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ABSTRACT

In this paperwe definea numberof confidenceneasureslerived
from an acceptor HMM and evaluatetheir performanceor the
taskof utteranceverificationusingthe North AmericanBusiness
News (NAB) andBroadcasiNews (BN) corpora.Resultsarepre-
sentedor decodingsnadeatboththewordandphonédevel which
shaw therelative profitability of rejectionprovided by thediverse
setof confidencemeasures.The resultsindicatethat language
modeldependentonfidenceneasurebave reducedoerformance
onBN datarelative to thatfor themoregrammaticallyconstrained
NAB data.An explanationlinking the obserationsthatrejection
is more profitablefor noisy acousticsfor a reducedvocalulary
andatthe phonelevel is alsogiven.

1. INTRODUCTION

We definea confidencemeasureas a function which quantifies
how well amodelmatchesomespolenutterancewheretheval-
uesof the function mustbe comparableacrossutterancesMore
specifically an acoustic confidencemeasuras onewhich is de-
rived exclusively from the acousticmodel, whereasa grammati-
cal confidenceneasurés derivedsolelyfrom thelanguagenodel
(LM). A combined confidencemeasuras derived from boththe
acousticand languagemodels. The above definitionis lessre-
strictive than an often usedalternatve which formulatesa con-
fidencemeasureasthe posteriorprobability of word correctness
given a setof ‘confidenceindicators’[8]. The formerdefinition
hasthe adantageof allowing confidenceneasureso be applied
atthestate phoneandwordlevels;thepursuitof thelatteris often
characterisedy the conglomeratiorof multiple potentialcauses
of low confidence typically througha postclassifierobscuring
theirindividual contritutions.

Following [9], threeacousticconfidencemeasuresire presented
in section2. Thesemeasuresrebasedon local phoneposterior
probability estimategproducedoy an HMM/ANN system([7, 3].
We referto suchsystemsasacceptor HMMs to contrastwith the
generatre modellingapproachadoptedin mostHMM systems.
We have demonstrateth [9] thatacceptoHMMs arewell suited
to producingcomputationallyefficient acousticconfidencemea-
sures.Onegrammaticaindtwo combinedconfidencaneasures
arealsopresentedh section2 for comparison.

Theresultsof the applicationof theseconfidencemeasureso the
task of utteranceverification at the word and phonelevel using
the North AmericanBusinessNews (NAB) andBroadcastNews
(BN) corpord aregivenin section3. This sectionalsocontainsa
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brief outline of therangeof metricsavailablefor evaluatingconfi-
dencemeasuresogethewith adiscussiorof theinsightsinto the
cause®f low confidenceprovidedby theresults.

2. CONFIDENCE MEASURES

2.1. Acoustic Measures

Threepurely acousticconfidencaneasuresredefinedbelov for
anhypothesiseghoneqy with adurationD = ne — ns+ 1, where
ns andne arethe startandendframesrespectrely. Theacoustic
obsenrationvectoratframen is denoted".

Posterior Probability nPRq) is computedy rescoringheViterbi
statesequencausing the local posteriorprobability esti-
matesproducedy theacceptoHMM acoustianodeland
durationnormalising:
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Per Frame Entropy S(ns,ne) is the perframeentropy of theK
phoneclassposteriomprobabilitiesestimatedy theaccep-
tor HMM acousticmodel,averagecbver theintenal ns to
Ne:
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2.2. Grammatical and Combined Measures

Equationgor the onegrammaticahndtwo combinedconfidence
measuresre:

N-gram Probability nNG(qgy) is computedy rescoringthe op-
timal phonesequenceising the probability of gx condi-
tioneduponits n-gramhistory h, asestimatecoy the LM,
anddurationallynormalising:

NG(a) = 7 log (P(aklh))
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N-gram basedPosterior Probability nPRyg(gy) resultsfromre-
placingthe acousticclassprior inclusive in nPRqy) with
then-gramprobability of thatclass:

PRo(a) = 5 5 loa( P padn) @

n=n
= nSL(gk)+log((aklh)) . )
Lattice Density LD(ns,ne) is a measureof the densityof com-
petitorsin an n-bestlattice of decodinghypotheseandis
computedy averaginghenumberof uniquedecodinghy-
pothesesvhich passthrougha frameovertheintenal D:
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where NCH, is the numberof competingdecodinghy-
pothesesvhich passthroughthe nth frame of the lattice.
If LD(ns,ne) is computedfrom an n-bestlattice of word
hypothesed\NCH, is equivalentto the‘active word count’
describedn [5].

nPRak) andnSL(gx) may be extendedto a word hypothesisw;
by summingtheirvaluesover the L phonehypothesesonstituent
to wj andnormalisingby L [2]. S(ns,ne) and LD(ng,ne) may
be derived at the word level by simply matchingthe periodover
which they arecalculatedo the durationof theword hypothesis.
nPRg(wj) andnNG(wj) make useof word level LM statistics.

3. EXPERIMENTS

3.1. Utterance Verification

The taskof utteranceverificationmaybecastasa statistical hy-
pothesis test, wherethe decisionto acceptor to rejectthe null
hypothesidg, regardingthecorrectnessf therecogniseoutput,
is baseduponathresholdon the confidenceestimate.A number
of metricsareavailableto evaluatethe performancesf the confi-
dencemeasureén this case.The simplestof theseis the uncondi-
tional error rate of the hypothesigest,wherean errorwill occur
if Ho is rejectedwvhenit is true(atypel error)or acceptedvhenit
is false(atypell error). Theindividual probabilitiesof typel and
typell errorsprovide error statisticsconditioned upona particu-
lar stateof nature(the truth or falsity of Hg). The unconditional
errorrateevaluateshe performancef anhypothesigestrelative
to aparticulartask,whereaghetwo conditionalerrorratescanbe
usedto evaluatethe performancef the testindependentlyf the
prior probabilitiesof the two statesof nature. Whilst conditional
error rates(taskindependentare usefulfor confidencaneasure
developmentponly unconditionakrrorratesarereportecheredue
to spaceconstraintsandthe desireto provide taskdependente-
sults.

In additionto unconditionabndconditionalerrorrates arangeof
evaluationmetricsincluding mutualinformation[4], ROC (Re-
ceiver OperatingCharacteristic{11] and DET (DetectionError
Tradeof) [6] curvesanddistributional separabilityhave beenin-
vestigatedn [10]. Two findingsof thisinvestigationwerethatthe
diversesetof metricsbroadlyagreein their evaluationsandthat

durationnormalisatiorwasbeneficiafor all confidenceneasures.

UtteranceverificationexperimentavereperformedusingtheHub-
3 1995evaluationtestsetof the NAB corpusandseven episodes
from the 1996training setof the BN corpus. The ABBOT large

vocalulary continuousspeechrecognition(LVCSR) system[7]
wasusedto decodesachdatasetundertwo conditions. Thefirst
usedtheword level decoding constraints of a pronunciatiorexi-
conandaword n-gramLM; thesecondusedneitherof theseand
sowasgovernedonly by the phone level decoding constraints of
a bigramdefinedover the phonesefestimatedrom the acoustic
training data). Recognitionoutputat the word and phonelevels
may berecordedor thefirst condition,whereanly phonelevel
outputmayberecordedor thesecond.

3.2. Word vs. PhoneLevel

A broadtrendin two dimensionsanbe seenin figures1 and?2.
Firstly, rejectionis moreprofitablefor BN thanfor NAB dataand
secondlyrejectionis moreprofitablefor phoneconstraintdecod-
ing hypotheseshanat the word level. To explain this, consider
the rangeof valueswhich a confidencemeasuranay take: non-
speectsoundswill causegrossmodelmismatchesndsoleadto
largereductionsn confidencan comparisorto thatfor correctly
recognisedclean speech. Corversely the occurrenceof OOV
words, for example, will causemore subtle model mismatches
asa pronunciationmodel from the lexicon of a LVCSR system
maybeincompatiblewith anOOV word by perhap®nly asingle
phone. Suchdisparitieswill give rise to correspondinglysmall
reductiondn confidence.

This patternof confidenceeductionis complicatedhowever, by
the presencef crudepronunciatiormodelsin thelexicon. Such
modelssubtly reducethe confidencewith which words are cor-
rectly recognisedThis ‘noise’ on the confidencaneasuresalues
maskstherangeof confidenceassociateavith, OOV words. This
maskingmalesit difficult to seta thresholdfor profitablerejec-
tion for thecleanspeectof theNAB corpuswhereashepresence
of non-speectsoundsin the BN datafacilitatesprofitablerejec-
tion (figurel).

Mismatcheswill bemoredistinctfor phoneconstraindecodings,
facilitating more profitablerejection,asthereis no correlateof

a crude pronunciationmodel at this level. It shouldbe noted,
however, thatthe effect of crudepronunciatiormodelsextendsto

the phonelevel to somedegree,asphonehypothesesremarked

againstViterbi alignmentderived usinganimperfectpronuncia-
tion lexicon. Noisewill be manifestatthephonelevel, therefore,
asincorrectphonehypotheseswvill be marked ascorrectandvice

versa.

Additional experimentscarriedout to investigatethis theoryfur-
theraredescribedn the sectionsbelaw. It shouldbe notedthat
the point of minimaon the unconditionalerrorratecurves,inde-
pendenof theprofitability of rejection,is indicative of thedegree
of difficulty of therecognitiontask.

In additionto thesebroadtrends,it canbe seenfrom figures1
and 2 that both LD (ns,ne) and nNG(wj) performbadly at the
phonelevel andon BN dataat the word level, whereaghey per
form at leastaswell asthe othermeasure®n NAB dataat the
word level. At theword level the LM is far moreinformative for
the highly grammaticallyconstrainedNAB datathanit is for the
relatively lessconstrainedN data,whilst atthephonelevel only
abigramlanguagemodelwasused.
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Figure 2: Unconditionalerrorratefor phonelevel constraindecodingsNAB (Left) BN (Right).

3.3. Differing Acoustic Conditions

Thegrossmodelmismatchesausedy non-speeckoundsfacil-
itating profitablerejection,is clearly illustratedin figure 3. The
BN corpusis partitionedinto 7 acousticconditions. The plot on
the left sideof the figureis for the FO condition,which is com-
posedof clean,plannedspeechsimilar to thatfoundin the NAB
corpus,decodedusingword level constraints. The similarity of
NAB andFO0 datais borneout by the likenesshetweerthe plots
for thetwo datatypes.Theplotontheright sideof thefigureis for
the FX condition,which cancontainvery noisy speechandnon-
speechsounds. The arrov headsbelav the abscissaf the two
plotsin figure 3 indicatethe position of the overall bestthresh-
old (i.e. calculatedover all 7 acousticconditions). Thesetwo
referencamarlersindicatethat this thresholdis beyond the best
valuefor FO dataandbelav thatfor FX data,asonemight ex-
pect. The secondplot alsohighlightsthe completelyuninforma-
tive natureof the languagemodelandthe good performanceof
S(ns,ne) for the FX condition. S(ns, ne) is designedo give high
confidencefor cleanspeechandlow confidencen the presence
of non-speecBoundsijrrespectie of theactualdecodinghypoth-
esis. For this reasonthe measurgerformsbadly on NAB data,
but is useful for portionsof the BN corpus. We have success-

fully employed S(ns, ne) for filtering out portionsof unrecognis-
ableacoustic§rom theinput streamto therecognisef1].

3.4. Rich vs. SparselLexicon

An increasinglegreeof mismatctfor incorrectdecodinghypothe-
seswill occurasthe‘richness’of thelexiconis progressiely re-
duced. A marked improvementin the profitability of rejection
is seenbetweenthe plot on the left side of figure 1, which is
for the 60k word baselinelexicon (OOV rate: 0.58%), and fig-
ure 4, which is for a 5k word decodingvocalulary (OOV rate:
8.56%). This resultclearly indicatesthat utteranceverification
performances dependenuponthevocalulary size.

4. CONCLUSIONS

The confidencemeasureshat we have presentechave a simple
and explicit link to the models,allowing themto extract more
subtleinformationregardingthe causeof low confidenceEffects
thatwe have foundinclude:

e Crudepronunciatiormodeldimit confidencaneasurger
formanceby maskingrelatively subtlereductionsn confi-
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Figure 3: Wordlevel unconditionakrrorrateon BN datafor the FO (Left) andFX acousticconditions(Right).
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dencecausedy, for example,O0OV words.

e Non-speechsoundscausegross model mismatchespe-
yond the rangemasled by crude pronunciationmodels,
andsomay be profitablyrejected.

e The degree of model mismatchassociatedvith incorrect
decodinghypothese$or clean readspeechs increaseas
the vocalulary size is decreased.If the vocahlulary size
is sufficiently reduced,model mismatchmay eventually
be pushedpastthe rangemasled by crude pronunciation
models facilitating profitablerejection.

e Thepatternof confidenceeductionis subjectoless'noise’
atthephonelevel allowing for moreprofitablerejection.

e Reducedyuality of LM fit limits the performanceof LM
basedtonfidenceneasurefor themaove from highly gram-
matically constraineadeadspeecho broadcashens data.

e A setof complimentaryconfidencemeasuregan be de-
signedwhichrespondo variouscause®f low confidence.
For example,S(ns, ne) is designedo signallow confidence
for noisyacousticandhigh confidencedor clean.
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