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Abstract

Spolen dialogue systemspromise ef -
cient and natural accessto information
servicesfrom ary phone. Recently spo-
ken dialoguesystemdor widely usedap-
plications suchas email, travel informa-
tion, andcustomercarehave movedfrom
researchabsinto commercialuse. These
applicationscanreceve millions of calls
a month. This huge amountof spolen
dialoguedatahasled to a needfor fully
automaticmethodsfor selectinga subset
of caller dialoguesthat are most likely
to be usefulfor further systemimprove-
ment,to be stored transcribedandfurther
analyzed. This paperreportsresultson
automaticallytraining a ProblematicDi-
alogueldenti er to classify problematic
human-computeatialoguesusingacorpus
of 1242DARPA Communicatodialogues
in the travel planningdomain. We shav
thatusingfully automaticfeatureswve can
identify classesf problematicdialogues
with accuracie$rom 67%to 89%.

1 Intr oduction

Spolendialoguesystemgpromiseef cient andnat-
ural accesso alarge variety of informationservices
from ary phone. Deployed systemsand research
prototypesexist for applicationssuch as personal
email and calendarsfravel andrestauraninforma-
tion, personabanking,and customercare. Within
thelastfew years,several spolen dialoguesystems
for widely usedapplicationshave moved from re-
searcHabsinto commercialse(Baggiaetal., 1998;
Gorinetal., 1997). Theseapplicationscanreceve

millions of callsamonth. Thereis a strongrequire-
mentfor automaticmethodsto identify and extract
dialogueghat provide training datafor further sys-
temdevelopment.

As a spolen dialoguesystemis developed,it is

rst testedasa prototype,then elded in a limited
setting, possibly running with human supervision
(Gorinetal., 1997),and nally deploed. At each
stagefrom researclprototypeto deployed commer
cial application thesystemis constantlyundegoing
further development. Whena systemis prototyped
in houseor rst testedin the eld, humansubjects
are often paid to usethe systemand give detailed
feedbackon task completionand user satishction
(Baggiaet al., 1998; Walker et al., 2001). Even
whena systemis deplged, it oftenkeepsevolving,
eitherbecauseustomersvantto do differentthings
with it, or becausenew tasksariseout of develop-
mentsin the underlyingapplication. However, real
customerof a deployed systemmay not be willing
to give detailedfeedback.

Thus, the widespreaduse of thesesystemshas
createda datamanagemenand analysisproblem.
Systemdesignersneedto constantlytrack system
performanceidentify problems,and x them. Sys-
tem modulessuchas automaticspeechrecognition
(ASR), naturallanguageunderstandingNLU) and
dialoguemanagemenmnayrely ontrainingdatacol-
lectedat eachphase.ASR performanceassessment
relieson full transcriptionof the utterances.Dia-
logue managerlssessmentlieson a humaninter
face expert readinga full transcriptionof the dia-
logueor listeningto arecordingof it, possiblywhile
examiningthelog les to understandhe interaction
betweenall the components.However, becausef
the high volume of calls, spolen dialogueservice
providers typically can only afford to store, tran-
scribe,andanalyzea smallfractionof thedialogues.



Therefore,thereis a greatneedfor methodsfor
both automaticallyevaluatingsystemperformance,
andfor extractingsubsetof dialoguesthat provide
goodtrainingdatafor systemimprovement.Thisis
a dif cult problembecauséy thetime a systemis
deplo/ed, typically over 90% of the dialogueinter-
actionsresultin completedasksandsatis ed users.
Dialoguessuch as thesedo not provide very use-
ful trainingdatafor furthersystemdevelopmentbe-
causehereis little to belearnedwhenthe dialogue
goeswell.

Previous researchon spolen dialogueevaluation
proposedhe applicationof automaticclassi ersfor
identifying and predictingof problematicdialogues
(Litman et al., 1999; Walker et al., 2002) for the
purposeof automaticallyadaptinghedialogueman-
ager Herewe applysimilar methodgo thedialogue
corpusdata-miningproblemdescribedabore. We
reportresultson automaticallytraining a Problem-
atic Dialogueldenti er (PDI) to classify problem-
atic human-computedialoguesusingthe October
2001DARPA Communicatocorpus.

Section2 describesurapproactandthedialogue
corpus. Section3 describesow we usethe DATE
dialogueacttaggingschemeo de ne inputfeatures
for the PDI. Sectiond presentsa methodandresults
for automaticallypredictingtask completion. Sec-
tion 5 presentsesultsfor predictingproblematiadi-
aloguesbasedon the users satishction. We shav
thatwe identify taskfailure dialogueswith 85%ac-
curay (baseline59%) anddialogueswith low user
satishctionwith upto 89%accurag. Wediscusghe
applicationof the PDI to datamining in Section6.
Finally, we summarizethe paperanddiscussuture
work.

2 Corpus, Methodsand Data

Our experimentsapply CLASSIFICATION and RE-
GRESSION trees(CART) (Briemanet al., 1984)to
train a ProblematicDialogueldenti er (PDI) from
a corpusof human-computedialogues. CLASSI-
FICATION treesare usedfor cateyorical response
variablesand REGRESSION treesare usedfor con-
tinuousresponsevariables. CART treesare binary
decisiontrees. A CLASSIFICATION tree speci es
whatqueriego performonthefeatureso maximize
CLASSIFICATION ACCURACY, While REGRESSION
treesderive a setof queriesto maximizethe COR-
RELATION of the predictedvalue and the original
value. Like othermachinelearners CART takesas
input the allowed valuesfor theresponseariables
thenamesandrangesf valuesof a x edsetof input

featues andtraining data specifyingthe response
variablevalueandthe input featurevaluesfor each
examplein a training set. Below, we specify how
thePDIl wastrained, rst describinghecorpusthen
theresponseariablesand nally theinputfeatures
derivedfrom the corpus.

Corpus. WetrainandtestthePDI onthe DARPA
CommunicatorOctober2001 corpusof 1242 dia-
logues. This corpus representsnteractionswith
realuserswith eightdifferentCommunicatotravel
planningsystemspver a periodof six monthsfrom
April to Octoberof 2001. The dialoguetasksrange
from simple domesticroundtrips to multileg inter
nationaltrips requiring both car and hotel arrange-
ments. The corpusincludeslog les with logged
eventsfor eachsystemanduserturn; handtranscrip-
tions and automaticspeechrecognize(ASR) tran-
scription for eachuser utterance;information de-
rivedfrom auserpro le suchasuserdialectregion;
and a User Satishction suney and hand-labelled
TaskCompletionmetric for eachdialogue.We ran-
domly divide the corpusinto 80%training (894 dia-
logues)and20%testing(248dialogues).

De ning the ResponseVariables: In principle,
eitherlow User Satishction or failure to complete
the task could be usedto de ne problematicdia-
logues. Therefore,both of theseare candidatere-
sponsevariablesto beexamined.The UserSatishc-
tionmeasurelervedfrom theusersuney rangese-
tween5 and25. TaskCompletionis aternarymea-
surewhereno Task Completionis indicatedby 0,
completionof only the airline itinerary is indicated
by 1, andcompletionof boththeairlineitineraryand
groundarrangementssuchas car and hotel book-
ings,is indicatedby 2. We alsode ned abinaryver
sion of TaskCompletion,whereBinary TaskCom-
pletion=0 when no task or subtaskwas complete
(equivalentto TaskCompletion=0)andBinary Task
Completion=1where all or someof the task was
complete(equivalentto TaskCompletion=1or Task
Completion=2).

Figure 1 shaws the frequenyg of dialoguesfor
varying User Satishction for caseswhere Task
Completionis 0 (solid line) and Task Completion
is greatetthanO (dottedlines). Notethat TaskCom-
pletionis 1 or 2 for anumberof dialoguedor which
UserSatishctionis low. Figure?2 illustratessucha
dialogue(systemturnsarelabelledS, userturnsas
U, and ASR hypothesess REC). Here, low User
Satishctionmaybe dueto thefactthattheuserhad
to repeatherselfmary timesbeforethe systemun-
derstoodhe departurecity. An automaticsurrogate
for ASR accurag (suchasASR con dence)would
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Figurel: UserSatishctionfor dialoguesvhereTask
Completionis 0,1 or 2

not be adequatdor identifying this problematicdi-
alogue becausdereeitherthe dialoguemanageor
the SLU componentis at fault. Another dialogue
subsefbf interestin Figurel is onefor which Task
Completionis 0 but User Satishctionis high. A
commoncausdor non-TaskCompletionin thesedi-
aloguesis databaseaccesgroblems. The fact that
the interactionwentwell until this point is not cap-
turedby the Task Completionmetric. Thuswe de-
cidedto useboth User Satishctionand Task Com-
pletionasresponseariablesn separatexperiments
in orderto allow the PDI to capturetherelationship
betweerthesetwo variables.

Input Features Both UserSatishctionandTask
Completionpredictorsaretrainedusingtwo typesof
automaticallyextractablefeatures: (1) log le fea-
tures and (2) systemdialogue act types The
log le featuresinclude ef ciency metricssuchas
the numberof systemand userturns spenton the
task; the total time of the dialoguein milliseconds;
and situationalmetrics,suchas phonetype' which
affects ASR. The system dialogue act types are
extractedfrom the log les using the DATE (Dia-
logue Act Taggingfor Evaluation) automatictag-

IWe assumethis is automaticallyderivable by automatic
numberidenti cation (ANI).

S13:  Sorry, I musthave misunderstood] justheardyou
say that the departurecity was Minto, Arkansas.
Wasthe departurecity Minneapolis-St-8ul, Minto,
Arkansasr Milan, Italy?

Ul4: THE DEPARTURE CITY IS MINNEAPOLIS
SAINT PAUL

REC: thedepartue city in minneapolissaintpaul

S15: Heres a summaryof the second ight segment:
I've got you leaving from Minto, Arkansason Fri-
day Octobertwelfth in the morningandarriving in
newark ying oncontinental.ls this correct?

U16: NOIWANT TO LEAVE FROM MINNEAPOLIS

REC: noi wantto leavefromminneapolis
Repeatialoguesegment3 times

S25:  Sorry, I musthave misunderstoodI just heardyou
saythatthedepartureity wasMinto, ArkansasWas
the departurecity Minto, Arkansasor Minneapolis-
St-Paul ?

U26: THE DEPARTURE CITY IS MINNEAPOLIS
SAINT PAUL

REC: thedepartue city minneapolisy all

S27: Recappingthe second ight segment: | have you
leaving out of minneapolis-st-paubn Friday, Octo-
ber twelfth in the morning and arriving in nevark
ying oncontinentalls this correct?

u28: YES

REC: vyes

Figure2: Sampldow usersatisactiondialogue

ging scheme(Walker et al., 2001). The purpose
of thesefeaturesis to extract numericalcorrelates
of systemdialoguebehaiors. This dialogueactla-
belling procedures detailedin Section3.

Figure 3 summarizegshe typesof featuresused
to train the User Satishction predictor In addition
to the ef ciency metricsandthe DATE labels, Task
Succesganitself be usedasa predictor This can
eitherbethe hand-labelledeatureor anapproxima-
tion aspredictedby the TaskCompletionPredictoy
describedn Section4. Figure4 shaws the system
designfor automaticallypredicting User Satistic-

Ef ciency Measures

— Hand-labelled WERR,SERR

— Automatic TimeOnTask, TurnsOnhsk, Nu-
mOvwerlaps, MeanUsrTirnDur, MeanWrdsPerUs-
rTurn, MeanSyslrnDur, MeanWrdsPerSysifn,
DeadAlive, Phone-typeSessionNumber

Qualitati ve Measures

— Automatic DATE Unigrams, e.g. present-
info: ight, acknavledgement: ightbookingetc.

— Automatic DATE Bigrams, e.g. present-
info: ight+acknowledgement: ightbookingetc.

Task Succesd-eatures

— Hand-labelled HL TaskCompletion
— Automatic Auto TaskCompletion

Figure3: Featuresisedto traintheUserSatisfiction
Predictiontree



tion with thethreetypesof input features.

Output DATE
of TAGGER
SLS Rules
DATE
Automatic UserSatisfactio
Logfile Predictor
Features CART

[ CorversationaDomain  Example
ABOUT-TASK And what time didja wanna
leave?
ABOUT- LeavingfromMiami.

COMMUNICATION
ABOUT-SITUATION-
FRAME

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

Figure5: Exampleutterancedlistinguishedwithin
the ConversationaDomainDimension

Auto Task Completion

Task
Completion

Predictor

Figure4: Schemdor UserSatishctionprediction

3 Extracting DATE Features

The dialogue act labelling of the corpusfollows

the DATE tagging scheme(Walker et al., 2001).
In DATE, utteranceclassi cation is done along
three cross-cuttingorthogonal dimensions. The
CONVERSATIONAL-DOMAIN dimension speci es
the domainof discoursethat an utterances about.
The sSPEECH ACT dimensioncapturesdistinctions
betweencommunicatie goals such as requesting
information (REQUEST-INFO) or presentinginfor-

mation (PRESENT-INFO). The TASK-SUBTASK di-

mensionspeci es which travel reseration subtask
the utterancecontributesto. The SPEECH ACT and
CONVERSATIONAL-DOMAIN dimensionsare gen-
eral acrossdomains,while the TASK-SUBTASK di-

mensionis domain-andsometimesystem-speci c.

Within the corversational domain dimension,
DATE distinguisheghree domains(seeFigure 5).
The ABOUT-TASK domainis necessaryor evaluat-
ing a dialoguesystems ability to collaboratewith
a speakr on achieving thetaskgoal. The ABOUT-
COMMUNICATION domainre ects the systemgoal
of managingthe verbal channelof communication
and providing evidence of what has beenunder
stood. All implicit and explicit con rmations are
about communication. The ABOUT-SITUATION-
FRAME domainpertaingo thegoalof managinghe
users expectationsabouthow to interactwith the
system.

DATE distinguished 1 speechacts. Examplesof
eachspeechactareshavn in Figure6.

The TASK-SUBTASK dimension distinguishes
among 28 subtasks,some of which can also be
groupedat a level belav the top level task. The
TOP-LEVEL-TRIP taskdescribeshetaskwhichcon-
tains as its subtasksthe ORIGIN, DESTINATION,

Speech-Act

REQUEST-INFO
PRESENT-INFO

Example |

And,whatcity areyou ying to?
Theairfarefor thistrip is 390dol-
lars.

OFFER Wbuld youlike meto hold this op-
tion?

ACKNOWLEDGMENT T will bookthisTeg.

BACKCHANNEL Okay

STATUS-REPORT Accessing the database; this

mighttake a few seconds.

EXPLICIT- You will departon Septembetfst.
CONFIRM Is that correct?

IMPLICIT- LeavingfromDallas.

CONFIRM

INSTRUCTION Try sayinga shortsentence
APOLOGY Sorry I didn't undestandthat.
OPENING- Hello. Welcometo the C M U
CLOSING Communicator

Figure6: Examplespeeclactutterances

DATE, TIME, AIRLINE, TRIP-TYPE, RETRIEVAL
and ITINERARY tasks. The GROUND taskincludes
both the HOTEL and CAR-RENTAL subtasks. The
HOTEL task includesboth the HOTEL-NAME and
HOTEL-LOCATION subtaskg.

For the DATE labelling of the corpus,we imple-
mentedan extendedversionof the patternmatcher
that was usedfor taggingthe CommunicatorJune
2000 corpus (Walker et al., 2001). This method
identi ed andlabelledan utteranceor utterancese-
guenceautomaticallyby referenceto a databasef
utterancepatternsthat were hand-labelledwvith the
DATE tags. Before applying the patternmatchey
a named-entitylabeler was appliedto the system
utterancesmatchingnamed-entitieselevant in the
travel domain,suchascity, airport,car, hotel,airline
namesetc.. The named-entityabelerwasalso ap-
pliedto theutteranceatternsn thepatterndatabase
to allow for generalityin the expressionof com-
municatve goalsspeci ed within DATE. For this
named-entityabellingtask,we collectedvocalulary
lists from the sites,which maintainedsuchlists for

2ABOUT-SITUATION-FRAME Utterancesare not speci ¢ to
ary particulartaskandcanbeusedfor any subtaskfor example,
systemstatementshat it misunderstood.Suchutterancesare
givena“meta” dialogueactstatusin thetaskdimension.



developingtheir system? The extensionof the pat-
ternmatcherfor the 2001 corpuslabellingwasdone
becausave foundthatsystemshadaugmentedheir
inventory of namedentities and utterancepatterns
from 2000to 2001, and thesewere not accounted
for by the 2000taggerdatabaseFor the extension,
we collecteda freshsetof vocalulary lists from the
sitesand augmentedhe patterndatabasevith ad-
ditional 800 labelled utterancepatterns. We also
implementeda contetual rule-basedyostprocessor
that takes ary remainingunlabelledutterancesand
attemptgo labelthemby looking at their surround-
ing DATE labels. More detailsaboutthe extended
taggercanbe found in (Prasadand Walker, 2002).
On the 2001 corpus,we were ableto label 98.4

of the data. A handevaluationof 10 randomlyse-
lected dialoguesfrom eachsystemshaws that we
achieved a classi cationaccurag of 96 attheut-
terancdevel.

For User Satishction Prediction,we found that
the distribution of DATE actswere bettercaptured
by using the frequeng normalizedover the total
numberof dialogueacts. In additionto theseun-
igram proportions, the bigram frequenciesof the
DATE dialogueactswerealsocalculatedln thefol-
lowing two sectionswe discusswvhich DATE labels
are discriminatoryfor predicting Task Completion
andUserSatishction.

4 The Task Completion Predictor

In order to automatically predict Task Comple-
tion, we train a CLASSIFICATION tree to catejo-
rize dialoguesinto Task Completion=0,TaskCom-
pletion=1 or Task Completion=2. Recall that a
CLASSIFICATION treeattemptso maximizeCLAS-
SIFICATION ACCURACY, resultsfor Task Comple-
tion arethus given in termsof percentagef dia-
loguescorrectlyclassi ed. The majority classbase-
lineis 59.3%(dialoguesvhereTaskCompletion=1).
The tree was trainedon a numberof differentin-
put features. The most discriminatoryones, how-
ever, were derived from the DATE tagger We
usethe primitive DATE tagsin conjunctionwith a
featurecalled GroundCheckGC), a booleanfea-
ture indicating the existenceof DATE tagsrelated
to making ground arrangementsspeci cally re-
qguestinfo:hoteLname, requestinfo:hotellocation,
offer:hotelandoffer:rental.

Tablel givestheresultsfor TaskCompletionpre-
dictionaccurag usingthevarioustypesof features.

3The namedentitieswere preclassi edinto their respectie
semanticlassedy thesites.

Baseline| Auto | ALF + ALF +

Log le GC GC+ DATE
TC 59% 59% 79% 85%
BTC 86% 86% 86% 92%

Table 1: Task Completion(TC) and Binary Task
Completion(BTC) prediction results, using auto-
matic log le features(ALF), GroundCheck(GC)
andDATE unigramfrequencies

The rst row is for predictingternaryTaskComple-
tion, andthesecondor predictingbinary TaskCom-
pletion. Using automaticlog le features(ALF) is

noteffectivefor thepredictionof eithertypesof Task
Completion.However, the useof GroundChecke-

sultsin an accurag of 79% for the ternary Task
Completionwhich is signi cantly above the base-
line (df =247,t =-6.264,p .0001).Addingin the
otherDATE features/ieldsanaccurag of 85%. For

Binary TaskCompletionit is only the useof all the
DATE featureghatyields animprovementover the
baselineof 92%, which is signi cant (df = 247,t =

5.83,p .0001).

A diagramof thetraineddecisiontreefor ternary
TaskCompletionis givenin Figure7. At ary junc-
tion in the tree, if the queryis true thenonetakes
the pathdown the right-handside of the tree, oth-
erwiseonetakesthe left-handside. The leaf nodes
containthe predictedvalue. The GroundChecKkea-
ture is at the top of the tree and divides the data
into Task Completion 2 and Task Completion 2.
If GroundCheck 1, then the tree estimatesthat
Task Completionis 2, which is the best t for the
datagiven the input features. If GroundCheck 0
andthereis anacknavledgmentof a booking,then
probablya ight hasbeenbooked, therefore, Task
Completionis predictedto be 1. Interestingly if
thereis no acknavledgmentof a bookingthenTask
Completion 0, unlesghesystengotto the stageof
askingthe userfor an airline preferenceandif re-
questinfo:top_level_trip 2. Morethanoneof these
DATE typesindicateghattherewasaproblemin the
dialogueand that the information gatheringphase
startedover from the bgginning.

Thebinary TaskCompletiondecisiontreesimply
checks if an acknavledgement: ightbooking
has occurred. If it has, then Binary Task Com-
pletion=1, otherwiseit looks for the DATE act
aboutsituationframe:instruction:metaituationinfo,
which capturesthe fact that the systemhas told
the user what the systemcan and cannotdo, or



hasinformedthe useraboutthe currentstateof the
task. This musthelp with Task Completion,asthe
tree tells us that if one or more of theseactsare
obsered then Task Completion=1,otherwiseTask
Completion=0.

GroundCheck =0

TC=2
acknow.: flight_booking< 1
request_info:airline -

TC=0
request_info:top_level_trip <

TC=0 TC=1
Figure 7: Classi cation Tree for predicting Task
Completion(TC)

5 The User SatisfactionPredictor

Feature Log LF + LF +

used features | unigram | bigram

HL TC 0.587 0.584 0.592

Auto TC | 0.438 0.434 0.472

HL BTC | 0.608 0.607 0.614

Auto BTC | 0.477 0.47 0.484
Table 2: Correlation results using log le fea-

tures(LF), addingunigramproportionsandbigram
counts for treestestedon eitherhand-labelleqHL)
or automaticallyderived TaskCompletion(TC) and
Binary TaskCompletion(BTC)

Quantitative Results Recallthat REGRESSION
treesattemptto maximizethe CORRELATION of the
predictedvalueandtheoriginal value. Thus,there-
sultsof the User Satisactionpredictoraregivenin
termsof the correlationbetweenthe predictedUser
Satishction and actual User Satisaction as calcu-
latedfrom theusersuney. Here,we alsoprovide R
for comparisorwith previousstudies.Table2 gives
the correlationresultsfor User Satisactionfor dif-
ferentfeaturesets. The User Satishction predictor
is trainedusingthe hand-labelledrask Completion

featurefor a topline resultand usingthe automati-
cally obtainedTask Completion(Auto TC) for the

fully automaticresults. We also give resultsusing
Binary Task Completion(BTC) as a substitutefor

TaskCompletion.The rst columngivesresultsus-

ing featuresextractedfrom the log le; the second
column indicatesresultsusing the DATE unigram
proportionsand the third columnindicatesresults
whenboth the DATE unigramandbigramfeatures
areavailable.

The rst row of Table 2 indicatesthat perfor
manceacrosghe threefeaturesetsis indistinguish-
ablewhenhand-labelledaskCompletion(HL TC)
is usedas the Task Completioninput feature. A
comparisonof Row 1 and Row 2 shaws that the
PDI performssigni cantly worseusing only auto-
maticfeaturegz = 3.18). Row 2 alsoindicatesthat
the DATE bigramshelp performancealthoughthe
differencebetweenR = .438 and R = .472is not
signi cant. The third and fourth rows of Table 1
indicate that for predicting User Satishction, Bi-
nary Task Completionis asgood as or betterthan
TernaryTaskCompletion.Thehighestcorrelationof
0.614( ) useshand-labelledBinary Task
Completionandthelog le featuresandDATE uni-
gramproportionsandbigramcounts.Again, we see
that the Automatic Binary Task Completion(Auto
BTC) performssigni cantly worsethan the hand-
labelledversion(z =-3.18).Row 4 includesthebest
totally automaticsystem: using Automatic Binary
TaskCompletionand DATE unigramsandbigrams
yieldsacorrelationof 0.484( ).

RegressionTree Inter pretation: It is interest-

ing to examinethe treesto seewhich featuresare
usedfor predicting User Satishction. A metric
calledrFeaturdJsagd-requeng indicatesvhichfea-
turesarethe mostdiscriminatoryin the CART tree.
Speci cally, FeatureUsageFrequeng countshow
often a featureis queriedfor eachdatapoint, nor
malizedsothatthesumof FeaturdJsageFrequenyg
valuesfor all thefeaturessumsto one. Thehighera
featureis in thetree,themoretimesit is queried.To
calculatethe FeatureUsageFrequeng, we grouped
thefeaturesnto threetypes: TaskCompletion,Log-
le featuresand DATE frequencies. FeatureUs-
ageFrequeny for thelog le featureds 37%. Task
Completionoccursonly twice in the tree,however,
it makes up 31lbecausédt occursat the top of the
tree. The FeatureUsageFrequenyg for DATE cat-
egory frequeng is 32%. We will discusseachof
thesethreegroupsof featuresn turn.

The most usedlog le featureis TurnsOnThsk
which is the number of turns which are task-



oriented, for example, initial instructionson how
to usethe systemare not taken as a TurnOnTask.
Shorterdialoguestend to have a higher User Sat-
isfaction. This is re ected in the User Satishction
scoresin the tree. However, dialogueswhich are
long (TurnsOnBsk 79) canbesatishctory(User
Satishction= 15.2)aslong asthe taskthatis com-
pletedis long,i.e.,if groundarrangementaremade
in thatdialogue(TaskCompletion=2).If groundar
rangementsre not made,the User Satishction is
lower (11.6). Phonetype is anotherimportantfea-
turequeriedin thetree,sothatdialoguesconducted
over cordedphoneshave higher satisaction. This
is likely to bedueto betterrecognitionperformance
from cordedphones.

As mentionedpreviously, Task Completionis at
thetop of thetreeandis thereforethe mostqueried
feature.This capturegherelationshipbetweerrask
Completionand User Satisaction asiillustratedin
Figurel.

Finally, it is interestingto examinewhich DATE
tagsthe tree uses. If there have beenmore than
three acknavledgmentsof bookings, then several
legs of a journey have beensuccessfullybooked,
thereforeUser Satishction is high. In particular
User Satishction is high if the systemhas asled
if the userwould like a price for their itinerary
which is one of the nal dialogueactsa system
doesbeforethe taskis completed. The DATE act
aboutcomm:apology:metalu_reject is a measure
of the systems level of misunderstanding.There-
fore, the moreof thesedialogueacttypesthe lower
User Satishction. This part of the treeuseslength
in asimilar way describecdearlier wherebylong di-
aloguesare only allocatedlower User Satishction
if they do not involve groundarrangementslUsers
do not seemto mind longer dialoguesas long as
the systemgives a numberof implicit con rma-
tions. The dialogueact requestinfo:top_level_trip
usually occursat the start of the dialogueand re-
guestgtheinitial travel plan. If therearemorethan
oneof this dialogueact, it indicatesthata START-
OVER occurreddueto systentailure,andthisleads
to lower User Satishction. A rule containingthe
bigram requestinfo:departday.monthdate+USER
stateghatif thereis morethanoneoccurrencef this
requesthenUserSatishctionwill belower. USER
is the single cateyory usedfor userturns. No auto-
matic methodof predictinguserspeechactis avail-
able yet for this data. A repetitionof this DATE
bigramindicatesthat a misunderstandingccurred
the rst time it wasrequestedpr that the taskis
multi-leg in which caseUser Satishctionis gener

ally lower.

The tree that usesBinary Task Completionis
identical to the tree describedabove, apart from
one binary decisionwhich differentiatesdialogues
whereTaskCompletion=1andTaskCompletion=2.
Insteadof making this distinction, it just usesdia-
loguelengthto indicatethe compleity of thetask.
In theoriginaltree,long dialoguesarenot penalized
if they have achieved a complex task(i.e. if Task
Completion=2). The Binary Task Completiontree
hasno way of makingthis distinctionandtherefore
just penalizesvery long dialogueqwhereTurnsOn-
Task 110). The FeaturdUsageFrequeng for the
Task Completionfeaturesis reducedfrom 31% to
21%, andthe FeatureUsageFrequeng for the log-
le featuresncreaseso 47%. We have shavn that
this more generaltree producesslightly betterre-

sults.

6 Resultsfor Identifying Problematic
Dialoguesfor Data Mining

Sofar, we have describeda PDI that predictsUser
Satishctionasa continuousvariable. For datamin-
ing, systendeveloperswill wantto extractdialogues
with predictedUser Satisactionbelon a particular
threshold. This threshholdcould vary during dif-
ferent stagesof systemdevelopment. As the sys-
temis ne tunedtherewill befewer andfewer dia-
logueswith low UserSatistction,thereforen order
to nd theinterestingdialoguedor systemdevelop-
mentonewould have to raisethe User Satishction
threshold. In orderto illustrate the potentialvalue
of our PDI, consideran examplethreshholdof 12
which divides the datainto 73.4% good dialogues
whereUserSatisaction 12 whichis our baseline
result.

Table3 givestherecallandprecisionfor the PDls
describedibore whichusehand-labelledaskCom-
pletion and Auto Task Completion. In the data,
26.6% of the dialoguesare problematic(User Sat-
isfactionis under12), whereaghe PDI usinghand-
labelled Task Completionpredictsthat 21.8% are
problematic. Of the problematicdialogues,54.5%
are classi ed correctly (Recall). Of the dialogues
thatit classesasproblematict6.7%areproblematic
(Precision). The resultsfor the automaticsystem
shav animprovementin Recall: it identi es more
problematiaialoguesorrectly(66.7%)but thepre-
cisionis lower.

Whatdothesenumbersneanin termsof ourorig-
inal goal of reducingthe numberof dialoguesthat
needto be transcribedto nd good casesto use



Task Completion | Dialogue Recall | Prec.

Hand-labelled Good 90% 84.5%
Hand-labelled Problematic| 54.5% | 66.7%
Automatic Good 88.5% | 81.3%
Automatic Problematic| 66.7% | 58.0%

Table 3: Precisionand Recall for good and prob-
lematicdialoguegwherea gooddialoguehasUser
Satishction 12) for the PDI using hand-labelled
TaskCompletionandAuto TaskCompletion

for systemimprovement? If one had a budgetto

transcribe20% of the datasetcontaining100 dia-

logues,then by randomly extracting 20 dialogues,
onewouldtranscribeb problematidialoguesand15

gooddialogues.Usingthefully automaticPDI, one
would obtain 12 problematicdialoguesand 8 good
dialogues.To look at it anotherway, to extract 15

problematicdialoguesout of 100, 55% of the data
would needtranscribing. To obtain 15 problem-
atic dialoguesusing the fully automaticPDI, only

26% of the datawould needtranscribing.This is a

massive improvementover randomlychoosingdia-

logues.

7 Discussionand Futur e Developments

This papempresented Problematidialogueldenti-
er which systemdeveloperscanusefor evaluation
and to extract problematicdialoguesfrom a large
datasefor systemdevelopment. We describePDls
for predictingboth TaskCompletionandUserSatis-
factionin the DARPA CommunicatoOctober2001
corpus.

Therehasbeenlittle previous work on recogniz-
ing problematicdialogues. However, a numberof
studieshave beendoneon predictingspeci c errors
in adialogue usingavarietyof automatiandhand-
labelledfeatures,suchas ASR con denceand se-
manticlabels(Aberdeenet al., 2001; Hirschbeg et
al., 2000; Levow, 1998; Litman et al., 1999). Pre-
viouswork on predictingproblematicdialoguesbe-
fore the end of the dialogue(Walker et al., 2002)
achivedaccuraciesf 87%usinghand-labelledea-
tures(baseline67%). Our automaticTaskComple-
tion PDI achievesanaccurag of 85%.

Previous work also predictedUser Satisaction
by applying multi-variatelinear regressionfeatures
with and without DATE featuresand shaved that
DATE improved the model t from to

(Walker et al., 2001). Our bestmodel

hasan . Onepotentialexplanationfor this

differenceis thatthe DATE featuresaremostuseful
in combinationwith non-automatideaturessuchas
Word Accuray whichthe previousstudyused.The
UserSatisactionPDI usingfully automatideatures
achievesa correlationof 0.484.

In futurework, we hopeto improve our resultsby
trying differentmachinelearningmethods;includ-
ing the users dialogueact typesas input features;
andtestingthesemethodsn nev domains.
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