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1. ABSTRACT

In this paperweinvestigateheuseof confidencaneasurefor the
evaluationof pronunciatiormodelsandthe employmentof these
evaluationsin anautomatichaseformearningprocess.The con-
fidencemeasureandpronunciatiormodelsareobtainedrom the
ABBOT hybrid Hidden Markov Model/Artificial Neural Network
(HMM/ANN) Large Vocalulary ContinuousSpeechRecognition
(LVCSR) system[8]. Experimentswere carriedout for a num-
ber of baseformlearningschemesisingthe ARPA North Ameri-
canBusinesNews (NAB) andthe BroadcastNews (BN) corpora
from which it wasfoundthata confidenceneasuréasedscheme
providedthelargestreductionin Word Error Rate(WER).

2. INTRODUCTION

A confidencemeasurenaybedefinedasa functionwhich quanti-
fieshow well amodelmatchesomeacoustiadata,wherethe val-
uesof the function mustbe comparableacrossutterances.More
specifically an acousticconfidencemeasurdas onewhich is de-
rived exclusively from an acousticmodel. As an acousticconfi-
dencemeasurecan be usedto measurethe quality of the match
betweena word modelandthe acousticrealisationf thatword,
independentlyf ary languagenodelconstraintssucha measure
is well suitedto theevaluationof a pronunciatiormodel.

A commonapproacho evaluatingpronunciatiormodelsis to
align the subword classsequenceutputby the recogniselusing
full word level decodingconstraints)againstan alternatve sub-
word sequencepbtainedwithout ary pronunciationmodel con-
straints.In this casea poorpronunciatiormodelis signalledby a
portionof thealignmentwherethe classlabelsdo not match.As it
standghis approactsufiersfrom sufersfrom two problemshow-
ever. Firstly, the alignmentonly signalspotentialpronunciation
variantsand doesnot provide a measureof the quality of model
matchand, secondly obtainingan accuratealternatve decoding
sequencés difficult. Onemethodfor obtainingsucha decoding
sequencés to transcribethe acousticdatawith subword classla-
belsby hand[4]. This methodis prohibitively labourintensie for
large corpora,suchasthe BN corpus. Anothermethodis to run
therecognisepver the datausingonly phonelevel decodingcon-
straints,e.g.[7]. Decodingsequencesbtainedusingthis method
containmary errors,however (typically around30%errorratefor
phoneclassification) Also suchdecodingsequenceshouldnotbe
attributedasmuchcredencen regionsof ambiguousacousticsaas
in thosecontainingclearexamplesof distinctacousticclasses.
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If anacousticconfidencameasurédasedapproaclhis adopted,
the quality of themodelmatchbetweereachsubword classmodel
andtheportionof acousticagainstvhichit is alignedcanbemea-
sureddirectly. In thiscaseapoorpronunciatiormodelis signalled
by constituensubword modelswith low confidencesstimates.

Onceapronunciatioomodelwhichconsistentlyprovidesapoor
matchto the acousticrealisationsof someword hasbeeniden-
tified, that model shouldbe replacedwith one which providesa
bettermatchto theacousticfon average).Suchaprocessequires
the proposalof alternative pronunciationmodels. A numberof
methoddor automaticallygeneratingnalternatve pronunciation
modelfor aword exist [3, 4, 7, 11]. An acousticconfidencemea-
suremay be emplg/edto determinewhetheran alternatve model
is animprovementuponanexisting model.

3. CONFIDENCE MEASURES

An acousticclassmodelcreatedusing a ‘traditional’ HMM esti-
matesthe the likelihood of the acousticobsenation sequenceX

giventhe classqy, p(X|agx). Suchlikelihoodsarerrelative to the
probabilityof theacoustimbsenrations,p(X), andsoarenotcom-
parableacrossutterances.Hencelikelihoodscannotbe usedin

isolationasconfidencaneasuresOneapproactio deriving acon-
fidencemeasurdrom alik elihoodbasedsystemis to form aratio
betweerthelikelihoodof the acousticgjiventhe classmodeland
anestimateof p(X) givenby a‘garbage’ or ‘filler’ model. Theuse
of suchlikelihoodratioshasbeernreportedn thekeyword spotting
and utteranceverificationliterature[9, 10]. A problemwith the
useof suchlikelihoodratiosis thatit is very difficult to explicitly

estimatep(X) for awide rangeof acousticconditions.

A secondapproachto deriving a confidencemeasures to
comparethe likelihood of a particular acousticobseration se-
gquenceagainstthe frequeng distribution of likelihoodvaluesfor
thatclasscalculatedbver somedataset.A low confidences given
to thematchof anacousticclassmodelif its associatedlk elihood
falls sufiiciently far from the meanof the distribution [6]. An ob-
jectionto this approachs thatit is somevhatadhocasit doesnot
explicitly accommodatdifferentacousticconditions.

In contrasto likelihoodbasedecognisershybrid HMM/ANN
systemsare well suitedto producingacousticconfidencemea-
sures. This is becausehe acousticmodel (ANN) can directly
estimateacousticsubword classposteriorprobabilitieswhich are
comparableacrosautterance$2]. The ABBOT [8] acousticmodel
is trainedto estimatephoneclassposteriomprobabilities basedon
alocal portionof acousticof theutterance p(g[x").

In this paperwe malke useof anacousticconfidenceneasure
basednlocal estimate®f posteriomphoneprobabilities CMnpog -
In previousstudiesywe have comparedheperformancef CMnpog
to that of a numberof otherconfidencemeasuregor the task of



decodinchypothesiserification[12, 13]. We have foundCMnpog
to performbetterthanthe otherconfidencemeasuresor the task
of phonehypothesisverificationandto be the leastexpensve to
compute A descriptiorof CMnpog andfour otherconfidencenea-
sureds givenbelow for aphonegy with anhypothesisedtarttime
ns andendtime ne. The n prefixin CMnpog (0k), CMpgi(ax) and
CMnoig(dk) indicatesthatthey are durationallynormalised. This
counteractshe underestimatef the acousticprobabilitiescaused
by the obserationindependencassumptionFigurel providesa
comparisorof the performancef the confidencemeasurefor the
verificationof phonehypothesesbtainedor anepisodeof theBN
corpug usingphonelevel decodingconstraints.

Posterior Probability CMnpog(0k) is computedby rescoringhe
Viterbi statesequencebtainedor a phonegy with thelocal
posteriomprobabilitiesoutputby theacoustiomodel.

CMnpos (0k) = Z log (p(aK|x")) 1)

Ne —nSn

Scaled Likelihood The’scaledikelihood’ of a phonehypothesis
gk is obtainedby dividing the local posteriorprobability
estimateof g, by its acoustiaataprior. TheABBOT system
usesscaledlikelihoodsin the searchfor the optimal state
sequence.
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Online Garbage Theterm’online garbagel1] refersto the nor
malisationof the probability of the bestdecodinghypoth-
esisby the averageprobability of the n-bestdecodinghy-
pothesesThis averagemay be consideredo be a form of
garbagemodelprobability CMgig_n(dk) is CMg(qy) nor
malisedby the averageof the n-bestscaledik elihoods.
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Per Frame Entropy CMert (ns, Ne) istheperframeentroyy of the
distribution of the K local phoneclassposteriorprobabili-
ties,averagedver theinterval ns to ne.

ne K

> quklx log p(cglx") . (4)
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CMert(ng, Ne) =

Lattice Density CM,4(ns, Ne) is ameasuref thedensityof com-
petingdecodingdn an n-bestlattice of decodinghypothe-
sesandis computedby averagingthe numberof unique
competingdecodinghypothesigNCH) which passhrough
aframeovertheinterval ns to ne [5]. CM, 4 (Nns, Ne) is notan
acousticonfidencaneasurasthen-bestlatticesof decod-
ing hypothesedrom which it is derived are createdusing
bothacousticandlanguagemodelinformation.
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Figurel: Hypothesisverificationperformancef five phonelevel
confidencaneasure$or anepisodeof the BN corpusdecodedis-
ing phonelevel constraints.
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CM4t(Nns, Ne) =
e — nS n=ng
CMnpog canbe extendedto the word level, CMnpog (Wj), by
summingthevaluesof CMnpog (0k) overtheK constituenphones
of aword modelanddividing by this number:

1 K
CMnpog (W] K Z CMnpos (k) - (6)

An exampleof poormodelmatchsignalledby low confidence
is illustratedin figure 2. Thesolid linesin the figuretracehow a
subsetf the outputsof the acousticmodelevolve over the dura-
tion of aninstanceof the word 'FUNDS’. The overlayeddashed
linesindicatethetimings of aforcedViterbi alignmentof the pro-
nunciationmodel/f ahn dcl d z/ to the sameportion of acoustics.
CMnpog (0k) valuesfor eachconstitueniphoneof the pronuncia-
tion modelareshavn next to thetimings. Fromthefigureit can
be seenthatthe outputsof the acousticmodeldo not provide ev-
idencefor the occurrenceof the phonegdcl/ and/d/ betweenthe
177th and 180th framesof the utteranceand that the valuesof
CMnpog (0k) are correspondinglyiow for the alignmentof these
two phoneclassmodels.

Figure3illustratesanimproved modelmatch.In this casethe
quality of modelmatchfor the pronunciatiormodel/f ahn z/ to
the sameacousticrealisationof the word 'FUNDS’ is shawvn. It
canbe seenfrom the figure thatthe improved modelfit is accom-
paniedby a commensuraténcreasen confidence.The model/f
ahn z/ wasfoundto matchwith higherconfidenceo the majority
of examplesof the word 'FUNDS’ in the 1994 developmenttest
setof the ARPA Hub-1 NAB corpusandan episodé of the BN
corpus.

4. BASEFORM LEARNING

The ABBOT pronunciationlexicon containsmappingsbetweena
given word and a sequencedf subword acousticclasses. Such
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Instance of the word "Funds”
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Figure2: A subsetof acousticmodeloutputsfor an instanceof
theword’FUNDS’, overlayedwith timingsfrom aforcedViterbi
alignmentof thepronunciatiormodel/f ahn dcl d z/ andvaluesof
CMnpog (Gk) for thealignedmodel(CMnpog (Wj) for thealignment
=—-1.53).

Instance of the word "Funds"
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Figure3: A subsebf acoustianodeloutputsfor thesameacoustic
realisationof the word 'FUNDS’, overlayedwith timings from a
forcedViterbi alignmentof the pronunciatiormodel/f ahn z/ and
valuesof CMnposg (gk) for thealignedmodel(CMnpog (wj) for the
alignment= —0.16).

mappingsaretermedbaseforms Pronunciationvariationsareac-
commodatedhroughthe listing of morethanonebasefornfor a
givenword. In orderto investigatethe potentialof the CMnpog
confidencemeasurdor evaluatingpronunciationmodels,we in-
corporatedt into a 3 stepbaseformearningprocess:

step 1 evaluateentriesn theexisting pronunciatioriexiconbased
onconfidence.

step 2 similarly evaluatealternatve modelsfor eachword consid-
eredin stepl.

step 3 generate new setof lexical entrieshasedipona compar
isonof the evaluationamadein stepsl and2.

4.1. Evaluation of Existing Baseforms

A good pronunciationmodel should provide a consistentlyhigh
confidencematchto instance®f theword it models.Accordingly
our approacho evaluatingexisting pronunciatiormodelswasthe
following:

1. A forced Viterbi alignmentof the referencetranscription
was madeto the training set acoustics. This eliminated
ary potentialcomplicationsntroducedby decodingerrors.
Portionsof acousticgorrespondingo instance®f a given
word could belocatedfrom this forcedalignment.

2. A list of wordseligible for baseformevaluationwascom-
piled. To be eligible for evaluation,a word mustbe seen
in the training seton a suficient numberof occasionsso
asto facilitate a reliable evaluation. We arbitrarily setthe
minimumnumberof occurrencesor eligibility to 10.

3. A given baseformfor a word was alignedagainstall in-
stancesof the word in the training set and values of
CMnpog (Wj) werecalculatedor eachalignment.

4. An overall confidenceestimatefor a given baseformwas
found by averagingthe valuesof CMnpog (Wj) for eachof
its alignments.

4.2. Evaluation of Alternative Baseforms

For this investigation,we electedto usea phonelevel constraint
decodingasthe sourcefor alternatve pronunciatiormodels.This
approacHacilitatedafully automatedbaseformearningprocesses
usinga minimumof linguisticintuitions.

A phonelevel constraindecodingof thetrainingsetwastime
alignedagainstthe forced Viterbi alignmentobtainedduring the
evaluationof the existing baseforms.From this time alignment,
sequencesf hypothesegeneratedy the phonelevel decoding
could be mappedo wordsin thetraining set. This mappingwas
carriedout usinga dynamicprogrammingalignmentwhich males
useof aphonetideaturebasedlistancemetric[4]. A list of unique
mappingswhich canbe usedasalternativebaseformswasthen
compiledfor eacheligible word andorderedby the frequeng of
occurrencef thealternatve baseform.

In orderto combatthe errorful natureof a phonelevel con-
straintdecodingpnly phonesequencewhichoccurredsuficiently
frequentlywereconsideredsvalid alternatve baseformsindeed,
for reasonf computationakxpense the numberof alternatve
baseformsvaluatedwaslimited to the 5 mostfrequent. The set
of alternatve baseformdor a given word were evaluatedin the
samefashionasthe existing baseformsThis confidenceneasure
basedevaluationalsosenesto eliminateary spuriousalternatve
models.



4.3. Generation of New Lexical Entries

We investigateda numberof decisionschemedor acceptingor
rejectingof abaseform.

augment The control schemewasto augmenthe pronunciation
lexiconwith thesetof mostfrequentlyoccurringalternatve
baseforms.

CM-replacel A list of theexistingandalternatve baseformsvas
orderedaccordingo theirassociatedaluesof CMnpog and
the baseformdor a givenword in the existing pronuncia-
tion lexiconwerereplacedwith then-bestbaseformsiravn
from the evaluationlist, wheren wassetequalto the num-
berof baseformgpossessely thewordin theexisting lex-
icon. Therationalebehindthis schemewasto limit the po-
tential confusabilityintroducednto the pronunciatioriexi-
conbytheassociatiomf alargenumberof competingbase-
formswith eachword.

CM-replace2 A similarly orderedlist of existing andalternatve
baseformgo that compiledin CM-replacelwasdravn up
with theexceptionthatshort,frequentlyoccurringfunction
wordswereomittedfrom thelist. Thereplacemenivascar
ried outin anidenticalfashion. The rationalebehindthis
schemas thatsuchfunctionwordsaresubjectto increased
coarticulationand vowel reductionand so it may be sup-
posedhatit is harderto learnbaseformgor suchwords.

CM-augment Theexistingpronunciatioiexiconwasaugmented
with all alternatve baseform®btaininga valueof CMnpog
exceedingthe lowestvalue obtainedfor the setof existing
baseformdor theword in question.

The priorsfor the baseformsaddedto the pronunciationexi-
conwereobtainedby scalingtheirassociatedonfidencevaluesor
frequencie®f occurrenceo therange[0,1].

5. RESULTS

An objective evaluationof a modified pronunciatiorlexicon was
madeby comparingthe WER obtainedusing the original (base-
line) pronunciatioriexiconto thatobtainedusingthemodifiedver-
sionfor somedataset. Thetraining setusedwascomposeaf 15
episode®f NPR’s “Marketplace”,constitutinganapprox. 7 hour
subsebfthe50hourBN corpus.Usingthistrainingset,868words
wereeligible for baseformevaluation,the mostfrequentlyoccur
ring of which was, THE’, with 3310 occurrences.Words such
as'VALVE’, 'TECH’ and’BEGINNING’ occurredon 10 occa-
sions. For baseformearningschemeCM-replace2the 289 most
frequentwordswereomittedfrom the eligibility list (1/3rd).

WER(%)

Pronunciation || Episodefrom

Lexicon TrainingSet  TestSet

baseline 18.5 235

augment 18.2 23.6
CM-replacel 19.0 24.8
CM-replace2 18.4 24.0
CM-augment 17.6 23.1

Tablel: WERvaluesfor thebaseforniearningschemesalculated
for thetestsetandanepisoderom thetrainingset.

6. DISCUSSION AND FUTURE WORK

Fromthetablel, it canbeseerthatCM-augmenschemegerforms
thebest.This schemerovidedanapprox.1% absolutg4.9%rel-
ative) reductionin WER for an episodedravn from the training
seB, but only an approx0.5% absolute(1.7%relative) reduction
on the testset. It may be speculatedhat this lack of generali-
sationis the productof two factors. Firstly, the training andtest
setsmay have beenmismatchedThetraining setwasmadeup of
episodeof NPR’s “Marketplace”,whereaghe testsetwasmade
up of anepisodeof ABC’s “Nightline”* andanepisodeof NPR’s
“All ThingsConsiderecP. In future experimentshetwo datasets
will containa betterbalanceof episodesgrom the 11 shaws of the
BN corpus.Secondlythetrainingsetis relatively smallandwork
is currentlyin progresgo scaleup the evaluationgto atrainingset
of 50 hoursof BN data. Approx. 5K wordswill be eligible for
evaluationusingthis largertraining set.

An increasein the numberof words eligible for evaluation
raisesan interestingissue. Whilst an augmentatiorschemewas
foundto besuperiorto replacemenschemesor arelatively small
setof eligiblewordsthis maynotbethecaseor alargerset,dueto
thepotentialfor introducinga detrimentabmountof confusability
into the pronunciationlexicon. If this is foundto be so, replace-
mentbasedschemesnaywell provide betterperformancelt will
thereforebeinterestingo tracktherelative performancef thedif-
ferentschemessthe they areappliedto larger andlarger setsof
eligiblewords.

Giventhatthereis potentialfor introducingconfusabilityinto
thelexicon, 5K wordsis still only a smallfractionof the 65K that
currentlyresidein the ABBOT BN lexicon. Anotherissuewhich
may ariseis how to propagatethe learnt pronunciationmodels
throughoutthe lexicon. One approachmay be to incorporatea
baseformearntfor a word into thatfor a compoundword which
includesit.

The BN corpus,containsa diverserangeof acousticcondi-
tions, suchasdegradedspeeclsignals,speechmixed with music
andnon-speeckoundsaswell ascleanspeechFor suchcorpora,
it is important,for a reliableevaluation,to only assesgronunci-
ation modelsusing unambiguouscoustics.CMert (ns, Ne) is de-
signedto provide agenerl measuref acoustionodelmatch.As
such,it may be usedto spotoccurrencesf ambiguousacoustics
or acousticxontainingnon-speeckounds.

A morecompletedescriptionof the matchof a basefornto a
setof realisationof agivenwordwould s thedistribution of con-
fidencemeasurealuesover thatset. Figure4 is a histogramof the
valuesof CMnpog (Wj) for thebaseformthhahn dcld 1/ overaset
of realisationf theword '"HUNDRED’. Typically sucha distri-
butionwill bebimodal. Thefractionof goodmodelmatchegives
riseto apeakat high confidenceandthe poormodelmatchedead
to a peakat low confidencewherethe relative magnitudeof the
peakss dependentiponwhetherthe modelprovides,on average,
agoodor poormatchto theacousticsTwo schemesreavailable
for accepting/rejectingaseformsisingsuchdistributions. Firstly,
mixturedistributionscouldbeusedto modelboththeperformance
of a particularbaseformand alsothe averageperformanceof all
baseformdor a word. A comparisonbetweenthe components
modellingthe high confidencepeakcould thenbe usedin the ac-
ceptance/rejectiodecision. A simplerapproachcould be to use
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two threshold€o describethe minimum confidencevalue over a
numberof occasionsequiredfor modelacceptance.

/hhahndcldr/

25
20 B

15 B

Numberof Occurrences

_ACanosz\aNj)

Figure4: A histogramof CMnpog (Wj) values,calculatedusing
the baseform/hh ah n dcl d r/ andthe realisationsof the word
'HUNDRED’ in thetrainingset.

A numberof sourcedor alternatve pronunciatiormodelsbe-
sidesphonelevel constraintdecodingsxist. For example,arule
basedransformationamappingmay be appliedto existing base-
formsto modify phonesequencefll]. It would be desirableto
investigatedifferentsourceof alternatve modelsandtheir effect
onthebaseformearningprocess.
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