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Abstract
The objective of the DARPA Communicatomrojectis to supportrapid, cost-efective developmentof multi-modal speech-enabled
dialoguesystemawith advancedcorversationatapabilities.During the courseof the Communicatoprogram we have beeninvolvedin
developingmethodsfor measuringorogresdowardsthe programgoalsandassessingdwancesn the componentechnologiesequired
to achieve suchgoals. Our goal hasbeento develop a lightweight evaluationparadigmfor heterogeneousystems.In this paper we
utilize the Communicatorevaluationcorpusfrom 2001 andbuild on previous work applyingthe PARADISE evaluationframevork to
establisha baselinefor fully automaticsystemevaluation.We train aregressiortreeto predictUserSatishctionusingarandom80% of
thedialoguedor training. The metrics(features)ve usefor predictionareafully automaticTaskSuccesdleasureEfficiency Measures,
andSystenmDialogueAct Behaviors extractedfrom thedialoguelogfilesusingthe DATE (DialogueAct Taggingfor Evaluation)tagging
schemeThelearnedreewith the DATE metricshasa correlationof 0.614(R? of 0.376)with the actualusersatisactionvaluesfor the
heldouttestset,while the learnedreewithoutthe DATE metricshasa correlationof 0.595(R? of 0.35).

1. Intr oduction

The objective of the DARPA Communicatoiprojectis
to supportapid,cost-efective developmenbf multi-modal
speech-enabledialoguesystemsawith advancedcornversa-
tional capabilities. During the courseof the Communica-
tor programwe have beeninvolvedin developingmethods
for measuringporogresgowardsthe programgoalsandas-
sessingadvancesin the componentechnologiesequired
to achieve suchgoals. Our goal hasbeento develop an
evaluationparadigmthat supportscontinuousJightweight,
datacollection and evaluationfor heterogeneousystems.
We have carriedout two evaluationexperimentswithin the
Communicatomprogram,onein Juneof 2000resultingin
662 dialoguesfrom 9 differentCommunicatotravel plan-
ning systemsanda secondevaluationcarriedout over six
monthsin 2001, resultingin 1242dialogues.

One problem with evaluationis that it is extremely
costly. It ofteninvolvesrecruitingpaid subjectsto partici-
patein dialogueswith the system.In additionto carrying
out somereal or fixed tasksin dialoguewith the system,
subjectamayberequiredto fill outauserprofileandauser
satishction surwey, answerquestionsabouttask comple-

tion, or provide commentsaboutthe systems$ performance.

Thedialoguesnustbetranscribecandsomefeaturesof the
interactionhand-labelledsuchasaspectof the users be-
havior, thetasktype,andtaskcompletionor reasongor no
completion.

In this paper we build on previous work applyingthe
PARADISE evaluationframevork to examinewhetherinfor-
mationusefulfor evaluationcanbe extractedfrom acorpus
of dialoguesusingtotally automaticmeans(Walker et al.,
2000; Walker et al., 2002). It hasbeenshownn that dia-
logueactscanbeusefulfor evaluation(Cattonietal.,2001).
Ourwork relieson anautomaticdialogueacttaggerDATE
(DialogueAct Taggingfor Evaluation),thatwe developed
for the Communicatodomainthat achieves98.4%cover-
ageand96% accurag on systemutterancegWalker etal.,

2001; Prasadand Walker, 2002). We experimentwith us-

ing dialogueact labelsin combinationwith otherfeatures
aspredictorsof taskcompletionTaskCompletionanduser
satishction (UserSatisdiction). We achieve 85% accuray

for predicting TaskCompletion;the UserSatisdction pre-

dictor achievesa correlationof .61 with actualUserSatis-
factionvalues(R2 of 0.37)in aheldouttestset.

Section2. briefly summarizethe PARADISE framework
and describesour novel applicationof PARADISE in this
work. Section3. describeghe experimentalcorpus. Sec-
tion 4. presentshe DATE dialogueacttaggemwhichis used
asthe primarysourceof featuresor theautomatidJserSa-
tisfactionpredictor Section5. describeshow we extracta
featurefor automaticallypredictingTaskCompletion Sec-
tion 6. describeghe experimentaldesignfor UserSatisdic-
tion predictionand Section7. presentshe predictionre-
sults. We postponethe discussionof previous work until
Section8. for comparisorpurpose@ndpresentheconclu-
sionandfuture developmentsn Section9..

2. PARADISE Evaluation Framework
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Figure 1: PARADISE's structureof objectivesfor spolen
dialogueperformance



The PARADISE evaluation framewvork usesmethods
from decisiontheory (Keeng and Raiffa, 1976; Doyle,
1992)to combinea disparatesetof performancaneasures
(i.e., usersatishction, task successand dialoguecost, all
of which have beenpreviously notedin theliterature)into
a single performanceevaluation function (Walker et al.,
2000). The use of decisiontheory requiresa specifica-
tion of both the objectivesof the decisionproblemanda
setof measuregknown asattributesin decisiontheory)for
operationalizinghe objectves. The PARADISE modelis
basedon the structureof objectivesshavn (in rectangles)
in Figure 1; it positsthat performancecan be correlated
with a meaningfulexternalcriterion suchasusability, and
thusthatthe overall goal of a spolendialogueagentis to
maximizeanobjectiverelatedo usability UserSatisdiction
ratings(Kamm,1995;Shribeg etal., 1992;Polifroni etal.,
1992)have beenfrequentlyusedin the literatureasan ex-
ternalindicator of the usability of a dialogueagent. The
modelfurther positsthattwo typesof factorsarepotential
relevantcontributorsto UserSatisdiction(namelyTaskSuc-
cessandDialogueCosts),andthattwo typesof factorsare
potentialrelevant contributorsto costs(namelyEfficiency
MeasuresndDialogueQuality Measures).

PARADISE hasbeenbroadlyappliedin previouswork
(Walker et al., 2000; Lamel and Rosset,2000; Bonneau-
Maynardet al., 2000). Severaluseshave beenmadeof the
modelsderived by applying PARADISE. First, the overall
performancemetric canbe usedto automaticallytrain the
dialoguemanageir(Walker, 2000). Secondjf metricsrep-
resentingdialoguestratgyies areincludedin the Dialogue
Quality Measuresthenthe significantpredictorsof User
Satishctioncanindicatewhich dialoguestratgyiesareopti-
mal. In ourwork, the purposeof the DATE taggingscheme
is to extract suchmetrics(Walker et al., 2001; Prasadand
Walker, 2002). Third, the modelspredictto what extent
improvementsn systemcomponentsvill increasdJserSa-
tisfaction. For example,if ASR (automaticspeectrecog-
nition) performanceéhasa +.25 correlationwith UserSatis-
factionin a standardizednodel,the predictionis thateach
unit changein ASR performancewill resultin a .25 unit
increasen usersatishction.

Our approachdiffers from previous work applying
PARADISE in several respects.First, previous work has
usedboth hand-labellecand automaticallyextractedmet-
rics, but we look at utilizing only fully automaticmetrics
to explorethe potentialof fully automaticevaluationof di-
aloguesystems. We believe thereare a numberof appli-
cationsfor a modulethat can predict UserSatisdction au-
tomatically For example,sucha predictioncan be used
for decidingwhich dialoguesin a large corpusare worth
transcribing,or it couldbefactorednto the dialogueman-
agerand ASR modulesto supportonline adaptatiorof the
system.Secondratherthanlinear models,we apply Clas-
sificationandRegressionTrees(CART) to thepredictionof
UserSatisdiction(Briemanetal., 1984).

3. Experimental Corpus

The corpususedin theseexperimentsis a corpus of
1242 dialoguescollectedfor a Communicatorevaluation
experimentduringsix monthsof 2001. Threetypesof tasks

arerepresenteth thecorpus:

e 350 Comple Trips (multiple legs and car, hotel ar
rangements)

e 694RealTrips, of userschoice

¢ 198RoundTrips

Eight different systemsparticipatedin the evaluation.
All sitesimplementedh logfile standardsupportinga stan-
dardsetof dialoguemetricssuchasnumberof systemand
userturns, dialogueduration,andtime spentin eachsys-
temmodule. The sitesalsoprovided both ASR and hand-
labelledtranscriptiondor eachuserutterance.

On completionof eachdialogue the userwasaskedto
fill-out a surwey indicatingthe users satishction (UserSa-
tisfaction)with the systemandperceptiorof TaskComple-
tion. UserSatisdictionis calculatedby summingthe de-
greeof the users agreemenbn a five point Likert scale
to five statements@boutthe systemsperformance:(1) In
this corversation,it waseasyto getthe informationthat|
wanted(TaskEase)(2) | found the systemeasyto under
standin this corversation(TTSPerf);(3) In this corversa-
tion, 1 knew what | could say or do at eachpoint of the
dialogue(UsrExpertise){4) The systemworkedthe way |
expectedit to in this corversation(ExpectedBehdor); (5)
Basedonmy experiencan this corversatiorusingthis sys-
temto gettravel information, | would like to usethis sys-
temregularly (FutureUse).Figure 2 givesthe distribution
of UserSatigdictionfor thethreetypesof trips shaving that
thecomple tasksresultedin lower UserSatisdiction.
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Figure2: UserSatisdictionby TripType

The users perceptionof TaskCompletiorandthe task
requirementsare usedto definea ternaryTaskCompletion
metric: O indicatestask failure; 1 indicatescompletion
of an airline itinerary; 2 indicatescompletionof both air-
line andcar/hotelarrangementsWe alsodefineda Binary
TaskCompletiometricwheretaskfailureis 0 andary level
of TaskCompletior(airline andoptionally car/hotel)is 1.

The goal of our experimentsis to train andtesta fully
automaticpredictorof UserSatisdction usingthis evalua-
tion corpus. The training setconsistsof arandom80% of
the dialogues(994 dialogues)andthe testsetthe remain-
ing 20% (248dialogues)We apply CART to this problem
usingfeaturesxtractedfrom the logfilesaspredictive fea-
tures and the UserSatisdiction metric describedabove as



the responsevariable. Thereare two typesof input fea-
tureswhoseextraction from the original logfiles required
substantie work. First,asdescribedbore,we labelall the
systemutterancesn the logfiles with the DATE dialogue
acttaggingscheme.Secondly we train a fully automatic
TaskCompletiorpredictorwhoseoutput canbe usedas a
fully automaticinput featurefor the predictionof UserSa-
tisfaction. Section4. first describeshow we label the dia-
logueswith the DATE tagsandSections. describeiow we
usethedialogueacttagsto predictTaskCompletionbefore
describingthe training of the UserSatisdiction predictorin
moredetailin Section6..

4. DialogueAct Taggingfor Evaluation
(DATE)

The dialogueact labelling of the Communicatorcor-
pus follows the DATE tagging scheme(Walker et al.,
2001). DATE classifieseachutterancealongthreecross-
cutting orthogonaldimensionsof utteranceclassification:
(1) a SPEECH ACT dimension;(2) a CONVERSATIONAL-
DOMAIN dimension; and (3) a TASK-SUBTASK dimen-
sion. The SPEECH ACT and CONVERSATIONAL-DOMAIN
dimensionsare generalacrossdomains,while the TASK-
SUBTASK dimensioninvolvesataskmodelthatis notonly
domainspecific,but could vary from systemto systembe-
causesomesystemsanight make finer-grainedsubtasidis-
tinctions.

Speech-Act

REQUEST-INFO
PRESENT-INFO

Example |
And,whatcity are youflyingto?
Theairfare for thistrip is 390dol-
lars.

Wbuld youlike meto hold this op-
tion?

Accessing the database; this
mighttake a few seconds.

OFFER

STATUS-REPORT

EXPLICIT- You will departon Septembet.st.
CONFIRM Is thatcorrect?

IMPLICIT- LeavingfromDallas.

CONFIRM

INSTRUCTION Try sayinga shortsentence

Figure3: ExampleSpeechAct utterances

The sPEECH ACT dimensioncapturesdistinctionsbe-
tweencommunicatve goalssuchasrequestingnformation
(REQUEST-INFO), presentingnformation(PRESENT-INFO)
and making offers (OFFER) to act on behalf of the caller.
Someexamplesarein Figure3.

The CONVERSATIONAL-DOMAIN dimensioninvolves
the domainof discoursehat an utterances about. DATE
distinguisheghreedomainswithin this dimension.Exam-
plesof eachdomainare givenin Figure4. The ABOUT-
TASK domainis necessaryor evaluatinga dialoguesys-
tem’s ability to collaboratewith a spealer on achieving
the task goal. It supportsmetricssuchasthe amountof
time/efort the systemtakesto completea particularphase
of makinganairlineresenation,andary ancillaryhotel/car
resenations. The ABOUT-COMMUNICATION domainre-
flects the systemgoal of managingthe verbal channelof
communicationand providing evidenceof what hasbeen

understoodUtterancef this type arefrequentin human-
computerdialogue,wherethey are motivatedby the need
to avoid potentially costly errors arising from imperfect
speechrecognition. All implicit and explicit confirma-
tions are aboutcommunication.The ABOUT-SITUATION-

FRAME domainpertainsto the goal of managinghe users
expectationsabouthow to interactwith the system.

| CorversationaDomain  Example |
ABOUT-TASK And what time didja wanna
leave?
ABOUT- Leavingfrom Miami.

COMMUNICATION
ABOUT-SITUATION-
FRAME

You may say repeat, help me
out,startover, or, that'swrong

Figured: Exampleutteranceslistinguishedvithin theCon-
versationaDomainDimension

The TASK-SUBTASK dimensionfocuseson specifying
which subtaskof the travel resenation task the utterance
contritutesto. Thisdimensiondistinguisheamong?28 sub-
tasks,someof which canalsobe groupedat a level below
thetop level task. The ToP-LEVEL-TRIP taskdescribeshe
taskwhich containsasits subtaskghe ORIGIN, DESTINA-
TION, DATE, TIME, AIRLINE, TRIP-TYPE, RETRIEVAL and
ITINERARY tasks.TheGROUND taskincludesboththeHO-
TEL andCAR-RENTAL subtasksThe HOTEL taskincludes
boththe HOTEL-NAME andHOTEL-LOCATION subtasks.

4.1. Implementation and Metrics Derivation

To label the systemutterancesn the 2001 Communi-
catorcorpuswith the DATE dialogueacts,we first applied
thedialogueacttaggerthatwasdevelopedfor labellingthe
2000Communicatodata(Walker etal., 2001).In this tag-
ger, anutteranceor utterancesequencés identifiedandla-
belledautomaticallyby referencedo a databasef utterance
patternsthat are hand-labelledvith DATE tags. The col-
lection and DATE labelling of the utterancedor the pat-
terndatabasevasdonein cooperatiorwith the site devel-
opers.Sincethesystemsisetemplatebasedyeneratiorand
haveonly alimited numberof waysof sayingthe samecon-
tent,veryfew utterancepatternsieededo behand-labelled
whencomparedo the actualnumberof utterance®ccur
ring in the corpus. Furtherabstractioron the patternsvas
donewith a named-entitylabelerwhich replacesspecific
tokensof city namesairports,hotels,airlines,datestimes,
cars, and car rental companies. For example, what time
do you wantto leave <AIRPORT> on <DATE-TIME>?
is the typed utterancefor whattime do you wantto leave
Newark Internationalon Monday? For the 2000tagging,
the numberof utterancesn the patterndatabasevas1700
whereaghetotal numberof utterance# the 662dialogues
was22930. The named-entityabellerwasalsoappliedto
the systemutterancesn the corpus. We collectedvocab-
ulary lists from all the sitesfor the named-entitytask. In

Certainutterancesn thedialoguesarenotspecificto any par
ticular taskandcanbe usedfor ary subtaskfor example,system
statementghat it misunderstood.Theseutterancesare given a
“meta” dialogueact statusin the task dimension. Thereare 13
suchdialogueactsdistinguishedvithin DATE.



mostcasessystemsadpreclassifiedhe individual tokens
into generictypes.

Thetaggerimplementsa simplepatternmatchingalgo-
rithm to do the dialogueact labelling. Utterancepatterns
in the patterndatabasere matchedin the corpusandthe
DATE label of thatpatternis assignedo the matchingpat-
ternin thecorpus.The matchingignorespunctuatiorsince
systemsvary in theway they recordpunctuatior?

Certainutterancesave differentcommunicatie func-
tions dependingon the context in which they occur For
example, phrasedike leavingin the <DATE-TIME> are
implicit confirmationavhenthey constituteanutteranceon
theirown, but arepartof theflight informationpresentation
whenthey occurembeddedh utterancesuchasl haveone
flight leavingin the <DATE-TIME>. To preventincorrect
labelling for suchambiguouscasesthe patterndatabasés
sortedso that sub-patternsare matchedafter the patterns
within which they areembedded.

While this taggerwas100% accuratdor the2000data,
whenappliedto the2001datait wasableto labelonly 60%
of the data,wherethe coverageis calculatedon the char
actercountsof the utterances.On examinationof the un-
labelledutteranceswe found that mary systemshadaug-
mentedheirinventoryof vocahularyitemsaswell asutter
ancedor the 2001 datacollection. As aresult,therewere
mary new patternsunaccountedor in the existing named-
entity lists aswell asthe patterndatabase.ln an attempt
to cover the remaining40% of the data,we thereforeaug-
mentedhenamed-entitjists by obtaininga new setof pre-
classifiedvocahulary itemsfrom the sites,and added800
hand-labellechatternsto the patterndatabase For the la-
belling of ary additionalunaccountedor patternswe im-
plementedh contextual rule-basegostprocessahatlooks
atthesurroundingdialogueactsof anunmatcheditterance
within a turn andattemptsto labelit. Figure5 shows the
currentDATE taggingsystem.The contetual rulesarein-
tendedto capturerigid systemdialoguebehaiors thatare
reflectedn the DATE sequencewithin aturn® For exam-
ple, onevery frequentlyoccurringDATE sequencavithin
systemturnsis presentinfo:flight, presentinfo:price, of-
fer:flight, and someof the rulesusethis contectual infor-
mationto tagunlabelledutterancesif thepostprocessan-
countersaturn in which the first two utterancedave been
labelledwith presentinfo:flight andpresentinfo:price,and
thethird utterancas left unlabeledby the patternmatcher
it usesthe above rule to assignthe third utterancewith the
presentinfo:price label* Not all turn-internal DATE se-
quencescould be usedas contectual rules, however, be-
causemary of themare highly ambiguous.For example,

2Ignoring punctuationdoesnot, hawever, createan utterance
segmentatiorproblemfor thetagger Theutterancesn thepattern
databasgrovide thereferencepointsfor utteranceéboundaries.

The logfile standarddistinguishessystemand user turns
within thedialogues.

“The DATE labelshave threefields separatedy “” corre-
spondingto the threedimensionsof the DATE scheme.Thefirst
field describeghe utterancedn the conversationadomaindimen-
sion, the secondn the speechactdimensionandthethird in the
task-subtasklimension. For the about-taskdimensionspnly the
secondandthethird fieldsaregivenin thelabels.

aboutcomm:apology:metalu_rejectcanbefollowedby a
systeminstructionaswell asary kind of requestor infor-
mation(typically) repeatedrom the previoussystemutter

ance.
Dialogue Logfile
from Systems

Named Entit
Labeler

Named Entit
Lists from
Systems

i

Dialogues with
Named Entity
Labelling

Pattern Database
with DATE
classification

DATE
Pattern Matche|

| DATE contextual rules|

Labelled Dialogues

Figure5: The DATE DialogueAct Tagger

Thetaggeraugmentedvith the nev namedentity lists,
the new patterndatabaseand the postprocessorcovers
98.4% of the 2001 data. A hand evaluationof 10 ran-
domly selecteddialoguesrom eachsystemshows thatwe
achieved a classificationaccurag of 96% at the utterance
level.

For future evaluations,we would like to avoid the ex-
pensve and tediousprocessthat we facedwith the 2001
tagging. In (Prasadand Walker, 2002), we have experi-
mentedwith amachindearningmethodfor DATE tagging.
Thelearnerusesatotal of 19 featureswhich areeitherde-
rived directly from the logdfiles, derived from the human
transcriptionof the userutterancesor represenaspectof
thedialoguecontext in which theutteranceoccurs.Thedi-
aloguecontext featuresncludetheleft unigramandbigram
DATE context which extendsto the previous systemturn,
the numberof dialogueactsin theturn, the positionof the
targetutterancen theturn, the systemutteranceso theleft
andright of thetargetutteranceandtheprevioususerutter
ance.Theuseof all thesefeaturess designedo reducethe
ambiguityof thedialogueactcontext. We have trainedand
testedthe automaticDATE taggeron variouscombinations
of the Communicato2000and2001human-computecor-
pora.Theaccurag of a DATE taggertrainedandtestedon
the 2000corpusis 98.5%. Onthe 2001 corpus,it achieves
anaccurag of 71.8%, but theaccurag improvesto 93.8%
whenjust 3000utterance$rom the 2001 corpusareadded
to the training data(with the testdatabeingthe remainder
of the2001corpus).Theseresultssuggesthatit is possible
to automaticallylabel systemutterancedor future evalua-
tionswithout muchadditionaleffort.



5. Automatically Predicting
TaskCompletionusing DATE Dialogue

Acts
DATE ¢
Output Tié{;iR DATE ¢ | GroundCheck | GroundCheck | TC Predictor
of Rules CART
SLS Rules

DATE ;. = {acknowledgement:flight_booking,
request_info:airline,
request_info:top_level_trip}

DATE ¢ = {request_info:hotel_name,
request_info:hotel_location,
offer:hotel,
offer:rental}

Figure6: Schemdor TaskCompletiorPrediction

As discussedn Section3., one of the featuresused
in the RegressionTree for UserSatisdction predictionis
TaskCompletion.In orderto make the systemcompletely
automatic,an approximationof this featureis derived by
traininga ClassificationTreeusingDATE dialogueacts.

Figure 6 shawvs the methodologybehind TaskComple-
tion prediction. A ClassificationTree is trainedthat cat-
egorizesdialoguesinto TaskCompletion=0TaskComple-
tion=1 or TaskCompletion=2The baselinefor this exper
imentis 59.3% which is the numberof dialogueswhere
TaskCompletion=1.

Thefirst stageis to infer the DATE dialogueacts- this
methods detailedin Sectiord.. EachDATE dialogueactis
talliedandthecountsareusedasfeaturedo trainthe CART
tree. An additionalfeatureis GroundCheckwhich is in-
stantiatedby looking for DATE labelsrelatingto whether
ground arrangementfave beenmade. A simple set of
rulessearche$or oneof thefollowing DATE dialogueacts
- requestinfo:hoteLname;requestinfo:hotellocation; of-
fer:hotel; and offer:hotelLrental. TheseDATE typesare
pickedbecaus¢hespolendialoguesystemsisetheseonce
caror hotelarrangementbave beenrequestedby the user
The GroundChecHeatureis binary: 0 if noneof theabove
labelsareobsenedandl if any or all areobsened.

The trained tree classifiesdialoguesinto the three
TaskCompletioncategories with an accurag of 85.0%.
As illustrated in Figure 6, this tree uses 4 different
DATE actsto predictTaskCompletion GroundCheckac-
knowledgment:flightbooking, requestinfo:airline and re-
questinfo:top_level_trip. The structureof the treeis such
that GroundCheckdivides the datainto TaskCompletion
<2 and TaskCompletion=2If GroundCheck=@ndthere
is an acknavledgmentof a booking then we can take it
that it is the flight that has beenbooked and therefore
TaskCompletioe=1. Interestingly if thereis no acknawl-
edgmenbf a bookingthenTaskCompletioe=0, unlessthe
systemgot to the stageof askingthe userfor airline pref-
erenceandif requestinfo:top_level_trip<2. More thanone
requestinfo:top_level_trip indicatesthat therewasa prob-
lemin thedialogueanda START-OVER occurred.

The tree that predicts binary TaskCompletion
has an accurag of 92.0% with a baseline of 85%.

This is a simple tree that checks if an acknavledg-
ment:flightbooking has occurred. If it has, then
TaskCompletion=1, otherwise it looks for the DATE
act aboutsituationframe:instruction:metaituationinfo
which capturesthe fact that the systemhastold the user
what the systemcan and cannotdo or hasinformed the
useraboutthe currentstateof thetask. This musthelpwith
TaskCompletiorasthe treetells us thatif oneor more of
theseactsareobsenedthenTaskCompletion=1otherwise
TaskCompletion=0.

6. Experimental Designfor UserSatisfaction

Prediction
Output DATE
of TAGGER
SLS Rules
DATE
Efficiency UserSatisfaction
Measures| Predictor
CART

Task
Completion

AutoTaskCompletion

Predictor

Figure7: Schemdor UserSatisdctionPrediction

To apply CART to thetraining of the UserSatisdction
predictor eachdialogueis takenasa vectorof asetof input
featuresandUserSatisdictionis takenastheresponsevari-
able. As discussedn the Section2. andshown in Figure
1, therearethreegroupsof metricsusedin the PARADISE
framawork: Task SuccessEfficiency Measuresand Qual-
itative Measures.Similarly, the typesof featuresusedto
trainthe RegressionTreefall into the samethreecategories
asillustratedin Figure 7, which shavs the systemdesign
for automaticallypredictingUserSatisdction. A compre-
hensvelist of all thefeaturesaregivenin Table8.

Firstly, TaskSuccesss capturedy theTaskCompletion
featurewhich canbe eitherhand-labelledbr automatically
predictedby the methoddescribedn 5.. The Regression
Treeis trainedusingthehand-labelledaskCompletioriea-
ture. If onewasto testthis systemon nen unseendata,
onewould usethe automaticallypredictedAutoTaskCom-
pletionin placeof the hand-labelledraskCompletion We
presentesultsfor testingon boththe hand-labelledndau-
tomaticallyobtainedTaskCompletion.

Secondly Efficiency Measuresare capturedby met-
rics taken from the logfile. Thesearedividedinto 2 sets:
hand-labelledand automatically extracted. Word Error
Rate (WERR), SentenceError Rate (SERR) all require
a transcriptionof the words and are, therefore,classified
as hand-labelled. TurnsPer@sk (humberof turnsin dia-
logue), TimeOnTask (in seconds) MeanWrdsPerUsmrn
are all automaticallyextractablefrom the logfile. We as-
sumephone-typeis automaticallyderivable by automatic
numberidentification (ANI) andthat sessiommumbercan
beextractedfrom thelodfile.



e TaskSuccesd-eatures

— Hand-labelled

* HLTaskCompletion
— Automatic

* AutoTaskCompletion

e Efficiency Measures

— Hand-labelled
* WERR,SERR
— Automatic

* TimeOnTask, TurnsOn&sk, NumOerlaps,
MeanUsrTurnDur MeanWrdsPerUsnIrn, Mean-
SysTurnDur, MeanWrdsPerSysifn, DeadAlive

* Phone-typeSessionNumber
e Qualitati ve Measures

— AutomaticDATE Unigrams

+ presentinfo:flight, presentinfo:priceetc..
— AutomaticDATE Bigrams

x presentinfo:flight+presentnfo:priceetc..

Figure 8: Featuresusedto train the UserSatisdction Pre-
dictionTree

Finally, the quality of the dialogueis capturedby the
different DATE dialogueact frequencies. We found that
thedistribution of DATE actswerebettercapturedoy using
thefrequeny normalizedoverthetotal numberof dialogue
acts. In additionto theseunigramproportions the bigram
frequenciesof the DATE dialoguesactswere also calcu-
lated.

7. Resultsfor UserSatisfactionPrediction

The resultsof the UserSatisdiction prediction Regres-
sionTreearegivenin termsof the correlationbetweerthe
predictedUserSatisdiction and actual UserSatisdiction as
calculatedrom the surwey. Here,we alsoquotecorrelation
andR? for comparisorwith previousstudies.

Tablel givesthecorrelationresultsfor UserSatisdction
predictionusingdifferentsetsof featuresandhand-labelled
or automaticallypredictedTaskCompletion.Thefirst col-
umngivestheresultsusingonly theautomaticallyextracted
Efficiency Measureswhich give a correlationof 0.5955
(R? = .355) usinghand-labelledraskCompletionAdding
the hand-labelled=fficiency Measuresncreaseshis result
t0 0.607(R? = .368). This, however, is notasgoodasjust
usingtheautomaticefficiency Measuresandthe DATE fea-
turesin combinationwith TaskCompletiorwhich yields a
correlationof 0.614(R? = .377). Thisresultis thesameas
usingall thegroupsof featuresasgivenin thefinal column.
Asthe DATE featuresarechoseroverthehand-labelledtf-
ficiengy Measuresthis shows thatthey aremorediscrimi-
natoryin determiningUserSatisdiction.

The discriminatory use of the DATE features is
seenmore when usedin conjunctionwith the automatic
TaskCompletion. Here, we seean increasefrom 0.4593
(R? = .21) t0 0.484(R? = .234) whenthe DATE features
areaddedto the automaticEfficienoy and TaskCompletion

features. This is likely due to the fact that the DATE
featurescompensatéor the inaccuracieof the automatic
TaskCompletionby marking landmarksin the dialogue
where parts of the task have been completed, such as
aboutcommunication:implicitconfirm:depariarrive_time
or requestinfo:price, as illustrated in the Regression
Treegivenin 9, 10 and 11. This tree is formed using
the automaticEfficiency and DATE featureswhich hasa
correlationof 0.614/0.484 The interpretatiorof thetreeis
givenin thefollowing section.

7.1. RegressionTreelnter pretation

Diagramsof thetraineddecisiontreesaregivenbelow.
At ary junction,if thequeryis truethenonetakesthe path
downtheright-handsideof thetree,otherwiseonetakesthe
left-handside. Theleaf nodescontainthe predictedvalue.

Figure 9 illustrates that TaskCompletionis at the
top of the tree and is, therefore,the most queried fea-
ture. The phone-typeis an important part of User
Satishction prediction, whereby dialogues conducted
over corded phoneshave higher satishction. This is
likely to be due to betterrecognition performancefrom
corded phones. The rule containing the bigram re-
questinfo:departarrive_date+USERstatesthat if thereis
more than one occurrenceof this requestthen UserSatis-
factionwill belower. A repetitionof this DATE actindi-
catesthat a misunderstandingccurredthe first time it is
requestedr thatthe taskis multi-leg in which caseUser
Satishctionis generallylower.

Figure 10 gives part of the left side of the tree where
TaskCompletion>0i.e. somelevel of TaskCompletiorhas
beenachieved. This portion of the tree shaovs how impor-
tantdialoguelengthis to UserSatisdiction. TurnsOnBskis
the numberof turnswhich aretask-orientedfor example,
initial instructionson how to usethe systemare not taken
asa TurnOnTask. The treeindicatesthat dialogueswhich
arelong (TurnsOnBsk> 110) aresatishctory(UserSatis-
faction=15.2)if sometaskis completed TC >0). Again,
if the phone-typds notcordedUserSatisdictionis lower.

Figure1l givesthefinal, lower partof thetree.If there
hasbeenmore than three acknavledgmentsof bookings,
this indicatesthat severallegs of a journey have beensuc-
cessfullybooked and, therefore,UserSatisdictionis high,
in particularif the systemhasasledif the userwould like
a price for their itinerary. This requestis one of the final
dialogueactsa systemdoesbeforethetaskis completed.

The DATE act aboutcomm:apology:metalu_rejectis
a measureof the systems$ level of misunderstanding.
Therefore the more of thesedialogueact typesthe lower
UserSatisdiction. This part of the tree useslengthin a
similar way describedearlier, wherebylong dialoguesare
only allocatedower UserSatisdctionif they do notinvolve
groundarrangementslin longer dialogues,usersseemto
prefersystemghatincludea numberof implicit confirma-
tionsasthesedialogueshave higherUserSatisdiction.

The dialogueactrequestinfo:top_level_trip usuallyoc-
cursatthestartof thedialogueandrequestsheinitial travel
plan. If therearemorethanoneof thisrequesttrip dialogue
act, it indicatesthata START-OVER occurreddueto sys-
temfailure,thisleadsto lower UserSatisdiction.



Feature Auto Eff. | Auto Eff. | Auto Eff. | Auto Eff. + HL Eff.
used +HL Eff. | + DATE | + DATE
HLTaskCompletion | 0.5955 0.607 0.614 0.614
AutoTaskCompletion | 0.4593 0.476 0.484 0.484

Table 1: Correlationresultsusing Automatic Efficiency MeasureqEff.), addingDATE featuresand hand-labelledEffi-
ciengy Measuresfor treestestedon eitherhand-labelledr automaticallyderived TaskCompletion

see Part 2
phone_type=corded

request_info:depart_day_month_da
+USER<1.2

11.4 125

Figure9: Sub-tregpartl) of the RegressiorTreefor User
Satishction(TC is binary TaskCompletion)

TC=0

see Figure :

TurnsOnTask<79

TurnsOnTask<1 TurnsOnTask<57

15.1 see Figure 3

11.8
PhoneType=cordless

16.9 145

Figure 10: Sub-tree(part 2) of the RegressionTree for
UserSatisdiction(TC is binary TaskCompletion)

A figureknown asFeaturdJsageFrequeng canbecal-
culatedfrom the CART tree. Thismetricreflectswhichfea-
turesarethe mostdiscriminatoryin the tree. Specifically
thismeasurés thenumberof timesafeaturels querieddur-
ing theregressiorcalculationof eachdatapoint. Thefigure
is normalizedsothatthefeatureusagesumsto onefor each
tree. It reflectsthe positionin the RegressionTree asthe
higherthefeatureis in thetree,themoretimesit is queried.
Efficiency Measuresarethemostdiscriminatoryfeatureset
covering 47% of the queries. The Dialogue Act Quality
Measuresccountor 32% of thetrees discriminatoryfea-
tures. TaskSuccesss the featurequeriedat the top of the
treeandaccountdor 21%of thefeatureusage.

see Part 2

acknowledge:flight_booking < 3

about_comm:apologyneta_slu_reject+USER <1

21.8 19.9 15.7
TimeOnTask<280

request_info:hotgl<1 request_info:top_level_trip <:

16.5 21.3 18.4
implicit_confirm:arrive_depart_time<1

19.9 18

Figure 11: Sub-tree(part 3) of the RegressionTree for
UserSatisdiction

8. Previous Work

Previous work looks at predictingUserSatisdictionus-
ing multi-variatelinear regressiorusing non-automatief-
ficiengy, quality and task succesametrics (Walker et al.,
2000; Walker et al., 2001). This work looks at predicting
UserSatisdictionfor the2000Communicatodataandfinds
thataddingthe countsfor the DATE to thelogfile standard
metricsyieldsanincreasdrom .37to 0.42(R?).

Theseresultsare not directly comparableas they are
performedon differentdata. However, a qualitatve com-
parisonis interesting.Their multi-variatelinear regression
experimentsgive coeficientsfor eachfeaturewhich indi-
catethe magnitudeandwhetherthe metricis a positive or
negative predictorof UserSatisdiction. Someof themetrics
which areheavily weightedarecomparabldo the onesthe
RegressionTreefinds. For example, TaskCompletiorhas
the highestmagnitudecoeficient and comesat the top of
our regressiontree. Taskdurationis negatively weighted.
This is alsothe casein our RegressionTree, althoughthe
decisiontreealsocaptureson-linearinteractionsbetween
features.For example longerdialoguesareonly penalized
if amoresimpletaskis beingperformed.

DATE actsusedin both systemsinclude acknavledg-
ment:flightbooking, requestinfo:departarrive_date and
requestinfo:top_level_trip. Explicit confirmationshave a
higherweightingthanimplicit confirmationsn thelinear
regressionmodel, whereasour CART tree tendsto favor
implicit confirmations. This may indicatethat the spolen
dialoguesystemsretendingtowardsmorenaturalcorver
sationswhereimplicit confirmationsarepreferred.

Anotherareaof relatedwork is thaton detecting'Prob-



lematicdialogues”(Walker etal., 2002). The goal of these
ProblematidDialoguePredictorss to determinewhich di-
aloguesarelikely to fail beforethe endof the dialogueso
that the systemcan be adaptedon-line, and the usercan
be transferredo a humancustomercareagentif thereis a
problem.Thisis similarto our TaskCompletiomredictorin
the Communicatodomain.They usefeaturesfrom anum-
berof sourcessuchasacousticfeaturesandfeaturesrom
the naturallanguageunderstandin@nd dialoguemanager
components.The mostimportantfeaturescomefrom the
NaturalLanguagdJnderstandingystem(suchasinterpre-
tation confidencemeasures)For the CommunicatoData,
suchdetailedmetricsarenotavailablefor interpretational-
thoughthe DATE actaboutcomm:apology:metalu_reject
doesapproximatethis. In our study predictingTaskCom-
pletion prior to dialoguecompletionis also a possibility.
However, more sophisticatedeatures(suchas ASR and
NLU confidencescores)would needto be usedin order
for thisto bea possibility.

9. Conclusion

In summary we have presentedesultsfor automati-
cally evaluatingsystemperformancen the October2001
corpusof 1242Communicatodialoguesn thetravel plan-
ning domain.In this study performancés measureetither
with a Task Successnetric or with UserSatisdction. As
predictorsof UserSatisdiction, we examinedthe utility of
threedifferenttypesof featuresTaskSucces&eatureskf-
ficienoy Measuresand DialogueAct Quality metrics. We
describechow we automaticallylabelledthe dialoguesin
orderto createthe dialogueactfeatureghatwereinput for
our automaticpredictiontask. We shavedthatusingthese
featureswe canpredictTaskCompletiorwith anaccurag
of 85% andmodelUserSatiséctionwith acorrelationof up
t00.614.

A possibleextensionto this work is the automaticpre-
diction of theuser'sdialogueacttype. Theusers utterance
would be predictedusing a set of dialogueact type spe-
cific languagemodelsrun over the ASR outputanda dia-
logue model (Wright, 2000). This dialoguemodelwould
be highly predictive, giventhatwe have anaccurateDATE
taggerfor the systems turns combinedwith the fact that
usersdo not take theinitiative frequentlyin the Communi-
catordialogues A furtherextensionof this work is to look
atthe intonationof the user For example,if the systemis
expectinga shortyes/noanswerandthe userreplieswith a
long utterancewith a rising intonationcontourthenthis is
morelikely to be a questionjndicatinga breakdavn in the
initial dialoguestrateyy.
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