt on the HUB496 andHUB497 training sets. For the
SpeechBottestset,thetrainingdatais Real-Audioencodedanddecodedto accountfor
thestreamednatureof the testset. Thedecoderfor theHUB4 datauses16 Gaussian
mixturecomponentsperstate.For theSpeechbotdata,8 mixturecomponentsareused.
Theword errorratesfor thedatasetsare32.9%and55.0%respectively.

Using the decodedword lattices,We constructconfidencefeaturevectorsasde-
scribedin Section2 for eachword in thetop hypothesis.Eachfeatureis labeledwith
‘1’ or ‘0’, reflectingwhetheror not theword is correct.Table3 givesfurtherdetailsof
thefeaturesets,includingthebaselineerroror prior probabilityof Class0. Noticethat
theerrorratesfor theconfidencevectorsarenot thesameastherecognizererrorrates.
This is becausedeletedwords,which countaserrorsfor worderrorratescores,do not
appearin confidencefeaturesets(sincethereis noword to obtainfeaturesfor).

Data Set Nr. Vectors BaselineErr or
HUB496 43k 29.0%
SpeechBot 43k 41.7%

Table3: Detailsof theHUB4 andSpeechBotconfidencefeaturesets
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For all theexperimentsreportedin thispaperweperformcrossvalidation.Thedata
setswererandomizedandsplit into 10differentsets.Trainingwasperformedon9 sets
andtestingon theremainingset.This experimentwasrepeated10 timesby testingon
all 10 sets.Our error ratesarethereforeaveragesover all 10 sets.This experimental
methodprovidesmoreaccurateandvalid results.

We alsoreport the confidenceerror ratesfor both classes.Any classifiercanbe
tunedto minimizeglobalerrorrateor to minimizefalsepositivesor falsenegatives.In
this paperwe tuneour classifiersto operatecloseto the equalerror ratepoint where
bothfalsepositivesandfalsenegativesaresimilar. Otherwise,ourresultswill bebiased
by theprior probabilitiesof eachclass.

5.1 HUB496results

Table4 showstheresultsof testsontheHUB4 dataset.Weshow errorratesfor boosting
systemswith up to 200weaklearners.We did not observe significantimprovements
beyondthis number. Theresultsshow thatwe canreducethe error rateto i�gj+hg�k , an
improvementof �li$+m�nk relative to thebaselineof io��+ ��k .

Number of Class1 Class0 Total
weak learners Err or Rate Err or Rate Err or 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 theHUB4 96 datasetandtheir relationshipto thenumberof
weaklearners.

On this set, the CART classifierproducesan error rateof iop�+m�nk , almostno im-
provementover thebaseline.TheSVM classifieryieldsanerror rateof f���+hi�k , again
no improvement.

5.2 SpeechBot results

Table5 presentsresultsfor theSpeechbotdataset.Again,weshow errorratesfor up to
200weaklearners.A substantialimprovementoverthebaselineresultis observed.We
improvetheerrorratefrom q���+sr�k to itr�+ utk , a relative improvementof f�f�+ p�k . Onthis
dataset,theCART classifierproducesanerrorrateof iop$+ q�k andtheSVM classifieran
errorrateof ftij+ utk .

6 Discussion

We observethatour boostingclassifieroutperformsbothSVMs andCART classifiers.
Evenon theHUB96 datasetwheretheCART andSVM classifiersfailed to yield any
improvementboostinggavea12.1%relative improvement.
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Number of Class1 Class0 Total
weak learners Err or Rate Err or Rate Err or 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 theSpeechBotdatasetandtheir relationshipto thenumberof
weaklearners.
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Figure3: Weightsappliedto eachof theweaklearners.Thefirst fivelearnerscontribute
closeto 25%to thedecision.

Becauseour choiceof weak learneris a dimensionspecificclassifier, it is inter-
estingto examinewheneachfeaturecomponentis chosenby the boostingiterative
procedure.Intuitively, confidencevectorfeaturesthatarechosenearlyaremoreinfor-
mativethanthosechosenlateron. Usingthis simpleanalysiswe observe that featuresf , � , f , � , r and ��� are the first six featureschosenby the strongclassifier. These
featurescorrespondto the averagehypothesisdensityover the word, the word graph
probability, the hypothesisdensityat the word beginning, the unigramscoreandthe
middlecomponentof our 3D representationof thefirst phonein theword. This order
of featurechoiceis relatively consistentacrossexperimentsanddatasets.Interestingly,
our3D phonerepresentationis moreinformativethanmany of theotherlattice-derived
features.

Figure3 displaystypical weightsappliedto thefirst thirty weaklearners.We ob-
serve that thefeaturesfor context words(from components14 to 39) thatprovide an-
other26 componentsto our 39 dimensionalvectoronly appearafterposition10 or so.
In fact,afterlearning �l��� weaklearnersonly i�u outof thepossiblef�� arechosen.This
is dueto thefactthatour boostingimplementationplaysa dualrole of learningclassi-
fiersandpickingthosefeaturesthataremorepromisingin classifyingthedatacorrectly.
This characteristicof our boostingimplementationcouldbeusedasa preprocessorto
extractinformativefeaturesfrom anarbitrarily largesetto aiddimensionalityreduction
in othertasks.
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7 Conclusion

In this paperwe have exploredtheuseof boostingtechniquesfor confidencescoring.
We have comparedthem with two other classificationschemes,CART and SVMs,
andconsistentlyoutperformedthem. Our choiceof boostingalgorithmoffersseveral
advantages.It is simple to implement,fast in its learningtime, andvery flexible in
the choiceof weak learner. In this paperwe have useda very simple learnerthat
picks individual featuresandclassifiesthemwith a thresholdanda flag indicatingthe
directionof theinequalitysign.Remarkably, suchasimpleclassifieris ableto provide
upto a foq�k improvementin performanceontheSpeechBotdataset.Moresophisticated
weaklearnerssuchasCART shouldbeableto improvethisperformanceat thecostof
longertrainingtime.

In the future we will explore how confidencescorescanbe usedto improve our
public audioindexing system,both to refinethe retrieval function aswell asfor lan-
guageandacousticmodeladaptation.Confidencescoreswill allow us to effectively
mine more than ������� hoursof unlabeledaudio currently indexed by the SpeechBot
system.
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