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Abstract

In this paper we describean empiricalevaluationof an
adaptve mixed initiative spolen dialoguesystem. We
conductedwo setsof experimentgo evaluatethe mixed
initiative andautomaticadaptatioraspect®f thesystem,
andanalyzedheresultingdialoguesalongthreedimen-
sions: performancdactors,discoursefeaturesandini-

tiative distribution. Our resultsshaowv that 1) both the
mixed initiative and automaticadaptationaspectsled

to bettersystemperformancedn termsof usersatishc-
tion and dialogueefficiency, and 2) the systems adap-
tation behaior bettermatcheduserexpectationsmore
efficiently resohed dialogueanomaliesand resultedin

higheroverall dialoguequality.

1 Intr oduction

Recentadwancesin speechtechnologieshase enabled
spolen dialoguesystemso emplgy mixed initiative di-
aloguestratgjies (e.g. (Allen etal., 1996; Sadeket al.,
1996;Mengetal., 1996)).Althoughthesesystemsnter
actwith usersn amannemoresimilarto human-human
interactionsthan earlier systemsemplagying systemini-
tiative stratgies, their responsestratgies are typically
selectedusingonly local dialoguecontext, disregarding
dialoguehistory. Thereforetheirgainin naturalnesand
performanceinderoptimal conditionsis oftenovershad-
owed by their inability to copewith anomaliesin dia-
logueshby automaticallyadaptingdialoguestrategies. In
contrast,Figure 1 shavs a dialoguein which the sys-
tem automaticallyadaptsdialogue stratgjies basedon
the currentuser utteranceand dialogue history®  Af-
ter failing to obtaina valid responsdo aninformation-
seekingqueryin utterancg4), the systemadapteddia-
loguestratgiesto provide additionalinformationin (6)
thatassistedheuserin respondindo thequery Further
more,aftertheusemrespondedo alimited systenprompt
in (10) with a fully-specifiedqueryin (11), implicitly
indicating her intentionto take chage of the problem-

1S and U indicate systemand userutterancesrespectiely. The
words appearingin squarebraclets are the output from the Lucent
Automatic SpeechRecognizer(Reichl and Chou, 1998; Ortmannset
al., 1999),configuredo useclass-basegrobabilisticn-gramlanguage
models. The taskanddialogueinitiative annotationsare explainedin
Section2.1.
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solving process,the systemagain adaptedstrateies,
henceproviding anopen-endegromptin (13).

Previous work has shavn that dialogue systemsin
which userscan explicity changethe systems$ dia-
logue stratgiesresultin betterperformancethan non-
adaptablesystems(Litman and Pan, 1999). However,
no earlier systemallowed for initiative-orientedauto-
matic strateyy adaptatiorbasedon informationdynam-
ically extractedfrom the users spolen input. In this
paper we briefly introduceMIMIC, a mixedinitiative
spolken dialoguesystemthat automaticallyadaptsdia-
loguestratgies. We thendescribetwo experimentghat
evaluatedthe effectivenesof MIMIC’ s mixed initiative
andautomaticadaptatiorcapabilities.Our resultsshov
that, whenanalyzedalongthe performancedimension,
MIMIC’ s mixed initiative andautomaticadaptatiorfea-
turesleadto moreefficientdialoguesandhigherusersat-
isfaction. Moreover, whenanalyzedalongthe discouise
andinitiative dimensionsMIMIC’ s adaptatiorcapabil-
ities resultin dialoguesn which systembehaior better
matchesiserexpectationanddialogueanomaliesrere-
solvedmoreefficiently.

2 MIMIC: An Adaptive Mixed Initiati ve
Dialogue System

MIMIC is a voice-enabledtelephone-basedialogue
systemthat providesmovie shavtime information. Two
main featuresdistinguishMIMIC from other existing
spolen dialoguesystems. First, MIMIC automatically
adaptsdialoguestratgyies basedon dialoguecharacter
istics and thus tailors its behavior to the dialoguecon-
text. Second,MIMIC’ s initiative moduleis decoupled
from the dialoguemanages goal andstratey selection
processegherebyenablingthe systems$ adaptatiorbe-
havior to be easilymodified. We outline characteristics
of MIMIC relevantto our experimentsandanalysesFor
furtherdetailsaboutthesystemsee(Chu-Carroll,2000).

2.1 Adaptation of Dialogue Strategies

Figure 1 shaved an actualinteractionbetweenMIMIC

and a user The task and dialogue initiative holders
annotatedor eachsystemturn are the factorsthat af-
fect MIMIC’ s dialoguestratgy adaptation. Following
(Chu-CarrollandBrown, 1998),taskinitiative tracksthe



Utterance Task Dialogue
Initiati ve  Initiati ve
(1) S: Hello,thisis MIMIC, themovie informationsystem. User System
) How canl helpyou?
3) U: Whattimeis AnalyzeThis playingin Montclair?
[what timeis analyzethis playingin montclair]
(4) S: Whattheatewouldyoulike? User System
5) U: Montclair.
[montclair]
(6) S: Choicedor theaterareWellmontTheaterandClearvievs ScreeningZone. System System
) Whattheatemwould youlike?
(8) U: Clearvievs ScreeningZone.
[um movie screeningzone]
(9) S: AnalyzeThisis playingat Clearviavs ScreeningZonein Montclairat1:15pm,4:10pm, System System
and6:30pm.
(10) Pleasesaythe nameof themovie or theateror town youwould like informationabout.
(11) U: Whattimeis AnalyzeThis playingatthe WellmontTheater?
[what timeis analyzethis playingat thewellmonttheater]
(12) S: Analyzethisis playingat WellmontTheaterin Montclairat3:15pm,5:45pm,8:20pm,  User System
and10:10pm.
(13) Canl helpyouwith arything else?

Figurel: An Adaptive Mix edInitiative Dialoguewith MIMIC

leadin theprocessowardachieving thedialoguepartici-

pants’domaingoal,while dialogueinitiative modelsthe
leadin determiningthe currentdiscoursefocus. In our
informationqueryapplicationdomain,MIMIC hastask
(andthusdialogue)initiative whenits utterancesrein-

tendedto provide helpful guidanceowardachieving the
users domaingoal, while it hasdialoguebut not task
initiative if its utteranceonly specify the currentdis-

coursegoal? For example,asaresultof MIMIC taking
over taskinitiative in (6), helpful guidancejn the form

of valid responsechoices,was provided in its attempt
to obtaina theatemameafter the userfailed to answer
an earlier questionintendedto solicit this information.
In (4), MIMIC specifiedthe currentdiscoursegoal (re-

guestingnformationabouta missingtheater)ut did not
suggesvalid responsehoicessinceit only haddialogue
initiative.

MIMIC’ s ability to automatically adapt dialogue
stratgjies is achieved by employing an initiative mod-
ule that determinesnitiative distribution basedon par
ticipantroles, cuesdetectedduring the currentuserut-
terance,and dialoguehistory (Chu-Carrolland Brown,
1998). This initiative framework utilizes the Dempster
Shafer theory (Shafer 1976; Gordon and Shortliffe,
1984),andrepresentthecurrentinitiative distributionas
two basicprobability assignmentébpas)thatsignify the
overall amountof evidencesupportingeachagenthav-
ing taskanddialogueinitiatives. The effectsthata cue
hason changingthe currenttaskanddialogueinitiative
distribution arealsorepresentedsbpas,obtainedusing
aniterative trainingprocedureon a corpusof transcribed

2|n the dialoguescollectedin our experimentswhich aredescribed
in Section3, therearesystemturnsin which MIMIC hadneithertask
nordialoguenitiative. However, suchcasesrerarein thisdomainand
will notbediscussedn this paper

and annotatechuman-humarialogues. At the end of

eachuserturn, the bpasrepresentinghe effectsof cues
detectediuringthatturnarecombinedwith thebpasrep-
resentingthe currentinitiative distribution to obtainthe
initiative distribution for the systems next turn.

In Figure 1, utterance(3) triggeredthe cue Ambigu-
ousActionsincethe town of Montclair hasmultiple the-
aters.Although AmbiguousActionontritutedto thesys-
temhaving bothinitiativesin the next turn, the effect of
this cue,whencombinedwith the initiative distribution
of (3), resultedin MIMIC having dialoguebut not task
initiative in (4). However, in additionto triggering Am-
biguousActionutterance(5) alsotriggeredNoNevInfo,
sinceit did not contribute any new information. The ef-
fect of thesetwo cues,combinedwith theinitiative dis-
tributionin (5), wasenoughto leadMIMIC to take over
taskinitiativein (6).

2.2 Modification of Adaptation Behavior

MIMIC employs an initiative modulewhich is decou-
pledfrom its goal selectionprocesswhile allowing the
outcomeof both processeso guide its responsestrat-
egy selection. A major advantageof this designis that
changesn the systems strategy selectionbehaior, and
thusits adaptatiorbehaior, canbe achiezed by modi-
fying parameterén theinitiative module,while leaving
the goalandstratey selectionprocessetact. Theini-
tiative moduledeterminegnitiative distribution basedn
participantroles, cuesobsened in the currentuserut-
teranceanddialoguehistory Althoughall threefactors
may play a role in modifying MIMIC’ s adaptatiorbe-
havior, we discusshow the effects of participantroles
anddialoguehistoryaremodifiedto createsystemaised
asbaseof comparisonn our experiments.
Participantroles affect the default initiative distribu-



Utterance Task Dialogue
Initiati ve  Initiati ve
(14) S: Hello,thisis MIMIC, themovie informationsystem. System System
(15) Pleasesaythe nameof themovie or theateror town youwould like informationabout.
(16) U: AnalyzeThis.
[analyzethis]
(17) S: Choicedfor taskarewhenandwhere. System System
(18) Whatwould youlike to knowv aboutAnalyzeThis?
(19) U: When.
[whenis]
(20) S: Choicesfor theaterareMiddlebrookGaleria,Loews EastHanorer, MontgomeryCinemas, System System
Atlantic Triplex Cinema,andothers.
(21) Whattheatemwould youlike?
(22) U: Montclair
[montclair]
(23) S: Choicesfor theaterareWellmontTheaterandClearvievs ScreeningZone. System System
(24) Whattheatemwould youlike?
(25) U: Wellmont.
[wellmont]
(26) S: AnalyzeThisis playingatWellmontTheatelin Montclairat 3:15pm,5:45pm,8:20pm, System System
and10:10pm.
27) Pleasesaythe nameof themovie or theateror town you would like informationabout.
(28) U: AnalyzeThisin Montclair.
[analyzethis in montclair]
(29) S: Choicesfor taskarelocation,what,where,andwhen. System System
(30) Whatwouldyoulik e to know aboutMontclair?
(31) U: When.
(32) [when]
(33) S: Choicedor theaterareWellmont TheaterandClearviavs ScreeningZone System System
(34) Whattheatemwould youlike?
(35) U: Clearviavs ScreeningZone.
[screeningzone]
(36) S: AnalyzeThisis playingat Clearviavs ScreeningZonein Montclairat 1:15pm,4:10pm, System System
and6:30pm.
(37) Pleasesaythe nameof themovie or theateror town youwould like informationabout.

Figure2: A Systeminitiative Dialoguewith MIMIC-SI

tion for MIMIC’ s initial utterance. For naive users,it

may be moreappropriatdor MIMIC to employ system-
initiative strat@ies. This system,MIMIC-SI, can be
achieved by settingthe default initiative distribution to

provide definiteevidencefor the systemhaving bothtask
and dialogueinitiatives® Figure 2 shavs a dialogue
in which a userinteractswith MIMIC-SI to obtainthe
sameinformationasin Figurel. MIMIC-SI promptsthe
userfor onepieceof informationat a time andprovides
(sometimesinnecessarygssistancen theform of valid

dialoguemoves,duringeachturn.

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

3Basedon the DempstesShafertheory if the bpasof the default
initiative distribution or thoseof a detectedcue provide definite evi-
dencefor drawing a certainconclusionthenno subsequentueshave
ary effecton changingthatconclusion.

logueinitiative but never hastaskinitiative. MIMIC-MI
behaessimilarly to mary existing non-adaptre mixed
initiative dialoguesystemge.g.,(Bennacetkt al., 1996;
Papineniet al., 1999)). Figure 3 shavs a dialoguein-
volving MIMIC-MI in which the useragainattemptgo
acquirethe sameinformationasin the previoustwo dia-
logues. Notice that (41)-(49)constitutea failed attempt
to solicit atheatemamefrom theuser Insteadof provid-
ing helpfulinformationasin (6) in Figurel, MIMIC-MI
reliedontheuserto changeherproblem-solvingtratey
in (50) to obtainthe information neededo answerthe
systems question.

3 Experimental Design

Our main goal in evaluating MIMIC is to determine
whetherusersfind the mixed initiative and automatic
adaptatioraspectf its dialoguestratgiesuseful. We
comparedMIMIC to two control systems: MIMIC-SI
and MIMIC-MI, sincethey employ dialoguemanage-
ment stratgies similar to thosein mary existing sys-
tems. The comparisorbetweerMIMIC andMIMIC-SI



Utterance

(38) S: Hello,thisis MIMIC, themovie informationsystem.

(39) How canl helpyou?

(40) U: Whenis AnalyzeThis playingin Montclair?
[whenanalyzethis playingin montclair]

(41) S: Whattheatewouldyoulike?

(42) U:
I

(43) S: Whattheatewouldyoulike?

(44) U: Um.
[um]

(45) S: Whattheatewouldyoulike?

(46) U: Montclair
[montclair]

(47) S: Whattheatewouldyoulike?

(48) U: Any.
[any]

(49) S: Whattheatewouldyoulike?

(50) U: Wherein Montclairis AnalyzeThis playing?
[where in montclairis analyzethis playing]

(51) S: AnalyzeThisis playingatWellmontTheaterandClearvievs ScreeningZonein Montclair.

(52) U: Whenis AnalyzeThis playingatWellmontTheater?
[whenis analyzethis playingat wellmonttheaterin]

(53) S: AnalyzeThisis playingatWellmontTheateiin Montclairat 3:15pm,5:45pm,8:20pm,
and10:10pm.

(54) Canl helpyouwith arything else?

(55) U: Whenisit playingat Clearviavs ScreeningZone?
[whenis it playingat movie screeningzone]

(56) S: AnalyzeThisis playingatClearviavs ScreeningZonein Montclairat 1:15pm,4:10pm,
and6:30pm.

(57) Canl helpyouwith arything else?

Figure3: A Non-Adaptie Mix ed Initiative Dialoguewith MIMIC-MI

focusedon the contribution of mixed-initiative dialogue
managementyhile thecomparisorbetweerMIMIC and
MIMIC-MI emphasizedhe contribtution of automatic
stratgly adaptation. The following three factorswere
controlledin our experiments:

1. Systemversion: For eachexperimenttwo systems

wereused:MIMIC andacontrolsystem.n thefirst
experimentMIMIC wascomparedvith MIMIC-SI,
andin the secondexperimentwith MIMIC-MI.

. Order: For eachexperimentall subjectavereran-
domly divided into two groups. One group per
formedtasksusingMIMIC first, andtheothergroup
usedthe control systenfirst.

. Taskdifficulty : 3-4 taskswhich highlighteddiffer-
encesbetweensystemavere usedfor eachexperi-
ment.Basedon theamountof informationto beac-
quired,we divided the tasksinto two groups:easy
and difficult; an exampleof eachis showvn in Fig-
ure4.

Task
Initiati ve
User

User

User

User

User

User

User

User

User

Dialogue
Initiati ve
System

System

System

System

System

System

System

System

System

Town Theater Movie | Timesafter 5:10pm
(if playing) (if playing)
Hobolen Antz
(a) EasyTask
Town Theater Movie Two Times
(if playing) (if playing)
Millburn AnalyzeThis
Berkeley Hgts AnalyzeThis
Mountainside AnalyzeThis
Madison TrueCrime
Hobolen TrueCrime
(b) Difficult Task

Figure4: SampleTasksfor EvaluationExperiments

Eight subject$ participatedn eachexperiment.Each
of the subjectsinteractedwith both systemgo perform

4The subjectswere Bell Labs researcherssummerstudentsand
their friends. Most of them are computerscientists,electrical engi-




all tasks. The subjectscompletedone task per call so
that the dialoguehistory for onetaskdid not affect the
next task.Oncethey hadcompletedll tasksin sequence
using one system,they filled out a questionnairdo as-
sessuser satisfaction by rating 8-9 statementssimilar
to thosein (Walkeretal., 1997),onascaleof 1-5,where
5indicatedhighestsatishction. Approximatelytwo days
later, they attemptedhe sametasksusingthe othersys-
tem?® Theseexperimentgesultedn 112 dialogueswith
approximately2,800dialogueturns.

In additionto usersatishction ratings, we automat-
ically logged,derived, and manuallyannotateda num-
ber of features(shovn in boldface below). For each
task/subject/systertriplet, we computedthe task suc-
cesgate basednthepercentagef slotscorrectlyfilled
in on the task worksheet,and countedthe # of calls
neededo completeeachtask® For eachcall, the user
sideof the dialoguewasrecordedandthe elapsedtime
of the call was automaticallycomputed. All userut-
teranceswere logged as recognizedby our automatic
speechrecognize(ASR) andmanuallytranscribedrom
therecordings We computedhe ASR word error rate,
ASR rejection rate, andASR timeout rate, aswell as
# of user tur ns andaverage sentencelength for each
task/subject/systertriplet. Additionally, we recorded
the cuesthat the systemautomaticallydetectedfrom
eachuserutterance. All systemutteranceswvere also
logged, along with the initiati ve distrib ution for each
systemturn andthe dialogue acts selectedo generate
eachsystenresponse.

4 Resultsand Discussion

Based on the features described above, we com-
paredMIMIC andthe control systems MIMIC-SI and
MIMIC-MI, alongthreedimensions:performancefea-
tures in which comparisonsveremadeusingpreviously
proposedeaturesrelevantto systemperformancee.g.,
(Price et al., 1992; Simpsonand Frasey 1993; Danieli
andGerhbino,1995; Walker etal., 1997));discousefea-
tures in which comparisonsveremadeusingcharacter
istics of the resultingdialogues;andinitiative distribu-
tion, whereinitiative characteristicef all dialoguesin-
volving MIMIC from bothexperimentsvereexamined.

4.1 PerformanceFeatures

For our performancevaluation,we first applieda three-
way analysisof variance(ANOVA) (Cohen,1995)to
eachfeatureusingthreefactors: systemversion,order,

neerspr linguists,andnonehadprior knovledgeof MIMIC.

5We usedthe exactsamesetof tasksratherthandesigningtasksof
similar difficulty levels becauseve intendedto compareall available
featuresbetweenthe two systemversions,including ASR word error
rate, which would have beenaffectedby the choiceof movie/theater
namesn thetasks.

6 Although the vast majority of taskswere completedin one call,
somesubjectswhenunableto malke progressdid notchangestratgies
asin (41)-(49)in Figure3; instead they hungup andstartedthe task
over.

PerformanceFeature | MIMIC Sl p

# of userturns 10.3 13.6 | 0.0075
Elapsedime(sec.) 2295 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
Tasksuccesg%) 100 98.8 | 0.3251
# of calls 1.0 11 0.572
ASRword error (%) 28.1 31.1 | 0.8475

(@) 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
Elapsedime(sec.) 200.6 246.4 | 0.0457
ASRword error (%) 23.0 30.6 | 0.0588
Tasksuccesg%) 100 98.4 | 0.1639
# of calls 1.21 121 | 05
ASRrejection(%) 8.4 7.7 0.8271

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

Tablel: Comparisorof Performancé-eatures

andtaskdifficulty.” If nointeractioneffectsemeged,we
comparedsystenmversionsusingpairedsamplet-tests?

Following the PARADISE evaluationschemeWalker
etal., 1997),we divided performancdeaturesnto four
groups:

e Tasksuccesstasksuccessate,# of calls.

¢ Dialoguequality: ASRrejectionrate, ASR timeout
rate, ASRword errorrate.

o Dialogueefficiengy: # of userturns,elapsedime.
e Systemusability: usersatisfction.

For both experimentsthe ANOVASs shoved no inter-
actioneffectsamongthe controlledfactors. Tables1(a)
and 1(b) summarizethe resultsof the pairedsamplet-
testsbasedon performancdeatureswherefeatureghat
differedsignificantlybetweersystemsareshowvn in ital-
ics? Theseesultsshav that,whencompareavith either

"User satisfictionwas a per subjectas opposedo a per task per
formancefeature;thus, we performeda two-way ANOVA using the
factorssystemversionandorder

8This paperfocuseson evaluatingthe effect of MIMIC’ s mixedini-
tiative and automaticadaptationcapabilities. We assessheseeffects
basedn comparisondetweersystemversionwhenno interactionef-
fectsemepgedfrom the ANOVA testsusingthefactorssystemversion,
order andtaskdifficulty. Effectsbasedon systemorderandtaskdiffi-
culty alonearebeyondthe scopeof this paper

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



controlsystemusersveremoresatisfiedvith MIMIC 10
andthatMIMIC helpeduserscompletetasksmore effi-
ciently. Userswereableto completetasksin fewerturns
andin amoretimely mannemusingMIMIC.

WhencomparingMIMIC and MIMIC-MI, dialogues
involving MIMIC had a lower timeout rate. When
MIMIC detectedcuessignaling anomaliesin the dia-
logue,it adaptedstratgjiesto provide assistanceyhich
in additionto leadingto fewertimeouts savzedusergime
andeffort whenthey did notknow whatto say In con-
trast,usergnteractingwith MIMIC-MI hadto iteratively
reformulatequestionsuntil they obtainedthe desiredin-
formation from the system,leading to more timeouts
(see(41)-(49)in Figure3). However, whencomparing
MIMIC andMIMIC-SI, eventhoughusersaccomplished
tasks more efficiently with MIMIC, the resulting dia-
loguescontainednoretimeouts.As opposedo MIMIC-
SI, which always promptedusersfor one pieceof infor-
mationatatime, MIMIC typically providedmoreopen-
endedpromptswhenthe userhadtaskinitiative. Even
thoughthis requiredmoreeffort ontheusers partin for-
mulating utterancesand led to more timeouts,MIMIC
quickly adaptedstrategjies to assistuserswhen recog-
nizedcuesindicatedthatthey werehaving trouble.

To sumup, our experimentsshav thatboth MIMIC’ s
mixed initiative and automatic adaptationaspectsre-
sultedin bettermperformancalongthedialogueefficiency
and systemusability dimensions. Moreover, its adap-
tation capabilitiescontrituted to betterperformancen
termsof dialoguequality. MIMIC, however, did notcon-
tributeto higherperformancen thetasksuccesslimen-
sion. In our movie informationdomain,the taskswere
sufficiently simple;thus,all but oneuserin eachexperi-
mentachievzeda 100%tasksuccessate.

4.2 DiscourseFeatures

Our secondevaluationdimensionconcernscharacteris-
tics of resultingdialogues We analyzedeaturesof user
utterance@ termsof utterancdengthandcuesobsened
and featuresof systemutterancesn termsof dialogue
acts. For eachfeature,we againapplieda three-vay
ANOVA test,andif no interactioneffectsemepged,we
performeda pairedsamplet-testto comparesystenmver-
sions.

The cuesdetectedn userutterancegrovide insight
into both userintentionsand systemcapabilities. The
cuesthat MIMIC automaticallydetectsare a subsetof
thosediscussedn (Chu-CarrollandBrown, 1998)*

e TakeOverask triggeredwhen the user provides
more information than expected;an implicit indi-
cation that the userwantsto take control of the

10Therangeof usersatisctionscoresvas8-40for experimentone
and9-45for experimentwo.

11A subsebf thesecuescorrespondiooselyto previously proposed
evaluationmetrics(e.g., (Danieli and Gerbino,1995)). However, our
systemautomaticallydetectghesefeaturesnsteadof requiringmanual
annotatiorby experts.

DiscourseFeature MIMIC Sl p

Cue: TakeOverask 1.84 5 0

Cue: AmbiguousActResolved 1.69 459 0

Cue: AmbiguousAction 3 6.59 | 0.0008
Avg sentencéength(words) | 6.82 5.45| 0.0016
Cue:InvalidAction 1.16 0.94] 0.1738
Cue:NoNewlInfo 1.28 1.38 | 0.766

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

DiscourseFeature MIMIC MI p

Cue: TakeOverask 2.33 0 0

Cue: InvalidAction 2.04 3.75| 0.0011
Cue: NoNavinfo 2.25 4.79 | 0.0161
Cue: AmbiguousActResolved 2.08 1.13 | 0.0297
Avg sentencdength(words) | 5.26 5.63| 0.1771
Cue: AmbiguousAction 4.13 4.38 | 0.8767

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

Table2: Comparisorof UserUtterance-eatures

problem-solvingprocess.

¢ NoNewinfo: triggeredwhenthe useris unableto
make progresgowardtaskcompletion eitherwhen
theuserdoesnot know whatto sayor the ASR en-
ginefailsto recognizethe users utterance.

¢ InvalidAction/IrvalidActiorResolved  triggered
when the user utterance makes an invalid as-
sumptionaboutthe domainand when the invalid
assumptions correctedrespectiely.

¢ AmbiguousAction/AmbiguousAatiResolved trig-
geredwhenthe userqueryis ambiguousandwhen
theambiguityis resolhed,respectrely.

Tables2(a)and(b) summarizgheresultsof thepaired
sampld-testshasednuserutterancdeaturesvherefea-
tureswhosenumbersof occurrencesvere significantly
differentaccordingto systemversionusedareshavn in
italics 1? Table2(a)shavs thatusersexpectedhesystem
to adaptts stratgieswhenthey attemptedo take control
of the dialogue.EventhoughMIMIC-SI did notbehae
asexpectedtheuserscontinuedheir attemptsresulting
in significantlymoreoccurrencesf TakeOveraskin di-
alogueswith MIMIC-SI thanwith MIMIC. Furthermore,
the averagesentencdength in dialogueswith MIMIC
was only 1.5 words per turn longerthanin dialogues
with MIMIC-SI, providing further evidencethat users

12since systemdialogueactsare often selectedbasedon cuesde-
tectedin userutteranceswe only discussresultsof our userutterance
featureanalysis,usingdialogueact analysisresultsas additionalsup-
portfor our conclusions.



preferredto provide free-formedqueries,regardlessof
systemversionused.

Table 2(b) shovs that MIMIC was more effec-
tive at resolving dialogueanomaliesthan MIMIC-MI.
More specifically there were significantly fewer oc-
currencesof NoNewvinfo in dialogueswith MIMIC
than with MIMIC-MI. In addition, while the number
of occurrencesof AmbiguousActiorwas not signifi-
cantly different for the two systems,the numberthat
were resohed (AmbiguousActionResolvedas signif-
icantly higher in interactionswith MIMIC than with
MIMIC-MI. Since NoNevinfo and AmbiguousAction
both promptedMIMIC to adaptstratgiesand,asa re-
sult, provide additionalusefulinformation,the userwas
ableto quickly resole the problemat hand. This is fur-
thersupportedy thehigherfrequeng of thesystendia-
logueactGiveOptiongn MIMIC (p=0), which provides
helpfulinformationbasedn dialoguecontext.

In sum, the resultsof our discoursefeatureanalysis
further confirm the usefulnessof MIMIC’ s adaptation
capabilities. Comparisonsvith MIMIC-SI provide ev-
idencethat MIMIC’ s ability to give up initiative better
matcheduserexpectationsMoreover, comparisonsvith
MIMIC-MI shaw that MIMIC’ s ability to opportunisti-
cally take over initiative resultedin dialoguesin which
anomalieswere more efficiently resoled and progress
towardtaskcompletionwasmoreconsistentlymade.

4.3 Initiati ve Analysis

Our final analysisconcernsthe task initiative distri-
bution in our adaptve systemin relation to the fea-
turespreviously discussedFor eachdialogueinvolving
MIMIC, we computedhe percentag®f turnsin which
MIMIC hadtaskinitiative andthe correlationcoeficient
(r) betweenthe initiative percentageand each perfor
mance/discoursieature.To determingf this correlation
wassignificant,we performedFisher’sr to z transform
uponwhichacorventionalZ testwasperformedCohen,
1995).

Tables3(a)and(b) summarizehecorrelationbetween
the performanceanddiscoursdeaturesandthe percent-
ageof turnsin which MIMIC hastaskinitiative, respec-
tively.'® Again, thosecorrelationswvhich arestatistically
significantareshavnin italics. Table3(a)shavsastrong
positive correlationbetweentask initiative distribution
andthe numberof userturnsaswell asthe elapsedime
of the dialogues. Although earlier results(Table 1(a))
shaw thatdialoguesn which the systemalwayshadtask
initiative tendedto be longer, we believe thatthis corre-
lation alsosuggestshatMIMIC took overtaskinitiative
moreoftenin longerdialoguesthosein which the user
wasmorelikely to be having difficulty. Table 3(a) fur-
ther shawvs moderatecorrelationbetweentaskinitiative
distributionandASR rejectionrateaswell asASR word
error rate. It is possiblethat sucha correlationexists

13This testwasnot performedfor usersatisction,sinceusersatis-
factionwasa persubjectandnot a perdialoguefeature.

PerformanceFeature | r p

# of userturns 0.71 0
ASRrejection 0.55 0
Elapsedime 0.51 0.00002
ASRword error 0.46 0.00012
# of calls 0.15 0.1352
ASRtimeout -0.003 | 0.4911
Tasksuccessate 0 0.5

(a) Performancéeatures

DiscourseFeature r p
Cue: AmbiguousActionResolved0.61 | O
Cue: NoNevInfo 059 | O
Cue: TakeOverask 0.44 | 0.00028
Cue: InvalidAction 0.42 | 0.00057
Average sentencéength -0.40 | 0.00099
Cue: AmbiguousAction 0.38 | 0.00169

(b) Discoursd-eatures

Table3: CorrelationBetweenTaskinitiative Distribution
andFeaturegn=56)

becauséASR performancevorsenswhenMIMIC takes
overtaskinitiative. However, in thatcasewewould have
expectedtheresultsin Section4.1to shav thatthe ASR
rejectionandword error ratesfor MIMIC-SI aresignif-
icantly greaterthanthosefor MIMIC, which arein turn
significantlygreaterthanthosefor MIMIC-MI, sincein
MIMIC-SI the systemalways hadtaskinitiative andin
MIMIC-MI the systemnever took over task initiative.
To the contrary Tables1(a) and 1(b) shaved that the
differencesn ASR rejectionrate and ASR word error
rate were not significantbetweensystemversions,and
Tablel(b) shovedthatASR word errorratefor MIMIC-
MI wasin fact quite substantiallyhigher than that for
MIMIC. This suggestshatthe causalrelationshipis the
otherway around,i.e., MIMIC’ s adaptatiorcapabilities
allowed it to opportunisticallytake over task initiative
whenASR performanceavaspoor.

Table3(b) shavsthatall cuesarepositively correlated
with taskinitiative distribution. For AmbiguousAction
InvalidAction andNoNewvInfo, this correlationexistsbe-
causeobsenation of thesecuescontributedto MIMIC
having taskinitiative. However, notethatAmbiguousAc-
tionResolvethasa strongeipositive correlationwith task
initiative distribution thandoesAmbiguousActiomagain
indicatingthat MIMIC’ s adaptve stratgiescontrituted
to moreefficientresolutionof ambiguousactions.

In brief, our initiative analysislendsadditional sup-
port to the conclusionsdrawvn in our performanceand
discoursefeatureanalysesand provides new evidence
for the advantagesf MIMIC’ s adaptationcapabilities.



In additionto takingovertaskinitiative whenpreviously

identifieddialogueanomaliesvereencounterede.g.,de-

tection of ambiguousor invalid actions), our analysis
shavs that MIMIC took over taskinitiative when ASR

performancevaspoor, allowing thesystento bettercon-

strainuserutteranced?

5 Conclusions

This paperdescribecanempiricalevaluationof MIMIC,
anadaptie mixedinitiative spolendialoguesystem We
conductedwo experimentsthat focusedon evaluating
the mixed nitiative andautomaticadaptatioraspectf
MIMIC andanalyzedheresultsalongthreedimensions:
performancdeatures,discoursefeatures,and initiative
distribution. Our resultsshaved that both the mixed
initiative and automaticadaptationaspectsof the sys-
tem led to betterperformancen termsof usersatishc-
tion anddialogueefficiengy. In addition,we found that
MIMIC’ sadaptatiobehaior bettermatchediserexpec-
tations,moreefficiently resohedanomaliesn dialogues,
andledto higheroverall dialoguequality.
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