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Abstract

In thispaperwepresentanapproachto recognitionconfidencescoring andasetof
techniquesfor integratingconfidencescoresinto theunderstandinganddialogue
componentsof aspeechunderstandingsystem.Therecognitioncomponentusesa
multi-tieredapproachwhereconfidencescoresarecomputedat thephonetic,
word,andutterancelevels.Thescoresareproducedby extractingconfidence
featuresfrom thecomputationof therecognitionhypothesesandprocessingthese
featuresusinganaccept/rejectclassifierfor word andutterancehypotheses.The
scoresgeneratedby theconfidenceclassifiercanthenbepassedon to thelanguage
understandinganddialoguemodelingcomponentsof thesystem.In these
componentstheconfidencescorescanbecombinedwith linguistic scoresand
pragmatic� constraintsbeforethesystemmakesafinal decisionaboutthe
appropriateactionto betaken.To evaluatethesystem,experimentswere
conductedusingtheJ

�
UPITER weatherinformationsystem.An evaluationof the

confidenceclassifierat theword-level shows thatthesystemdetects66%of the
recognizer’� s errorswith a falsedetectionrateoncorrectlyrecognizedwordsof
only 5%.An evaluationwasalsoperformedat theunderstandinglevel using
key-valuepair concepterrorrateastheevaluationmetric.Whenconfidencescores
wereintegratedinto theunderstandingcomponentof thesystem,a relative
reductionof 35%in concepterrorratewasachieved.
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1. Intr oduction

TheSpokenLanguageSystemsGroupconductsresearchleadingto thedevelopmentof con-
versationalsystemsfor human–machineinteraction.Thesesystemsmustnot only recognize
the words which are spoken by a userbut also understandthe user’s query and respond
accordingly.To achieve this goal,accurateautomaticspeechrecognitionis a necessity. The
presenceof incorrectly recognizedwordsmay causethe system to misunderstanda user’s
request,possiblyresultingin theexecutionof anundesirableaction.

Unfortunately
�

today’s speechrecognitiontechnology is far from perfect and errors in
recognitionmustbeexpected.For example,let usconsidertheperformanceof the J

�
UPITER

weatherinformationsystem(Zueet� al.,� 2000). Onarandomlyselectedtestsetof 2388utter-
ances,therecognizerfor J

�
UPITER achievesa word errorrateof 19	 1%.On utteranceswhich

containno out-of-vocabulary wordsand arecleanof otherartifactsthat make recognition
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difficult (i.e. backgroundnoise, partial words,etc.) the error rate is only 9 	 9%. However,
these“clean” utterancesconstituteonly 75%of thetestdata.Theerrorrateon theremaining
25%of thedatais over50%! It is this typeof performancewhichmotivatesthedevelopment
of confidencescoringtechniques.Becauserecognitionsystemscannotyet (andmaynever)
completelyavoid recognitionerrors,it alternatively becomesdesirablefor asystemto beable
to detectwhenrecognitionerrorshaveoccurredandtakeappropriateactionsto recover from
theseerrors.

Onesimpleapproachto dealwith recognitionerrorsis to rejectentireutteranceswhich
thesystemis having troublerecognizing.In caseswheretherecognizeris unableto produce
a likely recognitionhypothesis which conveys a clearandobvioussemanticmeaningit may
bebetterfor thesystemto rejecttheentire utteranceratherthanprovide a responsewhich is
inconsistentwith theuser’sactualrequest.In thiscircumstanceavarietyof strategiescouldbe
employedto guidetheuser. Oneapproachis to provide informative “help” messageswhich
instruct the useraboutthe system’s capabilities therebysteering the usertowardsqueries
that the systemcanhandle.Anotherapproachis to fall backinto a strict directeddialogue
paradigmwherethesystemaskstheuserveryspecificquestionsin orderto constraintheuser
to thevocabularyandknowledgedomainof thesystem.

The primary difficulty with utterance-level rejectionstrategies is that the useris not in-
formedaboutthespecificportionsof theutterancewith which therecognizerhaddifficulty.
A lackof feedbackaboutwhatportionsof anutterancethesystemdid anddid notunderstand
couldleadto increasedconfusionaboutwhat theusercanandcannotsayto thesystem.For
example,supposeauserasksthisquestion:

is therea floodwarningfor harper’s ferry.

If thesystemcompletelyrejectsthisrequestat theutterancelevel theuserdoesnotknow if
thesystemcouldnot recognizetheconceptof a flood

�
warning, thecity of harper’s ferry,� or

both.Without moreinformationabout why thesystemrejectedthis utterance,theusermay
beunsureaboutwhatto saynext.

Ideally, thesystemshouldbeableto detectword-level recognitionerrors.With knowledge
aboutthe confidencethe recognizerhadin eachof the specificwordsthat it hypothesized,
the systemcould tailor a responseto the userwhich is moreinformative aboutwhat it did
anddid not understandfrom the user’s request.For example,supposea userasksJ

�
UPITER

thefollowing question:

whatis theforecastfor paramusparknew jersey.

For this example,the J
�
UPITER speech� recognizerdoesnot have the word par� amusin

�
its

vocabulary. As such, the recognizerwill provide its bestguessusing the words it knows.
Thus,it mighthypothesizethe following query:

whatis theforecastfor paris park� new jersey.

Using confidencescoringtechniquesJ
�
UPITER should� beableto determinethat theword

paris wasnot a reliablehypothesis.It could then mark this word asa potentiallymisrecog-
nizedwordwhenpassing theutteranceon to theunderstandingcomponentof thesystem.At
thatpoint theunderstandingcomponentwould needto beableto determinethat theuseris
looking for the forecastfor someplacein New Jersey, but that the nameof the placewas
misrecognized.Usingthis informationthesystemcouldthenprompt theuserwith thelist of
placesin New Jersey for which it knows forecasts.Thesystemmightalsoprompttheuserto
spellthenameof thecity andlearnit for futureuse.
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To develop a systemcapableof the actionsdescribed,two specificresearchgoalsmust
beaddressed.First,a recognitionconfidencescoringtechniquewhich accurately determines
whena recognizer’s outputhypothesisis reliableor unreliablemustbedeveloped.Second,
confidencescoresmustbe integratedinto theback-endcomponentsof thesystem(e.g.lan-
guageunderstandinganddialoguemodeling)therebyenablingthesecomponentsto makean
informeddecisionaboutthe actionthat shouldbe taken whena confidencescoreindicates
thata hypothesismaybeincorrect.It is thesetwo goalsthatour researchstrivesto address.
In this paper, we will presentthedetailsof our approachto this problemand presentexperi-
mentalresultsdemonstrating thecapabilitiesof our techniques.

2. Recognitionconfidencescoring

2.1. Overview

An accuratemethod for determiningconfidencescoresfor the speechrecognition process
musttakeintoaccounttwoprimarydifficultiesinherentin typicalspeechrecognitionsystems.
First, themodels usedin therecognitionprocessmaybeinadequate,for any numberof rea-
sons,for discriminationbetweencompetinghypotheses.Second, recognizers are typically
developedfor closed� setrecognition(e.g.recognitionusinga pre-determinedfixedvocabu-
lary) andarethusnotentirelyappropriatefor opensetrecognitionproblemswhereunknown
words,partialwords,andnon-speechnoisesmaycorrupttheinput.

Thus,anaccurateconfidencescoring techniqueshouldtakeinto accountthevariousfactors
which cancontribute to misrecognitions.First, thescoringtechniquemustbeableto deter-
minewhetheror not therecognizerhasmany competinghypotheseswhichcouldcausecon-
fusions.Recognitionerrorsare lesslikely to occur whenonehypothesiseasilyout-scores
all othercompetinghypotheses.Likewise,errorsarefar morelikely to occurwhenmultiple
competinghypothesesall have similar scores(Hetherington,� 1994). Second,the recognizer
mustbeableto determineif theinput speechis actuallya goodfit to theunderlyingmodels
usedby thesystem,regardlessof therelative scoresof thecompetinghypotheses.Errorsare
morelikely whenthereis apoorfit betweentheinput testdataandthetrainingdata.This can
bethecasewhenunknown wordsor non-speechsoundsarepresentin theinputdata.

When
�

examiningtheresultsof therecognition process,confidencescoresfor therecogni-
tion outputcanbecomputedon variouslevels, including thephoneticlevel, theword level,
andtheutterancelevel. In this paperwe will refer to confidenceat thephoneticlevel as the
reliability of theindividualacoustic modelscores.In standardhiddenMarkov model(HMM)
systems,this would correspondto the acousticscoresat the framelevel. In our systemwe
generatephonetic-level confidencescoresonly asan intermediatesteptowardsgenerating
word-level andutterance-level confidencescores.Weutilize thesamebasicapproach,asout-
lined, for computingbothword-level andutterance-level scores.

To attackthis problemwe startby extractinga setof confidence� features from the com-
putationsperformedduring recognition.The extractionof multiple confidencefeatureshas
beeninvestigatedin many recentresearchefforts (Chase

�
,� 1997; Sui, Gish & Richardson,

1997; Schaaf& Kemp,� 1997; W
�

eintraubet al.,� 1997; P
�
ao,Schmid& Glass, 1998)

�
providing

uswith a wide varietyof potentialfeaturesto examine.Thesefeaturescanbeselectedbased
on their correlation with thecorrectnessof the recognitionhypothesesfrom which they are
extracted(Schaaf& Kemp,� 1997). In our case,we selecteda subsetof the many potential
confidencefeaturesto utilize in our systemusinga greedysearchover many candidatefea-
tures.This searchiteratively addsfeaturesto the featureset by choosingthe one feature
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from thecandidatesetwhich mostimprovestheconfidencepredictionresultswhenusedin
conjunctionwith previously selectedfeatures.Thealgorithmstopsaddingfeatureswhenthe
additionof new featuresfails to improve performance.The final setof selectedconfidence
featuresarecombinedtogether into asingleconfidence� featurevector.�

After the confidencefeaturevectorfor eachparticular hypothesishasbeencomputed,it
canbepassedthroughaconfidencescoringmodelwhichproducesasingleconfidencescore
basedon the entire featurevector. In pastresearchefforts, a variety of different methods
for generatinga singleconfidencescorefrom a multi-dimensionfeaturevectorhave been
explored.Thesemethodsinclude the useof Fisher linear discriminantprojection(Schaaf

�
& Kemp, 1997; Pao et� al., 1998), mixture Gaussianmodeling (Kamppari,� 1999),

�
neural

networks (Schaaf& Kemp, 1997; W
�

endemuth,Rose& Dolfing,� 1999) andsupportvector
machines(Ma, Randolph& Drish, 2001).

�
Oncea scorefor eachhypothesishasbeendetermined,a variety of possibleactionscan

betaken.In very basicsystemdesigns,a discretesetof actionssuchas“accept”,“reject” or
“confirm” canbeappliedto ahypothesisbasedon its confidencescore.In morecomplicated
systems,therecognizercangeneratea full graphof hypothesesaugmentedwith confidence
scoreswhichcanbepassedalongto theunderstandingand dialoguemodelingcomponentsof
thesystem(Rose,Yao,Riccardi& Wright,� 2000; Hazen,Burianek,Polifroni& Seneff, 2000).
Thesecomponentscancombinetherecognizer’sconfidencescoreswith linguisticscoresand
pragmaticconstraintsto arriveatafinal hypothesisanddeterminetheappropriateaction.

2.2. Phonetic-level scoring

Many confidencescoring techniquesfocus on an examinationof the scoresproducedby
the recognizer’s acousticmodelsat the phonetic level. Becausethe raw acousticscores
areusuallynot particularlyusefulasconfidencemeasures(Bergen& Ward,� 1997),

�
various

methodsexist to normalizethesescores(Lleida & Rose, 1996; Cox
�

& Dasmahapatra, 1999;
Williams & Renals, 1999; Kamppari& Hazen,� 2000). In this work all of theacousticscores
producedat thephonetic level arenormalizedagainsta catch-all model.Thenormalization
of theacousticscoredoesnotaffect theoutcomeof therecognitionsearchbut doesallow the
scoreproducedfor eachphoneto actasaphonetic-level confidencefeature.Mathematically,
thephonetic-level confidencescorefor ahypothesizedphoneu gi� venanacousticobservation,�
x� ,� is:

c � u � �
x� �  log

! p� � �
x� � u�

p� � �
x� � 	 (1)

"
This normalizationprocessproducesa score,which is zero-centeredwith respectto the log
of p� � �

x� � , allowing the scoresto be consistentacrossdifferentobservations.In practice, the
catch-all modelthatis usedis anapproximationof the p� � �

x� � modelthatwouldresultfrom the
weightedsummation of the p� � �

x� � u � modelsover all u. Theapproximationof p� � �
x� � is created

by performing a bottom-upclusteringof the full set of components in p� � �
x� � andapproxi-

matinglarge clustersof componentswith singleGaussiandensities(Kamppari
#

, 1999). All
referencesto acousticscoresin theremainderof this paperrefer to thenormalizedacoustic
scoresjustdescribed.

Phonetic-level acousticconfidencescorescanbeusefulfor avarietyof tasks.For example,
thesescorescan be usedto locate mis-matchesbetweenthe acousticmodelsdictated by
a word’s given pronunciationandthe acousticobservationsfor that word, therebyhelping
identify missingalternatepronunciationsfor any given word. In a similar vein, an exami-
nationof these scoresduring recognitioncouldbeusedto help identify wordsthat theuser
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hasmispronounced.In this work, we areprimarily interestedin identifying recognitioner-
rorsat thewordandutterancelevels.In thisscenario,examinationof the individualphonetic
confidencescoresis performedonly asan intermediatesteptowardsproducinghigher-level
confidencescores.

2.3.
$

Utterance-level features

For eachutterance,a singleconfidencefeature is constructedfrom a setof utterance-level
featuresextractedfrom the recognizer. For this work 15 differentfeatureswhich have been
observedtoprovideinformationaboutthecorrectnessof anutterancehypothesiswereutilized.
Theseutterance-level featuresare:

1. Top-choicetotal score: The total scorefrom all models(i.e. the acoustic,language,
andpronunciationmodels)for thetop-choicehypothesis.

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

3.
%

Top-choicetotal N
&

-gram score: The total scoreof the N
'

- gram model for the top-
choicehypothesis.

4. Top-choiceaverageN
&

-gram score: Theaveragescoreperwordof theN
'

-grammodel
for thetop-choicehypothesis.

5.
(

Top-choicetotal acousticscore: The
)

total acousticscoresummedover all acoustic
observationsfor thetop-choicehypothesis.

6.
*

Top-choiceaverageacousticscore: Theaverageacousticscoreperacousticobserva-
tion for thetop-choicehypothesis.

7.
+

Total scoredrop: Thedropin thetotalscorebetweenthetophypothesisandthesecond
hypothesisin the N

'
-bestlist.

8.
,

Acoustic score drop: Thedropin thetotal acousticscorebetweenthetop hypothesis
andthesecondhypothesisin the N

'
-bestlist.

9.
-

Lexical score drop: The drop in the total N
'

-gramscorebetweenthe top hypothesis
andthesecondhypothesisin the N

'
-bestlist.

10. Top-choiceaverageN
&

-bestpurity: The
)

averageN
'

-bestpurity of all wordsin thetop-
choicehypothesis.TheN

'
-bestpurity for ahypothesizedword is thefractionof N

'
-best

hypothesesin which thatparticularhypothesizedword appearsin thesamelocationin
thesentence.TheN

'
-bestpurity is sometimesreferredto asthe“ N

'
-bestScore”(Gillick,

.
Ito & Young,� 1997).

11. Top-choicehigh N
&

-best purity: The
)

fraction of words in the top-choice hypothesis
whichhavean N

'
-bestpurity of greaterthanonehalf.

12. AverageN
&

-bestpurity: The
)

averageN
'

-bestpurity of all wordsin all of theN
'

-bestlist
hypotheses.

13. High N
&

-bestpur ity: The
)

percentageof wordsacrossall N
'

-bestlist hypotheseswhich
havean N

'
-bestpurity of greaterthanonehalf.

14. Number of N
&

-besthypotheses:The
)

numberof sentencehypothesesin theN
'

-bestlist.
This numberis usually its maximumvalueof 10 but canbe lower if fewer than10
hypothesesareleft afterthesearchprunesawayhighly unlikely hypotheses.

15. Top-choicenumber of words: Thenumberof hypothesizedwordsin the top-choice
hypothesis.
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2.4. Word-level features

For eachhypothesizedword in each N
'

-besthypothesis,a set of word-level featuresare
extractedfrom therecognizerto createaconfidencefeaturevector. For thiswork 10different
features,which have beenobserved to provide informationaboutthecorrectnessof a word
hypothesis,wereutilized.Thesefeaturesare:

1. Mean acoustic score: The meanlog-likelihood acousticscore acrossall acoustic
observationsin theword hypothesis(wheretheacousticscoreis a zero-centeredlog-
likelihoodratioandnota raw density functionscore).

2. Mean acousticlik elihood score: Themeanof theacousticlikelihoodscores(not the
log scores)acrossall acoustic observationsin thewordhypothesis.

3. Minimum acoustic score: The minimum (or worst) log-likelihood scoreacrossall
acousticobservationsin thewordhypothesis.

4. Acousticscorestandarddeviation: The
)

standarddeviationof thelog-likelihoodacous-
tic scoresacrossall acoustic observationsin thewordhypothesis.

5. Mean differ encefr om maximum score: Theaveragedifferencebetweentheacoustic
scoreof a hypothesizedphonetic unit andtheacousticscoreof thehighestscoring(or
best)phonetic unit for thesameobservationacrossall acousticobservationsin theword
hypothesis.

6. Mean catch-all score: Meanscoreof thecatch-allmodelacrossall observationsin the
wordhypothesis.

7. Number of acousticobservations: Thenumberof phone-level acousticobservations
within thewordhypothesis.

8. N
&

-bestpurity: Thefractionof the N
'

-besthypothesesin which thehypothesizedword
appearsin thesamepositionin theutterance.

9. Number of N
&

-best:Thenumberof sentence-level N
'

-besthypothesesgeneratedby the
recognizer.

10. Utterancescore: Theutteranceconfidencescoregeneratedfrom theutterancefeatures
describedpreviously.

2.5. Classifiertraining

2.5.1. Thetrainingdata

To train the confidencescoringmechanismandthe accept/rejectclassifier, a setof training
datamustbeusedwhich is independentof thetrainingdatausedto train therecognizer. The
independenceis required to insurethattheconfidencescoringmechanismaccuratelypredicts
the recognizer’s performanceson unseen/ data.

0
In our experiments,which wereconducted

usingtheJ
�
UPITER system,� theconfidencetrainingdataconsistsof 2506J

�
UPITER utterances.

Eachutteranceis passedthroughtherecognizerto produceasetof N
'

-besthypotheses(where
N

'  10)whichareusedto traintheconfidencescoringmechanism.Whentrainingthemodel
for wordconfidencescoring,only thehypothesizedwordsin thetop-choiceof theN

'
-bestlist

areused.

2.5.2. Data labeling

Thefirst stepin thetrainingprocessis to labelthedata. Eachtrainingtokenmustbelabeled
eitherascorr� ector1 incorrect. Thecorrectlabelis for tokenswhichshouldbeacceptedby the
classifier, while the incorr

2
ect label

!
is for tokenswhich shouldberejected.This stepmustbe
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takenfor both theword andutterance-level classifiers.In bothcases,eachcorrect/incorrect
label is associatedwith theconfidencefeaturevectorextractedfrom the recognizerfor that
hypothesis.

F
3
or word-level scoring the labelingschemeis obvious.Correctlyhypothesizedwordsare

labeledascorr� ectandincorrectlyhypothesizedwordsarelabeledasincorrect.
F
3
or utterance-level scoringthe conceptof correctnessis not asclear. We have electedto

usea setof heuristics to definethe labelsof corr� ectand4 incorrectsuch� thatonly utterances
which therecognizerhasextremedifficultiesrecognizingwill bemarkedasincorrect.In this
labelingscheme,we markutterancesin which thecorrectorthography is oneof thetop four
sentencehypothesesascorr� ect.� Utterancesin which at leasttwo out of every threewords
in the top-choicehypothesisarecorrectlyrecognizedarealsomarked ascorr� ect.� All other
utterancesarelabeledasincorr

2
ect.

2.5.3. Theclassifiermodel

Thesameconfidencescoringtechniqueis usedfor bothwordandutterance-level confidence
scoring.To produceasingleconfidencescorefor ahypothesis,asimplelinear discrimination
projectionvectoris trained.Thisprojection vectorreducesthemulti-dimensionalconfidence
featurevectorfrom thehypothesisdown to a singleconfidencescore.Mathematicallythis is
expressedas

r  �
p� T

�
f

5
(2)

where
�
f

5
is thefeaturevector,

�
p� is theprojectionvector, andr is theraw confidencescore.

Becausethe raw confidencescorer is simply a linear combinationof a setof features,
the scorehasno probabilisticmeaning.Ideally, we prefer to generatescoreswhich have a
probabilisticmeaningin orderto makethesescoresmorecompatiblewith otherprobabilistic
componentsof ourentiresystem.To thisend,aprobabilistic confidencescorebasedonmax-
imuma6 posterioriprobability(MAP) classificationis createdusingthefollowing expression:

c�  log
p � r7 � correct8 � P

� � correct8 �
p � r7 � incorrect

� � P
� � incorrect

� � 9 t .� (3)

In this expression,thep � r � correct� andp � r � incorrect� terms
:

aremodeledwith Gaussianden-
sity functionsfor r for correctandincorrecttokens,theP� correct8 � and4 P� incorrect� terms

:
are

a priori probabilitiesof observingcorrector incorrecttokens,andc� is thefinal probabilistic
confidencescoreexpressedin the log domain.Note that a constantdecisionthresholdt is

�
appliedto thescoreto settheaccept/rejectdecisionthresholdto zero.Thus,after thedeci-
sionthresholdt is

�
subtracted,anegativescorefor c� results; in a r7 ejectionwhile< anon-negative

scoreresultsin anacceptance6 .
Althoughvariousstudieshaveutilizedmorecomplicatedclassificationtechniques,suchas

multi-layeredperceptrons(W
�

eintraubet� al., 1997)
�

andsupportvectormachines(Ma
=

et al.,
2001),

�
it is not evident that a more complicatedtechnique is neededfor this task. In past

work, we wereableto achieve betterresultswith a simplelinearprojectionmodelthanwith
amorecomplicatedMAP classificationapproachusingmixtureGaussianmodels(Kamppari,
1999; Kamppari& Hazen, 2000).

�
Otherstudieshavealsoobservedthatsimplelineardecision

techniqueswork aswell asmorecomplicatedclassifiers,suchasmulti-layeredperceptrons
(Schaaf& Kemp, 1997; Wendemuthet� al.,� 1999),

�
on this task.We mayreturnour attention

to thisopenquestionin futurestudies.
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2.5.4. Thetrainingmethod

Theprojectionvector
�
p� is

�
trainedusingaminimum> classificationerror (MCE)

"
trainingtech-

nique.In this techniquetheprojectionvector
�
p� is first initializedusingFisherlineardiscrim-

inantanalysis.After theinitialization of
�
p� ,� a simplehill-climbing algorithmiteratesthrough

eachdimension in
�
p� adjusting4 itsvaluesto minimizetheclassificationerrorrateon thetrain-

ing data(Powell, 1964).
�

The optimizationcontinuesuntil a local minimum in error rate is
achieved.TheGaussiandensityparametersof theclassifiermodelaretrainedfrom the raw
scoresgeneratedafterapplying

�
p� to thefeaturevectorsin thetrainingset.

The thresholdt? is
�

determinedby setting the operating point of the systemto a desired
locationon thereceiver-operator characteristic (R

"
OC) curve.For theutterance-level scores,

thethresholdis setsuchthat98%of theutteranceswhicharelabeledascorrectareaccepted.
This thresholdis chosento insurea high detectionrate which discouragesfalserejections.
For words,theMCE rateis chosenasthedesiredoperatingpoint.

2.6. Experimentaltestconditions

To testtheconfidencescoringtechniques,atestsetof 2388J
�
UPITER utterancesisutilized.For

recognitionweutilize theSUMMIT speech� recognitionsystem(Glass,Chang& McCandless,
1996)

�
astrainedspecificallyfor theJ

�
UPITER weatherdomain(Glass,

.
Hazen& Hetherington,

1999).
�

Therecognizeris trainedonover70000utterancescollectedfrom livetelephonecalls
to our publicly availablesystem.Therecognizer’s vocabulary has2005words.As discussed
in theintroduction,therecognizerachievedaworderrorrateof 19	 1%on this testset.

2.7. Utterance-levelexperimental results

Thegoalof utterance-level confidencescoringis to rejectutteranceswith whichtherecognizer
hasextremedifficulty. With this in mind the utterancescoring mechanismrejected 13% of
theutterancesin thetestset.Theworderrorrateon this13%of thedatawasover100%(i.e.
thereweremoreerrorsthanactualwordsin thereferenceorthographies).Closerexamination
revealsthat only 27% of the referencewords in the orthography wereactually recognized
correctlyandthatbothsubstitutionerrorsandinsertionerrorshappenedmorefrequentlythan
correctrecognitions.By comparison,the word error rateon the 87% of the utterancesthat
wereacceptedwas 14%. Theseresultsindicatethat the utterance-level confidencescoring
mechanismperformsits job asintended.

2.8. Word-levelexperimentalresults

To evaluateword-level confidencescoring,thereis a varietyof metricsthathave beenpro-
posedin theconfidencescoringcommunity(Sui

�
& Gish, 1999).

�
Of thewidevarietyof evalu-

ationtechniquesavailable,wehavechosento evaluateourwordconfidencemodelsusingthe
ROCcurveof theconfidencemodel.Wealsoexaminethe“accept/reject”classificationerror
rateof theconfidencemodelat theoperating point alongtheROC thatour systemactually
utilizes.We choosethesemeasuresbecausethey offer a clearandobvious interpretationof
actualperformance of a confidencemodelfor a givenrecognizer. All of our evaluationsare
performedusingthewordsin therecognizer’s top-choicesentencehypothesisfor eachutter-
ancein our testset.

TheROC curve of a confidencemodelmeasuresthe trade-off betweentheacceptanceof
correctly recognizedwords(i.e. the detection

@
rate) andthe falseacceptanceof incorrectly
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Figure1. ROC curveproducedby threeindividualwordconfidencefeaturesandby
the

É
full MCE-trainedmodelusing10wordconfidencefeatures.

recognizedwords(i.e. the false
5

alarm rate). Figure1 sho� ws the ROC curvesfor the three
bestindividual word features(themeanacousticscore,the N

'
-bestpurity, andthe utterance-

level confidencescore).As canbeseenin thefigure,theROC curveof thefull MCE-trained
modelbasedon all 10 featuresdramaticallyimprovesuponthe ROC curvesof eachof the
threebestindividual features.When examining the individual features,it is observed that
the relative capabilitiesof the individual featuresvariesdependingon their exact operating
pointson thecurve.

F
3
or speechunderstandingsystems to be useful,the confidencescoringmodelcannotbe

overly aggressive in trying to rejectmisrecognitions.We typically operateour word confi-
dencescoringmodelat theminimumclassificationrateof theROC curve (asdeterminedon
developmenttestdata). At this operatingpoint thecorrectacceptancerateis 94	 9%

-
andthe

falseacceptancerateis 34	 3%.
%

In otherwords,thesystemcorrectlyrejects65	 7% of incor-
rectly recognizedwordswhile falselyrejectingonly 5 	 1%of correctlyrecognizedwords.

Becausewe areprimarily interestedin the confidencemodel’s performanceat its actual
operatingpoint (asopposedto its performanceover the entireROC curve), we canevalu-
ate the systemusing a single-valuedevaluationcriterion: the error rate on “accept/reject”
classificationof the word hypotheses.Using this evaluationmetric, an error occursif the
classifieracceptsa misrecognizedword or rejectsa correctly recognizedword. This error
rateis directly relatedto a recognitionmetricwereferto asthehypothesizedword error rate
(HWER).Thehypothesizedword errorrateis expressedasfollows:

HWER  � #Ê of substitutions� Ë � # of insertions�
# of hypothesizedwords

.� (4)

The HWER differs from the standardword error rate (WER) in that it only considersthe
accuracy of the wordsobserved in the hypothesizedword string. It neglectsdeletionerrors
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and is normalizedby the numberof hypothesizedwordsandnot the numberof reference
words.This metric is relatedto the accept/rejecterror ratebecausethe accept/rejectclassi-
fier canonly operateon wordswhich areactuallypresentin the hypothesis.At presentthe
confidencescoringtechniquehasno ability to expresstheconfidencethata word may have
beendeleted.The relationshipbetweenthe accept/rejecterror rateand the HWER results
from thefactthattheHWER actsasanupper boundon theaccept/rejecterrorrate.This can
beachievedby instructingtheclassifierto acceptall wordhypotheses. Thisassumesthatthe
HWER is lessthan50%.In caseswheretheHWER is actuallygreaterthan50%theupper
boundis basedon a systemwhich insteadrejectsall hypothesizedwords.With this in mind,
thegoalis to achieveanaccept/rejecterrorratewhichdramaticallyimprovesuponthisupper
bound.The system,which simply accepts(or rejects)all wordswill be referred to as the
baselinesystemagainstwhich theaccept/rejectclassifieris compared.

TableI
Ì

eÍ xaminestheaccept/rejectclassificationerror rateunderthreeconditions:(1) the
baselinesystem,(2) aclassifierusingeachof the10wordfeaturesonanindividualbasis,and
(3) the systemusingthe completesetof featureswith the MCE-trainedlinear discriminant
classifier. Theseresultswerecomputedover all hypothesizedwordssolely from utterances
acceptedby theutterance-level classifier. As canbeseenin thetable,theindividual features
basedsolelyon theacoustic scoresdo not performparticularlywell by themselves.In fact,
themeanlog-likelihoodacousticscore,whichis thebestof theacoustically-basedconfidence
features,hasanaccept/rejecterror ratewhich is only 3% lessthanthebaseline system(11	 7+
vs.12	 1%).By comparison,theutterance-level score,which is the samefor all wordsin any
sentencehypothesis,yieldsa 7% improvementfrom thebaseline (11	 2 vs. 12	 1%), andthe
N

'
-bestpurity measureyieldsan11%improvement(10	 8, vs.12	 1%).Whenall of thefeatures

arecombined,a relative error ratereductionof 22%from thebaselinecanbeachieved(9 	 4Î
vs.12	 1%).

TableII shows theperformanceof theclassifierundertwo differentconstraints.First, the
tableshowstheperformanceof theclassifierwhentestedonacceptedvs.rejectedutterances.
For acceptedutterancesthe baselinesystemacceptsall words. In this case,the improve-
mentover thebaselineachievedby theaccept/rejectclassifiercomesfrom rejecting asmany
misrecognizedwordsaspossiblewhile maintaininga low falserejectionrate.For rejected
utterance(whereover 70% of the hypothesizedwords are incorrect),the baselinesystem
rejectsall hypothesizedwords. In this case,the improvement over the baselinesystemis
achievedby acceptingasmany correctlyrecognizedwordsaspossiblewhile maintaininga
low falseacceptancerate.As can beseenin thetable,theclassifiershows a largerreduction
in classifiererrorratefromthebaselineon rejectedutterancesthanit doesonacceptedutter-
ances.This resultindicatesthatthewordconfidencescoringtechniquecanbeuseful for both
acceptedandrejectedutterances.

Table II also shows the performanceof the classifierwhen appliedto all hypothesized
wordsascomparedto its application to only hypothesizedwordswhich arepropernamesof
geographiclocations.This analysisis usefulbecausecontentwordssuchaslocationnames
aretypically moreimportantto thecorrectunderstandingof anutterancethanfunctionwords.
Theresultsindicatethat theconfidencescoringtechniqueis moreaccurate on hypothesized
location namesthan it is over all words in general.This result is very satisfyingsinceit
indicatesthat the confidencescoring techniqueworks beston the words which are most
importantfor understanding.

Theperformanceof theaccept/reject classifiercanalsobeexaminedin severalotherinter-
estingways.Whenexaminingaccepted utterancesonly, thesystemcorrectlyrejects51%of
the incorrectlyhypothesizedwordswhile only falselyrejecting4% of correctwords.These
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TABLE I. Accept/rejectclassificationper-
formanceof wordconfidencescoringmech-
anism on acceptedutteranceswhen each
feature is testedindependentlyand when
featuresare combinedusing linear com-
bination

Ï
with minimum classificationerror

training

Testcondition Accept/reject
or feature errorrate

%
Baseline(HWER) 12Ð 1
# of N

Ñ
-best 12Ð 1

Acousticscorestd.dev. 12Ð 1
#

Ò
of acousticobservations 12Ð 1

Meancatch-allscore 12Ð 1
Minimum acousticscore 12Ð 1
Meandiff. from maxscore 12Ð 0
Meanacousticlikelihood 11Ð 9
Meanacousticscore(log) 11Ð 7
Utterancescore 11Ð 2
N

Ñ
-bestpurity 10Ð 8

Combined 9Ð 4

TABLE I I. Comparisonof accept/reject classifica-
tion performanceof word confidencescoringmech-
anismover all utterances,acceptedutterancesonly,
and rejectedutterancesonly, when consideringall
hypothesizedwords vs. geographiclocation words

only

Accept/rejecterrorrate
Utterances Words Baseline Classifier

% %
All All words 16Ð 4 10Ð 1
Accepted All words 12Ð 1 9Ð 4
Rejected All words 27Ð 2 19Ð 1
All Locations 17Ð 8 9Ð 1
Accepted Locations 12Ð 9 8Ð 7
Rejected Locations 24Ð 3 14Ð 5

numbersimprove to 54 and3.5%whenconsidering only wordswhich arelocationnames.
Furthermore,acrossall utterancesthecombinationof utteranceandword-level scoringcor-
rectly detects72%of theerrorsintroducedby unknown wordsand85%of theerrorsintro-
ducedby non-lexical artifacts.

3. Integrating confidencescoresinto understanding

3.1.
Ó

Overview

While it is interestingto examinetheresultsof theconfidencescoringtechniquesin thecon-
text of recognition, theultimategoalof this work is to improve theunderstandingaccuracy
of our conversationalsystems.To achieve this,we mustintegratetherecognitionconfidence
scoresinto the languageunderstandingcomponentof thesystem.For languageunderstand-
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TABLE I I I. ExampleN
Ñ

-bestlists augmentedwith confidencescores.Thefirst list is thestandard
outputfrom therecognizer. Thesecondlist shows how hard rejection� is appliedto poorly scoring

words.Thethird list is theunionof thefirst two lists allowing for softor optionalrejection�
N

Ñ
-bestlist without rejection:

what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 5Ð 43 paris Ô 0 Õ 03 park� 4Ð 41 new jerse
Ö

y 4Ð 35
what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 4Ð 47 hyannis Ô 0 Õ 16 park� 4Ð 41 new jerse

Ö
y 4Ð 35

what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 5Ð 12 venice Ô 1 Õ 49 park� 4Ð 41 new jerse
Ö

y 4Ð 35
what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 4Ð 28 france Ô 1 Õ 76 park� 4Ð 41 new jerse

Ö
y 4Ð 35

N
Ñ

-bestlist with hard rejection:�
what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 5Ð 43 *r eject* 0 Õ 00 park� 4Ð 41 new jerse

Ö
y 4Ð 35

what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 4Ð 47 *r eject* 0 Õ 00 park� 4Ð 41 new jerse
Ö

y 4Ð 35
what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 5Ð 12 *r eject* 0 Õ 00 park� 4Ð 41 new jerse

Ö
y 4Ð 35

what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 4Ð 28 *r eject* 0 Õ 00 park� 4Ð 41 new jerse
Ö

y 4Ð 35

N
Ñ

-bestlist with softrejection:�
what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 5Ð 43 paris Ô 0 Õ 03 park� 4Ð 41 new jerse

Ö
y 4Ð 35

what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 5Ð 43 *r eject* 0 Õ 00 park� 4Ð 41 new jerse
Ö

y 4Ð 35
what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 4Ð 47 hyannis Ô 0 Õ 16 park� 4Ð 41 new jerse

Ö
y 4Ð 35

what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 4Ð 47 *r eject* 0 Õ 00 park� 4Ð 41 new jerse
Ö

y 4Ð 35
what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 5Ð 12 venice Ô 1 Õ 49 park� 4Ð 41 new jerse

Ö
y 4Ð 35

what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 5Ð 12 *r eject* 0 Õ 00 park� 4Ð 41 new jerse
Ö

y 4Ð 35
what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 4Ð 28 france Ô 1 Õ 76 park� 4Ð 41 new jerse

Ö
y 4Ð 35

what is 6Ð 13 the5Ð 48 forecast6Ð 88 for 4Ð 28 *r eject* 0 Õ 00 park� 4Ð 41 new jerse
Ö

y 4Ð 35

ing weutilize theT
×

INA naturalØ languageunderstandingsystem(Senef
�

f, 1992). TI
Ù
NA utilizes

a semantically-taggedprobabilisticcontext free grammarto parseeach utterance. In cases
whereT

×
INA is

�
unableto generatea full parse,thesystemmaybackoff to arobust(or partial)

parseof the utterance.For utterancesin which eithera full or robust parseis found, a set
of semantic concepts,representedas key-value pairs,can be extractedfrom the semantic
informationpresentin theparsetree.For example,considerthefollowing query:

whatis theforecastfor piscatawaynew jersey.

Fromthesemantically-taggedparsetreeof this utterancethe following key-valuerepresen-
tationis generated:

weather:for
Ú

ecast city: piscataway� state:new jersey.

In ourexperiments,languageunderstandingis evaluatedby examiningtheconcepterror rate
from thesetof key-valuepairs(Polifroni, Seneff, Glass& Hazen,� 1998).

To integrateconfidencescoresinto the understandingcomponenta two-stepprocesscan
be utilized. First, if an utteranceis rejectedat the utterance-level, the understandingcom-
ponentdoesnot attemptto understandtheutteranceandassumesthatno usefulinformation
for understandingcanbeextractedfrom therecognizer’soutput.In thiscasethesystemdoes
not generateany key-valuepairs.If theutteranceis accepted, thesecondstepis to createan
N

'
-bestlist whichis augmentedwith confidencescores,andallow thenaturallanguageparser

to try to interprettheutterancefrom theN
'

-bestlist, giventhatsomewordsmay bemisrecog-
nized.An alternativeapproachis to ignoreutterance-level rejectionandperformunderstand-
ing onall utterancesregardless of how badtheir utterance-level confidencescoresare.
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3.2. N-bestlist augmentation

To handleword confidencescores,only a few modificationsto the basic N
'

-best list are
required.First, the N

'
-best list passedto the parseris augmentedwith confidencescores.

The first list in TableIII
Ì

sho� ws an exampleN
'

-bestlist augmentedwith confidencescores.
Two differentwordrejectionstrategiescanbeappliedto theinitial N

'
-bestlist. Thesecondlist

in TableIII
Ì

shows theapplicationof har
Û

d rejectionto
:

the N
'

-bestlist. In this case,any word
with aconfidenceof lessthanzerois replacedwith arejectedwordmarkerwhichreceivesthe
neutralscoreof zero.The third list in TableIII

Ì
shows theapplicationof optionalÜ rejection.

This list is essentiallythecombinationof thefirst two lists.Usingoptionalrejection,poorly
scoringwordsare retainedin thefinal N

'
-bestlist but mustcompetewith the rejectedword

markersthey generate,which have a higherscore.In this processpoorly scoring wordscan
beselectedover their rejectedcounterpartsin caseswheretheparser’s linguisticprobabilistic
scoresstronglypreferthepoorly scoringhypothesis.

3.3. Word graphsearch

Within T
×

INA, the incomingN
'

-bestlist is collapsedinto a word graph.Eacharc in theword
graphis augmentedwith ascorefor its respectiveword.Beforetheimplementation of word-
level confidencescores, aheuristicwordscoringmethodwasutilizedwhichgeneratedscores
basedon the numberof N

'
-besthypotheseseachword appearedin and the rank of those

N
'

-besthypotheses(Kamppari,� 1999). In the new versionof the system,each arc in the
word graphis insteadaugmentedwith theword-level confidencescoresgeneratedfrom the
recognizer.

The
)

parserperformsa beamsearchthroughthe graphcombiningthe word scoreswith
trainedlinguisticprobabilitiesto generatea total scorefor eachparsetheory. Froma ranked
list of parsetheoriesextractedfrom theword graph search,T× INA selects� thehighestscoring
theory that producesa full parse.If no path through the word graph can be found that
generatesa full parse,thenthe systemselectsthe highestscoringrobust parse.The disad-
vantageof this approachis thatit hasthepossibilityof selectingany word sequencethrough
theword graphin orderto find a sentencethatparses,even if oneor morewordsin thehy-
pothesisarehighly likely to be misrecognitions.Whenthe input N

'
-bestlist is augmented

with word rejections,the resulting word graphallows the parserthe option of selectingre-
jected

Ý
wordsinsteadof poorly scoringwords.

3.4.
Ó

Grammaraugmentation

By allowing thewordswith badconfidencescoresto beoptionallyrejectedin thewordgraph,
it becomespossiblefor theunderstandingcomponentto generatenew semanticrepresenta-
tions that might not be possiblefrom the original setof word hypothesesgeneratedby the
recognizer. For example,thesystemcannow ascertainthesyntacticandsemanticrole of a
rejectedword if thereis enoughsurroundingcontext to allow the parserto incorporatethe
rejectedword marker into a full parsetree.At the momentthis is enabledby the authorof
the grammarwho must explicitly augmentthe grammarto allow rejectedword markersas
terminalsin certainlocationswithin someparsetreestructures.

F
3
or example,in J

�
UPITER the

:
grammarwasadjustedto allow rejectedwordsto beparsed

asunknowncity namesin sentencecontexts wherethe rejectedword wasalmostcertainly
a city name.In the examplein Table III ,� for example,the word sequence“*reject* park”
would beparsedasanunknown city name.This adjustmentcomplementedanexisting pars-
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ing mechanismwhichallowedunknown words(i.e.wordsnot in thevocabularyof thegram-
mar)to parsein asimilar fashion.

A second adjustmentto thegrammarthatcanbemadeis to allow rejectedwordsappearing
anywherein thesentenceto be skippedwhentheparseris attemptingto find a robust parse.
Thisallows theparserto concentrateononly theportionsof theutterancewhichwererecog-
nizedwith highconfidenceandto performapartial parsebasedontheseislandsof reliability.
This modification is especiallyuseful for eliminating problemsthat result from spurious
soundsor speechat thebeginningand/orendof anutterance.

3.5. Experimentalresults

To examinetheeffectsof confidencescoring onlanguageunderstanding,theJ
�
UPITER system

canbeevaluatedonthetestdataunderfivedifferentconditions:(1) usingtheoriginalsystem
which did not utilize word confidencescores,(2) usingthenew systemwhich utilizesword
confidencescoresbut doesnotperformany rejection,(3) usingthenew systemwith utterance
rejection,(4) usingthe new systemwith utterancerejectionandoptionalword rejection,and
(5) using the new systemwith utterancerejectionand hard word rejection.As discussed
earlier, theseconditionsare investigatedusingkey-valuepair concepterror rate (Polifroni

�
et al.,� 1998).

�
Theresultsareshown in TableIV in termsof substitution,insertion,deletion,

andtotal errorrates.For theseexperiments,a substitutionerroroccurswhena testutterance
hasa key-valuepair wherethe key matchesa key-valuepair in the correctanswer, but the
valuein the pair is different.An insertion occurswhena key-valueconceptis erroneously
inserted.Likewise,adeletion occurswhenakey-valueconceptis erroneouslydeleted.

An examinationof TableIV
Ì

yieldsÞ several importantobservations.First, thenew system
usingtheprobabilisticwordconfidencescoreshasanerrorratewhich is 8%smallerthanthe
error rateof theoriginal systemusingtheheuristicword scores.However, both theoriginal
andnew systemssuffer from excessive insertionerrorswhenno rejection is utilized.This is
primarily theresultof theunderstandingcomponent’s aggressive effort to find a reasonable
interpretationof an utterancefrom any of the hypothesesin the N

'
-bestlist. Without rejec-

tion, the understandingcomponentcan latch onto any hypothesiswhich producesa parse
regardlessof whetheror not therecognizeris confidentaboutthehypothesis.This generally
producesthe correct answerwhenthe useris cooperative, speaksclearly andstayswithin
domain.However, this approachyieldsmany insertionswhentheutteranceis outof domain,
hasunknown words,or hasartifactswhichcausedifficulty for therecognizer.

Next, whenutterance-level rejectionis added,theinsertionerrorrateis reducedfrom 18	 2
to 12	 7%while thedeletionerrorrateis only increasedfrom 6 	 1 to 7 	 1%.In otherwords,the
useof utterancerejectionremoves5 	 5 insertionerrors for every deletionerrorthat is added.
This translatesinto a relativeerrorratereductionof 17%.

Next, the addition of word rejectionto utterancerejectionproducesanothersignificant
improvementin the total error rate.While the total error rates for optionalword rejection
vs. hardword rejectionarevirtually thesame,thenatureof theunderlyingerrorsis slightly
different.Usingoptionalwordrejection,theinsertionerrorrateremainshigherthanthedele-
tion error rate.However, hardword rejection producesa resultwheredeletions outnumber
insertions.Therelative desirabilityof eachmethodwould thusbedependenton whetheror
not insertionerrorsaremoreharmfulto theuser’s interactionwith thesystemthandeletions.
Theadditionof word rejectionallows a relative errorratereductionof 14%from thesystem
usingutterancerejectiononly. Overall, theuseof utteranceandword confidencescoresand
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TABLE IV. Concepterrorratesof theunderstandingcom-
ponent� asconfidencescoresanddifferent levels of confi-

dencerejectionareaddedto thesystem

Experimental Concepterrorrates(%)
conditions Sub. Ins. Del. Total
Original system 1Ð 9 20Ð 2 6Ð 4 28Ð 5
New systemw/o reject. 2Ð 1 18Ð 2 6Ð 1 26Ð 3ß

utterancerejection 1Ð 8 12Ð 7 7Ð 1 21Ð 7ß
optionalword reject. 1Ð 3 9Ð 0 8Ð 4 18Ð 7ß
hardword rejection 1Ð 0 7Ð 2 10Ð 5 18Ð 6

rejectionwithin theunderstandingcomponentachieveda relative reductionin concepterror
rateof 35%,from 28	 5( to 18	 6%.

*
After
à

running the experimentsshown in Table IV
Ì

,� we re-ran the word-level rejection
experimentswithout usingany utterance-level rejection.Thesefollow-up experimentspro-
ducednearlyidenticalresultsastheexperimentsthatusedutterance-level rejection. In essence
utterancesthat were rejectedtendedto produce word-level scoresthat causedall or most
of the individual words to be rejectedaswell. This led us to concludethat utterance-level
rejectionis actuallyunnecessaryin oursystemfrom anunderstandingpoint of view, although
a slight amountof computationcan besavedby skippinga full naturallanguageparsewhen
anutteranceis rejected.

Additionally a closerexaminationof the error ratereductionsachieved from word-level
rejectionrevealsthatalmostall of thereductionis dueto thesystem’sability to skip rejected
words during the parseand to revert to a partial parseof the confidentportions of the
utterance.Only asmallhandfulof thetestutterancesdisplayedafull parsecontainingseman-
tically taggedrejectedwords.This is predominatelydueto ourconservativeuseof this tech-
niquein thegrammars.Weonly attemptedto tagrejectedwordsascitiesin veryconstrained
grammaticalenvironments in order to avoid ascribingincorrect semanticinterpretationsto
rejectedwords.The careful addition of new grammarrules which generatenew semantic
interpretationsof rejectedwordsin othercontexts mightallow for furtherimprovements.

4.
á

Dialoguemodeling issues

At this time, we are just beginning to considerthe dialoguemodelingissuesinvolved in
utilizing the confidencescoringtechniquesthat we have presentedhere.To be more spe-
cific, confidencescoringaffectstwo majorcomponentsof thedialoguemanager, hypothesis

Û
selectionandresponseplanning.� In our systemwe implementhypothesis selection(i.e. the
processof selectingthebestinterpretation

�
of theinput utterance)asa processcontrolledby

the dialoguemanager. Many differentpiecesof knowledgeshould be incorporatedinto the
hypothesisselectioncomponentof a system.This informationnot only includesthe confi-
dencescoresof word hypothesesandthe linguistic scoresfrom theunderstandinggrammar
but alsotheknowledgeof any constraintsprovidedby thecurrentdialoguestate or by prag-
maticconsiderations.It is thusimportantto retainasmany plausiblehypothesesaspossible
until all relevantinformationthatis availableis utilized in thefinal selectionof ahypothesis.
In our system,the dialoguemanageris the naturalplaceto integratethesemany different
sourcesof information.

To assistin thisgoal,oursystempropagatestheconfidencescoresthroughtheunderstand-
ing componentto thedialoguemodelingcomponent.Theunderstandingcomponentis thus
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TABLE V. Samplesemanticframeaugmentedwith concept-level confidencescoresandthe key
valuerepresentationof this frameâ ã ä å æ ç è é ê ë

ì í î ï ð ã â ç ä é ñ í å é ê
ì ã î ò ó ð ô é ò ã é õ ö ÷ ø ù õ
ì ï ê é ô â ï ð òì í î ï ð ã â ç ã ð í ë

ì ò ñ ú é õ ï ñ ê ð û õ
ì ã î ò ó ð ô é ò ã é õ ù ÷ ü ö õ
ì ï ê é ô â ï ð òì í î ï ð ã â ç û í ñ í é

ì ò ñ ú é õ ò é ä ý é ê û é ë õ
ì ã î ò ó ð ô é ò ã é õ þ ÷ ö ÿ õ � � � � �

TABLE VI. Exampleof dialoguesequencespokento J
�
UPITER demonstratinganaction taken

whentheselectedword stringhypothesiscontainsa rejectedword in theplace of a misrec-
ognizedcontentword

Turn1: User: Whatis theforecastfor ParamusPark,New Jersey?
Selectedhyp: whatis theforecastfor *r eject* park� new jersey
Key-values: weather:for

Ú
ecast city: *reject*park state:new jersey

System: I maynot know thecity you’reaskingabout.I know of the
following placesin New Jersey: Atlantic City, Camden,Newark,
Piscataway, Princeton,andTrenton.Pleaseselectone.

Turn2: User: Piscataway.
Selectedhyp: piscataway�
Key-values: city: piscataway�
System: In Piscataway today, cloudy, 70percentchanceof rain.

High 60, low 42.CanI helpyouwith somethingelse?

capableof generatingmultipleunderstandinghypothesesandcreatingasemanticrepresenta-
tion augmentedwith confidencescoresfor eachhypothesis.To provide anexample,TableV
shows a semantic� frame(our representationfor semanticinformation)whosetopicsare aug-
mentedwith confidencescores generatedfrom thewordsrepresentingeachconcept.

Givenasemanticframeaugmentedwith confidencescores,thedialoguemodelingcompo-
nentcanthenevaluatethesemanticframewith respectto thecurrentdialoguestateandaset
of underlyingpragmaticconstraints.For example,thesemanticframein TableV

�
, hascon-

flicting city andstateinformation(i.e. thereisnocity of “Paris” in thestateof “New Jersey”).
Becausethe confidencescorefor “New Jersey” is considerablyhigher than the scorefor
“Paris” thedialoguemanagercouldassumethat“New Jersey” is correctandignorethecity
information.Alternatively, the dialoguemanagercould alsosearch otherhypothesesfrom
the understandingcomponentfor a more pragmaticallyplausiblehypothesis.A more de-
taileddescription of how hypothesisselectionis performedin our dialoguemanagercanbe
foundin Senef

�
f andPolifroni (2001).

�
Sometimesno pragmaticallyplausiblehypothesesexist within theword graphsgenerated

by the recognizer. Often the implausibilitiesare the result of misrecognizedwords which
containpoor confidencescores.As discussedearlier, with the ability of the understanding
componentto optionally rejectwordhypotheseswith badconfidencescores,it becomespos-
sible for theunderstandingcomponentto generatenew semanticrepresentations thatmight
notbepossiblefrom theoriginalsetof wordhypothesesgeneratedby therecognizer. Specif-
ically, thissystemmightbeableto determinethesemanticintentof arejectedwordfrom sur-
roundingcontext without knowing exactly whatword wasspokenby theuser. Theresponse
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TABLE VII. Exampleof dialoguesequencespoken to J
�
UPITER demonstrating

the understandingcomponent’s ability to ignorerejectedwordsandperforma
partial� parseononly thereliably recognizedportionof theutterance

Turn1: User: Will theYankeesgameberainedout tonight?
Selectedhyp: will the*r eject* *r eject* berainfall tonight
Key-values: weather:rain date:tonight
System: Whatcity areyou interestedin?

Turn2: User: New York.
Selectedhyp: new york
Key-values: city: new york
System: In New York City tonight,chanceof thunderstorms.

CanI helpyouwith somethingelse?

planningcomponentof thedialoguemanagercantakeadvantageof thisability by informing
theuserthatit understoodthehigh-level semanticintentof theutterance,but misunderstood
someword or wordsthat areimportantfor full understanding.TableVI

�
sho� ws an example

of a casewherethe systemunderstoodthat the userwaslooking for the forecastfor some
city in New Jersey but couldnot recognizewhich city wasactually spoken.In this case,the
dialoguemanagerthensteers theusertowardscitiesin New Jersey thatit actually knows.

A secondcapability that is improved by the useof rejectedwords in the understanding
componentis theability to performpartialparseswhich ignorerejectedwordsandconcen-
trateontheislandsof reliability in thewordgraph.Thisallowstheunderstandingcomponent
to extractsomeportionof theuser’s intentfrom thewordsthat theconfidencemodelfeelsare
reliably recognized.The systemcanthen promptthe userto supplyadditionalinformation
to completetherequest.TableVII

�
presents� anexampledemonstratingthis capability. In this

exampletherecognizeris unableto find wordhypotheseswith highconfidencefor thecenter
portionof theutterance.Theunderstandingcomponentignoresthis unreliableportion of the
utterance,andfocuseson the wordsrainfall tonight. Although thesewordsarenot exactly
whattheusersaid,the semanticconceptsof “rain” and“tonight” aresuccessfullyextracted.
Thesystemthenpromptstheuserfor thenameof a city in orderto nudgetheusertowardsa
completequeryit cananswer. After theuserrespondswith acity name,thesystemis ableto
providea reasonableresponseto theusereventhoughtheoriginalquerywasnotcompletely
insidetherealmof its domain.

5.
�

Summary

In this paperwe have presenteda multi-tieredconfidencescoringapproachwhich is ableto
produceconfidencescoresat thephonetic,wordandutterancelevels.Thesetechniqueshave
provento beespeciallyusefulwhenthespeechsignalcontainsunknown wordsor non-lexical
artifacts.This is evidencedby the fact that the systemcorrectlydetects 72% of the errors
introducedby unknown words and 85% of the errors introducedby non-lexical artifacts.
By integratingtheword andutteranceconfidencescoringtechniquesinto theunderstanding
componentof theJ

�
UPITER weatherinformationsystem,wewereableto achievearelativere-

ductionof 35%in theconcepterrorrateof thesystem.Wehavealsoshown several examples
of how theseconfidencescoresareusedto helpthedialoguemanagerguidetheusertowards
asuccessfulcompletionof their goal.
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6. On-goingand futur ework

Currently thereare several efforts in our group aimedat improving the robustnessof our
recognizer. Theseefforts includethemodelingof out-of-vocabulary (OOV) words(Bazzi&
Glass,� 2000

�
; Chung, 2000

�
)
�

andthe modelingof non-speechor noiseartifacts(Hazen,
�

Het-
herington& Park,� 2001). The incorporation of OOV modelsand non-speechmodelsinto
our recognizerwill affect the confidencescoringtechniquesthat we utilize. We have con-
ductedsomepreliminary experimentsto understandhow thesetechniquescanbeintegrated
with ourexistingconfidencescoringmodule(Hazen& Bazzi,� 2001).

�
Early indicationsimply

thatthesemodelingtechniquesarecomplementary. Improvements to our confidencescoring
techniquesarealsobeinginvestigatedwithin ourgroup.This includesincorporating prosodic
featuresinto our confidencescoringmodel(W

�
ang,� 2001), examiningmorecomplex classi-

fication techniques,andexploring the useof word-dependentor word-class-dependentcon-
fidencemodels.We arealsocontinuingto work on improvementsto our hypothesisselec-
tion mechanismswithin the dialoguemodelingcomponentof our systemwith the hopeof
devising anapproachwhich moretightly couplesthevarioussourcesof information(acous-
tic, linguistic,pragmatic,etc.) to helpimproveourunderstandingaccuracy.

One aspectof dialoguemodelingresearchthat we did not addressin this paperis the
issueof usersatisfaction.While theendgoal of our work is to improve theusabilityof the
system,wehavenotyetattemptedto determinetheeffectsthatthevariousmethodswehave
discussedin this paperhaveon usersatisfactionwith our system.A propercomparative user
studyis theonly wayto determinetheeffectivenessof thevariousstrategiesfor incorporating
confidencescoresin thedialoguemodelingprocess.Unfortunately, wewill haveto leavethis
studyto futurework.

The authorswish to acknowledgethe contributionsof Jim Glass,ChristinePao,Philipp Schmid, and
Simo Kamppari,whoseprior work on confidencemodelinglaid the foundationfor the experiments
presented� in this paper. The authorsalsowish to thankTheresaBurianekfor her contributionsto the
experimentspresentedin thispaperandto theoriginalversionof thispaperwhichappearedin theISCA
ASR2000WorkshopandTutorial.This researchwassupportedby DARPA undercontractN66001-99-
1-8904,monitoredthroughNaval Command,ControlandOceanSurveillanceCenter.
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