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ABSTRACT

The goal of the CLARITY projectis to explore the useof

discoursestructurein the understandingf conversational
speech. Within project CLARITY we aim to develop au-
tomatic classi ers for three levels of discoursestructure
in Spanishtelephonecorversations:speechacts,dialogue
games,and discoursesggments. This paperpresentsour
rst resultsandresearctplansin threeareas:de nition of

discoursestructureunits and manualannotationof CALL-

HOME SPANISH, speechrecognition,and automatedsey-

mentatiorandlabelingof speectacts.

1. INTRODUCTION

This paperdescribespreliminary work on the CLARITY
project at Carngjie Mellon University (CMU). The goal
of the CLARITY projectis to explore the useof discourse
structuran theunderstandingf corversationakpeechOur
role in the CLARITY projectis to develop automaticsey-
mentersandlabelersfor threelevels of discoursestructure
in Spanishtelephonecornversations Automaticsegmenters
andlabelerdor speeclacts,dialoguegamesanddiscourse
segmentswill be developedandtestedon transcribedlata
aswell asspeechrecognizeroutput. We will be usingthe
CALLHOME SPANISH corpus.

The majorresearchissueswe addressare: (1) the def-
inition of discoursestructureunits that are applicableto
non-task-orientedialogue(2) thedesignof auni ed archi-
tecturefor discoursestructureclassi ersat differentlevels
(speechacts,dialoguegamesanddiscoursesggments),(3)
therole of prosodyin the automaticdetectionof discourse
structureand(4) theintegrationof discoursestructureclas-
si cation andstate-of-the-artarge Vocalulary Continuous
SpeectRecognitionLVCSR).

The CLARITY projectandthe work reportedn this paperarefunded
in partby a grantfrom the US Departmenbf Defense.

This paperpresentur rst resultsandresearctplans
in threeareas: de nition of discoursestructureunits and
manualannotatiorof CALLHOME SPANISH, speectrecog-
nition, andautomatedgementationandlabelingof speech
acts.

2. MANUAL DISCOURSEANNOTATION

An initial taskof the CLARITY projectis the manualan-
notationof discoursestructurein CALLHOME SPANISH.
The manualtags will sene as training data for the au-
tomatic discourseclassi ers. We will be primarily inter-
estedin threelevels of discoursestructure:speectacts,di-
aloguegameq[CIl 97]), anddiscoursesegments([Hea97,
NGAH95, PL97]). Themanuaknnotatiorconsistof de n-
ing theselevels of discoursestructurein a way that (1) is
applicableto CALLHOME SPaNIsH and(2) canbetagged
with a high deggreeof intercoderagreement.

Two mainapproachebave beenproposedor speeclact
annotationThe DAMSL (DialogueAct Markupin Several
Layers)annotationschemeg[CA97]) was primarily devel-
opedfor two-agentaskorienteddialoguesijn which partic-
ipantscollaborateo solve someproblem.Themainfeature
of this schemas thatit attemptgo capturethe utterances
purposeby allowing multiple labelsin multiple layersfor a
single utterance.Thus,an utterancamight simultaneously
performactionssuchasrespondingo a questioncon rm-
ing understandingndinforming. Our experimentswith the
DAMSL annotatiorscheménave shovnthatit is dif cult to
applyto non-task-orientedialogues.

The JohnsHopkins([JSB97) speeclactinventorywas
developedfor non-task-orientedialoguesandusedfor the
annotationof the Switchboardenglish corpus. The Johns
Hopkinstagsetwas designedso asto be compatiblewith
theDAMSL annotatiorschemelt doesnotallow, however,
for hierarchicalnnotatiorof discoursestructure.



We have sofar concentratedn extendingand modify-
ing the JohnHopkinstagsetin orderto captureregularities
of theCALLHOME SPANISH corpus.Althoughpreliminary
the applicationof the JohnsHopkinstagseton the CALL-
HoMmE datarevealedthefollowing: (1) the tagsetneedgo
be extendedsoasto accountfor thedistinctionbetweerdi-
rectandindirectspeech(e.g.,entoncel medice queen,
qgueendiciembe las tarifas sonmasbajas hetold methat
in Decembetthe pricesare much lower’), expressionsof
surprise(aja "ah’, uy qué caray “good grief', qué lastima
‘what a pity'), and attentiondirectives (oye “listen’, mira
“look"); (2) someof the JohnsHopkinstagssimply do not
occurin the currentfragmentof the datawe have beenex-
perimentingwith (for example,re-formulationf theinter-
locutor's utteranceand self-talk); and (3) with aboutsixty
separatspeechacttags,thetagseis hardto learn.

At ahigherlevel of discoursestructurewe planto iden-
tify and manuallyannotatedialoguegamesand discourse
segments. Dialoguegames([Car83 LM77, Pow79]) cen-
ter aroundan initiating utteranceand a respondingutter
ance. Examplesare questiondollowed by answersstate-
mentsfollowedby acceptancer denial,etc. Thesequence
of speechactswithin a dialoguegamede nes a discourse
state For example,a negotiation stateconsistsof a sug-
gestionfollowed by a rejectionor acceptanceand an in-
formationseekingstateconsistof a questionfollowed by
an answer Sequencesf discoursestatesin turn will in-
dicatedialoguetypes For instancea dialogueconsisting
of sequencesf informationseekingandnegotiationgames
couldbea negotiationdialogue.

Several prominenttheoriesof discourseassumea hi-
erarchicalsggmentationmodel. Among theseare the at-
tentional/intenibnal structureof ([GS86) andthe Rhetor
ical StructureTheoryof ([MT88]). The building blocks of
thesetheoriesare phrasaland clausalunits and have been
mainly appliedto shorttexts, typically oneto threepara-
graphsin length. Our initial experimentsshow thatit is
not an easytaskto annotatehierarchicaseggmentstherea-
sonbeingthatmostCALLHOME dialoguesconsistof mary
linear sggments. Concerningthe manualtaggingof topic
shifts we intend to addresghe following researchssues:
(1) de ning the notion of dialoguesub-topicsfor spoken
languagewhere a dialoguemay drift betweensub-topics
without clear boundariesandwithout an all-encompassing
main topic and (2) ensuringintercoderreliability on topic
segmentation[PL97]).

We arealsointerestedn sociolinguisticandsituational
factorsin discourse.This would include both detectionof
social featuresthat affect discourseand in describingthe
social situation that peopleare in by analyzingthe dis-
course.([Cla9€). For example, in interactionsbetween
family memberswhich makeup mostof the CALLHOME
conversationsthe socialwork of maintainingarelationship

andface guide the conversation. We alsointendto char
acterizecornversationsn termsof their emotionalstatusas
well asthelevel of confrontationn the corversation.

3. AUTOMATIC DISCOURSE COMPONENTS

Thetargetof this investigationis to build a fully automatic
modelof discoursestructure Ourautomatiadiscourseclas-
si er will takeinputfeatuessuchasthelexical itemsin an

utterancethe intonationcontour etc. Techniquedor ex-

tractingtherelevantfeaturesaredescribedn Sect.3.1 (for

identifying words) and Sect.3.2 (for prosodicfeatureex-

traction).We alsoplanto usecuephrasesndotherderived

features([\WGR97, Hea97]).

Sincethe layersof discoursestructureare interdepen-
denteachother it will be necessaryo integratethe dis-
courseclassi ersfor speectacts,dialoguegamesanddis-
coursesgments. Thereforewe needa searchenginethat
considerall possibldabelingsandsegmentationsn paral-
lel. For this majorundertakingve arefollowing a step-by-
stepapproach:

1. build aspeeclactsggmenteranda speechactlabeler
thatareseparatdérom eachother

2. build an integrated sgmenter and labeler for the
speechactlevel with a simplesearctprocedure

3. develop classi ersfor higherlevels (gamesand sey-
ments)assumingperfectclassi cation on the lower
levels

4. build asearchenginethattakesall threelevelsof dis-
coursestructureinto account

3.1. SpeechRecognition
3.1.1. Thetask

CALLHOME SPaNISH is a databaseprovided by the Lin-
guistic Data Consortium (LDC) consistingof 120 un-
scripted dialoguesbetweennative speakersof American
SpanishThetelephoneallsoriginatedn theUnitedStates,
andspeakersverepermittedto placecallsto foreignloca-
tionsto speakwith their families or closefriendsfor up to
30 minuteswith the understandinghattheir speechwould
be recordedandusedfor research.Five to ten minutesof
eachdialoguewere transcribed. Topics and word choice
werecompletelyunrestricted.

Callerswerespeakingto calleeswith whomthey were
very familiar, leadingto anentirely differentspeakingstyle
from thatseenin otherdatabaseéseeTablel). Thespeak-
ersjump from topic to topic, skippingthe kinds of formal-
ities expectedin discoursebetweenstrangersThe channel
attheforeignsitewasoftensharedetweerseveral people,



with peopletalking at onceand motherscalling for sisters
to putthebabyontheline. Speechs sometimeslirectedat
athird personat theforeignsite, but is still passedhrough
the channel.Pronunciatioris very familiar, with little care
paidto articulation. Dialect differenceqCarribean Mexi-

can,R o Plataamongothers)arefar morepronouncedhan
in English databases.Thereis alsoa high occurrenceof
non-Spaniskvords(English,Indiandialects).Althoughour
own experiencehasnot shavn recognitionof Spanisho be
signi cantly moredif cult thanthatof English,thedatawe
have usedin the pasthasbeenmorehomogeneouthanthat
in CALLHOME SPANISH. State-of-the-anperformancdor

CaLLHOME SpaNISH hasbeenreportedwith 57% word
error([ch-97)).

3.1.2. CALLHOME SPANISH putin context

CALLHOME SPaNIsH is oneof themostdif cult taskscur
rently beingundertakerby the speechrecognitioncommu-
nity. The mainsourcef dif culty inherentto thetaskare
the style of speech(spontaneousynrestricted)yariability
of dialect,andquality of thechannel(telephonéand;vary-
ing quality of foreign line). Additionally, thereare chal-
lengessuch as sparsenessf datathat also must be ad-
dressed.

CaLLHOME SPaNIsH maybebestcharacterizeéh the
context of othertasks(Tablel).

task | style | restrictions speakers | WA
WSJ | read | exacttext NA 95%
SST | spont. | onetopic colleagues| 80%
SWB | spont. | oneof 70topics | strangers | 65%
CH spont. | unrestricted family 45%

Table 1: Comparisonof English LVCSR tasks (abbrevi-
ations are WSJ: Wall StreetJournal; SST Spontaneous
SchedulingTask; SWB: Switchboard;CH: CALLHOME;
WA: Word Accurag)

CALLHOME is unrestricted,spontaneouspeechwhich is
characterizethy:

high humannoisecontent
unrestrictedrocatulary
frequentungrammaticalities
regionalvariations

carelespronunciation

3.1.3. Speeh Engine

The systemwe are currently developing is a gender

independentcontinuousmixture density tied statecross-
wordcontt-dependentiddenMarkov model(HMM) sys-

tem basedon the JanusRecognitionToolkit ([FGH 97]).

Training of the new systemwasinitiated by bootstrapping
from a Serbo-Croatiasystem;Serbo-Croatiamvaschosen
becausét containsmostof the phoneme®f Spanish.We

used?25 speectphoneswith four noisephonesandonesi-

lencephone. HMMs were 3-state;polyphonicclustering
wasdonewitha 2-phonecontext.

The CALLHOME SPANISH training data provided by
LDC was augmentedwith recordingsfrom Ricardo, a
databasef telephonemonologues. Words from Ricardo
wereaddedo theLDC dictionary

Therecognizehasnotyetbeenfully testedput prelim-
inarytestsonthe rst versionof the systenindicatethatwe
will soonbein therangeof performanceeportedoy other
sites.

3.2. Prosodicdatabase

Prosodyplays an extensie role in the automaticidenti -
cationand classi cation of the variouslevels of discourse
structure. The prosodicfeatureswe considerare pitch, in-
tensity andspeakingate.We employseveralnormalization
techniqueso arrive atmorerobustfeatures We alsousere-
gressiortechniquego summarizehe dynamicbehaior of
pitch or intensitysuccinctly

Theseprosodicfeaturesrepresentan additional input
sourcefor theclassi ers. Note thatdecisionsof theseclas-
si ers arenow basedon multiple input modeswith inputs
suchasprosodicfeaturesandlanguagemodels.

We useprosodicinformationto facilitatethe segmenta-
tion of anutterancento basicspeech-act-iel units. More-
over, we useprosodicinformation as one sourceof infor-
mationwhenwe determinespeechacts.For thesepurposes
we generat@prosodicdatabas&vhichallowstheclassi ers
fastand e xible accesdo prosodicinformation.

3.3. Automatic discourse segmentationand classi ca-
tion

Most work on automaticclassi cation of speechactshas
useda “Markov model” approach[JBC 97a, KKN 97,
ARM97]. Thework on call-type classi cationin [Gor95
WGR97 couldbecalleda“direct classi cation” approach.
Additionally we have introduceda “direct neuralclassi -
cation” approacHGZA97, BW96] on relatedclassi cation
problemsWe argueherethatwe needa “direct hybrid clas-
si cation” approach.

We will rst addresshe problemof speechactclassi -
cationin isolation,shaving how we candetectthe speech



actlabeling giventheprosodicfeaturevectorfor eachut-
terance andthesequencef wordswithin thatutterance

. This problemwill sene asa prototypicalcasefor dif-
ferentmodelingapproacheslf we wantto referto anin-
dividual utterance we will write , and . Weuse
the MaximumA Posteriori (MAP) criterion,which leadsto
aminimumprobabilityof error.

In training,we haveto nd themodel ([DH73)) as

3.3.1. MarkovModelapproad

In ([JBC 97a,KKN 97, ARM97]) a basicMarkov model
approachs used.Theessentiaideais to useBayesheorem
andthendropa“constant”term

A problemwenoticewith thisassumptiotis that
is notnecessarilaconstantluringtrainingfor all classe®f
models.
The next assumptionis that the prosodicfeaturesdo
not dependon the words if we know the utterancetype
; we do not considerthis as-
sumptionto be harmful in the context of the analysiswe

planto do.
To resultin a feasiblemodel we have to make two
further assumptionspamely and

. Theseassumptionsre signi -
cantlymoreharmfulsince

wrong decisionsin the tagsetcan affect the perfor
manceof the classi er more than an approachnot
basedon thesetwo assumptionssince speechacts
might be disambiguatedby context. This might be
especiallytruefor statement§JBC 970).

wewouldassumehatthe quality of a prosodianark-
ing depend®n the “predictability” of the speechact
from the discoursecontext

Theoverallmodel,thereforebecomes

where , the discourseggrammay and , the
speech-act-dependel@inguagemodel, are typically esti-
matedas ngrammodels. Even a unigrammodel for
which doesnot evenneeda searchgivesgoodresults.

3.3.2. DirectClassi cationappmoadc

The approactaspresentedy ([Gor95 WGR97) doesnot
takeprosodicfeaturednto accountandit only looksatiso-
lated utterances.This roughly correspondso usinga un-
igram model for which gave goodresultsfor the
Markov modelapproach.lt is thereforesufcient to esti-
mate

Underthe assumptiorthat the wordsin the utteranceare
conditionallyindependent([Gor95 WGR97) shav thata
simpleformula canbe usedto estimate . In con-
trastto a similar Markov model,this approachdoesnot use
higher order ngrams. ((WGR97) further developedtheir
approachto automaticinferenceof salientgrammarfrag-
mentsandintroducedhigherorderngramsin arobustway.
However, theapproachs fairly limited anddoesnot allow
otherknowledgesourcego beintegrated.

3.3.3. Direct Hybrid Classi cation appmoacd and fea-
ture dependency

This classi cationapproactboth makesuseof the models
that we have seenso far and extendsthem and builds on
previouswork.

neural segmentationalgorithms: The neural sggmenta-
tion proceduré[GZA97)) isvery promisingandcom-
petitive with the correspondinghidden)Markov ap-
proach.

classi cation of utterancesfrom prosodicfeatures: In
preliminarywork on the SWITCHBOARD databasé
we usedexponentialmodelsand neuralnetworksto
classify utterancedrom prosodicfeaturesandgot a
signi cant improvementin detectionaccurag over
the baselineCART model.

neural parsing of natural language: Two neural parsers
with achunkandlabelapproachare beendeveloped
in our groupwith succesg¢[Bug96 Jaio1]).

Similar to our preliminarywork on the prosodicdatabase,
we use neural networks with softmax ([Bri90, Jor95,
Bis95) asthe activation function of the outputlayer. For
simplicity, wewill only presentexponentiaimodels?, which
areessentiallya versionof thesenetworkswithouta hidden

1This work was carried out on the databasehat was built for the
LVCSR summemworkshopat the CLSPat JohnsHopkinsUniversity We
areindebtedo everyonein theworkshopandthe sponsors.

2Exponentialmodels have been studied in languagemodeling for
speechrecognitionand are often referredto as maximumentropy mod-
els. However, theyaretrainedaccordingo a differentoptimality criterion,
the maximumentropycriterion. In our preliminary experimentve found
thattrainingwith the MAP criterionwassigni cantly moreappropriateor
theprosodicfeatures.



layer A so-calledprior distribution canbeused.The
outputof the exponentialmodelis a probabilitydistribution
andcanbewrittenas

where is chosersuchthatthe outputvector
sumsto unity. If we choosethe prior to be uniform
andthe input vectorto be a countvectorof ngramsin the
utterancethis modelis essentiallya Markov modelwith a
unigramdiscoursenodel( ).

Usingthe Markov modelresultasthe prior distribution
andthetrigraminformationaspartof theinput featuresve
can constructa classi er that canbene t maximally from
the good estimationsof the Markov modelsand integrate
otherknowledgesourcesvithout makingimplicit indepen-
denceassumptions.

The most prominantprosodicinformation sourcethat
mightbealreadyincludedin theMarkov modelis thelength
of the utteranceg(Sec.4.3). One of our resultsis that the
distribution is closely modeledby the Markov modeland
that we may be ableto give a parametricdistribution for
this distribution. We couldthereforeestimate

and use a parametricestimatefor

This approachmight result in better models than the
straightforwardMarkov modelapproachandif successful
could eliminatethe needfor the full hybrid approachout-
linedabove.

3.3.4. Thesgmentatiorproblemandanintegratedsey-
mentationandlabelingapproac

Thesegmentatiorproblemhasnotbeenexplicitly addressed
heresofar. It canbeformulatedn two differentways,either
asa hiddenevent betweentwo wordsin a hiddenMarkov
model or as a classi cation problem. In the rst casea
searchmustbe involved, in the secondcasea searchmay
be usedbut is not required. As ([GZA97]) shaws for for
speechacts, the sggmentationproblemitself seemsto be
fairly tractableeven without combiningit with the speech
actlabeling. However, if onelooksatthe way the segmen-
tation andthe classi cation modelwork, it becomesbvi-
ousthatboth of thesecanbe integratedinto onemodelin-
steadof integratingthematthelikelihoodlevel. Sincemary
word-level featuredfor speechact classi cationmight also
be position dependentthis seemsto be a simple solution
andmightremaove falseindependencassumptionbetween
the speechact sggmentationandlabelingmodels. This in-
tegrationis alsomuchcleanetthan([JBC 97a,KKN 97])
in conjunctionwith prosodicfeatures.

4. RESULTS

4.1. Speechact segmentation

For the purposeof speechact sggmentation,a time delay
neuralnetwork of the standardbackpropagatiotype was
usedasis describedn ([GZA97]). For trainingandtesting
we had 10 manually sggmenteddialoguesavailable, con-
taining 2221 turns. 1635 of thesewere usedfor training,
586 for testing. In total, 2983 boundariesvere markedin
thedata,of which only 836 occurredwithin aturn, with the
remaining2147occurringat theendof theturns.

For training, the following featureswere used: indica-
tion of presencef a triggerword® occurringin a window
of  wordsarounda (potential)speechactboundaryand
the part of speech(POS)tagsassignedo thesewordsin
the samewindow. Without an automatid®OStaggerbeing
availableinitially, we useda distributed encodingfor the
latter, in which all potentialPOStagsof a singlewordwere
consideredo bepresent.

Trainingwasperformedvaryingthe numbersof hidden
units (2/4/8/10/2), aswell asthe numberof triggerwords
andPOStagsbeingused(0/10/30/50each)!

The resultsindicatethatwhile a high F-scoré of

is achieable when measuringagainstall speechact
boundariesthe performancdés muchworsewhenlooking
only at thoseboundarieghat occurwithin turns: the best
netyieldedanF-scoreof .3 for those,using4 hiddenunits,
50triggerwordsandno POSinformation. We attributethe
latterto thefactthatthe boundary-tokematio for thesedata
is very small(lessthan5 percent)meaninghatthepositive
evidencethattheneuralnethasto trainonis very sparse.

We comparedhe neuralsggmenterto a simpleMarkov
modelapproact{Fig. 1) andthe experimenton rm thata
POSmodelis importantfor the Markov basedapproachas
well. The algorithmusedjust onelanguagemodelandno
searchwasperformedwe simply assumedhatthereis not
a speechactboundaryin awindow oneto theleft andone
to the right of the boundaryto be classi ed. Not included
in the gure is an experimenton the samedatasetusinga
searchalgorithmwithoutthis assumptiontheresultsareal-
mostidentical. As onecanseefrom Fig. 1, the neuraland
Markov-basedsegmentatioralgorithmsarebothgoodalgo-
rithms, and dependingon position on the precision/recall
cune oneconsistentlyoutperformghe other

3A trigger word is a word occurringfrequentlyarounda speechact
boundary

4We alwaysusedthe mostfrequenttriggerwordsor POStagsin the
data.

5 ——,where =precisionand =recall.
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4.2. Speechact classi cation

For the purposeof speechact classi cation, we designed
aspeechactclassi cationproblemsimilarto ([JBC 971).
We built ataggerwithout a searchandusedjackkni ng to
estimateaccurag with a smallsetof dialogues.Thetran-
scriptswe usedwere producedoy humans® andwe com-
pareour resultsto SWITCHBOARD (SWBD) ([JBC 970).
In bothcaseshe sggmentatiorinto utterancefiasbeenpro-
ducedby humangTable?2).

Discourse | WordModel | SWBD | CALLHOME
grammar SPANISH
Chance 35% 26%
none/0-gram|  3-gram 54% 41%
1-gram 1-gram 47%
1-gram 2-gram 47%
1-gram 3-gram 69% 48%
1-gram 4-gram 48%
3-gram 3-gram 71%

Table2: Speeclactclassifcatiorof handlabeledegments

4.3. Feature dependence

In [JBC 97 we saw that the mostsalientprosodicfea-
ture for speechact classi cationgiventhe sgmentationis

thelengthof the segmentandthatall prosodicfeaturesare
highly corrolated. However [JBC 978 assumedhatthe
prosodideaturesareconditionallyindependenfrom thein-

formationderived from the LVCSR system. Fig. 2 shavs
thatthe utterancdength (empirical)is fairly well modeled

6The transcriptionsof CALLHOME arein our experiencemuch less
cleanthanthosefor SWBD.
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usingthelanguagamodel’ (sampling)andthatthedistribu-

tion is closeto thefamily of gammadistributions.Theonly

exceptionsarethe distributions of statementsvhich, how-

ever, comprisemostof the database This resultindicates
thatonly afeaturantigrationthattakesheconditionallyde-
pendencesto accounflike thedirecthybrid classi cation
approachsec.3.3.3)canfully exploit prosodicfeatures.

4.4. Integrated classi cation and segmentation

We have integratedMarkov modelbasedsementatiorand
classi cationin a searchprocedureandappliedthis model
to hand-transcribedata. In this case contraryto Sec.4.2,
the sgmentatiorhasto befoundby the modelaswell. An
A searchwasusedto searctoverthespaceof possiblesey-
mentationsand speechact assignmentsnd can be extend
easilyto supporta large variety of other modelssuchas
thedirecthybrid classi cationapproachCurrentlywe only
classifyspeectactsusingthe context onechannehtatime.
This resultsin a weakerbut reasonabléanguagemodelfor
speechactsequencefor ourinitial investigations.

The algorithm is benchmarkedusing precision/recall
gures for detectingthe correctsggmentboundariesndis-
criminatively of the label (sgmentation)andfor detecting
segment boundarieswith the correctlabel (exact match)
(Fig. 3). Therecall gure for the exact matchis the per
centagef actualsegmentboundarie®eingdetectedisseay-
mentboundariesndthe precisionis the percentagef the
hypothesizedeggmentboundariebeingcorrectlyclassi ed.
We also measuredhe precision(in percentcorrect)of the

"Thelanguagenodelsusedin this experimenaretrigrammodels.For
aunigrammodeltheorypredictsanegatve expontentialnsteadof thebet-
ter tting gammadistribution.
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speechact assignmenfor eachsingle word dependingon
the recall of the speechactboundarydetection(labeling).

We variedtherate of detectedspeechactsusinga heuristic
parametemparameterto generatea precision/recallcurves
(Fig. 3).

Usinghigherorderdiscoursanodelsdid notgive usim-
provements,the unigram discoursemodel is just slightly
worsein performaceéhanthe bigramdiscoursenodel. The
segmentationusinga segmenterwithout even a speechact
model, similar to Fig. 1, wasslightly worsethanthe sey-
menterusing speechacts. This situationcould changeas
soonas we take informationform the other channelinto
account. Higher orderspeechact modelswere alsotested
but preliminaryresultsindicatethat even a unigrammodel
deliversa good performancendwe have not yet obtained
higherperformancavith trigramspeectactmodels.

5. SUMMARY

In this paperwe presentedur preliminary work and re-

searctplansonthede nition of discoursestructurefor spo-
ken dialogue,andthe developmentof automaticdiscourse
structureclassi ers. In this rst stageof the project, we

arefocusingon establishingappropriataliscoursestructure
de nitions anddevelopingagenerabrchitecturdor theseg-

mentationandlabelingtasks.Our preliminaryexperiments
onsgmentatiorof dialoguesnto speech-act-lel unitsand

on automaticlabeling of theseunits indicatethat the ap-

proachwe arepursuingis bothfeasibleandpromising.
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