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ABSTRACT

In this paperwe introducefour acousticconfidencemeasures
whicharederivedfrom theoutputof ahybridHMM/ANN large
vocahulary continuousspeectrecognitionsystem. Thesecon-
fidencemeasuredyasedn local posterioprobabilityestimates
computedby an ANN, are evaluatedat both phoneandword
levels,usingthe North AmericanBusinesdNews corpus.

1. INTRODUCTION

A reliablemeasureof the confidenceof a speectrecognises
outputis usefulin mary circumstancesA word may be hypo-
thesisedvith low confidencavhenanout-of-vocalulary (OOV)
wordis encounteredr whentheword modelis matchedhgainst
unclearacousticscausedy disfluenciesor noise. Both OOV
words and unclearacousticsare a major sourceof recogniser
error. A confidencemeasurebasedon can be usedto reject
thosehypothesesvhich arelikely to be erroneoudi.e., have a
low confidence)n a hypothesigest.

Additionally, areliableconfidenceneasurenaybeof prac-
tical usein recognitionsearch(confidenceestimatesmay be
usedto order partial decodinghypotheses)5] andin further
processingf therecognitionoutput. Confidenceestimatesan
alsobe usedin additionto error rate statisticswhenassessing
thequality of therecognitionmodel.

This paperis concernedvith the useof confidencemeas-
uresfor hypothesisserification. Hypothesigestingandthe use
of a confidenceaneasurasa teststatisticaredescribedn sec-
tion 2. Confidenceaneasuresrediscussedn section3, where
we definetheterm‘confidencemeasureanddescribeéheuseof
likelihoodratiosfor the generatiorof confidenceneasureswe
introducefour acousticonfidenceneasurebasedntheestim-
atesof local posteriorprobabilitiesproducedby a hybrid Hid-
denMarkov Model/Artificial NeuralNetwork (HMM/ANN) large
vocalulary continuousspeechrecognitionsystem([7], andin-
vestigateahe useof theseconfidencameasurest boththeword
andphonelevel. Experimentsverecarriedout usingthe North
AmericanBusinesdNews corpus.

2. HYPOTHESIS TESTING

A hypothesigestis a procedurewhich resultsin a decisionto

eitheracceptsomenull hypothesisHg, or to rejectit in favour
of analternatve hypothesisH;. Thenull hypothesiss rejected
if the valueof the teststatisticwith which it is associatedalls
within somecritical region andis acceptedtherwise. In the
caseof aone-tailedtest,theacceptancandcritical regionsare
delineatedy a singlethresholdvalueof theteststatistic. Two

typesof error are possiblewhenperforminga hypothesigest.
Firstly, the null hypothesismay be rejectedwhentheiit is in

facttrue—aTypel error. Secondlythe null hypothesisnaybe
acceptedvhenit is false—aTypell error.
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To formulatea hypothesigestfor the outputof a speech
recognitionsystem,the recogniseroutputmay be declaredas
thenull hypothesigHp). In this casethe alternatve hypothesis
H; isthehypothesishatadecodeghoneor worddid notoccur
A strongettestis madeif a decodinghypothesiss declaredas
the alternatve hypothesidH;. In this case the null hypothesis
(Ho) mustberejectedor H; to beacceptedin orderto carryout
suchatest,ateststatisticis required.A confidenceestimateor
adecodinghypothesiganbe usedastherequiredteststatistic.
To assesshe performanceof a teststatisticas a predictorof
truth or falsity, asetof hypotheses/hichareknown to beeither
trueor falseis required.

3. CONFIDENCE MEASURES

A confidencaneasurenaybedefinedasa statisticwhich quan-
tifies how well amodelmatcheghedata.In the caseof speech
recognitionaconfidencaneasurenaybederivedfrom theout-
put of both the acousticand languagemodels,or from either
modelseparatelyAn acousticconfidenceneasurés onewhich
is derived exclusively from the acousticmodel. (Note thatin
this paperwe arenot concernedvith computingconfidencen-
tervals, or errorbars,on the outputof the acousticor language
models.)

3.1. Lik elihood Ratios

Theuseof likelihoodratioshasbeenproposedisa methodfor
corverting the outputof a’traditional’ HMM-basedrecogniser
into a statisticsuitablefor useasa confidencemeasurd8]. A
traditionalHMM-basedrecognisewwill find theword sequence
model,H, which maximiseghe joint probability, P(X,H), of
theacoustimbserationsequenc® = {x!,... ,x",... ,xN}, and
themodel. Thisjoint probabilityis relatedto the posterioprob-
ability of themodelgiventheacousticsP(H |X), andthelik eli-
hoodof theacousticgiventhemodel,P(X|H), by BayesThe-
orem:
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Whenit is only requiredo find themodelwhichbestmatches
theacousticsP(X,H) is assumedo beproportionalto P(H | X)
sincethe denominatarP(X), is independenof the model. A
consequencef omitting P(X), however, is thatthe recogniser
estimates probabilitywhichis relative to the particularacous-
tic obserations, X. Thusthe outputof a traditional HMM-
basedecognisers notcomparabl@acrosatteranceandis there-
fore notanappropriatestatisticto useasa confidenceneasure.

This difficulty hasbeenaddressetby normalisingP(X|H)
by the likelihood of the acousticggiven a ‘filler’ or 'garbage’
model,P(X|H¢). If P(X|H) is consideredo bethelikelihood
of theacousticgyiventhe null hypothesisHp, andP(X|H;) is
consideredo bethelik elihoodof theacousticgiventhealtern-
ative hypothesisHi, a hypothesigestcan usethe likelihood



ratio shavn below asateststatistic:
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whereA is somesuitablychoserthreshold or operatingpoint.
If thelikelihoodof the acousticgyiven Hg is sufiiciently small
relative to thelikelihoodof theacousticgyivenHy, Hy is rejec-
tedin favour of Hy, andvice versa.

In thecaseof akeyword spottingtask,afiller modelmaybe
usedto modelextraneousacousticssuchasnon-keywordsand
noise. In the caseof an hypothesisserificationtask,a garbage
modelmaybe usedasa moregeneralacoustiomodelandmay
betrainedusinginstance®f keywordsalso.To increasahe ef-
fectivenesof alikelihoodratio statisticasa confidencemeas-
ure,adiscriminatie trainingcriterionhasbeenproposed8]. If
the garbagemodelis assumedo be sufiiciently generalso as
to estimateP(X), this discriminatie training criterion canbe
comparedo a Maximal Mutual Information(MMI) criterion.

3.2. Posterior Probability Estimates

Hybrid HMM/ANN recognisersare well suitedto generating
confidencemeasures.lt hasbeenshavn that both multilayer

perceptrongandrecurrenheuralnetworksarecapableof provid-

ing goodestimate®f the posterioprobabilityof a phonegiven

someacoustidata,P(qp|x") [1, 7]. Asshavnin [6], thesdocal

posteriorprobability estimatesnay be combinedto producea

Viterbi estimateof the global posteriorprobability of a word

sequencgiventheacousticobserations,P(H|X):
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TheABBOT systen(7] is basedn (4), exceptthatthefirst order
Markov modelprior P(qﬂ|q?‘1, H) is usedin placeof P(qp|H).
P(H) is providedby thelanguagenodel.

In the searchprocessthe posteriorP(q|x") is divided by
the acousticdataprior of the phone,P(gx), giving a "scaled
likelihood™:

P(akx™) _ PO ag) 5)
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Wehave usedarepeatedtatephonemodeltopologyis used
with all transitionprobabilitiessetto either0.5 or 0. In this
casethetransitionprobabilitiesareusedto provide a (“pseudo-
Poisson”)durationmodel. Sincethe outputsof the network
probabilityestimatomreimplicitly scaledoy P(X) they arecom-
parableacrosautterancesvithoutthe needfor normalisatiorby
theoutputof ary additionalgarbageor filler models.

3.3. Acoustic ConfidenceMeasures

We have usedanumberof confidencaneasurefrom theoutput
of ahybrid HMM/ANN systemwithout the needfor additional
filler or garbagemodels. Four acousticconfidencemeasures,
derivedexclusively from theacoustianodel,aredefinedbelow.
Theseconfidencemeasuresnay be appliedat both the phone
andword levels. For corveniencewe definethemat the phone
level (recallingthatwe areusingrepeatedgtatephonemodels),
with eachmeasurgroviding a confidenceestimatefor aphone
gk which a hypothesisedtarttime ns endtime ne. The lan-
guagemodelis usedto constrairthesearcHor theoptimalstate
sequencdut is not usedin the computationof the confidence
estimates.

1. ScaledLik elihoodCMg(qy) is thelog scaledikelihood
of thephoneqy, asusedin thedecoding.
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2. Posterior CMpog (0k) is computedoy rescoringthe op-
timal statesequencesingthelocal posteriomprobability
estimatesanddiffers from CMg(qx) by the division by

thepriors. Thisamountgo theassumptiorthatthetrain-
ing datapriorsarecorrect.

CMg)(%k) =

CMpog(Ok) = Z log (p(o|x™))

n=ng

=CMg(tk) + (Ne—ns)logp(ak)  (7)

3. Normalised Posterior CMnpog (k) is CMpog (k) nor-
malisedby the durationof the phonein frames. This
counteractshe underestimatef the acousticprobabilit-
iescausedy the obserationindependencassumption.
Phonedurationconstraintsareappliedduringthedecod-
ing, but do not contrikuteto the confidencaneasures.

CMnpos (Gk) = Z log (p(ak(x"))
_CMpos(QK)
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4. Entropy CMen(qx) is the entroy of the K posterior
phoneprobabilityestimatesutputby theANN eachtime
frame,averagedover thedurationof the phone.

K
Z (ak) log p(aik)

CMert (k) =

—Ns & Ns (9)
Thescaledikelihood,posteriorandnormalisedposteriorprob-
ability confidencemeasurearebasednthemostprobablestate
sequencéobtainedby the Viterbi algorithm). Thus,to extend
thesemeasuredo the word level, time-alignedphonehypo-
theseswhich are constituento the word andtheir timings are
required.CMert (gx) doesnot male useof the optimal statese-
guencejt maybe extendedo theword level by summingover
the durationof a word hypothesisedo startat time ng andto
endattime ne.

A fifth confidencemeasureCM,4(gx) may be calculated
from a phoneor word lattice [4], andis a measuref thelattice
densityat framen — the numberof competingphone(word)
hypothesesNCH,,. As boththelanguageandacousticmodels
contributeto thelattice,thisis notpurelyanacousticconfidence
measure The performancef CM, 4 (gx) wasusedasa bench-
mark againstwhich to comparethe performanceof the other
four confidencemeasures.

Ne

Y NCHy (10)
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4. EXPERIMENTS

TheHubldevelopmentestsetof the1994CSRNAB evaluation
wasdecodedisingthe ABBOT hybrid HMM/ANN systen{7],
undertwo conditions. The first decodingcondition was per
formedusinga 20K word pronunciatioriexicon anda trigram
word grammar Both theword sequencandthe corresponding



phonesequenceaverefoundfor this condition,usingthe Viterbi
criterion. The seconddecodingconditionwasperformedusing
a bigramphonegrammarand no word pronunciationlexicon.
Only the optimal phonesequenceould thereforebe found for
this condition. Confidenceestimatesverethen calculatedfor
eachdecodinghypothesisusing the five confidencemeasures
describedn section3.

A time alignedreferenceword and phonesequencevas
thenobtainedoy performingaforcedalignmentof thereference
word transcription. This was doneusing the same20K word
pronunciatiorlexicon usedfor thedecodingsaugmentedo ac-
commodateary words from the referencetranscriptionwhich
would otherwisebe OOV, andthe local posteriorphoneprob-
abilities outputby the ANN at eachtime frame. Theword and
phonesequencetypothesisedluring the decodingwere then
alignedto thereferencevord andphonesequencesothateach
decodinghypothesisouldbelabeledaseithercorrector incor
rect,by amarkingalgorithm.A numberof markingalgorithms
wereimplementedThey wereall foundto provide similarres-
ults, althoughthe algorithmproposedn [10], which makesuse
of timing information,wasfoundto work slightly betterthanthe
rest. Thisalgorithmcomparesherecogniseputputwith atime
alignedreferencdranscription:in additionto substitutionsjn-
sertionsanddeletionsrecogniseoutputcouldbe markedincor
rectdueto badtime alignmentgusinga 50%overlapcriterion).
All thereportedresultswerecalculatedusingthis algorithm.

Oncethetruth or falsity of eachdecodinghypothesisvas
known, the performanceof eachconfidencaneasureas a test
statisticin a testof the decodinghypothesesould be evalu-
ated. We assessethe performancef the differentconfidence
measure®y computingthe overall probability of error (Typel
+ Typell) in ahypothesigest. This errorprobabilityis propor
tionalto the ClassificatiorError Rate(CER) describedn [10].

In orderto make the performancalifferenceslearbetween
the differentconfidencemeasureshe numberof true andfalse
hypothesesn the test setwere equalisedfor eachcondition.
Thiswasdoneby countingthe numberof falsehypothesefor a
conditionandrandomlyselectinghe samenumberfrom theset
of true hypothesesor thatcondition. Equalisingthe numberof
trueandfalsehypothesebadtheeffectof artificially raisingthe
recogniseerrorrateto 0.5for eachcondition. The actualerror
ratesfor the threeconditionswere0.16,0.08and0.28respect-
ively. In orderto plot the graphsshavn in figures1, 2 and3,
a numberof thresholdsacrossthe rangeof possiblevaluesfor
eachconfidencemeasureweretried. No instancef silence
wereincludedin thetestset.

5. DISCUSSION

Figurel shavsthatCM, 4 givesthebesthypothesiwerification
performanceat the word level. This is consistenwith results
reportedn [2, 3], whereinformationextractedfrom latticesof
n-bestword decodingsvasfoundto beagoodindicatorof word
confidence.

Figures2 and 3 shav thatCMnpog is the bestperforming
teststatisticfor both conditionsat the phonelevel. Thesefig-
uresalsoshav thatareducedorobability of erroris obtainedat
the phonelevel, whereCMnpog givesa probability of error of
0.26whenword level constraintsvereusedand0.22whenonly
phonebigramswereusedto constrainthe search.

It is possiblethatthe performanceof CMnpog at the word
levelis limited dueto theexistenceof crudepronunciatioormod-
elsin the pronunciatiorlexicon. This theorycanbeillustrated
using an example. Figure 4 shavs the local posteriorphone
probabilitiesoutput by the ANN over the durationof an in-
stanceof the word 'usual’. The pronunciationmodelfor the
word usedin the experimentss the phonesequencey uw zh
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Figurel: Hypothesiserificationperformancef theconfidence
measureatthewordlevel usinga 20K word pronunciatiordic-
tionary anda trigramword grammaron a testsetof 1122true
andl1122falsehypotheses.
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Figure2: Hypothesiserificationperformancef theconfidence
measurest the phonelevel usinga 20K word pronunciation
dictionary and a trigram word grammaron a testsetof 1965
trueand1965falsehypotheses.

uw el’. The outputof the acousticmodel,shavn in figure 4 ,

suggestshowever, thata betterpronunciatiormodelmight be
the phonesequencéy uw zh el’. Despitethe crudepronunci-
ationmodel,theword is correctlyhypothesisethy thedecoder
Theconfidencestimatdor this correcthypothesiss thuslower
thanit might be, hada morerefinedpronunciatiormodelbeen
used. It canthereforebe seenthat the performanceof CMg,

CMpog andCMnpog at the word level aredependentiponthe
quality of the pronunciatiormodels.

The effect of a pronunciationmodel also extendsto the
phonelevel. This canbe illustratedusingthe sameexample.
Figure5 shavstheconfidenceestimategor theconstituenphone
hypothesesf thesamehypothesisedord, wherethisphonese-
guencss specifiedby the pronunciatiormodel. It canbe seen
from figure 5 thatthereis a very low confidencdor the second
hypothesisethstanceof thephone’'uw’ in starkcontrasto the
goodconfidenceestimategsor theotherphonehypothesesThis
poor confidenceis dueto a poor acousticmatchsuggestedn
figure4. A consequencef usingthe samepronunciationex-
iconto performtheforcedalignmentfrom whichthereference
phonesequencés obtainedjs thatthe seconchypothesiseih-
stanceof the phone’'uw’ is marled as correct,despiteits low
confidence. Instancessuchas this will compromisethe per
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Figure3: Hypothesiserificationperformancef theconfidence
measureatthephondevel usingabigramphonegrammai(and

no word level lexicon or languagemodel)on a testsetof 5950

trueand5950falsehypotheses.

formanceof CMgj, CMpog andCMnpog at the phonelevel and
maywell beresponsibldor alargeportionof theresidualerror
obseredfor the hypothesiserificationexperiments.
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Figure4: Thelocal posteriorphoneprobabilitiesoutputby the

ANN overthedurationof aninstanceof theword 'usual’.

6. SUMMARY

There are two adwantagesof using hybrid HMM/ANNSs over
likelihoodratiosfor computingconfidenceestimatesThefirst
is thatnoadditionalmodelsarerequiredto normalisethe output
of the acousticmodelsincethey areautomaticallynormalised
dueto the discriminatie training criterion. The seconds that
theacoustianodelis trainedaccordingo the MaximumA Pos-
teriori (MAP) criterion, which is naturally discriminatve and
canbe preferredover the MMI criterionasit doesnot assume
equalpriors.

The besthypothesisverification performanceat the word
level wasa probability of error(Typel + Typell) of 0.27.This
was obtainedusing CM, 4 (gx). The bestperformanceat the
phonelevel was obtainedusingCMnpog (0k). Using this con-
fidencemeasurea probability of errorof 0.26waspossiblefor
adecodingusingword level constraintand0.22for adecoding
usingonly phonelevel constraintslt is possiblethattheacous-
tic confidenceneasureslescribednaybe usedto indicatepoor
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Figure5: Confidenceestimateprovidedby CMnpog (0) for the
constituenphoneof the sameinstanceof theword'usual’.

pronunciationmodels,whereimproved pronunciationmodels
leadto areductionin theresidualerrorfor the hypothesigests.
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