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Abstract

In this paperwe presenthe applicationof a boostingclas-
sification algorithmto confidencescoring. We derive feature
vectorsfrom speechrecognitionlatticesand feed theminto a
boostingclassifier This classifiercombineshundredsof very
simple‘weak learners’andderivesclassificatiorrulesthat can
reducethe confidenceerrorrateby up to 34%. We compareour
resultsto thoseobtainedusingtwo otherstandarctlassification
techniques SupportVector Machines(SVMs) and Classifica-
tion and RegressionTrees(CART), and shaw significantim-
provements.Furthermorethe natureof the boostingalgorithm
allows usto combinethe bestsingle classifierandimprove its
performance.

We presentexperimentalresultson real world corporade-
rivedfrom our SpeehBotWebindex http://wwwspeebbot.com
andfrom the HUB4 DARPA evaluationsets.We believe these
resultshave wide applicability to audioindexing andto acous-
tic and languagemodelingadaptationwhereword confidence
scorecanbeusedin iterative adaptatiorschemes.

1. Intr oduction

Speechrecognitiontechnologyhasadwancedo the stagewvhere
real-world applicationsare feasible. However, dueto the cur
rent imperfectnatureof speechrecognition,confidencescor
ing hasemegedasanimportantcomponenbf currentsystems.
Confidencescoringattemptso assign'trust’ to the hypotheses
produceddy speectrecognitionsystems.

We are interestedn audioindexing systemgor the Weh
Confidencescorescan be very usefulfor suchsystemswhere
anenormousamountof datais indexed andthe groundtruth is
not known. For example,our speechindexing systemSpeeh-
Bot[1] indexescloseto 9000 hoursof untranscribe@udiocon-
tent. A goodconfidencescorercould enableusto make useof
suchdata,eitherfor acousticandlanguagenodeladaptatioror
evenfor retraining[2]. We couldalsouseconfidencescoresto
improve our indexing function.

The literature containsmary examplesof techniquesfor
word confidencescoring. Typical approachegorm a feature
vector by concatenatingr otherwisecombiningone or more
basicfeaturescorrelatedwith word confidenceincludingbasic
featuref adjacentvords. Oneof avarietyof classifierds then
appliedto thisvectorto determineconfidencdor theword. Fea-
turesbasedon the acousticmodel (e.g. see[3]), thelanguage
model(e.g. [4]), thedecodingprocesqe.g. [5, 6, 7, 8, 9]) and
word semanticg10, 11]) have beenproposed. Classifiersin-
vestigatednclude simplethresholding[7], linear discriminant
analysisfollowed by a linear thresholdq3, 11], Bayesclassi-
fiers[8], neuralnetworks|5, 3, 6, 12], generalizedinearmodels
[9, 13] anddecisiontrees[6, 11].

In this paperwe explore the useof boostingtechniquedo
classify confidencefeaturevectors. Boostingcombineshun-
dredsor eventhousand®sf very simpleclassifierdcalled‘weak
learnersin theMachineLearningliterature)by aweightedsum.
Eachclassifierfocusests attentionon thosevectorson which
the previousclassifierfails.

Theuseof boostingclassifieravith thechoiceof weaklearn-
ersproposedn [14] offersustheuniqueadwantageof beingless
sensitve to spuriousfeatures Thatis, component®f the confi-
dencefeaturevectorthatdo notaddary advantageareignored
atthe expenseof morepromisingfeatures Additionally, we are
ableto analyzetherelative importanceof eachfeaturein aprin-
cipledway. A simpleinspectionof theweaklearnershighlights
thosefeatureghatcontribute mostto classification.

2. ConfidenceFeatures

We usea fairly standardsetof confidenceeaturesaugmented
with one novel featureto form a featurevector for eachhy-
pothesizedvord. Sinceour boostingclassifietwill ignorecom-
ponentsthat supply spuriousinformation, thereis no harmin
including asmary featuresaspossible(otherthanwastedpro-
cessingime). Our basicsetof featureds listedin Tablel.

[ Component | BasicFeature |
word graphprobabilitye.g. [7]
hypothesiglensityatword beginning
hypothesiglensityatword end
averagehypothesisiensityover theword
hypothesiglensityat precedingrame
hypothesigiensityat following frame
acousticscore

unigramscore

word lengthin frames

word lengthin phones

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

Oo~NOUTA~WNEFEO

Tablel: Corefeaturesetusedto constructhefeaturevectorfor
eachhypothesizedvord. This vectoris augmentedy left and
right contet asdescribedn thetext.

In additionto this basicset, we include contect informa-
tion for eachword. We form thefinal confidenceeaturevector
for eachhypothesizedvord asthe concatenatiof the feature
setin Table1 for thatword, andthe correspondingetsfor the
mostlikely (in the Viterbi searchsenseprecedingandfollow-
ing words. Our final confidencdeaturevectorthushasdimen-
sion39.

Our one novel featureis a 3D representatiorof the first
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Figurel: 3D Euclidearrepresentationf TIMIT phonesierived
usingMDS on their confusionmatrix. For clarity, only points
closeto the origin areshawn.

phoneof eachword. Our motivationis thatwe wish to include
moreinformation aboutthe intrinsic confusabilityof wordsin
confidencescoringmetrics. However, sincethereis no simple
low-dimensionamonothetiaepresentationf word confusabil-
ity, we approximatdt by the confusabilityof the first phoneof
the word. This is reasonablesincean error at the beginning
of the word will impactthe whole word. Indeed,mary words
begin with easilyconfusibleconsonants.

Werepresentheconfusabilityof thefirst phonein theword
by transforminghephondabelto arealthree-dimensionaloint
using Multi-dimensionalscaling (MDS). This transformation
from alabelto thereal spaceallows usto treatthis featurenu-
merically, similar to all otherfeatures. MDS (e.g. [15]) is a
standardechniquewhich transformsa seriesof objects,about
which only relative distancenformationis available,to aseries
of N-dimensionalpoints. The mappingattemptsto presere
the relative distancesdetweenobjectssuchthat objectswhich
areknown to be ‘close’ to eachotherare‘close’ in the NV di-
mensionalspace. To transformphonelabelsusing MDS, we
usea phoneconfusionmatrix asa measureof the relative dis-
tanceamongthem. Figure 1 shavs our 3D representatiorof
TIMIT phonesderived usingMDS on their confusionmatrix.
We seethat linguistic cateyoriesarewell preseredin this Eu-
clideanspace We usethis mappingto obtaina 3D pointfor the
first phoneof eachword.

3. BoostingClassifier

Boostingis a novel approacho classificationwhich haslately
receved muchattentiondueto its simplicity, elegance,powver
and easeof implementation. The basicideasand algorithms
wereintroducedby Schapirg16] andFreund[17].
Boostingappliesa classificationprocedureteratively to a
setof weighteddatavectors.At first eachvectoris assignedn
equalweight (or a weight dependingon its prior probability).
On eachiteration, a classifieris learntandthe vectorsthat are
classifiedincorrectly have their weightsincreasedvhile those
that are correctly classifiedhave their weightsdecreasedThe
intuition is that vectorswhich are difficult to classify receve
moreattentionon subsequeriterations.
Theclassifiedearntateachiterationis calleda ‘weak’ clas-
sifier. It is calledweakbecauset is not expectedto classify

the training datavery well, only betterthan50%. Typically a
very simpleweakclassifieris used. Thefinal classifier the so-
called ‘strong’ classifier is formed as a weightedsum of the
weakclassifierdearntat eachstep. Table2 givesa algorithmic
descriptionof the boostingclassificatiorprocedure.

e Begin with N training vectorsz; andtheir associateda-
belsy; wherey; = 0, 1 for negative andpositive examples
respectiely.

o Initialize weightsw: ; = 5=, 5 for y; = 0,1 respec-
tively, wherem and! are the numberof negatives and
positivesrespectiely.

e Fort=1,...,T:

1. Normalizetheweights,
Wt,i
E;L:I Wt,j
sothatw; is a probability distribution andaddsup to
1.0.

2. For eachfeature,j, train a classifierh; which is re-
strictedto usinga singlefeature. The erroris evalu-
atedwith respecto wy, €5 = >, w; |hj (x:) — 4.

We,; <

3. Chooseheclassifier h:, with thelowesterrore;.
4. Updatetheweights:

1—e;

Wit1,i = Wiy ©

wheree; = 0 if examplex; is classifiedcorrectly
e; = 1 otherwiseandg; = =<t

1—es*

e Thefinal strongclassifieris:

h(z) = { 1 EtT=1 athi(z) > %ZtT:l Qg

0 otherwise

wherea; = log 5-

Table 2: The boostingalgorithm for learninga classifier T
weak classifiersare constructed. The final strongclassifieris
aweightedlinear combinationof the T weakclassifiersvhere
theweightsareinverselyproportionalto thetrainingerrors.

The formal guaranteeprovided by boostingclassification
theory are quite strong. Freundand Schapireprove that the
training error of the strongclassifierapproachegeroexponen-
tially in the numberof iterations.

3.1. Choiceof Weak Learner

The boostingalgorithmdoesnot imposeary restrictionon the
natureof the weaklearner Any classifierthatdoesa betterjob
than pure chanceis acceptable.In this paperwe have exper

imentedwith a rathersimple weak learner We usea variant
of AdaBoost{17] proposedy TieuandViola [14] in whichthe
weaklearneris asimplethresholdhatdepend®nasinglecom-
ponentof the featurevector This weaklearnerexaminesthe
featurevectorandfinds the componenendthresholdthat best
separateshe two classes.Thereforeeachweaklearnerh;(x)

is identified by a featurecomponentf;, a thresholdé;, anda
directiond; indicatingthedirectionof theinequalitysign.
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Figure2: Strongandweakerrorratesasa functionof thenum-
ber of iterationsin the boostingalgorithm. The datasewasa
subsebf theHUB4 confidenceset.
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In practiceno single featurecomponentan performthe clas-
sificationtaskwith low error Typically the first weaklearner
hasan error rate of about0.3 andthe final learnerscloserto
0.5. Figure2 shavs weakandstronglearnererrorratesfor the
HUB496 datasetasa function of the numberof iterations.We
seethat the strongerror rate corvergesto 0.2 while the weak
learnerconvergesto aroundo.5.

4. Alter native Classifiers

In addition to boosting, we also experimentwith alternatve
classifierson our featureset. We usestandardmplementations
of SupportVectorMachineg(SVM) [18] andClassificatiorand
Regressiortrees(CART) [19].

5. Experimental Results

Wetestouralgorithmon confidencdeaturesobtainedrom two
datasets.Thefirst setis the 1996 HUBA4 testset[20], atotal of
about3 hoursof speechThesecondsetis sampledrom around
9 hoursof transcribedWeb BroadcasNews from our internal
SpeehBottestset[1].

To obtain latticesfrom which our confidencefeaturesare
extracted,we run a standarddMM-baseddecoderbuilt on the
HUB496 and HUB497 training sets. For the SpeehBot test
set,thetrainingdatais Real-Audioencodedanddecodedo ac-
countfor thestreameahatureof thetestset. Thedecodefor the
HUB4 datausesl6 Gaussiamixturecomponentperstate.For
the Speehbotdata,8 mixture componentareused. The word
errorratesfor the datasetsare32.9%and55.0%respectiely.

Using the decodedword lattices,We constructconfidence
featurevectorsasdescribedn Section2 for eachword in the
top hypothesis.Eachfeatureis labeledwith ‘1’ or ‘0", reflect-
ing whetheror not the word is correct. Table 3 givesfurther
detailsof the featuresets,including the baselineerror or prior
probability of Class0. Notice thatthe error ratesfor the con-
fidencevectorsare not the sameasthe recognizererror rates.
This is becausealeletedwords, which countaserrorsfor word
errorratescoresdo notappeain confidencdeaturesets(since
thereis noword to obtainfeaturedor).

[ DataSet | Nr. Vectors | BaselineError |

HUB496 43k 29.0%
SpeehBot 43k 41.7%

Table3: Detailsof theHUB4 andSpeehBotconfidencdeature
sets

For all the experimentsreportedin this paperwe perform
crossvalidation. The datasetswererandomizedandsplit into
10 differentsets. Trainingwasperformedon 9 setsandtesting
ontheremainingset. This experimentwasrepeated O timesby
testingonall 10sets.Ourerrorratesarethereforeaveragesover
all 10 sets. This experimentalmethodprovides moreaccurate
andvalid results.

We alsoreportthe confidenceerror ratesfor both classes.
Any classifiercanbe tunedto minimize global errorrate or to
minimizefalsepositivesor falsenegatives.In this papemwetune
ourclassifierso operatecloseto theequalerrorratepointwhere
both falsepositivesandfalsenegativesaresimilar. Otherwise,
ourresultswill bebiasedby theprior probabilitiesof eachclass.

5.1. HUB496results

Table4 shavstheresultsof testsontheHUB4 datasetWe shov

error ratesfor boostingsystemswith up to 200 weaklearners.
We did not obsere significantimprovementsbeyondthis num-
ber Theresultsshav thatwe canreducetheerrorrateto 25.5%,

animprovementof 12.1% relative to the baselineof 29.0%.

Number of Class1 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: Errorratesfor theHUB4 96 datasetandtheir relation-
shipto the numberof weaklearners.

On this set,the CART classifierproducesan error rate of
28.1%, almostno impravementover the baseline. The SVM
classifieryieldsanerrorrateof 31.2%, againnoimprovement.

5.2. SpeechBot results

Table 5 presentgesultsfor the Speehbot dataset. Again, we
shaw errorratesfor up to 200 weaklearners A substantialm-
provementover the baselineresultis obsered. We improve
the errorratefrom 41.7% to 27.6%, arelative improvementof
33.8%. Onthis datasetthe CART classifierproducesan error
rateof 28.4% andthe SVM classifieranerrorrateof 32.6%.

Number of Class1 Class0 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 SpeebBot datasetandtheir rela-
tionshipto the numberof weaklearners.

6. Discussion

We obsene thatour boostingclassifieroutperformsothSVMs
and CART classifiers. Even on the HUB96 datasetwvherethe
CART and SVM classifiersfailed to yield any improvement
boostinggave a 12.1%relative improvement.

Becauseur choiceof weaklearneris a dimensionspecific
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Figure 3: Weightsappliedto eachof the weaklearners. The
first five learnerscontritute closeto 25%to the decision.

classifierit is interestingo examinewheneachfeaturecompo-
nentis choserby the boostingiterative procedure.Intuitively,
confidencevectorfeatureshatarechoserearlyaremoreinfor-
mativethanthosechosenlater on. Using this simple analysis
we obsere thatfeatures3, 0, 3, 1, 7 and11 arethefirst six fea-
tureschoserby the strongclassifier Thesefeaturescorrespond
to theaveragehypothesiglensityover theword, theword graph
probability, the hypothesisdensityat the word beginning, the
unigramscoreandthe middlecomponenbf our 3D representa-
tion of thefirst phonein theword. This orderof featurechoice
is relatively consistentacrossexperimentsand datasets.Inter
estingly our 3D phonerepresentatiois moreinformative than
mary of theotherlattice-dervedfeatures.

Figure3 displaystypical weightsappliedto the first thirty
weaklearners.We obsere thatthe featuresfor context words
(from componentsl4 to 39) that provide another26 compo-
nentsto our 39 dimensionaliectoronly appeaafterposition10
or so. In fact, afterlearning100 weaklearnersonly 26 out of
thepossible39 arechosenThisis dueto thefactthatourboost-
ing implementatiorplaysa dualrole of learningclassifiersand
picking thosefeaturesthat are more promisingin classifying
the datacorrectly This characteristioof our boostingimple-
mentationcould be usedasa preprocessoto extractinforma-
tive featuresfrom an arbitrarily large setto aid dimensionality
reductionin othertasks.

7. Conclusion

In this paperwe have exploredthe useof boostingtechniques
for confidencescoring.We have comparedhemwith two other
classificatiorschemesCART andSVMs, andconsistentlyout-
performedthem. Our choiceof boostingalgorithmoffers sev-
eraladwantages.It is simpleto implement,fastin its learning
time, andvery flexible in the choiceof weaklearner In this
paperwe have useda very simplelearnerthat picks individual
featuresand classifiesthem with a thresholdand a flag indi-
catingthe directionof the inequalitysign. Remarkablysucha
simple classifieris ableto provide up to a 34% improvement
in performanceon the SpeehBot dataset.More sophisticated
weak learnerssuchas CART should be able to improve this
performanceat the costof longertrainingtime.

In the future we will explore how confidencescorescanbe
usedto improve our publicaudioindexing systembothto refine
theretrieval functionaswell asfor languageandacoustianodel
adaptation Confidencescoreswill allow usto effectively mine
morethan9000 hoursof unlabeledaudiocurrentlyindexed by
the SpeehBotsystem.
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