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Abstract

In this paperwe introducea setof relatedconfidencemeasuredor large vocahulary continuousspeech
recognition(LVCSR) basedon local phoneposteriorprobability estimatesoutputby an acceptoHMM
acousticmodel. In additionto their computationakfficiengy, theseconfidencaneasuresreattractve as
they may be appliedat the state-,phone-,word- or utterance-leels, potentially enablingdiscrimination
betweendifferentcausesf low confidencerecognizeroutput, suchas unclearacousticsor mismatched
pronunciationmodels. We have evaluatedtheseconfidencemeasuredor utteranceverification usinga
numberof differentmetrics. Experimentgeveal severaltrendsin ‘profitability of rejection’,asmeasured
by the unconditionalerrorrateof a hypothesigest. Thesetrendssuggesthatcrudepronunciatiormodels
can maskthe relatively subtlereductionsin confidencecausedby out-of-vocalulary (OOV) wordsand
disfluencieshut not the grossmodel mismatchelicited by non-speecisounds. The obsenationthata
purely acousticconfidencemeasurecan provide improved performanceover a measuréaseduponboth
acousticandlanguaganodelinformationfor datadrawvn from the BroadcasiNews corpus but notfor data
drawn from the North AmericanBusinessNews corpussuggestshat the quality of modelfit offeredby
a trigram languagemodelis reducedfor BroadcastNews data. We also argue that acousticconfidence
measuresnay be usedto inform the searcHor improvedpronunciatiormodels.

1 Intr oduction

A reliablemeasuref confidencean the outputof aspeectrecognizeiis usefulundermary circumstances.
For example,a low degreeof confidenceshouldbe assignedo the outputsof a recognizeipresentedvith
anout-of-vocalulary(OOV) word or someunclearacousticscausedy noiseor ahighlevel of background
music.Both OOV wordsandunclearacousticarea majorsourceof recognizeerrorandmaybedetected
by employing a confidencaneasuresateststatisticin a statisticalhypothesigest.

Ourapproacho generatingonfidenceneasuress basediponlocal estimate®f phoneposteriomprob-
abilities producedby a hiddenMarkov model/artificialneuralnetwork (HMM/ANN) system.We referto
suchmodelsasacceptortHMMSs, to contrasivith thegeneratie modellingapproacladoptedn mostHMM
systemgsection3). If phoneposteriomrobabilityestimategonstitutea suitablebasisfor confidencanea-
sures(seee.g.Williams andRenals(1997))thenit is apparenthatacceptorHMMs which producelocal
estimate®f thesevaluesdirectly arewell suitedto producingcomputationallyefficient measuresf confi-
dence.The computationakfficiency of the measuregrisesastheir computatiorrequireslittle morethan
the forward passof someacousticobsenationsthrougha suitablytrainedphoneclassifier In this paper
a setof relatedconfidencaneasureareintroduced.Theseconfidencaneasuresrepurely acoustic:they
arebasedon the acceptoHMM acousticmodelanddo not requirethe incorporationof languagemod-
elling constraints For comparisorwe alsoapply a ‘combined’ confidencemeasuralerivedfrom boththe
acousticandlanguagenodels.

The confidencaneasurefiave beenappliedto the outputof the ABBOT large vocalulary continuous
speechrecognition(LVCSR) system(Robinsonet al., 1996) for the task of utteranceverificationat the
word-andphone-leels. Seseralprobabilisticmetricswereusedfor evaluation.In additionto theircompu-
tationalefficiengy, anattractve propertyof theseacousticconfidenceneasuress their simpleandexplicit
links to theunderlyingacoustiomodel,allowing themto be usedto extractmoresubtleinformationrelated
to the acousticconfidencesFor example,it is of interestto develop confidencaneasureshatareableto
discriminatebetweerlow confidencedueto a mismatchegronunciationrmodel(potentiallyarisingfrom
theoccurrencef anOOV word) andlow confidenceowing to unclearacoustics.

Theremaindeof the paperis structuredasfollows. Section2 is concernedvith statisticalhypothesis
testingandmethodgor evaluatingsuchtestsbasedon conditionalerror probabilities,informationtheory
anddistributional separability Section3 introduceghe statisticaimodelsof speectusedin this paperand
distinguishedetweenrgeneratie andacceptomodelling. Section4 definesa setof confidenceameasures
derived from the acceptorHMM acousticmodel which may be usedas a test statisticin a hypothesis
test. Section5 describes setof utteranceverificationexperimentausingtwo large vocahulary continuous
speechrecognitiondatabasedNorth AmericanBusinessNews andBroadcasiNews.
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Figurel: A confusionmatrix recordingthe actionsresultingfrom a classicalhypothesigestagainstthe
correspondingtateof nature.

2 Statistical HypothesisTesting

A seriesof applicationsf a classicahypothesigestmaybesummarizedn a2 x 2 confusionmatrix such
asthatgivenin figure 1. Fromthefigureit is apparenthattherearetwo typesof error:

¢ Typel errors occurwhenthenull hypothesigHo) is truebut rejected,;
e Typell errors occurwhenHy is falsebut accepted.

Empirical probability estimate$® calculatedrom the 2 x 2 confusionmatrix may be usedto evaluate
ateststatistic(confidencemeasure) The simplestof thesemetricsis the unconditionalerror rate (UER)
P(error) which maybeestimatedy:

N(rejec{Ho),true(Ho)) + N(acceptHo), fals€Hp)) L
N : ®

P(erron) =

whereN(H) is thetotal numberof hypothesetested.
The probability of errorconditionedon a particularstateof naturemaybe similarly estimated:

N(rejec{Ho),trug(Ho))

P(typel erron) = P(rejectHo)|true(Ho)) = N(true(Ho)) . (2)
P(typell erron = P(acceptHo)|fals€Ho)) = N(aCCNeZgTSZ(’LT)S;(HO)) . (3)

Conditionalandunconditionalerror rate statisticsare complimentary Consideran utteranceverifica-
tion taskfor which Hg (representing prior assumptiomegardingthe domainunderconsiderationjs setto
thehypothesighata givenrecognizeoutputis correct.If thetaskis appliedto anisolateddigit recognizey
thenthe percentagef recognitionerrorsis likely to bevery small. In this case a testwhich simply accepts
Ho for eachrecognizenutputwill yield alow UER. However if the taskof interestis moredifficult (e.qg.
spontaneouspeecltrecognition)resultingin a muchhigherword error ratefrom the recognizerthenthis
simplisticstratgy will yield amuchincreasedJER. In contrastthe conditionalerrorratescanbe usedto
evaluatetheperformancef atestindependentf theprior probabilitiesof thetwo statef nature(true(Hop)
andfals€Ho)).

Onemethodfor plotting conditionalprobability statisticsfor a hypothesigestis to usean ROC (Re-
ceiver OperatingCharacteristicturve (Egan,1975). Sucha cune is createdby plotting the ‘hit’ rates
(ordinates)againstthe ‘falsealarm’ rates(abscissaspver the rangeof possibleoperatingpointson the
teststatistic. For example,an ROC curve may be obtainedby plotting P(acceptHo)|true(Ho)) against
P(typell error) or (equivalently)by plotting P(rejectHo)|false€Ho)) againstP(typel error).
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Figure2: A schematidllustrationof ROC plotsfor perfect,guessingandtypical hypothesigests.

P(rejec{Ho)|fals€Ho)) is calledthe powerof a hypothesigest. ROC curvesfor perfect,“guessing”and
typical hypothesigestsareschematicallyllustratedin figure 2.

Figure 3 illustratesthe distributions of the valuesof the teststatistic(confidencemeasurenPRw;)
(seesection4) conditionedupontrue(Hp) andfals€Ho) respectiely. If thesedistributionsareassumed
to be Gaussiarthen the probabilitiesP(typel error) and P(typell error) may be plotted over the range
of operatingpointsof atestasa detectionerrortradeof (DET) curve (Martin et al., 1997). In this case,
the axesarewarpedaccordingto the deviationsof the tails, correspondingo the probabilities,from the
meanof the GaussianThis logarithmicwarpingof the axeshasthe effect of accentuatingry differences
betweenwell performingteststatistics,clusteredn the lower left quadrantof the plot of P(typel error)
againstP(typell error).

An alternatve approacho evaluatinga hypothesigestregardsthe stateof nature(hypothesigrue or
false)andtheactionresultingfrom thetest(acceptor reject)asbinaryrandomvariablesdenotedZ andA
respectiely, andcomputegshe mutualinformationl (Z; A) betweerthem:

1(Z;A) =H(Z)—H(Z|A) =H(A) —H(A1Z), 4)

whereH (-) andH (-|-) denotetheentropy of arandomvariableandthe conditionalentrory of arandom
variablegiven the value of another respectiely. H(Z) measureshe uncertaintyin the stateof nature,
reflectingthe difficulty of the hypothesigestingtask. As before,empiricalprobability estimateobtained
from a 2 x 2 confusionmatrix maybe usedto computethe valueof the metric.

By normalizingl(Z;A) by H(A), equalvaluescan be obtainedfor a particularlevel of hypothesis
testingperformanceirrespectve of thetaskdifficulty. This normalizedmutualinformationmetricE(Z; A)
is known astheefficiency(CoxandRose,1996)of atest:

I(ZiA) _ H(A) —H(AIZ) _ H@)—H(ZA) ©)
H(A) H(A) H(A)

E(ZA) =

Theabove evaluationmetricsresultin asetof curvescoveringarangeof operatingpointsfor ahypoth-
esistest. To obtaina scalarvaluedevaluationmetric eithera particularoperatingpoint canbe chosenpr
it is possibleto integrateover a rangeof operatingpoints. An exampleof thefirst approachis the equal
error rate (EER) conditionwhich specifiesthe point whenP(typel error andP(typell error areequal.
The areaunderthe ROC curwe is an exampleof the secondapproachand hasa well-definedstatistical
interpretation.If the detectionandfalsealarmratesboth caver therange[0, 1], thenthe areahasa value
equalto 1.0for aperfecthypothesigestandhasavalueequalto 0.5for aguessingest?! In thecasewhere

1Thisareais equivalentto thevalueof theMann-Whitng versionof thenon-parametriéwo-samplestatistic(ZweigandCambell.,
1993).
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Figure3: Distributionsof valuesof theteststatisticnPP(w;) (seesectiord) conditionedon thetwo states
of nature(true(Ho) andfals€Hp)) computedor aword-level decodingof someBroadcasiNews data.

a high teststatisticvalueis indicative of true(Hp), the valueof the areais equalto the probability thata
hypothesigiravn at randomfrom the settrue(Ho) hasa teststatisticvaluethatis largerthanthatfor one
drawn atrandomfrom the setfals&Ho).

A third methodfor obtaininga scalarvaluedevaluationmetricis an estimationof the separabilityof
the teststatistic(confidencameasurelistributionsconditionedon the two statesof nature(figure 3). An
idealteststatisticwill yield distributionswhich arecompletelyseparablewheresuchdistributionswould
facilitate perfecthypothesigesting. The separabilityof the two distributions may be estimatedusinga
numberof metrics,two of which arethe Kolmagorov Variational Distance dkej, andthe Bhattadharyya
Distance dghatt (Hand,1997). Anotheris the ‘symmetric Kullback-Leiblerdistance’,dk 2. Sincethe
Kullback-Leiblerdistancebetweentwo distributionsA andB is asymmetricthe symmetricversionsums
the divergenceof the distributions measuredn both directions? We definethesefor the nPRw;) test
statistic(introducedn sectiond):

o = - PPV PRt ©
dorar =3 /pIOPRV) (o)) pnPRI) falsd o) Y
i - ~§pomoorm{ P

- 3 pnPRW)flseHo) Iog{ ;’((:gngfj))":;ff;:‘;”) } , ®

wherenPRw{") denoteghevalueof the confidencemeasurdor the mth word decodingunderconsid-
eration.

2As datapointswith valuesof zero are problematicfor this metric, ary termsof (8) containingzero probability valueswere
ignoredduringthe computatiorof the metric.



3 Generative HMMs and Acceptor HMMs

A completeprobabilitymodelprovidesa probabilitydistribution for all variablesn thesystem.n thecase
of speechrecognition sucha modelwill provide ajoint distribution overthe word sequencenodelM and
theacousticsX, with parameter®, P(M, X; ©). Thisis usuallydecomposethto anacousticmodelterm
P(X|M;®), anda prior languagemodelterm P(M; @), whichis independentf theacoustics:

P(M,X;0) = P(X|M;0)P(M;0) . 9)

This is a geneiative modelsincethe acousticmodel specifiesa probability distribution over acoustic
vectorsX generatedy M. The parametersf this modelareusuallyoptimizedaccordingto a maximum
likelihoodcriterion. If anHMM is usedfor theacoustionodel,thenit is corvenientto performthe param-
eteroptimizationusingthe EM algorithm.

At recognitiontime we are concernedvith finding the most probablemodel M* to accountfor the
obsereddata:

P(X|M;©)P(M;0)

P(X;0) (10)

M* = agmaxP(M|X; ®) = argmax
M M

SinceP(X;©) is independenbf M, the denominatomay be ignoredfor the purposef finding M*.
Theremaininghumerators identicalto theright handsideof (9) andsomaybeestimatedisingageneratie
model. Discardingthe estimationof P(X;©) also facilitatessubstantiacomputationakavings. If the
“correct” modelis in the spaceof modelsunderinvestigationthena generatie modelwill resultin an
optimally performingsystem(providing certainother conditionsare met) (Bahl et al., 1986). Sincethe
correctmodelis notknown for speechiecognitionandM* dependsntheposterioP(M|X; ©), recognition
accurag couldbe maximizedby optimizinga criteriondirectly relatedto theposterior An exampleof this
is themaximummutualinformation(MMI) criterion(Bahl etal., 1986)for generatre HMMs.

AcceptorHMMs are basedon the obsenation that an estimateof P(X) is not requiredto directly
optimizeP(M|X; ©), usingthefollowing factorization:

P(M[X;0) = g P(M,q',...,qV|X;©) (11)

M
gP(ql,... QN IX;@)PM[d,...,q",X;0), (12)
M

whereQy is the setof all possiblestatesequence$q’...gV} throughmodelM, andX = {x!...xN}
is the acousticdata. This doesnot requirea generatre model,but ratherthe posteriorprobability of each
possiblestatesequencegiven the acousticdata. We referto theseasacceptorHMMs sincethey may be
regardedas(stochasticjinite stateacceptorstheusualgeneratre HMM mayberegardedasa (stochastic)
finite stategeneratar

Thefirst termon theright handsideof (12) maybeexpressedisa productof conditionalprobabilities
andfurthersimplifiedassumingafirst orderMarkov process:

z

P',....d"1X;@) = []P@"d,...,d" %, X;0) (13)

>
zZ 1
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P(Q"|q" 1, X;0) . (14)
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This acousticmodelprobability canbe estimatedoy an artificial neuralnetwork suchasa multilayer
perceptror{BourlardandMorgan,1994)or arecurreninetwork (Robinson,1994),makinganassumption
aboutthe dependencen the acousticinput. In the caseof the recurrentnetwork usedin this work, we
assumano dependencenthe previousstateor future acousticfRobinsoretal., 1996):



N
P,V X;©) = [ P("X{;©) - (15)
n=1

For both network architecturesthe acousticomodelhastraditionally beentrainedasa (context depen-
dentor independentphoneclassifier The estimatedprobability distribution for the kth phoneclassgx
is thentied acrossall statesof the correspondingdiMM. As the obsenation distributions are identical,
multiple statephoneHMMs sene only to provide durationalconstraintsn this case.

Although(15) is a zerothorderMarkov processthe overall systemis still first orderMarkov. Thisis
reflectedin the prior (or languagemodel)term which appearsasthe secondterm on the right handside
of (12); assuminghatthe probability of M is conditionallyindependenfrom X giventhe statesequence

{a%...,0"}:

P(gh,...,qN|M; ©)P(M; ©)
1 N. _
N P(q"|q""1,M;©)

r!:ll >w P(@"a"1, M, ©)P(M'; ©)

1R

P(M;0) . 17)

P(9"|g"1,M;®) may be regardedas a prior specifiedby the model (pronunciationsand language
model);the denominatoof (17) s this prior summecbver all modelsandamountsto P(q"|g"~1; ©). This
summationis difficult to performbut a sampleestimateof its value P(q"|g"~1) may be calculatedusing
therelative frequencie®f the phonelabelsin theacoustidrainingdata.Combining(12), (15)and(17) we
have:

P(o"|g"*,M; ©)

P(M|X;0©) ~ X[
| 11 1[ (P4 gplq1;0)

] P(M;0). (18)

The ABBOT recurrentnetwork-basedsystemmakesuseof afurther zeroth-ordeMarkov assumption
in thedenominatarThe Viterbi approximatiorto thefull modelprobabilityis alsomadeduringdecoding:

(qnlq”‘l,M:O)

P(M|X;0) ~ max|_| [ (q"X{;© ZCRE)

] P(M;0). (19)

Thedirectoptimizationof sucha model(Bengioetal., 1992)is a computationallyexpensve process.
However, usingsimilarfactorizationandassumptionasabove, Bourlardetal. (1996)andHennebergtal.
(1997)demonstratethata generalizedEM algorithmexists for the optimizationof the parametersf ac-
ceptorHMMSs. The E-stepconsistsof estimatingthe posteriorstate/timeprobabilitiesgiventhe acoustic
data;the M-stepinvolvesthe parameteoptimizationof thelocal posteriomprobabilityestimatorgtypically
artificial neuralnetworks). This is a generalizedEM algorithmsincethe M-stepis not a directmaximiza-
tion, but aniterative optimization.In the caseof ABBOT, the Viterbi criterionis usedfor trainingaswell
asrecoghnition.

4 ConfidenceMeasures

A confidenceneasue is a functionwhich quantifieshow well a modelmatchesomespeechdata,where
thevalueof thefunctionmustbecomparablacrosaitterancesAn acousticconfidencaneasurés derived
exclusively from an acousticmodel, whereasa combinedconfidencemeasures derived from both the
acousticandlanguagemodels.As poor modelfit is indicative of unclearacousticsor the occurrencef an
OO0V word, a confidencaneasurés anidealcandidatdor ateststatisticin somehypothesigestregarding
the outputof a speechrecognizer A morerestrictive definition of a confidenceneasurgWeintraubetal.,



1997;Gillick etal., 1997)is the posteriomprobabilityof word correctnesgivenasetof “confidencendica-
tors” for therecognizeoutput,suchasacousticandlanguagenodelprobabilities thedurationof theword
hypothesisandinformationfrom aword graph.Thelatterdefinitionhasthe disadwantageof conglomerat-
ing multiple potentialcause®f low confidencetypically througha post-classifiemndthusobscuringheir
individual contrikutions.

Defining confidencemeasuresn termsof modelfit allows utteranceverificationbasedon posterior
probabilitiesof speectsoundunits,but alsoopenghe possibilityfor characterizingonfidenceat different
levels (state,phone,word and utterance).For example,low confidenceat the state-leel implies a mis-
matchedacousticmodel (mostlikely dueto unclearacoustics)whereasa low confidenceat word-level,
but a high confidenceat state-le@el impliesa mismatchegronunciatiormodel.

We have investigatedour acoustiaconfidencaneasuresasedn thelocal posteriomprobabilitiesesti-
matedby anacceptoHMM system arisingfrom (19). Eachof the equationdelow referto phone-leel
outputsgy of therecognisewith startandendframesns andne respectiely. Thedurationof gx in frames
isthusD = ng — ng+ 1.

Posterior Probability PRqy) is computedy rescoringheViterbi statesequencesingthelocal posterior
probabilityestimate®stimatedy theacceptoHMM acoustianodel,

PRG) = 3 log{p(akX{)} - (20)

n=ns

ScaledLik elihood The acceptoHMM systemof section3 is regardedasa “pseudo-generate” model,
in which the likelihoodsof a generatie modelare replacedby likelihood ratios or scaledlikeli-
hoods(Renalset al., 1994), which following (19) may be obtainedby dividing the local posterior
probabilityby theclassprior estimatedrom therelative frequencie®f thephonedabelsin theacous-
tic trainingdata:

p(XPlak) _ P(ak/X7)
o) P 1)

Thismaybeusedto defineSL(qx), thelog scaledik elihoodof a phonehypothesigy:

sla) - Sio g{ qk|x1)}

n=ns )

= PP(ak) —Dlog{P(qw)} - (22)

Online Garbage Theterm“online garbage’(Boite etal., 1993;Bourlardetal., 1994)is usedto referto
the normalizationof the probability of the bestdecodinghypothesishy the averageprobability of
the m-bestdecodinghypothesesThis averagemay be consideredo be a form of garbagemodel
probabilityandsoa separatgarbagenodelis notrequired.OLGn(0k) is SL(gk) normalizedby the
averageof the m-bestscaledik elihoods.

Ne

oLG ( B B mthbest ( Inle)
m qk) - SL(qk) z Iog m bestl p(ql) - (23)
N=ng =Dbest

Per-Frame Entropy S(ns,ne) is the perframeentropy of the K phoneclassposteriorprobabilitiesesti-
matedby theacceptoHMM acoustianodel,averagedovertheinterval ng to ne:

Seng == 3 z P(GEIXD) log{ P(GRIX{)} - (24)

n— Nsk=1



Durationnormalizedversionsof SL(qk), PR(ak) andOLGn(qk), may be obtainedby dividing by D.
S(ns, Ne) is alreadynormalizedfor duration. A consequencef the obsenationindependencassumption
is thatthe probabilityof a decodinghypothesiss alwaysunderestimatedDurationnormalizationcounter
actsthe biastoward shorterdecodinghypothesesreatedby this underestimateThe durationnormalized
versionof, for example,PRqx) is denotechPR gk):

PR = =PRG) (25)

SL(qk), PRgk) andOLG(qx) may be extendedto the word-level by averagingtheir valuesover the
phonesthat are constituentto the word hypothesegBernardisand Bourlard, 1998). S(ns,ne) may be
derived at the word-level by simply matchingthe periodover whichit is calculatedo the durationof the
word hypothesis.

We have alsoinvestigateca combinedconfidencenmeasurghatincorporatedothlanguagenodeland
acoustionodelinformation.

Lattice Density LD(ns,ne) is a measureof the densityof competitorsin an m-bestlattice of decoding
hypothesesndis computedby averagingthe numberof uniquedecodinghypothesesvhich pass
throughaframeovertheinterval ng to ne:

Ne

1
LD(ns,ne) - 5 Z NCHn 5 (26)
N=nNs

where,NCH,4 is thenumberof competingdecodinghypothesesvhich passthroughthe nth frameof
thelattice.

If LD (ns,ne) is calculatedrom anm-bestlattice of word hypothesedNCH, is equivalentto an‘active
word count’ describedby Hetherington(1995). LD(ns,ne) constitutesa combinedconfidencemeasure
sincean m-bestlattice of decodinghypothese$rom which it is calculateds createdusingbothlanguage
modelandacoustianodelinformation.As with the entropy measurel D (ns, ne) is alreadynormalizedor
duration.

5 Experiments

Utteranceverificationexperimentsvereperformedusingthe North AmericanBusinesdNews (NAB) and
BroadcasNews (BN) corpora® TheNAB corpusconsistof asetof businessiews sentencedictatedin a
quietoffice environment.In theseexperimentdhe Hub-31995evaluationtestset(Hub-3E-95)comprising
310utterancesvasused.The BN corpusis composeaf a setof recordingsof broadcastadioandtelevi-
sionnews shaws. This dataencompassesvariety of speakingstylesandacousticconditionsandincludes
acoustigphenomenauchnarrov bandtransmissiorthannelaswell asbackgroundhoiseandmusic. The
Hub-41997evaluationtestset(Hub-4E-97)constitutingapproximatelyd hoursof datawasused.
FortheexperimentusingNAB datathe ABBOT speechrecognizeusedwo recurrennetworks(trained
forwardsandbackwardsin time, to exploit the temporalasymmetryof the recurreninetwork) with a per
ceptualinearprediction(PLP)frontend. Thesenetworksweretrainedonthe WSJOcorpusof around7 200
utterancesFor the BN corpusthe outputsof two similar recurrentnetworks, trainedon approximately39
hoursof the Hub-4 1996training set,werememgedwith the outputof a 4000 hiddenunit multilayer per
ceptron,trainedon the samedatausing modulation-filteredspectrogranieaturegCook et al., 1999). A
bacled-of trigramlanguaganodelwasused trainedonthe200million word NAB text corpusin theNAB
caseandon the 132 million word BN text corpusfor the BN system.Vocahulariesof 60022 and65532
words,obtainedrom the mostcommonunigramsin thetext corporawereusedrespectiely.

3Both corporaareavailablefrom the Linguistic DataConsortium:http://wwwldc.upenn.edu/



Eachdatasetwas decodedundertwo conditions. The first condition usedthe word-level decoding
constaintsof apronunciationexiconandaword n-gramlanguagenodel;thesecondusedneitherof these
andsowasgovernedonly by the phone-l&el decodingconstrints of a bigramdefinedover the phoneset
(estimatedrom theacoustidrainingdata).Recognitioroutputattheword-andphone-leelswasrecorded
for thefirst condition;only phone-leel outputcouldberecordedor the second.

Giventheoutputsof the speechrecognizermarkedaseithercorrector incorrectandtaggedwith their
respectie confidenceestimatesa hypothesigestwasformedusingthe confidenceestimatesasvaluesof
theteststatistic. To determinavhetherthe recognizeoutputis corrector incorrect.the outputwasaligned
with thetranscript.In additionto consideringerrorsdueto substitution@ndinsertionspoortimealignment
wasalsoconsideredo beanerror (Weintraubet al., 1997). Specifically for a sggmentof therecognition
outputto be consideredvell time aligned,anidenticalreferencesggmentwasrequiredwith greaterthan
50% of its durationoverlappingwith thatof therecognitionsggmentandvice versa.An exampleof good
andpoortime alignmentis schematicallyllustratedin figure4.

A B
REF |——+—++—+++—
A | B
Hyp |
incorrect correct

Figure4: A schematidllustration of the 50% overlapcriterion usedto assesshe time alignmentof the
recognitionoutput. After Weintraubetal. (1997).

The resultsof applyinga hypothesigestto the recognitionoutputwasrecordedn a 2 x 2 confusion
matrix, suchasthatillustratedin figure 1. Ho wasdefinedto bethe hypothesighata givensegmentof the
recognitionoutputis correct. From sucha matrix, the unconditionalerror rate of the testwas calculated
using(1). The probabilitiesof type | andtype Il errorswere computedusing(2) and(3). The mutual
informationl (Z; A) andtheefficiengy E(Z; A) werecalculatedising(4) and(5) respectiely andthevalues
for dkol, dehatt anddyk 2 werecalculatedor thevariousconfidenceneasure$ollowing (6), (7) and(8). In
all casessmpiricalprobability estimateglerivedfrom a 2 x 2 confusionmatrix wereusedto calculatethe
valuesof theevaluationmetrics.

Theresultsof theexperimentsarepresentedh figuress, 6 and7 andin tablel.

Fromfigure5, it canbe seenthat,in broadterms,the diverserangeof evaluationmetricsinvestigated
all agreein their rankingsof the five confidencemeasures.The taskindependentetrics,E(Z; A), the
ROC curve andthe sumof P(typel error) plus P(typell error), provide greaterdistinctionsbetweenthe
performancehevariousconfidencaneasureshatthe UER taskdependeninetric. The UER curve shovs
(a) thatnoneof the confidencameasuresacilitate‘profitablerejection’on NAB data,i.e. the rejectionof
ary fractionof thedecodinghypothesebasedipontheir associatedonfidenceestimate®nly leadsto an
increasen the UER of thetest;and(b) thattherecognitionerrorrateonthis particulardatasetis relatively
low (15.4%),evidencedby thelow y-axisintercept.The curvesin the DET plot do notfall far enoughinto
thelower left quadranto benefitfrom theincreasedeparatiorofferedby the axiswarping. The plots of
E(Z;A) andl (Z;A) arevery similar, bara scalingof they-axis.

The performanceof the nOLGm(w;j) confidencemeasureasmeasuredy the sumof P(typel error)
plusP(typell error) on NAB data,for variousvaluesof mis givenin figure6. It canbe seerfrom theleft
panelof thefigurethatsmall performancemprovementsareseenasm is increasedrom oneto five. The
graphin theright panelshavsthatlittle furthergainsareobtainedasmis increasedrom 5 to 40. Although
equivalentgraphsarenot shavn, it wasfoundthatm = 40 wasbestfor BN data,supportingthe intuition
thatthe phoneclassposteriomprobabilitydistributionsarenotas‘sharp’ for BN data.

A comparisorof unconditionakerrorratesover thetwo datatypesanddecodingconditionsis givenin
figure?.

¢ At the word-level, the small amountof profitablerejectionfor BN datacan be contrastedagainst
nonefor NAB data. The combinedconfidencemeasurd_D(ns,ne) providesthe bestperformance
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Figure 5. Assessmentgprovided by various evaluation metricsfor utteranceverification at the word-
level on Hub-3E-95. Top Left Unconditionalerror rates. Top Right The sum of P(typel error) plus
P(typell error) againstpercentagéypothesigejection. Upper Left ROC curves. Upper Right Mutual
information,| (Z; A), againstpercentagéypothesisejection.LowerLeft DET curves,i.e. P(typel error)
vs. P(typell error) on a Gaussiameviate scale.LowerRight Efficiengy, E(Z;A), againstpercentagéy-
pothesigejection.Bottom Valuesof thescalarvaluedevaluationmetrics,dkol, dghats di 2, theareabelow
the ROC curve andthe EER.
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Figure6: Theutteranceverificationperformancef nOLGy(wj) onHub-3E-95for variousvaluesof m, as
measuredby thesumof P(typel error) plusP(typell error) plottedagainspercentagbypothesisejection.

on NAB databut is outdoneby the purely acousticmeasurenPRw;) (offering an 11.6%relatve
decreasén UER at a rejectionrate of 10.2%)on BN data. The worst performingmeasureat this
levelis S(ns, Ne).

e Forthephone-leel decodingsnadeusingword-level constraintsasimilar patternof asmallamount
of profitablerejectionfor BN dataandnonefor NAB datacanbe seen.For boththesegraphsthe
curvesfor all of the confidencemeasuresre tightly clusteredexceptfor S(ns,ne), which again
performstheworst,offering no profitablerejectionfor eitherdatatype.

e Profitablerejectionis witnessedor both datatypesfor phone-leel decodinganadewith phone-
level constraints. The nPRqx) measureprovidesthe bestperformanceon both datatypesat this
level (offering a 23.9%relative reductionin UER at a rejectionrateof 17.8%on NAB dataanda
25.0%reductionat arateof 17.8%on BN data).S(ns, ne) is promotedto the third bestperforming
confidencemeasuravhilst LD (ns, ne) is relegatedto theworstperformingmeasure.

Similar performancedrendscan be seenfrom the valuesfor the areaunderthe ROC curve givenin

tablel.
| [ Hub-3E-95 | Hub-4E-97 |
LD (N, Ne) 0.7772 0.7695
nPRw;) 0.6937 0.7499
NOLGs40(W;) 0.6805 0.7362
nSL(w;) 0.6694 0.7443
S(ns, Ne) 0.6096 0.6643
nPRdk) 0.7908 0.8394
NOLGs40(Ck) 0.7647 0.8380
nSL(qk) 0.7287 0.8168
S(ns, Ne) 0.6860 0.6853
LD (ns, Ne) 0.5243 0.6919
nPRdk) 0.8376 0.8465
NOL Gs40(Ck) 0.8117 0.8285
nSL(qk) 0.7056 0.7404
S(ns, Ne) 0.7960 0.7645

Table1: Theareaunderthe ROC curve for utteranceverificationon Hub-3E-95and Hub-4E-97.Values
for word- (Top) andphone-leel (Mid) hypothesederivedfrom aword-level constrainediecoding andfor
hypotheseserivedfrom aphone-l&el constrainediecoding(Botton).
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6 Discussion

TheNAB corpusis composeaf clean readspeechwhereaghe BN corpuscontainsspeechfound’ under
avarietyof acousticconditions suchasnarrav bandchannelsandin the presencef backgroundnusicor
noise. WhendecodingNAB data,it maythusbe expectedthata large proportionof the errorsaredueto
OOV wordsanddisfluencies.The rangeof potentialsourcesof errorfor BN, on the otherhand,is much
wider.

An explanationasto why profitablerejectionis possibleat the word-level on BN but not on NAB
datais that crudepronunciatiormodelsmaskthe relatively subtlereductionscausedoy OOV wordsand
disfluenciesbut not the grossmodel mismatcheslicited by non-speectsounds. The effects of crude
pronunciatiormodelsextendto boththeword- andthe phone-leels: At theword-level, wordswith crude
pronunciatioomodelswhichareneverthelessorrectlydecodedvill sufferfromreducedonfidenceAt ary
level, decodingsnustbemarkedagainsiareferenceAt thephone-leel, this referencas typically aforced
Viterbi alignmentof the referenceword transcriptionwhich relies upon a setof relevant pronunciation
models. Crudepronunciationmodelswill resultin phonesconstituentto the word constraintdecoding
beingerroneouslynarkedascorrect,despitetheirlow confidenceandcomponentsf thephoneconstraint
decodingbeingmarkedasincorrect,not withstandingheir high confidence.

An exampleof a crudepronunciationmodelis illustratedin lower left panelof figure 8. The plot
shavs therelevantoutputsof the acoustionodel(solid lines) evolving over the durationof aninstanceof
theword funds(dravn from the Hub-3E-95datasefindcorrectlydecodedlespiteits crudepronunciation
model)overlaidwith timings(dashedines)for the Viterbi alignmentof the basefornif ahn dcl d z] to the
acoustics.Also givenin the plot arevaluesnPRg) for the alignmentof eachof the constitueniphones.
The outputof the acousticmodel clearly suggestghe absenceof the phonegdcl] and[d] betweenthe
177thand180thframesof the utteranceandthe alignmentof thesephonesover this interval areassigned
correspondinglyow confidenceestimateg-3.67and-4.56respectiely). Thealignmentof the baseforn{f
ahn dcl d z] recevesanoverallvalueof nPRw;) = —1.53whichis improvedto —0.16 for thealignment
of the baseform[f ahn z], shavn in the lower right panelof the figure. Supportfor the notion thatthe
reductionin confidencedueto crudepronunciatiormodelsis similarto thatfor OOV wordsis providedby
theplotsin theuppermpanelof figure8. Theuppereft panelof thefigureprovidestheplotfor thealignment
of themodelfor theword pair betterone[bcl b ehdx axrw ahn] to aninstanceof theword bedouin(again
drawn from the Hub-3E-95anddecodedasbetteronewhenbedouinis OOV). Theupperright panelplots
thealignmentof thecorrectmodel. It canbeseernthatthetwo modelsdiffer by only asinglephoneandthat
theconfidencédor [ih] (nPRqx) = —0.41) betweerthe586thandthe 588thframesof theutterancds much
higherthanthatfor [ah] (nPRqx) = —5.67) overasimilar period.Overall, the confidencevaluesfor better
one[bcl b ehdx axrw ahn] (nPRw;) = —1.35) andbedouin[bcl b enhdx axrw ih n] (nPRw;) = —0.68)
arecomparablédo thosefor thetwo pronunciatiormodelsfor funds An interestingremedyto the problem
canpotentiallybe craftedfrom thesensitvity of confidenceneasureto crudepronunciatiormodelsitself,
by turning the phenomenorion its head’ and using acousticconfidencemeasureso evaluatepotential
pronunciationmodelsin alignmentagainstexample acoustics. Theseevaluationsmay then be usedto
inform the searchor improvedmodels.

As theconfidencanmeasureS(ns, ne) is basediponthe perframeentropy of theK phoneclassposterior
probabilityestimatesit will only indicatelow confidencef noneof theseclassmodelsprovidesa goodfit
to a givenframeof data. S(ns,ne) may thusbe usedto identify regionswhich arenot cleanspeech.The
poor performancef S(ns,ne) for utteranceverificationon the word constraintdecodingds thereforenot
surprisingasthe value of the measurds independenbf the actualdecodinghypotheses.The improved
performanceof S(ns,ne) for the phoneconstraintdecodingsreflectsthe absencef correlatesfor OOV
words and crude pronunciationmodelsfor this condition. Decodingerrorsare much morelikely to be
causedy unclearacousticsn this case.

The reducedperformanceat the word-level of the LD (ns,ns) measureon BN datamay be attributed
to areductionin the quality of languagemodelfit on this datatype. WhereasNAB datais composeaf
readnenspapetext andsohasaconstrainedjrammayrthe portionsof morespontaneouspeectwhichare
includedin the BN corpuswill have arelatively unconstrainegrammarwhichis harderto capturewith a
simpletrigramlanguagemodel. The poor performanceo the LD (ns,ne) measurdor the phoneconstraint
decodingsnaybeexplainedby thereducedjuality of languagemodelusedfor this condition.
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7 Summary

In this paperwe have shavn thatacceptoHMMs, which directly estimategposteriormprobabilities arewell
suitedto producingcomputationallyefficient measuresf confidence We have evaluateda setof related
acousticconfidencaneasuresinda combinedconfidencaneasurdor utteranceverificationusinga num-
ber of evaluationmetrics. Our experimentshave revealedsereral trendsin ‘profitability of rejection’, as
measuretby theunconditionakrrorrateof ahypothesigest. Thesarendssuggesthatcrudepronunciation
modelscanmasktherelatively subtlereductionsn confidenceausedy OOV anddisfluenciesbut notthe
grossmodelmismatcheglicitedby non-speeckounds.The obsenationthata purelyacoustiaconfidence
canprovide improved performanceover a measurebaseduponboth acousticandlanguagemodelinfor-
mationfor datadravn from the BroadcastNews corpus,but not for datadrawvn from the North American
BusinesdNews corpussuggestshatthequality of modelfit offeredby atrigramlanguagemodelis reduced
for BroadcasNews data.We have alsoarguedthatour definitionof a confidenceneasurgrovidesafocus
for investigatingvhetherlow confidences causedy, for example,an OOV word or someunclearacous-
tics. Lastly, we have suggestedhat purely acousticconfidencaneasuresnay be usefulin the searchfor
improvedpronunciatiormodels.
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