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Abstract

In this papemwe preseninapproacho recognitionconfidencescorirg anda setof
techniquesor integratingconfidencesaoresinto the understandingnddialogue
component®f aspeechtunderstandingystemTherecognitioncomponentisesa
multi-tieredapproachwhereconfidencescoresarecomputedat the phonetic,
word, andutterancdevels. The scoresare producedby extractingconfidence
featurefrom the computatiorof therecaynition hypothesesndprocessinghese
featuresusinganaccept/rejectlassifierfor word andutterancenypothesesThe
scoregyeneratedby the confidenceclassifiercanthenbe passean to thelanguage
understandingnddialoguemodelingcomponent®f the systemln these
componentshe confidencescorescanbe combinedwith linguistic scoresand
pragmaticconstraintdeforethe systemmakesa final decisionaboutthe
appropriateactionto betaken. To evaluatethe systemgexperimentsvere
conductedisingthe supPI TER weathelinformationsystem An evaluationof the
confidenceclassifierat the word-level showvs thatthe systemdetect$66% of the
recognizes errorswith afalsedetectiorrateon correctlyrecognizedvordsof
only 5%. An evaluationwasalsoperfamedatthe understandingevel using
key-valuepair concepterrorrateasthe evaluationmetric. Whenconfidencescores
wereintegratedinto the understandingomponenbf thesystemarelative
reductionof 35%in concepterrorratewasachiezed.
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1. Intr oduction

The SpolenLanguageSystemssroupcondictsresearcheadingto the developmeniof con-
versationakystemdor human—machinateraction.Thesesysemsmustnot only recognize
the words which are spdken by a userbut also understandhe users query and respond
accordingly.To achieve this goal, accurateautomaticspeechrecognitionis a necessityThe
presenceof incorrecty recognizedwvords may causethe sydem to misunderstane users
requestpossiblyresultingin the executionof anundesirablection.

Unfortunatelytoday’'s speechrecognitiontechndogy is far from perfect and errorsin
recognitionmustbe expected For example,let us considerthe performancef the JUPITER
weatheiinformationsystem(Zueetal., 2000. Onarandomlyselectedestsetof 2388utter
ancestherecognizeffor JUPITER achiezesaword errorrateof 19-1%. On utterancesvhich
containno out-of-vocalulary words and are cleanof other artifactsthat make recognition
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difficult (i.e. backgroundnoise, partial words, etc.) the error rateis only 9-9%. However,
thesé‘clean” utterance constituteonly 75% of thetestdata.The errorrateon theremaining
25%of thedatais over50%! It is this type of performancevhich motivatesthedevelopment
of confidencescoringtechniquesBecauseaecognitionsystemsannotyet (and may never)
completelyavoid recognitionerrors,it alternatvely becomeslesirableor asystento beable
to detectwhenrecognitionerrorshave occurredandtake appropriateactionsto recover from
theseerrors.

Onesimpleapproachto dealwith recognitionerrorsis to rejectentire utterancesvhich
the systemis having troublereagnizing.In caseswvheretherecognizeiis unableto produce
alikely recognitionhypothess which corveys a clearandobvious semantianeaningt may
be betterfor the systemto rejectthe ertire utteranceatherthanprovide aresponsavhichis
inconsistentvith theusersactualrequestin thiscircumstancavarietyof stratgiescouldbe
employedto guidethe user Oneapproachs to provide informative “help” messagewhich
instruct the useraboutthe systems cambilities therebysteering the usertowards queries
thatthe systemcanhandle. Anotherapproachs to fall backinto a strict directeddialogue
paradigmwherethe systemaskstheuservery specificquestionsn orderto constrairtheuser
to thevocahulary andknowledgedomainof the system.

The primary difficulty with utterance-level rejectionstrategiesis that the useris not in-
formedaboutthe specificportionsof the utterancewith which the recognizetaddifficulty.
A lack of feedbaclaboutwhatportionsof anutterancehe systemdid anddid notunderstand
couldleadto increased:onfusionaboutwhat the usercanandcannotsayto the system For
example,suppose userasksthis question:

is there a floodwarningfor harper’sferry.

If thesystemcompletelyrejectsthisrequestttheutterancdevel theuserdoesnotknow if
the systemcould not recognizethe conceptof a floodwarning, the city of harper’sferry, or
both. Without moreinformationabou why the systemrejectedthis utterancethe usermay
be unsureaboutwhatto saynext.

Ideally, thesystemshouldbe ableto detectword-level recognitionerrors.With knowvledge
aboutthe confidencethe recognizerhadin eachof the specificwordsthatit hypothesized,
the systemcould tailor a responseéo the userwhich is moreinformative aboutwhatit did
anddid not understandrom the users requestFor example,supposea userasksiuPITER
thefollowing question:

whatis theforecastfor paramuspark new jersey.

For this example,the JUPITER speectrecognizerdoesnot have the word paramusin its
vocahulary. As swch, the recognizemwill provide its bestguessusing the wordsit knows.
Thus,it might hypothesizehe following query:

whatis theforecastfor paris park new jersey.

Using confidencescoringtechniquessupPi TER shouldbe ableto determinethat the word
paris wasnot areliablehypothesislt could then markthis word asa potentiallymisrecog-
nizedword whenpassig the utteranceon to the understandingomponenof the system At
that point the undersandingcomponentvould needto be ableto determinethatthe useris
looking for the forecastfor someplacein New Jersg, but that the nameof the placewas
misrecognizedUsingthis informationthe systemcouldthenpronpt the userwith thelist of
placesn New Jersg for which it knows forecastsThe systemmight alsopromptthe userto
spellthe nameof the city andlearnit for futureuse.
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To develop a systemcapableof the actionsdescribediwo specificresearchgoals must
be addressedrirst, arecognitionconfidencescoringtechniquewnhich accuragly determines
whena recognizers outputhypothesiss reliableor unreliablemustbe developed.Second,
confidencescoresnustbeintegratedinto the back-endcomponent®f the system(e.g.lan-
guageunderstandingnddialoguemodeling)therebyenablingthesecompaentsto make an
informed decisionaboutthe actionthat shouldbe taken whena confidencescoreindicates
thata hypothesismay beincorrect.lt is thesetwo goalsthatour researctstrivesto address.
In this paperwe will presenthe detailsof our approactto this problemard presenexperi-
mentalresultsdemonstrang the capabilitiesof our techniques.

2. Recognitionconfidencescoring
2.1. Overviev

An accuratemethod for determiningconfidencescoresfor the speechrecognition process
musttakeinto accountwo primary difficultiesinherentin typical speechiecognitionsystems.
First, the modds usedin therecognitionprocessnay beinadequatefor ary numberof rea-
sons,for discriminationbetweencompetinghypothesesSemnd, recognizes are typically
developedfor eclosedsetrecognition(e.g.recognitionusinga pre-determinedixed vocalu-
lary) andarethusnot entirelyappropriatdor opensetrecognitionproblemswvhereunknovn
words,partialwords,andnon-speechmoisesmay corrupttheinput.

Thus,anaccurateonfidencescoing techniqueshouldtake into accounthevariousfactors
which cancontibute to misrecognitionsFirst, the scoringtechniquemustbe ableto deter
minewhetheror nottherecognizethasmary competinghypothesesvhich could causecon-
fusions.Recognitionerrorsare lesslikely to occur when one hypothesiseasily out-scores
all othercompetinghypothesesL ik ewise,erorsarefar morelikely to occurwhenmultiple
competinghypothesesll have similar scores(Hetherington 1994. Secondthe recognizer
mustbe ableto determindf theinput speechis actuallya goodfit to theunderlyingmodels
usedby the systemregardlessof therelative scoresof the competinghypothesesErrorsare
morelikely whenthereis a poorfit betweertheinputtestdataandthetrainingdata.This can
bethe casewhenunknavn wordsor non-speeclsoundsarepresentn theinput data.

Whenexaminingtheresultsof therecogiition process,confiderte scoresfor therecogni-
tion outputcanbe computedon variouslevels, including the phoneticlevel, the word level,
andthe utterancdevel. In this paperwe will referto confidenceat the phoneticlevel as the
reliability of theindividual acousic modelscoresIn standarchiddenMarkov model(HMM)
systemsthis would correspondo the acousticscoresat the framelevel. In our systemwe
generatephonetic-l@el confidencescoresonly as an intermediatesteptowardsgenerating
word-level andutterance-leel corfidencescoresWe utilize the samebasicapproachasout-
lined, for computingbothword-level andutterance-leel scores.

To attackthis problemwe startby extractinga setof confidencdeatuesfrom the com-
putationsperformedduring recognition.The extraction of multiple confidencefeatureshas
beeninvestigatedin mary recentresearchefforts (Chase 1997 Sui, Gish & Richardson
1997 Schaal& Kemp 1997 Weintraubetal., 1997 Pao, Schmid& Glass 1998 providing
uswith awide variety of potentialfeatureso examine.Thesefeaturescanbe selecteased
on their corrdation with the correctnessf the recognitionhypothesesrom which they are
extracted(Schaaf& Kemp 1997. In our case we selecteda subsetof the mary potential
confidencefeaturedo utilize in our systemusinga greedysearchover mary candidatefea-
tures. This searchiteratively addsfeaturesto the featuresetby choosingthe one feature
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from the candidatesetwhich mostimprovesthe confidencepredictionresultswhenusedin
conjunctionwith previously selectedeaturesThealgorithmstopsaddingfeaturesvhenthe
additionof new featuresfails to improve performanceThe final setof selectecconfidence
featuresarecombinedtogetter into a singleconfidencdeature vector

After the confidenceeaturevectorfor eachparicular hypothesishasbeencomputed it
canbe passedhrougha confidene scoringmodelwhich producesa singleconfidercte score
basedon the entire featurevector In pastresearchefforts, a variety of differentmethods
for generatinga single confidencescorefrom a multi-dimensionfeaturevector have been
explored. Thesemethodsinclude the use of Fisherlinear discriminantprojection (Schaaf
& Kemp 1997 Pao et al., 1998, mixture Gaussiarmodeling (Kampparj 1999, neural
networks (Schaaf& Kemp 1997 WendemuthRose& Dolfing, 1999 and supportvector
machinegMa, Randolph& Drish, 2001).

Oncea scorefor eachhypothesishasbeendetermineda variety of possibleactionscan
betaken.In very basicsystemdesignsa discretesetof actionssuchas“accept”, “reject” or
“confirm” canbe appliedto a hypothesidhasednits confidencescore.In morecomplicated
systemstherecognizercangenerate full graphof hypothesesugmentedvith confidence
scoreswhich canbepassedalongto theunderstandingrd dialoguemodelingcomponentsf
thesystemRose,Yao,Riccardi& Wright, 2000 HazenBurianek,Polifroni & Senef, 2000.
Thesecomponentsancombinetherecognizers confidencescores with linguistic scoresand
pragmaticconstraintgo arrive ata final hypothesisanddeterminethe appropriateadion.

2.2. Phonetic-l@el scoring

Many confidencescorirg techniquesocus on an examinationof the scoresproducedby
the recognizers acousticmodelsat the phoneticlevel. Becausethe raw acousticscores
areusuallynot particularlyusefulas confidencemeasure¢Bergen& Ward 1997, various
methodsexist to normalizethesescaes(Lleida & Rose 1996 Cox & Dasmahapatrd 999
Williams & Renals 1999 Kamppari& Hazen 2000. In this work all of the acousticscores
producedat the phondic level arenormalizedagainsta catch-all model. The normalization
of theacousticscoredoesnot affect the outcomeof therecognitionsearchout doesallow the
scoreproducedor eachphoneto actasa phonetic-l@el confidencdeature Mathematically
thephonetic-leel confidencescorefor ahypothesizeghhoneu givenanacoustiombsenation,
X, is:
P, W
px)
This normalzationprocesgproducesa score,which is zero-centereavith respecto the log
of p(X), allowing the scaesto be consistentacrossdifferentobsenations.In practice, the
catch-all modelthatis usedis anapproximatiorof the p(x) modelthatwould resultfrom the
weightedsummaion of the p(X|u) modelsover all u. The approximationof p(xX) is created
by performing a bottom-upclusteringof the full setof componets in p(X) and approxi
mating large clustersof componentsvith single Gaussiardensities(Kampparj 1999. All
referenceso acousticscoresin the remainderf this paperreferto the normalizedacousic
scoregustdescribed.

Phonetic-lgel acousticconfidencescoresanbe usefulfor avarietyof tasks. For example,
thesescorescan be usedto locate mis-matchesetweenthe acousticmodelsdictatal by
a word’s given pronunciationand the amustic obserationsfor that word, therebyhelping
identify missingalternatepronunciationdor ary givenword. In a similar vein, an exami-
nationof thes scoresduring recognitioncould be usedto helpidentify wordsthatthe user

c(ulX) = log
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hasmispronouncedin this work, we are primarily interestedn identifying recognitioner
rorsattheword andutterancdevels. In this scenario,examinationof the individual phonetic
confidencescoredss performedonly asanintermediatesteptowardsproducinghigherlevel
confidencescores.

2.3. Utterance-level featues

For eachutterance,a single confidencefeature is constructedrom a setof utterance-leel
featuresextractedfrom the recognizerFor this work 15 differentfeaureswhich have been
obseredto provideinformation aboutthecorrectnessf anutterancéypothesisvereutilized.
Theseutterance-leel featuesare:

10.

11.

12.

13.

14.

15.

. Top-choicetotal score: The total scorefrom all models(i.e. the acousticJanguage,

andpronunciatiormodels)for thetop-choicehypothesis.

. Top-choiceaverage score: The averagescoreper word from all modelsfor the top-

choicehypothesis.

. Top-choicetotal N-gram score: The total scoreof the N- gram modelfor the top-

choicehypothesis.

. Top-choiceaverageN-gram score: Theaveragescoreperword of the N-grammaodel

for thetop-choicehypothesis.

. Top-choicetotal acousticscae: The total acousticscoresummedover all acoustic

obsenationsfor the top-choicehypothesis.

. Top-choiceaverageacousticscore: The averageacousticscoreperacousticobsena-

tion for thetop-choicehypothess.

. Total scoredrop: Thedropin thetotal scorebetweerthetop hypothesisandthesecond

hypothesisn the N-bestlist.

. Acoustic score drop: Thedropin thetotal acousticscorebetweerthe top hypothesis

andthesecondchypothesidgn the N-bestlist.

. Lexical score drop: Thedropin the totd N-gramscorebetweenthe top hypothesis

andthe seconchypothesisn the N-bestlist.

Top-choiceaverageN-bestpurity: TheaverageN-bestpurity of all wordsin thetop-
choicehypothesisThe N-bestpurity for a hypothesiedword is thefractionof N-best
hypothesesn which thatparticularhypothesizedvord appearsin the samelocationin
thesentenceThe N-bestpurity is sometimeseferredio asthe” N-bestScore”(Gillick,
Ito & Young 1997).

Top-choicehigh N-best purity: The fraction of wordsin the top-choi@ hypothesis
which have an N-bestpurity of greatethanonehalf.

AverageN-bestpurity: TheaverageN-bestpurity of all wordsin all of the N-bestlist
hypotheses.

High N-bestpurity: Thepercentge of wordsacrossall N-bestlist hypothesesvhich
have an N-bestpurity of greaterthanonehalf.

Number of N-besthypothesesThenumberof sertencehypothese#n the N-bestlist.
This numberis usuallyits maximumvalue of 10 but can be lower if fewer than10
hypothesesireleft afterthe searchprunesaway highly unlikely hypotheses.
Top-choicenumber of words: The numberof hypothesizedvordsin the top-choice
hypothesis.
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2.4. Word-levelfeatues

For eachhypothesizedword in each N-besthypothesis,a set of word-level featuresare
extractedfrom therecognizeto createa confidencdeaturevector For thiswork 10 different
featureswhich have beenobseredto provide informationaboutthe correctnes®f a word
hypothesiswereutilized. Thesefeaturesare:

1. Mean acoustic score: The meanlog-likelihood acousticscore acrossall acoustic
obsenationsin the word hypothesigwherethe acousticscoreis a zero-centeretbg-
likelihoodratio andnot araw density functionscore).

2. Mean acousticlik elihood score: The meanof the acoustidik elihoodscoregnot the
log scoreshacrossll acoustt obsenationsin theword hypothesis.

3. Minimum acoustic score: The minimum (or worst) log-likelihood scoreacrossall
acousticobsenationsin theword hypothesis.

4. Acousticscore standard deviation: Thestandardleviationof thelog-likelihoodacous-
tic scoresacrossall acoustt obsenationsin theword hypothesis.

5. Mean differ encefrom maximum score: Theaveragedifferencebetweertheacoustic
scoreof a hypothesizeghonéic unit andthe acousticscoreof the highestscoring(or
best)phoneic unitfor thesameobsenationacrossall acoustiombsenationsin theword
hypothesis.

6. Mean catch-all score: Meanscoreof thecatch-allmodelacrossall obsenationsin the
word hypothesis.

7. Number of acousticobsewations: The numberof phone-l@el acousticobsenations
within theword hypothesis.

8. N-bestpurity: Thefractionof the N-besthypothesesn which the hypothesizedvord
appearsn thesamepositionin theutterance.

9. Number of N-best: Thenumberof sentence-kel N-besthypothesegeneratedby the
recognizer

10. Utterancescore: Theutteranceonfidencescoregeneratedrom the utterarcefeatures
describedpreviously.

2.5. Classifiertraining
2.5.1. Thetraining data

To train the confidencescoringmechanismandthe accept/rejectlassifier a setof training
datamustbe usedwhichis independentf thetrainingdatausedto train therecognizerThe
independencis requirel to insurethatthe confidencescoringmechanisnaccuratelypredicts
the recognizers performance®n unseendata.In our experimentswhich were conducted
usingthe JUPITER systemthe confidencedrainingdataconsistsof 2506JUPITER utterances.
Eachutterances pasedthroughtherecognizeto produceasetof N-besthypothesegwhere
N = 10)whichareusedto trainthe confidencescoringmechanismwhentrainingthemodel
for word confidencesring, only the hypothesizedvordsin thetop-choiceof the N-bestlist
areused.

2.5.2. Datalabeling

Thefirst stepin thetraining processs to labelthe data Eachtrainingtoken mustbe labeled
eitheraseorrectorincorrect Thecorrectlabelis for tokenswhich shouldbe acceptedy the
classifier while theincorrectlabelis for tokenswhich shouldbe rejected.This stepmustbe
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taken for boththe word andutterance-leel classifiersin both caseseachcorrect/incoriect
labelis assaiatedwith the confidenceeaturevectorextractedfrom the recognizerfor that
hypothesis.

For word-level scoring the labelingschemes obvious. Correctlyhypothesizedvordsare
labeledascorrectandincorrectlyhypothesizedvordsarelabeledasincorrect

For utterance-leel scoringthe conceptof correctnesss not asclear We have electedto
usea setof heuristcs to definethe labelsof eorrectandincorrectsuchthatonly utterances
whichtherecognizehasextreme difficultiesrecognizingwill bemarkedasincorrect.In this
labelingschene,we markutterancesn which the correctorthograply is oneof thetop four
sentencehypothesesscorrect Utterancedn which at leasttwo out of every threewords
in the top-choicehypothesisare correctlyrecaynizedare also marked ascorrect All other
utterancesirelabeledasincorrect

2.5.3. Theclassifiermodel

Thesame confidencescoringtechniquds usedfor bothword andutterance-leel confidence
scoring.To produceasingleconfidencescorefor a hypothesisasimplelinear discrimination
projectionvectoris trained.This projedion vectorreduceghe multi-dimensionatonfidence
featurevectorfrom the hypothesisdown to a singleconfidencescore Mathematicallythis is
expresseds

r=p'f (2)
where f is thefeaturevector, p is theprojectionvector andr is theraw confidencescore.
Becausehe raw confidencescorer is simply a linear combinationof a setof features,
the scorehasno probabilisticmeaning.ldeally, we preferto generatescoreswhich have a
probabilisticmeaningn orderto make thesescoresnorecompatiblewith otherprobabilistic
componentsf our entiresystem.To this end,a probabilisic confidencescorebasecn max-
imuma posterioriprobability(MAP) classificatioris createdusingthefollowing expression:

p(r|correchP(correcy

€= (p(r|incorrec)P(incorrecy) o 3)

In this expression,the p(r |correcy andp(r lincorrecy termsaremodeledwith Gaussiarden-
sity functionsfor r for correctandincorrecttokens,theP(correcy andP(incorrec) termsare
a priori probabilitiesof observingcorrector incorrecttokens,ande is thefinal probabilisic
confidencescoreexpressedn the log domain.Note that a constantdecisionthresholdt is
appliedto the scoreto setthe accept/ejectdecisionthresholdto zero. Thus,after the deci-
sionthreshold is subtractedanegative scorefor ¢ resultsin arejectionwhile anon-ngative
scoreresultsin anacceptance

Althoughvariousstudieshave utilized morecomplicatectlassificatiortechniquessuchas
multi-layeredperceptrongWeintraubet al., 1997 andsupportvectormachinegMa et al.,
200)), it is not evident that a more complicatedtechngue is neededfor this task.In past
work, we wereableto achiese betterresultswith a simplelinear projectionmodelthanwith
amorecomplicatedVIAP classificatiorapproachusingmixture Gaussiaimodels(Kamppatrj
1999 Kamppari& Hazen 2000. Otherstudieshave alsoobsenedthatsimplelineardecision
techniquesvork aswell asmorecomplicatedclassifiers suchas multi-layeredperceptrons
(Schaaf& Kemp 1997 Wendemuttet al., 1999, on this task.We may returnour attention
to this openquestionin future studies.
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2.5.4. Thetraining method

Theprojectionvector p is trainedusingaminimumclassificatiorerror (MCE) trainingtech-
nique.In this techniquethe projectionvector j is first initialized usingFisherlineardiscrim-
inantanalysis After theinitialization of p, a simplehill-climbing algorithmiteraesthrough
eachdimenson in p adjustingits valuesto minimizethe classificatiorerrorrate on thetrain-
ing data(Pawell, 1964). The optimizationcontinuesuntil a local minimumin error rateis
achiezed. The Gaussiardensityparametersf the classifiermodelaretrainedfrom the raw
scoregyeneratedfterapplying p to thefeaturevectorsin thetrainingset.

The thresholdt is determinedby setting the opeating point of the systemto a desired
locationon thereceiveroperator characteristic (ROC) curwve. For the utterance-leel scores,
thethresholds setsuchthat98%of the utterancesvhich arelabeledascorrectareaccepted.
This thresholdis chosento insurea high detectionrate which discouragegalserejections.
For words,the MCE rateis chosenasthe desiredoperatingpoint.

2.6. Experimentatestcorditions

Totesttheconfidencescoringtechniquesatestsetof 23881uPI TER utterancess utilized. For
recognitionwe utilize the summIT speectrecognitionsystem(Glass,Chang& McCandless
1996 astrainedspecificallyfor the JurPITER weathedomain(GlassHazen& Hetherington
1999. Therecognizeis trainedon over 70000 utterancesollectedfrom live telephonecalls
to our publicly availablesystemTherecognizers vocalulary has2005words.As discussed
in theintroduction, therecogrizer achiesedaword errorrateof 19-1% onthis testset.

2.7. Utterance-level experimertal results

Thegoalof utterance-leel corfidencescoringis to rejectutterancesvith whichtherecagnizer
hasextremedifficulty. With this in mind the utterancescoring mechanisnrejeded 13% of
theutterancedn thetestset. Theword errorrateon this 13% of thedatawasover 100%(i.e.
thereweremore errorsthanactualwordsin thereferenceorthograghies).Closerexamination
revealsthat only 27% of the referencewordsin the orthograhy were actually recognized
correctlyandthatbothsubstitutionerrorsandinsertionerrorshappenednorefrequentlythan
correctrecognitions By comparisonthe word error rate on the 87% of the utteranceghat
were acceptedvas 14%. Theseresultsindicatethat the utterance-leel confidencescoring
mechanisnperformsits job asintended.

2.8. Word-level experimentakesults

To evaluateword-level confidencescoring,thereis a variety of metricsthat have been pro-
posedn theconfidencescoringcommunity(Sui& Gish, 1999. Of thewide varietyof evalu-
ationtechniqueswvailable,we have chosento evaluateour word confidencemodelsusingthe
ROC cunwe of the confidencemodel.We alsoexaminethe “accept/rejecttlassifiationerror
rateof the confidencemodelat the operding point alongthe ROC that our systemactually
utilizes. We choosethesemeasuredecausehey offer a clearandobvious interpretationof
actualperformane of a confidencemodelfor a givenrecognizerAll of our evaluationsare
performedusingthewordsin therecogrizer’s top-choicesentencéypothesisor eachutter
ancein ourtestset.

The ROC curve of a confidencenodelmeasureshe trade-of betweerthe acceptancef
correctly recognizedwords (i.e. the detectionrate) andthe falseaaceptanceof incorrecty
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Figure 1. ROC curve produceddy threeindividual word confidencdeaturesandby
thefull MCE-trainedmodelusing10 word confidencdeatures.

recognizedwords (i.e. the false alarm rate). Figure 1 shavs the ROC cuwesfor the three
bestindividual word featureqthe meanacousticscore the N-bestpurity, andthe utterance-
level confidencescore).As canbe seenin thefigure,the ROC curve of thefull MCE-trained
modelbasedon all 10 featuresdramaticallyimprovesuponthe ROC curvesof eachof the

threebestindividual features.When examining the individual featuresiit is obsered that

the relative capabilitiesof the individual featuresvariesdependingon their exact operating
pointsonthecure.

For speechunderstandingystens to be useful,the confidencescoringmodel cannotbe
overly aggressie in trying to rejectmisrecognitionsWe typically operateour word confi-
dencescoringmodelat the minimum classificatiorrateof the ROC curve (asdeterminedn
developmenttestdata) At this operatingpoint the correctacceptanceateis 94-9% andthe
falseacceptanceateis 34-3%. In otherwords,the systemcorrectlyrejects65-7% of incor
rectly recognizedvordswhile falselyrejectingonly 5-1% of correctlyrecognizedvords.

Becausewe are primarily interestedn the confidencemodels performanceat its actual
operatingpoint (asopposedo its performanceover the entire ROC curwe), we can evalu-
ate the systemusing a single-\alued evaluationcriterion: the error rate on “accept/reject”
classificationof the word hypothesesUsing this evaluationmetric, an error occursif the
classifieracceptsa misrecognizedvord or rejectsa correctly recognizedword. This error
rateis directly relatedto arecognitionmetricwe referto asthe hypothesizeavord error rate
(HWER). The hypothesizedvord errorrateis expressedsfollows:

HWER — (# of substitution® +.(# of |nsert|on$. @)

# of hypothesizedvords
The HWER differs from the standardword error rate (WER) in thatit only considershe
accuray of the wordsobsened in the hypothesizedword string. It neglectsdeletionerrors
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andis normalizedby the numberof hypothesizedvords and not the numberof reference
words. This metricis relatedto the accept/rejecerror rate becausehe accept/rejectlassi-
fier canonly operateon wordswhich areactually presentin the hypothesis At presenthe

confidencescoringtechniquehasno ability to expressthe confidencehata word may have

beendeleted. The relaionship betweenthe accept/rejecerror rate and the HWER results
from thefactthatthe HWER actsasanupper boundon the accept/rejecerrorrate. This can

be achiezed by instructingthe classifierto acceptall word hypothesesThis assumeshatthe

HWER is lessthan50%. In casesvherethe HWER is actuallygreaterthan50% the upper
boundis basedon a systemwhich insteadrejectsall hypotheszedwords. With thisin mind,

thegoalis to achieve anaccepftrejecterrorratewhich dramaticallyimprovesuponthis upper
bound. The system,which simply accept(or rejects)all wordswill be referred to asthe

baselinesystemagainstwhich the accept/rejectlassifieris compared.

Tablel examinesthe accept/rejectlassificationerror rate underthreeconditions:(1) the
baselinesystem(?2) aclassifierusingeachof the 10 word featurenanindividual basis,and
(3) the systemusingthe completesetof featureswith the MCE-trainedlinear discriminant
classifier Theseresultswere computedover all hypothesizedvordssoldy from utterances
acceptedy theutterance-leel classifier. As canbe seenin thetable,theindividual features
basedsolely on the acoustt scoresdo not performparticularlywell by themséves.In fact,
themeanlog-likelihoodacousticscore whichis thebestof theacoustically-basedonfidence
featureshasanaccept/rejecerror ratewhichis only 3% lessthanthe baselire system(11.7
vs.12-1%). By comparisonthe utterance-leel score which is the samefor all wordsin ary
sentencéypothesisyieldsa 7% improvementfrom the baseine (11.2 vs. 12.1%), andthe
N-bestpurity measurgieldsan11%improvement(10-8 vs.12.1%).Whenall of thefeatures
arecombineda relative error ratereductionof 22% from the baselinecanbe achievzed (9-4
vs.12:1%).

Tablell shaws the performanceof the classifierundertwo differentcorstraints.First, the
tableshavstheperformancef the classifiewhentestedon acceptedss. rejectedutterances.
For acceptedutteranceghe baselinesystemacceptsall words. In this case,the improve-
mentover the baselineachieved by the accept/rejectlassifiercomesfrom rejecting asmary
misrecognizedvords as possiblewhile maintaininga low falserejectionrate.For rejected
utterance(where over 70% of the hypothesizedvords are incorrect),the baselinesystem
rejectsall hypothesizedwords. In this case,the improvement over the baselinesystemis
achieved by acceptingasmary correctlyrecognizedvordsaspossiblewhile maintaininga
low falseacceptanceate.As can be seenin thetable,the classifiershavs alargerreduction
in classifiererrorratefrom the baselineon rejectedutteranceshanit doeson accepteditter
ancesThisresultindicateghattheword confidencescoringtechniquecanbeuseful for both
acceptedndrejectedutterances.

Table Il also shaws the performanceof the classifierwhen appliedto all hypothesized
wordsascomparedo its applicatian to only hypothesizedvordswhich arepropernamesof
geographidocations.This analysisis usefulbecauseontentwordssuchaslocationnames
aretypically moreimportantto thecorrectunderstandingf anutterancehanfunctionwords.
Theresultsindicatethatthe confidencescoringtechnigie is moreaccurag¢ on hypothesized
location namesthanit is over all wordsin general.This resultis very satisfyingsinceit
indicatesthat the confidencescoing techniqueworks beston the words which are most
importantfor understanding.

The performancef theaccept/rejet classifiercanalsobe examinedin severalotherinter
estingways.Whenexaminingacceptd utterance®nly, the systemcorrectlyrejects51% of
theincorrectlyhypothesizedvordswhile only falselyrejecting4% of correctwords.These
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TABLE |. Accept/rejectclassificationper
formanceof word confidencescoringmech-
anism on acceptedutteranceswhen each
featureis testedindependentlyand when
featuresare combinedusing linear com-
binationwith minimum classificationerror

training
Testcondition Accept/reject
or feature errorrate
%

BaselingHWER) 121

# of N-best 12.1
Acousticscorestd.dev. 12.1

# of acousticobsenations 12.1
Meancatch-allscore 121
Minimum acousticscore 121
Meandiff. from maxscore 12.0
Meanacoustidikelihood 119
Meanacousticscore(log) 117
Utterancescore 11.2
N-bestpurity 108
Combined 9.4

TAaBLE IlI. Comparisonof accept/rgect classifica-
tion performancef word confidencescoringmech-
anismover all utterancesacceptedutteranceonly,
and rejectedutterancesonly, when consideringall
hypothesizedwvords vs. geographiclocation words

only
Accept/rejecerrorrate
Utterances Words Baseline  Classifier
% %
All All words 164 101
Accepted  All words 121 9.4
Rejected  All words 272 191
All Locations 178 91
Accepted Locaions 129 87
Rejected  Locaions 243 145

numbersimprove to 54 and 3.5% when consideing only wordswhich arelocationnames.
Furthermoreacrossall utteranceshe combinationof utteranceandword-level scoringcor
rectly detects72% of the errorsintroducedby unknovn wordsand85% of the errorsintro-
ducedby non-lexical artifacts.

3. Integrating confidencescoresinto understanding
3.1. Overviev

While it is interestingo examinethe resultsof the confidencescoringtechnigesin the con-
text of recogniton, the ultimategoal of this work is to improve the understandingccurag
of our corversationabkystemsTo achieve this, we mustintegratethe recognitionconfidence
scorednto thelanguageunderstandingomponenbf the system For languageunderstand-
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TABLE |11. ExampleN-bestlists augnentedwith confidencescoresThefirst list is the standard
outputfrom therecognizerThe secondist shavs how hard rejectionis appliedto poorly scoring
words.Thethird list is the union of thefirst two lists allowing for softor optionalrejection

N-bestlist withoutrejection:

whatis 6-13 the5-48 forecast-88 for 543 paris —0-03 park4-41 new_jersegy 4-35
whatis 6-13 the548 forecasts-88 for 447 hyannis —0-16 park4-41 new_jerse/ 4-35
whatis 6-13 the5.48 forecast5-88 for5.12 venice —1-49 park4-41 new_jerse 4-35
whatis 6-13 the548 forecasts-88 for 4-28 france —1.76 park4-41 new_jersey 4-35

N-bestlist with hard rejection:

whatis 6-13 the5-48 forecast-88 for 543 *reject* 0.00 park4-41 new_jerse 4-35
whatis 6-13 the5-48 forecast-88 for 447 *reject* 0.00 park4-41 new_jerse/ 4-35
whatis 6-13 the548 forecasts-88 for5-12 *reject* 0.00 park4-41 new_jersey 4-35
whatis 6-13 the5-48 forecasts-88 for 428 *reject* 0.00 park4-41 new_jerse 4-35

N-bestlist with softrejection:

whatis 6-13 the5-48 forecast-88 for 543 paris —0-03 park4-41 new_jerse 4-35
whatis 6-13 the5-48 forecast-88 for 543 *reject* 0.00 park4-41 new_jersey 4-35
whatis 6-13 the5-48 forecast-88 for 447 hyannis —0-16 park4-41 new_jerse/ 4-35
whatis 6-13 the5-48 forecast-88 for 447 *reject* 0.00 park4-41 new_jerse 4-35
whatis 6-13 the5-48 forecast-88 for5.-12 venice —1.49 park4-41 new_jerse/ 4-35
whatis 6-13 the5-48 forecast6-88 for5.-12 *reject* 0.00 park4-41 new_jersey 4-35
whatis 6-13 the548 forecast-88 for4.28 france —1.76 park4-41 new_jerse/ 4-35
whatis 6-13 the5-48 forecast-88 for 4-28 *reject* 0.00 park4-41 new_jerse 4-35

ing we utilize the TINA naturallanguagaunderstandingystem(Senef, 1992. TINA utilizes

a semantically-taggeg@robabilisticcontext free grammarto parseeeach utteranceln cases
whereTINA is unableto generatea full parsethesystemmaybackoff to arobust(or partial)

parseof the utterance For utterancesn which eithera full or robust parseis found, a set

of semantic conceptsrepresente@s key-value pairs, can be extractedfrom the semantic
informationpresenin the parsetree.For example,considerthefollowing query:

whatis theforecastfor piscatawaynew jersey.

Fromthe semantically-tagedparsetreeof this utterancethe following key-value represen-
tationis generated:

weatherforecast city: piscataway state:new jersey.

In ourexperiments|anguageinderstadingis evaluatedoy examiningtheconcepterror rate
from the setof key-valuepairs(Polifroni, Senef, Glass& Hazen 1998.

To integrateconfidencescoresinto the undestandingcomponenta two-stepprocesscan
be utilized. First, if an utterances rejectedat the utterance-leel, the understandingcom-
ponentdoesnot attemptto understandhe utteranceandasumesghat no usefulinformation
for understandinganbe extractedfrom therecognizers output.In this casethe systemdoes
notgeneratary key-valuepairs.If the utterances acceptd, the secondstepisto createan
N-bestlist whichis augmentedvith confidencescoresandallow the naturallanguageparser
totry to interpretthe utterancdrom the N-bestlist, giventhatsomewordsmay be misrecog-
nized.An alternatve approachs to ignoreutterance-lgel rejectionandperformunderstand-
ing on all utterancesegardles of how badtheir utterance-leel confidencescoresare.
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3.2. N-bestlist augmentadbn

To handleword confidencescores,only a few modificationsto the basic N-bestlist are
required.First, the N-bestlist passedo the parseris augmentedvith confidencescores.
Thefirst list in TablelIll shavs an example N-bestlist augmentedvith confidencescores.
Two differentwordrejectionstratgjiescanbeappliedto theinitial N-bestlist. Thesecondist

in Tablelll shavs the applicationof hard rejectionto the N-bestlist. In this case ary word

with aconfidenceof lessthanzerois replacedwith arejectedvord markerwhichrecevesthe
neutralscoreof zero.Thethird list in Tablelll shavs the applicationof eptional rejection

This list is essentiallythe combinationof the first two lists. Using optional rejection,poorly

scoringwordsare retainedin the final N-bestlist but mustcompetewith the rejectedword

markersthey generatewhich have a higherscore.In this procesgoorly scorng wordscan
beselectedvertheirrejectedcounterpartéin caseswherethe parserslinguistic probabilistic
scoresstronglypreferthe poorly scoringhypothesis.

3.3. Word graphsearh

Within TINA, theincoming N-bestlist is collapsedinto a word graph.Eacharcin theword
graphis augmentedvith a scorefor its respectie word. Beforetheimplementéion of word-
level confidencescoresaheuristicword scoringmethodwasutilized whichgeneratedcores
basedon the numberof N-besthypothesesachword appearedn and the rank of those
N-besthypotheseqKampparj 1999. In the new versionof the system,ead arc in the
word graphis insteadaugmentedvith the word-level confidence scoresgeneratedrom the
recognizer.

The parserperformsa beamsearchthroughthe graphcombiningthe word scoreswith
trainedlinguistic probabilitiesto generatea total scorefor eachparsetheory Fromaranked
list of parsetheoriesextractedfrom the word grgph searchTiNA selectghe highestscoring
theory that producesa full parse.lf no path throughthe word gragh can be found that
generates full parsethenthe systemselectsthe highestscoringrobust parse.The disad-
vantageof this approachs thatit hasthe possibility of selectingary word sequencéhrough
theword graphin orderto find a sentencehat parsesgvenif oneor morewordsin the hy-
pothesisare highly likely to be misrecognitionsWhenthe input N-bestlist is augmented
with word rejections the resultirg word graphallows the parserthe option of selectingre-
jectedwordsinsteadof poorly scoringwords.

3.4. Grammaraugmentation

By allowing thewordswith badconfidencescoredo beoptionallyrejectedn thewordgraph,
it becomegossiblefor the understandingomponento gereratenen semanticepresenta-
tions that might not be possiblefrom the original setof word hypothesegeneratedy the
recognizerFor example,the systemcannow ascertairthe syrtacticandsemanticole of a
rejectedword if thereis enoughsurroundingcontext to allow the parserto incorpaatethe
rejectedword marker into a full parsetree.At the momentthis is enabledby the authorof
the grammarwho must explicitly augmentthe grammarto allow rejectedword markersas
terminalsin certainlocaionswithin someparsetreestructures.

For example,in JUPITER the grammarwasadjustedo allow rejectedwordsto be parsed
asunknowncity namesin sentenceontets wherethe rejectedword was almostcertainly
a city name.In the examplein Tablelll, for example,the word sequenceé*reject* park”
would be parsedasan unknovn city name.This adjustmentomplementeén existing pars-



62 T. J. Hazenetal.

ing mechanisnwhich allowedunknovn words(i.e. wordsnotin thevocalulary of thegram-
mar)to parsein asimilarfashion.

A secom adjustmento thegrammarthatcanbe madeis to allow rejectedvordsappearing
arywherein the sentencéo be skippedwhenthe parseiis attemptingto find a robug parse.
This allows the parsetto concentrat®n only the portionsof the utterancevhich wererecog-
nizedwith high confidenceandto performapatial parse basedntheseslandsof reliability.
This modificationis especiallyuseful for eliminating problemsthat result from spurious
soundsor speechat the beginning and/orendof anutterance.

3.5. Experimentatesults

To examinetheeffectsof confidencescoing onlanguagainderstandingheJupPI TER system
canbeevaluatedon thetestdataunderfive differentconditions:(1) usingtheoriginal system
which did not utilize word confidencescores(2) usingthe new systemwhich utilizesword
confidencescoresut doesnotperformany rejection,(3) usingthenew systemwith utterance
rejection,(4) usingthe new systemwith utteranceaejectionandoptionalword rejection,and
(5) using the new systemwith utterancerejectionand hard word rejection.As discussed
earlier theseconditionsare investigated using key-value pair concepteror rate (Polifroni
etal.,, 1999. Theresultsareshovn in TablelV in termsof substitutionnsertion,deletion,
andtotal errorrates.For theseexperimentsa substitutionerror occurswhenatestutterance
hasa key-value pair wherethe key matchesa key-value pair in the correctanswey but the
valuein the pair is different. An insetion occurswhena key-value conceptis erroneously
insertedLikewise,a deleticn occurswhenakey-valueconcepts erroneouslydeleted.

An examinationof TablelV yields severalimportantobsenations.First, the new system
usingthe probabilisticword confidencescoreshasanerrorratewhich is 8% smallerthanthe
errorrateof the original systemusingthe heuristicword scoresHowever, boththe original
andnew systemssuffer from excessve insertionerrorswhenno rejecton is utilized. Thisis
primarily the resultof the understandingomponens aggressie effort to find a reasonable
interpretationof an utterancefrom ary of the hypothesesn the N-bestlist. Without rejec-
tion, the undestandingcomponentcan latch onto arny hypothesiswhich producesa parse
regardlessof whetheror nottherecognizeiis confidentaboutthe hypothesisThis generally
produceghe corre¢ answerwhenthe useris cooperatre, speaksclearly and stayswithin
domain.However, this approaclyieldsmary insertionswhenthe utteranceis out of domain,
hasunknovn words,or hasartifactswhich causdlifficulty for therecognizer

Next, whenutterance-lgel rejectionis addedtheinsertionerrorrateis reducedrom 182
to 12.7% while thedeletionerrorrateis only increasedrom 6-1 to 7-1%. In otherwords,the
useof utterancaejectionremoves5-5 insertionerrors for every deletionerrorthatis added
Thistranslatesnto arelaive errorratereductionof 17%.

Next, the addition of word rejectionto utterancerejection producesanothersignificant
improvementin the total error rate. While the total error ratesfor optional word rejection
vs. hardword rejectionarevirtually the same the natureof the underlyingerrorsis slightly
different.Usingoptional word rejection theinsertionerrorrateremanshigherthanthedele-
tion error rate. However, hardword rejection producesa resultwheredeletons outnumber
insertions.Therelative desirabilityof eachmethodwould thusbe dependenbn whetheror
notinsertionerrorsaremore harmfulto theusersinteractionwith the systemhandeletions.
The additionof word rejectionallows a relative errorratereduction of 14%from the system
usingutteranceejectiononly. Overall, the useof utteranceandword confidencescoresand
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TABLE | V. Concepterrorratesof the understandingom-
ponentas confidencescoresanddifferentlevels of confi-
dencerejectionareaddedo the system

Experimental Concepterrorrates(%)
conditions Sub Ins. Del. Total
Original system 19 202 64 285

New systemw/o reject. 21 182 61 263
+ utteranceejection 1.8 127 71 217
+ optionalwordreject. 1.3 9.0 84 187
+ hardwordrejection 1.0 72 105 186

rejectionwithin the undersandingcomponentchieved a relative reductionin concepterror
rateof 35%,from 285 to 18.6%.

After running the experimentsshavn in Table IV, we re-ranthe word-level rejection
experimentswithout usingary utterance-leel rejection. Thesefollow-up experimentspro-
ducednearlyidenticalresuts astheexperimentghatusedutterance-leel rejection In essence
utteranceghat were rejectedtendedto prodwe word-level scoresthat causedall or most
of the individual words to be rejectedaswell. This led us to concludethat utterance-leel
rejectionis actuallyunnecessariy our systenfrom anunderstadingpoint of view, although
aslightamountof computatiorcan be saved by skippingafull naturallanguageparsewhen
anutterancas rejected.

Additionally a closerexaminationof the error rate reductionsachiezed from word-level
rejectionrevealsthatalmostall of thereductionis dueto the systems ability to skip rejected
words during the parseand to revert to a partial parseof the confidentportions of the
utteranceOnly asmallhandfulof thetestutterancesdisplayedafull parsecontainingseman-
tically taggedrejectedwords. This is predominatelydueto our congervative useof this tech-
niguein thegrammarsWe only attemptedo tagrejectedvordsascitiesin very constrained
grammaticalernvironmentsin orderto avoid ascribingincorrect semanticinterpretationgo
rejectedwords. The careful addition of new grammarrules which generatenev semantic
interpretation®f rejectedwordsin othercontexts mightallow for furtherimprovements.

4. Dialoguemodelingissues

At this time, we are just beginning to considerthe dialoguemodelingissuesinvolved in
utilizing the confidencescoringtechniqueghat we have presentechere.To be more spe-
cific, confidencescoringaffectstwo majorcomponent®f the dialoguemanagerhypothesis
selectionandresponselanning In our systemwe implementhypothess selection(i.e. the
procesf selectingthe bestinterpretatiorof the input utterancepsa processontrolledby
the dialoguemanagerMary differentpiecesof knowledgeshould be incorporatednto the
hypothesisselectioncomponenbf a system.This informationnot only includesthe confi-
dencescoresof word hypothesesndthe linguistic scoresfrom the understandinggrammar
but alsothe knowledgeof ary constraintrovided by the currentdialoguestae or by prag-
matic considerationdlt is thusimportantto retainasmary plausiblehypothesegspossible
until all relevantinformationthatis availableis utilized in the final selectionof a hypothesis.
In our system the dialoguemanageiis the naturalplaceto integratethesemary different
source®f information.

To assisin this goal,our systenpropagtesthe confidencescoreshroughtheunderstand-
ing compaentto the dialoguemodelingcomponentThe understandingomponents thus
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TABLE V. Samplesemantidrame augmentedvith concept-lgel confidencescoresandthe key
valuerepresentationf this frame
{c wh_query
:topic {q weather
:confidence "4.20"
:pred {p in
:topic {q city
:name "paris"
:confidence "0.14"
:pred {p in
:topic {q state
:name "new jersey"
:confidence "3.45" } } } } }

TABLE V1. Exampleof dialoguesequencspolento JuPITER demonstratingnaction taken
whenthe selectedvord string hypothesiscontainsa rejectedword in the place of a misrec-
ognizedcontentword

Turnl: User: Whatis theforecastfor ParamusPark, New Jersg?
Selectechyp:  whatis theforecastfor *r eject* park new jersey
Key-values:  weatherforecast city: *reject*park state:new jersey
System: I maynotknow thecity you're askingabout.l know of the

following placesin New Jersg: Atlantic City, CamdenNewark,
Piscatavay, PrincetonandTrenton.Pleaseselectone.
Turn2: User: Piscatavay.
Selectechyp: piscataway
Key-values: city: piscataway
System: In Piscatavay today cloudy, 70 percentchanceof rain.
High 60, low 42. Canl helpyouwith somethingelse?

capableof generatingnultiple understandinglypothesesindcreatinga semantiaepresenta-
tion augmentedvith confidencescoredor eachhypathesis.To provide anexample, TableV
shavs a semantidrame(our representatiofior semantianformation)whosetopicsare aug-
mentedwith confidencescores generatedrom thewordsrepresentingachconcept.

Givenasemantidrameaugmentedvith confidencescoresthe dialoguemodelingcompo-
nentcanthenevaluatethe semantidramewith respecto the currentdialoguestateanda set
of underlyingpragmaticconstraintsFor example,the semantidframein TableV, hascon-
flicting city andstateinformation(i.e.thereisnocity of “Paris” in the stateof “New Jersg”).
Becausethe confidencescorefor “New Jase/” is considerablyhigher than the scorefor
“Paris” the dialoguemanagercould assume that“New Jersg” is correctandignore the city
information. Alternatively, the dialoguemanagercould also seach other hypothesesrom
the understandinggomponentfor a more pragmaticallyplausiblehypothesis. A more de-
tailed descrption of how hypothesisselectionis performedin our dialoguemanayer canbe
foundin Senef andPolifroni (2001).

Sometimeso pragmaticallyplausiblehypothesegxist within the word graphsgenerated
by the recognizer Often the implausibilities are the result of misrecognizedvords which
containpoor confidencescores As discusseckarlier with the ability of the understanding
componento optionally rejectword hypotheseswith badconfidencescoresijt bemmespos-
sible for the understandingomponentto generatenew semanticepresentatios that might
notbepossiblefrom the original setof word hypothesegeneratedby therecognizer Specif-
ically, this systemmightbeableto determinehesemantidntentof arejededword from sur
roundingcontext without knowing exactly whatword wasspolen by the user Theresponse



Recanition confidencescoring 65

TaBLE VII. Exampleof dialoguesequencepolento JurPITER demonstrating
the understandingomponens ability to ignorerejectedwordsand performa
partialparseon only thereliably recognizedortion of the utterance

Turnl: User: Will the Yankeesgameberainedouttonight?
Selectechyp:  will the*r eject* *r eject* berainfall tonight
Key-values:  weatherrain date:tonight
System: Whatcity areyouinterestedn?

Turn?2: User: New York.

Selectechyp: newyork

Key-values:  city: new york

System: In New York City tonight,chanceof thunderstorms.
Canl helpyouwith somethingelse?

planningcomponenbf the dialoguemanageicantake advantageof this ability by informing
theuserthatit understoodhe high-level semantidntentof the utterane, but misunderstood
someword or wordsthat areimportantfor full understandingTableVI shovs an examge
of a casewherethe systemunderstoodhat the userwaslooking for the forecastfor some
city in New Jersg but could not recognizewhich city wasactually spoken. In this casethe
dialoguemanagethenstees the usertowardscitiesin New Jersg thatit actually knows.

A secondcapability thatis improved by the useof rejectedwordsin the understanding
components the ability to performpartial parseswvhich ignorerejectedwordsandconcen-
trateontheislandsof reliability in theword graph.This allows theunderstandingomponent
to extractsomeportion of theusers intentfrom thewordstha theconfidencanodelfeelsare
reliably recognizedThe systemcanthen promptthe userto supply additionalinformation
to completetherequestTableVIl presentanexampledemonstratinghis capability In this
exampletherecognizeis unableto find word hypothesesvith high confidencdor thecenter
portionof the utteranceThe understandingomponentgnoresthis unreliableportion of the
utteranceandfocuseson the wordsrainfall tonight Although thesewordsare not exactly
whatthe usersaid,the semanticconceptf “rain” and“tonight” aresuccessfullyextracted.
The systemthenpromptsthe userfor the nameof acity in orderto nudgethe usertowardsa
completequeryit cananswerAfter the userrespondsvith a city name,the systemis ableto
provide areasonableesponséo the usereventhoughthe original querywasnot completely
insidetherealmof its domain.

5. Summary

In this paperwe have presentec multi-tiered confidencescoringapproachwhich is ableto
produceconfidencescoresat the phoneticword andutterancdevels. Thesetechniquehave
provento beespeciallyusefulwhenthespeeclsignalcontainsunknovn wordsor non-lexical
artifacts. This is evidencedby the fact that the systemcorrectly detecs 72% of the errors
introducedby unknavn words and 85% of the errorsintroducedby non-lexical artifacts.
By integratingthe word andutteranceconfidencescoringtechnguesinto the understanding
componenbf theJuPITER weathelinformationsystemwe wereableto achieve arelativere-
ductionof 35%in the concepterrorrateof the systemWe have alsoshowvn several examples
of how theseconfidencescoresareusedto helpthedialoguemanageiguidethe usertowards
asuccessfutompletionof their goal.
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6. On-going and futur e work

Currently thereare several efforts in our group aimedat improving the robustnessof our
recognizerTheseefforts includethe modelingof out-of-vocatulary (OOV) words(Bazzi&

Glass 2000 Chung 2000 andthe modelingof non-speeclor noiseartifacts(Hazen,Het-
herington& Park, 2001). The incorpomtion of OOV modelsand non-speechmodelsinto

our recognizewill affect the confidencescoringtechniqueghat we utilize. We have con-
ductedsomepreliminary experimentgo understandhow thesetechniquesanbe integrated
with our existing confidencescoringmodule(Hazen& Bazzi 2001). Early indicationsimply

thatthesemodelingtechniquesrecomplementaryimprovemerts to our confidencescoring
techniquesrealsobeinginvestigatedwithin ourgrouwp. Thisincludesincorporaing prosodic
featuresinto our confidencescoringmodel(Wang 2001), examiningmore comple classi-
ficationtechniquesandexploring the useof word-dependenor word-class-dependenbn-
fidencemodels.We are also continuingto work on improvementsto our hypothesisselec-
tion mechanismsvithin the dialoguemodelingcomponenof our systemwith the hopeof

devising anapproactwhich moretightly couplesthe varioussourcesf information(acous-
tic, linguistic, pragmaticgtc.) to helpimprove our understandingccurag.

One aspectof dialoguemodelingresearchthat we did not addressin this paperis the
issueof usersatigaction.While the endgoal of our work is to improve the usability of the
systemwe have notyet attemptedo determinethe effectsthatthe variousmethodswe have
discussedn this paperhave on usersatisactionwith our systemA propercomparaitve user
studyis theonly way to determinegheeffectivenesof thevariousstratgiesfor incorporating
confidencescoresn thedialoguemodelingprocessUnfortunatelywe will haveto leave this
studyto futurework.
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