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Abstract
In this paper, we describeanempiricalevaluationof an
adaptive mixed initiative spoken dialoguesystem. We
conductedtwo setsof experimentsto evaluatethemixed
initiativeandautomaticadaptationaspectsof thesystem,
andanalyzedtheresultingdialoguesalongthreedimen-
sions: performancefactors,discoursefeatures,andini-
tiative distribution. Our resultsshow that 1) both the
mixed initiative and automaticadaptationaspectsled
to bettersystemperformancein termsof usersatisfac-
tion anddialogueefficiency, and2) the system’s adap-
tation behavior bettermatcheduserexpectations,more
efficiently resolved dialogueanomalies,andresultedin
higheroveralldialoguequality.

1 Intr oduction
Recentadvancesin speechtechnologieshave enabled
spokendialoguesystemsto employ mixed initiative di-
aloguestrategies(e.g. (Allen et al., 1996;Sadeket al.,
1996;Mengetal.,1996)).Althoughthesesystemsinter-
actwith usersin amannermoresimilarto human-human
interactionsthanearliersystemsemploying systemini-
tiative strategies, their responsestrategies are typically
selectedusingonly local dialoguecontext, disregarding
dialoguehistory. Therefore,theirgainin naturalnessand
performanceunderoptimalconditionsis oftenovershad-
owed by their inability to copewith anomaliesin dia-
loguesby automaticallyadaptingdialoguestrategies. In
contrast,Figure 1 shows a dialoguein which the sys-
tem automaticallyadaptsdialoguestrategies basedon
the current user utteranceand dialoguehistory.1 Af-
ter failing to obtaina valid responseto an information-
seekingqueryin utterance(4), the systemadapteddia-
loguestrategiesto provide additionalinformationin (6)
thatassistedtheuserin respondingto thequery. Further-
more,aftertheuserrespondedtoalimitedsystemprompt
in (10) with a fully-specifiedquery in (11), implicitly
indicatingher intention to take charge of the problem-

1S and U indicatesystemand userutterances,respectively. The
words appearingin squarebrackets are the output from the Lucent
AutomaticSpeechRecognizer(Reichl andChou,1998; Ortmannset
al., 1999),configuredto useclass-basedprobabilisticn-gramlanguage
models.The taskanddialogueinitiative annotationsareexplainedin
Section2.1.

solving process,the systemagain adaptedstrategies,
henceproviding anopen-endedpromptin (13).

Previous work has shown that dialoguesystemsin
which users can explicitly changethe system’s dia-
logue strategies result in betterperformancethan non-
adaptablesystems(Litman and Pan, 1999). However,
no earlier systemallowed for initiative-orientedauto-
matic strategy adaptationbasedon informationdynam-
ically extractedfrom the user’s spoken input. In this
paper, we briefly introduceMIMIC, a mixed initiative
spoken dialoguesystemthat automaticallyadaptsdia-
loguestrategies. We thendescribetwo experimentsthat
evaluatedtheeffectivenessof MIMIC’ s mixedinitiative
andautomaticadaptationcapabilities.Our resultsshow
that, whenanalyzedalongthe performancedimension,
MIMIC’ s mixedinitiative andautomaticadaptationfea-
turesleadto moreefficientdialoguesandhigherusersat-
isfaction.Moreover, whenanalyzedalongthediscourse
and initiative dimensions,MIMIC’ s adaptationcapabil-
ities resultin dialoguesin which systembehavior better
matchesuserexpectationsanddialogueanomaliesarere-
solvedmoreefficiently.

2 MIMIC: An Adaptive Mixed Initiati ve
DialogueSystem

MIMIC is a voice-enabled,telephone-baseddialogue
systemthatprovidesmovie showtime information.Two
main featuresdistinguishMIMIC from other existing
spoken dialoguesystems. First, MIMIC automatically
adaptsdialoguestrategiesbasedon dialoguecharacter-
istics and thus tailors its behavior to the dialoguecon-
text. Second,MIMIC’ s initiative moduleis decoupled
from thedialoguemanager’s goalandstrategy selection
processes,therebyenablingthe system’s adaptationbe-
havior to be easilymodified. We outlinecharacteristics
of MIMIC relevantto ourexperimentsandanalyses.For
furtherdetailsaboutthesystem,see(Chu-Carroll,2000).

2.1 Adaptation of DialogueStrategies

Figure1 showed an actualinteractionbetweenMIMIC
and a user. The task and dialogue initiative holders
annotatedfor eachsystemturn are the factorsthat af-
fect MIMIC’ s dialoguestrategy adaptation. Following
(Chu-CarrollandBrown, 1998),taskinitiative tracksthe



Utterance Task Dialogue
Initiati ve Initiati ve

(1) S: Hello, this is MIMIC, themovie informationsystem. User System
(2) How canI helpyou?
(3) U: Whattime is AnalyzeThisplayingin Montclair?

[what timeis analyzethisplayingin montclair]
(4) S: Whattheaterwouldyou like? User System
(5) U: Montclair.

[montclair]
(6) S: Choicesfor theaterareWellmontTheaterandClearviewsScreeningZone. System System
(7) Whattheaterwouldyou like?
(8) U: ClearviewsScreeningZone.

[um movie screeningzone]
(9) S: AnalyzeThis is playingatClearviewsScreeningZonein Montclairat 1:15pm,4:10pm, System System

and6:30pm.
(10) Pleasesaythenameof themovie or theateror town youwould like informationabout.
(11) U: Whattime is AnalyzeThisplayingat theWellmontTheater?

[what timeis analyzethisplayingat thewellmonttheater]
(12) S: Analyzethis is playingat WellmontTheaterin Montclairat 3:15pm,5:45pm,8:20pm, User System

and10:10pm.
(13) CanI helpyouwith anythingelse?

Figure1: An AdaptiveMixedInitiativeDialoguewith MIMIC

leadin theprocesstowardachieving thedialoguepartici-
pants’domaingoal,while dialogueinitiative modelsthe
leadin determiningthe currentdiscoursefocus. In our
informationqueryapplicationdomain,MIMIC hastask
(andthusdialogue)initiative whenits utterancesarein-
tendedto providehelpful guidancetowardachieving the
user’s domaingoal, while it hasdialoguebut not task
initiative if its utterancesonly specify the currentdis-
coursegoal.2 For example,asa resultof MIMIC taking
over taskinitiative in (6), helpful guidance,in the form
of valid responsechoices,was provided in its attempt
to obtaina theaternameafter the userfailed to answer
an earlierquestionintendedto solicit this information.
In (4), MIMIC specifiedthe currentdiscoursegoal (re-
questinginformationaboutamissingtheater)but did not
suggestvalid responsechoicessinceit only haddialogue
initiative.

MIMIC’ s ability to automatically adapt dialogue
strategies is achieved by employing an initiative mod-
ule that determinesinitiative distribution basedon par-
ticipant roles,cuesdetectedduring the currentuserut-
terance,anddialoguehistory (Chu-CarrollandBrown,
1998). This initiative framework utilizes theDempster-
Shafer theory (Shafer, 1976; Gordon and Shortliffe,
1984),andrepresentsthecurrentinitiativedistributionas
two basicprobabilityassignments(bpas)thatsignify the
overall amountof evidencesupportingeachagenthav-
ing taskanddialogueinitiatives. The effectsthat a cue
hason changingthe currenttaskanddialogueinitiative
distribution arealsorepresentedasbpas,obtainedusing
aniterative trainingprocedureonacorpusof transcribed

2In thedialoguescollectedin ourexperiments,whicharedescribed
in Section3, therearesystemturnsin which MIMIC hadneithertask
nordialogueinitiative. However, suchcasesarerarein thisdomainand
will notbediscussedin thispaper.

and annotatedhuman-humandialogues. At the end of
eachuserturn, thebpasrepresentingtheeffectsof cues
detectedduringthatturnarecombinedwith thebpasrep-
resentingthe currentinitiative distribution to obtainthe
initiativedistribution for thesystem’snext turn.

In Figure1, utterance(3) triggeredthe cueAmbigu-
ousActionsincethe town of Montclair hasmultiple the-
aters.AlthoughAmbiguousActioncontributedto thesys-
temhaving bothinitiativesin thenext turn, theeffect of
this cue,whencombinedwith the initiative distribution
of (3), resultedin MIMIC having dialoguebut not task
initiative in (4). However, in additionto triggeringAm-
biguousAction, utterance(5) alsotriggeredNoNewInfo,
sinceit did not contributeany new information. Theef-
fect of thesetwo cues,combinedwith the initiative dis-
tribution in (5), wasenoughto leadMIMIC to take over
taskinitiative in (6).

2.2 Modification of Adaptation Behavior

MIMIC employs an initiative modulewhich is decou-
pled from its goal selectionprocess,while allowing the
outcomeof both processesto guide its responsestrat-
egy selection.A major advantageof this designis that
changesin thesystem’s strategy selectionbehavior, and
thus its adaptationbehavior, canbe achieved by modi-
fying parametersin the initiative module,while leaving
thegoalandstrategy selectionprocessesintact. Theini-
tiativemoduledeterminesinitiativedistributionbasedon
participantroles, cuesobserved in the currentuserut-
terance,anddialoguehistory. Althoughall threefactors
may play a role in modifying MIMIC’ s adaptationbe-
havior, we discusshow the effects of participantroles
anddialoguehistoryaremodifiedto createsystemsused
asbasesof comparisonin ourexperiments.

Participantrolesaffect the default initiative distribu-



Utterance Task Dialogue
Initiati ve Initiati ve

(14) S: Hello, this is MIMIC, themovie informationsystem. System System
(15) Pleasesaythenameof themovie or theateror town youwould like informationabout.
(16) U: AnalyzeThis.

[analyzethis]
(17) S: Choicesfor taskarewhenandwhere. System System
(18) Whatwouldyou like to know aboutAnalyzeThis?
(19) U: When.

[whenis]
(20) S: Choicesfor theaterareMiddlebrookGaleria,LoewsEastHanover, MontgomeryCinemas, System System

Atlantic Triplex Cinema,andothers.
(21) Whattheaterwouldyou like?
(22) U: Montclair.

[montclair]
(23) S: Choicesfor theaterareWellmontTheaterandClearviewsScreeningZone. System System
(24) Whattheaterwouldyou like?
(25) U: Wellmont.

[wellmont]
(26) S: AnalyzeThis is playingatWellmontTheaterin Montclairat 3:15pm,5:45pm,8:20pm, System System

and10:10pm.
(27) Pleasesaythenameof themovie or theateror town youwould like informationabout.
(28) U: AnalyzeThis in Montclair.

[analyzethis in montclair]
(29) S: Choicesfor taskarelocation,what,where,andwhen. System System
(30) Whatwouldyou like to know aboutMontclair?
(31) U: When.
(32) [when]
(33) S: Choicesfor theaterareWellmontTheaterandClearviewsScreeningZone System System
(34) Whattheaterwouldyou like?
(35) U: ClearviewsScreeningZone.

[screeningzone]
(36) S: AnalyzeThis is playingatClearviewsScreeningZonein Montclairat 1:15pm,4:10pm, System System

and6:30pm.
(37) Pleasesaythenameof themovie or theateror town youwould like informationabout.

Figure2: A SystemInitiativeDialoguewith MIMIC-SI

tion for MIMIC’ s initial utterance. For naive users,it
maybemoreappropriatefor MIMIC to employ system-
initiative strategies. This system,MIMIC-SI, can be
achieved by settingthe default initiative distribution to
providedefiniteevidencefor thesystemhaving bothtask
and dialogueinitiatives.3 Figure 2 shows a dialogue
in which a userinteractswith MIMIC-SI to obtain the
sameinformationasin Figure1. MIMIC-SI promptsthe
userfor onepieceof informationat a time andprovides
(sometimesunnecessary)assistance,in theform of valid
dialoguemoves,duringeachturn.

Taking into accountdialoguehistory allows MIMIC
to determinethe initiative distribution basedon the cu-
mulative effect of previously observed cues. This ef-
fect can be disabledso that only local dialoguecon-
text affects the initiative distribution for the next turn.
Basedon MIMIC’ s parametersettings,this adjustment
resultsin MIMIC-MI, a systemwhich alwayshasdia-

3Basedon the Dempster-Shafertheory, if the bpasof the default
initiative distribution or thoseof a detectedcueprovide definiteevi-
dencefor drawing a certainconclusion,thenno subsequentcueshave
any effect onchangingthatconclusion.

logueinitiative but never hastaskinitiative. MIMIC-MI
behavessimilarly to many existing non-adaptive mixed
initiative dialoguesystems(e.g.,(Bennacefet al., 1996;
Papineniet al., 1999)). Figure3 shows a dialoguein-
volving MIMIC-MI in which theuseragainattemptsto
acquirethesameinformationasin theprevioustwo dia-
logues.Notice that (41)-(49)constitutea failedattempt
to solicit a theaternamefrom theuser. Insteadof provid-
ing helpful informationasin (6) in Figure1, MIMIC-MI
reliedontheuserto changeherproblem-solvingstrategy
in (50) to obtain the informationneededto answerthe
system’squestion.

3 Experimental Design

Our main goal in evaluating MIMIC is to determine
whetherusersfind the mixed initiative and automatic
adaptationaspectsof its dialoguestrategiesuseful. We
comparedMIMIC to two control systems:MIMIC-SI
and MIMIC-MI, since they employ dialoguemanage-
ment strategies similar to thosein many existing sys-
tems. ThecomparisonbetweenMIMIC andMIMIC-SI



Utterance Task Dialogue
Initiati ve Initiati ve

(38) S: Hello, this is MIMIC, themovie informationsystem. User System
(39) How canI helpyou?
(40) U: Whenis AnalyzeThisplayingin Montclair?

[whenanalyzethisplayingin montclair]
(41) S: Whattheaterwouldyou like? User System
(42) U:

[]
(43) S: Whattheaterwouldyou like? User System
(44) U: Um.

[um]
(45) S: Whattheaterwouldyou like? User System
(46) U: Montclair.

[montclair]
(47) S: Whattheaterwouldyou like? User System
(48) U: Any.

[any]
(49) S: Whattheaterwouldyou like? User System
(50) U: Wherein Montclair is AnalyzeThisplaying?

[where in montclairis analyzethisplaying]
(51) S: AnalyzeThis is playingatWellmontTheaterandClearviewsScreeningZonein Montclair. User System
(52) U: Whenis AnalyzeThisplayingat WellmontTheater?

[whenis analyzethisplayingat wellmonttheaterin]
(53) S: AnalyzeThis is playingatWellmontTheaterin Montclairat 3:15pm,5:45pm,8:20pm, User System

and10:10pm.
(54) CanI helpyouwith anythingelse?
(55) U: Whenis it playingat ClearviewsScreeningZone?

[whenis it playingat moviescreeningzone]
(56) S: AnalyzeThis is playingatClearviewsScreeningZonein Montclairat 1:15pm,4:10pm, User System

and6:30pm.
(57) CanI helpyouwith anythingelse?

Figure3: A Non-AdaptiveMixedInitiativeDialoguewith MIMIC-MI

focusedon thecontribution of mixed-initiative dialogue
management,while thecomparisonbetweenMIMIC and
MIMIC-MI emphasizedthe contribution of automatic
strategy adaptation. The following three factorswere
controlledin ourexperiments:

1. Systemversion: For eachexperiment,two systems
wereused:MIMIC andacontrolsystem.In thefirst
experimentMIMIC wascomparedwith MIMIC-SI,
andin thesecondexperiment,with MIMIC-MI.

2. Order : For eachexperiment,all subjectswereran-
domly divided into two groups. One group per-
formedtasksusingMIMIC first,andtheothergroup
usedthecontrolsystemfirst.

3. Task difficulty : 3-4 taskswhichhighlighteddiffer-
encesbetweensystemswereusedfor eachexperi-
ment.Basedontheamountof informationto beac-
quired,we divided the tasksinto two groups:easy
anddifficult; an exampleof eachis shown in Fig-
ure4.

Town Theater Movie Timesafter 5:10pm
(if playing) (if playing)

Hoboken Antz

(a)EasyTask

Town Theater Movie Two Times
(if playing) (if playing)

Millb urn AnalyzeThis
Berkeley Hgts AnalyzeThis
Mountainside AnalyzeThis

Madison TrueCrime
Hoboken TrueCrime

(b) Difficult Task

Figure4: SampleTasksfor EvaluationExperiments

Eight subjects4 participatedin eachexperiment.Each
of the subjectsinteractedwith both systemsto perform

4The subjectswere Bell Labs researchers,summerstudents,and
their friends. Most of them are computerscientists,electricalengi-



all tasks. The subjectscompletedone task per call so
that the dialoguehistory for onetaskdid not affect the
next task.Oncethey hadcompletedall tasksin sequence
usingonesystem,they filled out a questionnaireto as-
sessuser satisfaction by rating 8-9 statements,similar
to thosein (Walkeretal., 1997),onascaleof 1-5,where
5 indicatedhighestsatisfaction.Approximatelytwo days
later, they attemptedthesametasksusingtheothersys-
tem.5 Theseexperimentsresultedin 112dialogueswith
approximately2,800dialogueturns.

In addition to usersatisfaction ratings,we automat-
ically logged,derived, andmanuallyannotateda num-
ber of features(shown in boldface below). For each
task/subject/systemtriplet, we computedthe task suc-
cessrate basedonthepercentageof slotscorrectlyfilled
in on the task worksheet,and countedthe # of calls
neededto completeeachtask.6 For eachcall, the user-
sideof thedialoguewasrecorded,andtheelapsedtime
of the call was automaticallycomputed. All user ut-
teranceswere logged as recognizedby our automatic
speechrecognizer(ASR)andmanuallytranscribedfrom
therecordings.WecomputedtheASR word error rate,
ASR rejection rate, andASR timeout rate, aswell as
# of user tur ns andaveragesentencelength for each
task/subject/systemtriplet. Additionally, we recorded
the cues that the systemautomaticallydetectedfrom
eachuser utterance. All systemutteranceswere also
logged,alongwith the initiati ve distribution for each
systemturn andthe dialogue acts selectedto generate
eachsystemresponse.

4 Resultsand Discussion
Based on the features described above, we com-
paredMIMIC and the control systems,MIMIC-SI and
MIMIC-MI, along threedimensions:performancefea-
tures, in whichcomparisonsweremadeusingpreviously
proposedfeaturesrelevant to systemperformance(e.g.,
(Priceet al., 1992; Simpsonand Fraser, 1993; Danieli
andGerbino,1995;Walker et al., 1997));discoursefea-
tures, in which comparisonsweremadeusingcharacter-
istics of the resultingdialogues;and initiative distribu-
tion, whereinitiative characteristicsof all dialoguesin-
volving MIMIC from bothexperimentswereexamined.

4.1 PerformanceFeatures

For ourperformanceevaluation,wefirst applieda three-
way analysisof variance(ANOVA) (Cohen,1995) to
eachfeatureusingthreefactors: systemversion,order,

neers,or linguists,andnonehadprior knowledgeof MIMIC.
5Weusedtheexactsamesetof tasksratherthandesigningtasksof

similar difficulty levels becausewe intendedto compareall available
featuresbetweenthe two systemversions,includingASR word error
rate,which would have beenaffectedby the choiceof movie/theater
namesin thetasks.

6Although the vast majority of taskswerecompletedin onecall,
somesubjects,whenunableto makeprogress,did notchangestrategies
asin (41)-(49)in Figure3; instead,they hungup andstartedthe task
over.

PerformanceFeature MIMIC SI p
# of userturns 10.3 13.6 0.0075
Elapsedtime(sec.) 229.5 277.5 0.0162
ASRtimeout(%) 12.5 6.9 0.0239
Usersatisfaction(n=8) 21.9 19.8 0.0447
ASRrejection(%) 5.4 8.1 0.1911
Tasksuccess(%) 100 98.8 0.3251
# of calls 1.0 1.1 0.572
ASRworderror(%) 28.1 31.1 0.8475

(a)MIMIC vs. MIMIC-SI (n=32)

PerformanceFeature MIMIC MI p
ASRtimeout(%) 5.7 15.6 0.001
# of userturns 10.3 14.3 0.0199
Usersatisfaction(n=8) 29.5 24.4 0.0364
Elapsedtime(sec.) 200.6 246.4 0.0457
ASRworderror(%) 23.0 30.6 0.0588
Tasksuccess(%) 100 98.4 0.1639
# of calls 1.21 1.21 0.5
ASRrejection(%) 8.4 7.7 0.8271

(b) MIMIC vs. MIMIC-MI (n=24)

Table1: Comparisonof PerformanceFeatures

andtaskdifficulty.7 If nointeractioneffectsemerged,we
comparedsystemversionsusingpairedsamplet-tests.8

Following thePARADISE evaluationscheme(Walker
et al., 1997),we dividedperformancefeaturesinto four
groups:

� Tasksuccess:tasksuccessrate,# of calls.
� Dialoguequality: ASR rejectionrate,ASR timeout

rate,ASRworderrorrate.
� Dialogueefficiency: # of userturns,elapsedtime.
� Systemusability:usersatisfaction.

For bothexperiments,theANOVAs showedno inter-
actioneffectsamongthecontrolledfactors.Tables1(a)
and1(b) summarizethe resultsof the pairedsamplet-
testsbasedon performancefeatures,wherefeaturesthat
differedsignificantlybetweensystemsareshown in ital-
ics.9 Theseresultsshow that,whencomparedwith either

7Usersatisfactionwasa per subjectasopposedto a per taskper-
formancefeature;thus, we performeda two-way ANOVA using the
factorssystemversionandorder.

8Thispaperfocusesonevaluatingtheeffectof MIMIC’ s mixedini-
tiative andautomaticadaptationcapabilities. We assesstheseeffects
basedon comparisonsbetweensystemversionwhenno interactionef-
fectsemergedfrom theANOVA testsusingthefactorssystemversion,
order, andtaskdifficulty. Effectsbasedon systemorderandtaskdiffi-
culty alonearebeyondthescopeof thispaper.

9Typically p � 0.05 is consideredstatistically significant (Cohen,
1995).



controlsystem,usersweremoresatisfiedwith MIMIC 10

andthatMIMIC helpeduserscompletetasksmoreeffi-
ciently. Userswereableto completetasksin fewer turns
andin a moretimely mannerusingMIMIC.

WhencomparingMIMIC andMIMIC-MI, dialogues
involving MIMIC had a lower timeout rate. When
MIMIC detectedcuessignaling anomaliesin the dia-
logue,it adaptedstrategiesto provide assistance,which
in additionto leadingto fewertimeouts,saveduserstime
andeffort whenthey did not know what to say. In con-
trast,usersinteractingwith MIMIC-MI hadto iteratively
reformulatequestionsuntil they obtainedthedesiredin-
formation from the system,leading to more timeouts
(see(41)-(49)in Figure3). However, whencomparing
MIMIC andMIMIC-SI, eventhoughusersaccomplished
tasksmore efficiently with MIMIC, the resulting dia-
loguescontainedmoretimeouts.As opposedto MIMIC-
SI, which alwayspromptedusersfor onepieceof infor-
mationat a time,MIMIC typically providedmoreopen-
endedpromptswhenthe userhadtask initiative. Even
thoughthis requiredmoreeffort on theuser’spartin for-
mulating utterancesand led to more timeouts,MIMIC
quickly adaptedstrategies to assistuserswhen recog-
nizedcuesindicatedthatthey werehaving trouble.

To sumup, our experimentsshow thatbothMIMIC’ s
mixed initiative and automaticadaptationaspectsre-
sultedin betterperformancealongthedialogueefficiency
and systemusability dimensions. Moreover, its adap-
tation capabilitiescontributed to betterperformancein
termsof dialoguequality. MIMIC, however, did notcon-
tributeto higherperformancein the tasksuccessdimen-
sion. In our movie informationdomain,the taskswere
sufficiently simple;thus,all but oneuserin eachexperi-
mentachieveda 100%tasksuccessrate.

4.2 DiscourseFeatures

Our secondevaluationdimensionconcernscharacteris-
tics of resultingdialogues.We analyzedfeaturesof user
utterancesin termsof utterancelengthandcuesobserved
and featuresof systemutterancesin termsof dialogue
acts. For eachfeature,we againapplieda three-way
ANOVA test,andif no interactioneffectsemerged,we
performeda pairedsamplet-testto comparesystemver-
sions.

The cuesdetectedin userutterancesprovide insight
into both user intentionsand systemcapabilities. The
cuesthat MIMIC automaticallydetectsare a subsetof
thosediscussedin (Chu-CarrollandBrown, 1998):11

� TakeOverTask: triggeredwhen the user provides
more information than expected;an implicit indi-
cation that the user wants to take control of the

10Therangeof usersatisfactionscoreswas8-40for experimentone
and9-45for experimenttwo.

11A subsetof thesecuescorrespondslooselyto previouslyproposed
evaluationmetrics(e.g.,(Danieli andGerbino,1995)). However, our
systemautomaticallydetectsthesefeaturesinsteadof requiringmanual
annotationby experts.

DiscourseFeature MIMIC SI p
Cue: TakeOverTask 1.84 5 0
Cue: AmbiguousActResolved1.69 4.59 0
Cue: AmbiguousAction 3 6.59 0.0008
Avgsentencelength(words) 6.82 5.45 0.0016
Cue:InvalidAction 1.16 0.94 0.1738
Cue:NoNewInfo 1.28 1.38 0.766

(a)MIMIC vs. MIMIC-SI (n=32)

DiscourseFeature MIMIC MI p
Cue: TakeOverTask 2.33 0 0
Cue: InvalidAction 2.04 3.75 0.0011
Cue: NoNewInfo 2.25 4.79 0.0161
Cue: AmbiguousActResolved2.08 1.13 0.0297
Avg sentencelength(words) 5.26 5.63 0.1771
Cue:AmbiguousAction 4.13 4.38 0.8767

(b) MIMIC vs. MIMIC-MI (n=24)

Table2: Comparisonof UserUtteranceFeatures

problem-solvingprocess.
� NoNewInfo: triggeredwhen the user is unableto

makeprogresstowardtaskcompletion,eitherwhen
theuserdoesnot know whatto sayor theASR en-
ginefails to recognizetheuser’sutterance.

� InvalidAction/InvalidActionResolved: triggered
when the user utterancemakes an invalid as-
sumptionabout the domainand when the invalid
assumptionis corrected,respectively.

� AmbiguousAction/AmbiguousActionResolved: trig-
geredwhentheuserqueryis ambiguousandwhen
theambiguityis resolved,respectively.

Tables2(a)and(b) summarizetheresultsof thepaired
samplet-testsbasedonuserutterancefeatureswherefea-
tureswhosenumbersof occurrencesweresignificantly
differentaccordingto systemversionusedareshown in
italics.12 Table2(a)showsthatusersexpectedthesystem
to adaptits strategieswhenthey attemptedto takecontrol
of thedialogue.EventhoughMIMIC-SI did not behave
asexpected,theuserscontinuedtheirattempts,resulting
in significantlymoreoccurrencesof TakeOverTaskin di-
alogueswith MIMIC-SI thanwith MIMIC. Furthermore,
the averagesentencelength in dialogueswith MIMIC
was only 1.5 words per turn longer than in dialogues
with MIMIC-SI, providing further evidencethat users

12Sincesystemdialogueactsareoften selectedbasedon cuesde-
tectedin userutterances,we only discussresultsof our userutterance
featureanalysis,usingdialogueact analysisresultsasadditionalsup-
port for ourconclusions.



preferredto provide free-formedqueries,regardlessof
systemversionused.

Table 2(b) shows that MIMIC was more effec-
tive at resolvingdialogueanomaliesthan MIMIC-MI.
More specifically, there were significantly fewer oc-
currencesof NoNewInfo in dialogues with MIMIC
than with MIMIC-MI. In addition, while the number
of occurrencesof AmbiguousActionwas not signifi-
cantly different for the two systems,the numberthat
were resolved (AmbiguousActionResolved) was signif-
icantly higher in interactionswith MIMIC than with
MIMIC-MI. Since NoNewInfo and AmbiguousAction
both promptedMIMIC to adaptstrategiesand,asa re-
sult, provide additionalusefulinformation,theuserwas
ableto quickly resolve theproblemat hand.This is fur-
thersupportedby thehigherfrequency of thesystemdia-
logueactGiveOptionsin MIMIC (p=0),which provides
helpful informationbasedondialoguecontext.

In sum, the resultsof our discoursefeatureanalysis
further confirm the usefulnessof MIMIC’ s adaptation
capabilities. Comparisonswith MIMIC-SI provide ev-
idencethat MIMIC’ s ability to give up initiative better
matcheduserexpectations.Moreover, comparisonswith
MIMIC-MI show that MIMIC’ s ability to opportunisti-
cally take over initiative resultedin dialoguesin which
anomalieswere more efficiently resolved and progress
towardtaskcompletionwasmoreconsistentlymade.

4.3 Initiati veAnalysis

Our final analysisconcernsthe task initiative distri-
bution in our adaptive systemin relation to the fea-
turespreviously discussed.For eachdialogueinvolving
MIMIC, we computedthe percentageof turnsin which
MIMIC hadtaskinitiativeandthecorrelationcoefficient
(r) betweenthe initiative percentageand eachperfor-
mance/discoursefeature.To determineif thiscorrelation
wassignificant,we performedFisher’s r to z transform,
uponwhichaconventionalZ testwasperformed(Cohen,
1995).

Tables3(a)and(b) summarizethecorrelationbetween
theperformanceanddiscoursefeaturesandthepercent-
ageof turnsin which MIMIC hastaskinitiative, respec-
tively.13 Again, thosecorrelationswhich arestatistically
significantareshown in italics. Table3(a)showsastrong
positive correlationbetweentask initiative distribution
andthenumberof userturnsaswell astheelapsedtime
of the dialogues. Although earlier results(Table 1(a))
show thatdialoguesin which thesystemalwayshadtask
initiative tendedto belonger, we believe that this corre-
lationalsosuggeststhatMIMIC tookover taskinitiative
moreoften in longerdialogues,thosein which the user
wasmorelikely to be having difficulty. Table3(a) fur-
ther shows moderatecorrelationbetweentask initiative
distributionandASRrejectionrateaswell asASRword
error rate. It is possiblethat sucha correlationexists

13This testwasnot performedfor usersatisfaction,sinceusersatis-
factionwasapersubjectandnot aperdialoguefeature.

PerformanceFeature r p
# of userturns 0.71 0
ASRrejection 0.55 0
Elapsedtime 0.51 0.00002
ASRword error 0.46 0.00012
# of calls 0.15 0.1352
ASRtimeout -0.003 0.4911
Tasksuccessrate 0 0.5

(a)PerformanceFeatures

DiscourseFeature r p
Cue: AmbiguousActionResolved0.61 0
Cue: NoNewInfo 0.59 0
Cue: TakeOverTask 0.44 0.00028
Cue: InvalidAction 0.42 0.00057
Average sentencelength -0.40 0.00099
Cue: AmbiguousAction 0.38 0.00169

(b) DiscourseFeatures

Table3: CorrelationBetweenTaskInitiativeDistribution
andFeatures(n=56)

becauseASR performanceworsenswhenMIMIC takes
overtaskinitiative.However, in thatcase,wewouldhave
expectedtheresultsin Section4.1 to show thattheASR
rejectionandword error ratesfor MIMIC-SI aresignif-
icantly greaterthanthosefor MIMIC, which arein turn
significantlygreaterthanthosefor MIMIC-MI, sincein
MIMIC-SI the systemalwayshadtask initiative andin
MIMIC-MI the systemnever took over task initiative.
To the contrary, Tables1(a) and 1(b) showed that the
differencesin ASR rejectionrate and ASR word error
ratewerenot significantbetweensystemversions,and
Table1(b)showedthatASRworderrorratefor MIMIC-
MI was in fact quite substantiallyhigher than that for
MIMIC. This suggeststhat thecausalrelationshipis the
otherway around,i.e., MIMIC’ s adaptationcapabilities
allowed it to opportunisticallytake over task initiative
whenASRperformancewaspoor.

Table3(b)showsthatall cuesarepositively correlated
with task initiative distribution. For AmbiguousAction,
InvalidAction, andNoNewInfo, thiscorrelationexistsbe-
causeobservation of thesecuescontributed to MIMIC
having taskinitiative. However, notethatAmbiguousAc-
tionResolvedhasastrongerpositivecorrelationwith task
initiative distribution thandoesAmbiguousAction, again
indicatingthat MIMIC’ s adaptive strategiescontributed
to moreefficient resolutionof ambiguousactions.

In brief, our initiative analysislendsadditionalsup-
port to the conclusionsdrawn in our performanceand
discoursefeatureanalysesand provides new evidence
for the advantagesof MIMIC’ s adaptationcapabilities.



In additionto takingover taskinitiativewhenpreviously
identifieddialogueanomalieswereencountered(e.g.,de-
tection of ambiguousor invalid actions),our analysis
shows that MIMIC took over task initiative whenASR
performancewaspoor, allowing thesystemto bettercon-
strainuserutterances.14

5 Conclusions
Thispaperdescribedanempiricalevaluationof MIMIC,
anadaptivemixedinitiativespokendialoguesystem.We
conductedtwo experimentsthat focusedon evaluating
themixedinitiative andautomaticadaptationaspectsof
MIMIC andanalyzedtheresultsalongthreedimensions:
performancefeatures,discoursefeatures,and initiative
distribution. Our resultsshowed that both the mixed
initiative and automaticadaptationaspectsof the sys-
tem led to betterperformancein termsof usersatisfac-
tion anddialogueefficiency. In addition,we found that
MIMIC’ sadaptationbehavior bettermatcheduserexpec-
tations,moreefficiently resolvedanomaliesin dialogues,
andled to higheroveralldialoguequality.
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