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ABSTRACT

The goal of the CLARITY project is to explore the useof
discoursestructurein the understandingof conversational
speech. Within project CLARITY we aim to develop au-
tomatic classi�ers for three levels of discoursestructure
in Spanishtelephoneconversations:speechacts,dialogue
games,and discoursesegments. This paperpresentsour
�rst resultsandresearchplansin threeareas:de�nition of
discoursestructureunits andmanualannotationof CALL-
HOME SPANISH, speechrecognition,andautomatedseg-
mentationandlabelingof speechacts.
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1. INTRODUCTION

This paperdescribespreliminary work on the CLARITY

project at Carnegie Mellon University (CMU). The goal
of the CLARITY project is to explore the useof discourse
structurein theunderstandingof conversationalspeech.Our
role in the CLARITY project is to develop automaticseg-
mentersandlabelersfor threelevelsof discoursestructure
in Spanishtelephoneconversations.Automaticsegmenters
andlabelersfor speechacts,dialoguegames,anddiscourse
segmentswill be developedandtestedon transcribeddata
aswell asspeechrecognizeroutput. We will beusingthe
CALLHOME SPANISH corpus.

The major researchissueswe addressare: (1) the def-
inition of discoursestructureunits that are applicableto
non-task-orienteddialogue,(2) thedesignof auni�ed archi-
tecturefor discoursestructureclassi�ersat differentlevels
(speechacts,dialoguegames,anddiscoursesegments),(3)
therole of prosodyin the automaticdetectionof discourse
structure,and(4) theintegrationof discoursestructureclas-
si�cation andstate-of-the-artLargeVocabularyContinuous
SpeechRecognition(LVCSR).

TheCLARITY projectandthe work reportedin this paperarefunded
in partby agrantfrom theUS Departmentof Defense.

This paperpresentsour �rst resultsandresearchplans
in threeareas: de�nition of discoursestructureunits and
manualannotationof CALLHOME SPANISH, speechrecog-
nition, andautomatedsegmentationandlabelingof speech
acts.

2. MANUAL DISCOURSEANNOTATION

An initial taskof the CLARITY project is the manualan-
notationof discoursestructurein CALLHOME SPANISH.
The manual tags will serve as training data for the au-
tomatic discourseclassi�ers. We will be primarily inter-
estedin threelevelsof discoursestructure:speechacts,di-
aloguegames([CII � 97]), anddiscoursesegments([Hea97,
NGAH95, PL97]).Themanualannotationconsistsof de�n-
ing theselevels of discoursestructurein a way that (1) is
applicableto CALLHOME SPANISH and(2) canbe tagged
with a highdegreeof intercoderagreement.

Twomainapproacheshavebeenproposedfor speechact
annotation.TheDAMSL (DialogueAct Markupin Several
Layers)annotationscheme([CA97]) wasprimarily devel-
opedfor two-agenttaskorienteddialogues,in whichpartic-
ipantscollaborateto solvesomeproblem.Themainfeature
of this schemeis that it attemptsto capturetheutterance's
purposeby allowing multiple labelsin multiple layersfor a
singleutterance.Thus,an utterancemight simultaneously
performactionssuchasrespondingto a question,con�rm-
ing understandingandinforming.Ourexperimentswith the
DAMSL annotationschemehaveshown thatit is dif�cult to
applyto non-task-orienteddialogues.

TheJohnsHopkins([JSB97]) speechact inventorywas
developedfor non-task-orienteddialoguesandusedfor the
annotationof the SwitchboardEnglishcorpus. The Johns
Hopkinstagsetwas designedso as to be compatiblewith
theDAMSL annotationscheme.It doesnotallow, however,
for hierarchicalannotationof discoursestructure.



We have so far concentratedon extendingandmodify-
ing theJohnsHopkinstagsetin orderto captureregularities
of theCALLHOME SPANISH corpus.Althoughpreliminary,
the applicationof the JohnsHopkinstagseton the CALL-
HOME datarevealedthe following: (1) the tagsetneedsto
beextendedsoasto accountfor thedistinctionbetweendi-
rect andindirectspeech(e.g.,entonceśel medice queen,
queendiciembre las tarifassonmásbajas`hetold methat
in Decemberthe pricesare much lower'), expressionsof
surprise(ajá `ah', uy qué caray `goodgrief', qué lástima
`what a pity'), and attentiondirectives(oye `listen', mira
`look'); (2) someof the JohnsHopkinstagssimply do not
occurin thecurrentfragmentof thedatawe have beenex-
perimentingwith (for example,re-formulationsof theinter-
locutor's utteranceandself-talk); and(3) with aboutsixty
separatespeechacttags,thetagsetis hardto learn.

At a higherlevel of discoursestructureweplanto iden-
tify andmanuallyannotatedialoguegamesanddiscourse
segments. Dialoguegames([Car83, LM77, Pow79]) cen-
ter aroundan initiating utteranceand a respondingutter-
ance. Examplesarequestionsfollowedby answers,state-
mentsfollowedby acceptanceor denial,etc. Thesequence
of speechactswithin a dialoguegamede�nes a discourse
state. For example,a negotiationstateconsistsof a sug-
gestionfollowed by a rejectionor acceptanceand an in-
formationseekingstateconsistsof a questionfollowedby
an answer. Sequencesof discoursestatesin turn will in-
dicatedialoguetypes. For instance,a dialogueconsisting
of sequencesof informationseekingandnegotiationgames
couldbea negotiationdialogue.

Several prominenttheoriesof discourseassumea hi-
erarchicalsegmentationmodel. Among theseare the at-
tentional/intentional structureof ([GS86]) andthe Rhetor-
ical StructureTheoryof ([MT88]). Thebuilding blocksof
thesetheoriesarephrasalandclausalunits andhave been
mainly appliedto short texts, typically one to threepara-
graphsin length. Our initial experimentsshow that it is
not aneasytaskto annotatehierarchicalsegments,therea-
sonbeingthatmostCALLHOME dialoguesconsistof many
linear segments. Concerningthe manualtaggingof topic
shifts we intend to addressthe following researchissues:
(1) de�ning the notion of dialoguesub-topicsfor spoken
languagewherea dialoguemay drift betweensub-topics
without clearboundariesandwithout an all-encompassing
main topic and(2) ensuringintercoderreliability on topic
segmentation([PL97]).

We arealsointerestedin sociolinguisticandsituational
factorsin discourse.This would includebothdetectionof
social featuresthat affect discourseand in describingthe
social situation that peopleare in by analyzingthe dis-
course.([Cla96]). For example, in interactionsbetween
family members,which makeup mostof the CALLHOME

conversations,thesocialwork of maintainingarelationship

and faceguide the conversation. We also intend to char-
acterizeconversationsin termsof their emotionalstatusas
well asthelevel of confrontationin theconversation.

3. AUTOMATIC DISCOURSECOMPONENTS

Thetargetof this investigationis to build a fully automatic
modelof discoursestructure.Ourautomaticdiscourseclas-
si�er will takeinput featuressuchasthelexical itemsin an
utterance,the intonationcontour, etc. Techniquesfor ex-
tractingtherelevant featuresaredescribedin Sect.3.1 (for
identifying words)and Sect.3.2 (for prosodicfeatureex-
traction).Wealsoplanto usecuephrasesandotherderived
features([WGR97, Hea97]).

Sincethe layersof discoursestructureare interdepen-
dent eachother, it will be necessaryto integratethe dis-
courseclassi�ersfor speechacts,dialoguegames,anddis-
coursesegments. Thereforewe needa searchenginethat
considersall possiblelabelingsandsegmentationsin paral-
lel. For this majorundertakingwe arefollowing a step-by-
stepapproach:

1. build a speechactsegmenteranda speechactlabeler
thatareseparatefrom eachother

2. build an integrated segmenter and labeler for the
speechactlevel with a simplesearchprocedure

3. develop classi�ersfor higherlevels (gamesandseg-
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) consisting of 120 un-
scripteddialoguesbetweennative speakersof American
Spanish.Thetelephonecallsoriginatedin theUnitedStates,
andspeakerswerepermittedto placecalls to foreignloca-
tionsto speakwith their familiesor closefriendsfor up to
30 minuteswith theunderstandingthat their speechwould
be recordedandusedfor research.Five to ten minutesof
eachdialoguewere transcribed. Topics and word choice
werecompletelyunrestricted.

Callerswerespeakingto calleeswith whomthey were
very familiar, leadingto anentirelydifferentspeakingstyle
from thatseenin otherdatabases(seeTable1). Thespeak-
ersjump from topic to topic, skippingthekindsof formal-
ities expectedin discoursebetweenstrangers.Thechannel
at theforeignsitewasoftensharedbetweenseveralpeople,



with peopletalking at onceandmotherscalling for sisters
to put thebabyon theline. Speechis sometimesdirectedat
a third personat theforeignsite,but is still passedthrough
thechannel.Pronunciationis very familiar, with little care
paid to articulation. Dialectdifferences(Carribean,Mexi-
can,R�́o Plataamongothers)arefar morepronouncedthan
in English databases.Thereis alsoa high occurrenceof
non-Spanishwords(English,Indiandialects).Althoughour
own experiencehasnot shown recognitionof Spanishto be
signi�cantly moredif�cult thanthatof English,thedatawe
have usedin thepasthasbeenmorehomogeneousthanthat
in CALLHOME SPANISH. State-of-the-artperformancefor
CALLHOME SPANISH hasbeenreportedwith 57% word
error([ch-97]).

3.1.2. CALLHOME SPANISH put in context

CALLHOME SPANISH is oneof themostdif�cult taskscur-
rently beingundertakenby thespeechrecognitioncommu-
nity. Themainsourcesof dif�culty inherentto thetaskare
the style of speech(spontaneous,unrestricted),variability
of dialect,andqualityof thechannel(telephoneband;vary-
ing quality of foreign line). Additionally, therearechal-
lengessuch as sparsenessof data that also must be ad-
dressed.

CALLHOME SPANISH maybebestcharacterizedin the
context of othertasks(Table1).

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

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

CALLHOME is unrestricted,spontaneousspeech,which is
characterizedby:

� highhumannoisecontent

� unrestrictedvocabulary

� frequentungrammaticalities

� regionalvariations

� carelesspronunciation

3.1.3. Speech Engine

The system we are currently developing is a gender-
independent,continuousmixture density, tied statecross-
wordcontext-dependenthiddenMarkov model(HMM) sys-
tem basedon the JanusRecognitionToolkit ([FGH � 97]).
Trainingof the new systemwasinitiatedby bootstrapping
from a Serbo-Croatiansystem;Serbo-Croatianwaschosen
becauseit containsmostof the phonemesof Spanish.We
used25 speechphones,with four noisephonesandonesi-
lencephone. HMMs were 3-state;polyphonicclustering
wasdonewith a � 2-phonecontext.

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

Therecognizerhasnotyetbeenfully tested,but prelim-
inarytestsonthe�rst versionof thesystemindicatethatwe
will soonbein therangeof performancereportedby other
sites.

3.2. Prosodicdatabase

Prosodyplaysan extensive role in the automaticidenti�-
cationandclassi�cationof the variouslevels of discourse
structure.The prosodicfeatureswe considerarepitch, in-
tensity, andspeakingrate.Weemployseveralnormalization
techniquesto arriveatmorerobustfeatures.Wealsousere-
gressiontechniquesto summarizethedynamicbehavior of
pitchor intensitysuccinctly.

Theseprosodicfeaturesrepresentan additional input
sourcefor theclassi�ers.Note thatdecisionsof theseclas-
si�ers arenow basedon multiple input modes,with inputs
suchasprosodicfeaturesandlanguagemodels.

We useprosodicinformationto facilitatethesegmenta-
tion of anutteranceinto basicspeech-act-level units.More-
over, we useprosodicinformationasonesourceof infor-
mationwhenwedeterminespeechacts.For thesepurposes
wegenerateaprosodicdatabasewhichallowstheclassi�ers
fastand�e xible accessto 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]. The work on call-typeclassi�cation in [Gor95,
WGR97] couldbecalleda “direct classi�cation”approach.
Additionally we have introduceda “direct neuralclassi�-
cation”approach[GZA97, BW96] on relatedclassi�cation
problems.Weargueherethatweneeda“direct hybridclas-
si�cation” approach.

We will �rst addresstheproblemof speechactclassi�-
cationin isolation,showing how we candetectthe speech



actlabeling � giventheprosodicfeaturevectorfor eachut-
terance� andthesequenceof wordswithin thatutterance
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. This problemwill serve asa prototypicalcasefor dif-
ferentmodelingapproaches.If we want to refer to an in-
dividual utterance� we will write �
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theMaximumA Posteriori (MAP) criterion,which leadsto
a minimumprobabilityof error.
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3.3.1. MarkovModelapproach

In ([JBC� 97a,KKN � 97, ARM97]) a basicMarkov model
approachis used.Theessentialideais to useBayestheorem
andthendropa“constant”term �.�/�0�-$
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models.

The next assumptionis that the prosodicfeaturesdo
not dependon the words if we know the utterancetype
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sumptionto be harmful in the context of the analysiswe
planto do.

To result in a feasiblemodel we have to make two
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. Theseassumptionsaresigni�-
cantlymoreharmfulsince

� wrong decisionsin the tagsetcanaffect the perfor-
manceof the classi�er more than an approachnot
basedon thesetwo assumptions,sincespeechacts
might be disambiguatedby context. This might be
especiallytruefor statements([JBC� 97b]).

� wewouldassumethatthequalityof aprosodicmark-
ing dependson the“predictability” of thespeechact
from thediscoursecontext

Theoverallmodel,therefore,becomes
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speech-act-dependentlanguagemodel, are typically esti-
matedas ngrammodels. Even a unigrammodel for � ,
whichdoesnot evenneedasearch,givesgoodresults.

3.3.2. DirectClassi�cationapproach

Theapproachaspresentedby ([Gor95, WGR97]) doesnot
takeprosodicfeaturesinto accountandit only looksat iso-
latedutterances.This roughly correspondsto usinga un-
igram model for �@� �1�

&

which gave good resultsfor the
Markov modelapproach.It is thereforesuf�cient to esti-
mate
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Under the assumptionthat the words in the utteranceare
conditionallyindependent,([Gor95, WGR97]) show thata
simpleformulacanbeusedto estimate�5�1� 	 "
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. In con-
trastto a similarMarkov model,this approachdoesnot use
higher orderngrams. ([WGR97]) further developedtheir
approachto automaticinferenceof salientgrammarfrag-
mentsandintroducedhigherorderngramsin a robustway.
However, theapproachis fairly limited anddoesnot allow
otherknowledgesourcesto beintegrated.

3.3.3. Direct Hybrid Classi�cation approach and fea-
ture dependency

This classi�cationapproachbothmakesuseof the models
that we have seenso far andextendsthem andbuilds on
previouswork.

neural segmentationalgorithms: The neural segmenta-
tionprocedure([GZA97]) isverypromisingandcom-
petitive with thecorresponding(hidden)Markov ap-
proach.

classi�cation of utterancesfrom prosodicfeatures: In
preliminarywork on the SWITCHBOARD database1

we usedexponentialmodelsandneuralnetworksto
classifyutterancesfrom prosodicfeaturesandgot a
signi�cant improvementin detectionaccuracy over
thebaselineCART model.

neural parsing of natural language: Two neural parsers
with achunkandlabelapproachhavebeendeveloped
in ourgroupwith success([Buø96, Jai91]).

Similar to our preliminarywork on the prosodicdatabase,
we use neural networks with softmax ([Bri90, Jor95,
Bis95]) as the activation functionof the output layer. For
simplicity,wewill onlypresentexponentialmodels2, which
areessentiallyaversionof thesenetworkswithouta hidden

1This work was carried out on the databasethat was built for the
LVCSRsummerworkshopat the CLSPat JohnsHopkinsUniversity. We
areindebtedto everyonein theworkshopandthesponsors.

2Exponentialmodels have been studied in languagemodeling for
speechrecognitionandare often referredto as maximumentropymod-
els.However, theyaretrainedaccordingto adifferentoptimalitycriterion,
themaximumentropycriterion. In our preliminaryexperimentwe found
thattrainingwith theMAP criterionwassigni�cantly moreappropriatefor
theprosodicfeatures.



layer. A so-calledprior distribution D
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outputof theexponentialmodelis a probabilitydistribution
andcanbewrittenas
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to be uniform
andthe input vectorto be a countvectorof ngramsin the
utterance,this modelis essentiallya Markov modelwith a
unigramdiscoursemodel(�.� �!�

&

).
UsingtheMarkov modelresultastheprior distribution

andthetrigraminformationaspartof theinput featureswe
canconstructa classi�er that canbene�t maximally from
the good estimationsof the Markov modelsand integrate
otherknowledgesourceswithoutmakingimplicit indepen-
denceassumptions.

The most prominantprosodicinformationsourcethat
mightbealreadyincludedin theMarkov modelis thelength
of the utterance(Sec.4.3). One of our resultsis that the
distribution is closelymodeledby the Markov modeland
that we may be able to give a parametricdistribution for
thisdistribution.We couldthereforeestimate
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This approachmight result in better models than the
straightforwardMarkov modelapproachandif successful
could eliminatethe needfor the full hybrid approachout-
linedabove.

3.3.4. Thesegmentationproblemandanintegratedseg-
mentationandlabelingapproach

Thesegmentationproblemhasnotbeenexplicitly addressed
heresofar. It canbeformulatedin twodifferentways,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]) shows for for
speechacts, the segmentationproblemitself seemsto be
fairly tractableeven without combiningit with the speech
act labeling.However, if onelooksat theway thesegmen-
tation andthe classi�cationmodelwork, it becomesobvi-
ousthatbothof thesecanbe integratedinto onemodelin-
steadof integratingthematthelikelihoodlevel. Sincemany
word-level featuresfor speechactclassi�cationmight also
be positiondependent,this seemsto be a simplesolution
andmight removefalseindependenceassumptionsbetween
the speechactsegmentationandlabelingmodels.This in-
tegrationis alsomuchcleanerthan([JBC� 97a,KKN � 97])
in conjunctionwith prosodicfeatures.

4. RESULTS

4.1. Speechact segmentation

For the purposeof speechact segmentation,a time delay
neuralnetworkof the standardbackpropagationtype was
used,asis describedin ([GZA97]). For trainingandtesting
we had 10 manuallysegmenteddialoguesavailable, con-
taining 2221turns. 1635of thesewereusedfor training,
586 for testing. In total, 2983boundariesweremarkedin
thedata,of whichonly 836occurredwithin a turn,with the
remaining2147occurringat theendof theturns.

For training, the following featureswereused: indica-
tion of presenceof a triggerword3 occurringin a window
of �cb wordsarounda (potential)speechactboundary, and
the part of speech(POS)tagsassignedto thesewords in
thesamewindow. Without anautomaticPOStaggerbeing
available initially, we useda distributedencodingfor the
latter, in whichall potentialPOStagsof asinglewordwere
consideredto bepresent.

Trainingwasperformedvaryingthenumbersof hidden
units (2/4/8/10/12), aswell asthenumberof triggerwords
andPOStagsbeingused(0/10/30/50each).4

Theresultsindicatethatwhile a high F-score5 of �d�

C>e�f

is achievable when measuringagainstall speechact
boundaries,the performanceis muchworsewhenlooking
only at thoseboundariesthat occurwithin turns: the best
netyieldedanF-scoreof .3 for those,using4 hiddenunits,
50 triggerwordsandno POSinformation.We attributethe
latterto thefact thattheboundary-tokenratio for thesedata
is verysmall(lessthan5 percent),meaningthatthepositive
evidencethattheneuralnethasto trainon is very sparse.

We comparedtheneuralsegmenterto a simpleMarkov
modelapproach(Fig. 1) andtheexperimentscon�rm thata
POSmodelis importantfor theMarkov basedapproachas
well. The algorithmusedjust onelanguagemodelandno
searchwasperformed;we simplyassumedthat thereis not
a speechactboundaryin a window oneto the left andone
to the right of the boundaryto be classi�ed. Not included
in the �gure is anexperimenton thesamedatasetusinga
searchalgorithmwithoutthisassumption;theresultsareal-
mostidentical. As onecanseefrom Fig. 1, theneuraland
Markov-basedsegmentationalgorithmsarebothgoodalgo-
rithms, and dependingon position on the precision/recall
curve oneconsistentlyoutperformstheother.

3A trigger word is a word occurringfrequentlyarounda speechact
boundary.

4We alwaysusedthe g mostfrequenttriggerwordsor POStagsin the
data.

5 hjilkQm`n

mXo�n

, wherep =precisionand q =recall.
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Figure1: Performanceof segmentationalgorithms

4.2. Speechact classi�cation

For the purposeof speechact classi�cation, we designed
a speechactclassi�cationproblemsimilar to ([JBC� 97b]).
We built a taggerwithout a search,andusedjackkni�ng to
estimateaccuracy with a small setof dialogues.The tran-
scriptswe usedwereproducedby humans6 andwe com-
pareour resultsto SWITCHBOARD (SWBD) ([JBC� 97b]).
In bothcasesthesegmentationintoutteranceshasbeenpro-
ducedby humans(Table2).

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: Speechactclassifcationof handlabeledsegments

4.3. Feature dependence

In [JBC� 97b] we saw that the mostsalientprosodicfea-
ture for speechact classi�cationgiven the segmentationis
the lengthof thesegmentandthatall prosodicfeaturesare
highly corrolated. However [JBC� 97b] assumedthat the
prosodicfeaturesareconditionallyindependentfrom thein-
formationderived from the LVCSR system. Fig. 2 shows
that theutterancelength(empirical)is fairly well modeled

6The transcriptionsof CALLHOM E are in our experiencemuch less
cleanthanthosefor SWBD.
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Figure2: Lengthdistributionof speechacts

usingthelanguagemodel7 (sampling)andthatthedistribu-
tion is closeto thefamily of gammadistributions.Theonly
exceptionsarethe distributionsof statementswhich, how-
ever, comprisemostof the database.This result indicates
thatonlyafeatureintigrationthattakestheconditionallyde-
pendencesinto account(like thedirecthybridclassi�cation
approach,Sec.3.3.3)canfully exploit prosodicfeatures.

4.4. Integrated classi�cation and segmentation

We have integratedMarkov modelbasedsegmentationand
classi�cationin a searchprocedureandappliedthis model
to hand-transcribeddata. In this case,contraryto Sec.4.2,
thesegmentationhasto befoundby themodelaswell. An
A

�

searchwasusedto searchoverthespaceof possibleseg-
mentationsandspeechact assignmentsandcanbe extend
easily to supporta large variety of other modelssuchas
thedirecthybridclassi�cationapproach.Currentlyweonly
classifyspeechactsusingthecontext onechannelata time.
This resultsin a weakerbut reasonablelanguagemodelfor
speechactsequencesfor our initial investigations.

The algorithm is benchmarkedusing precision/recall
�gures for detectingthe correctsegmentboundariesindis-
criminatively of the label (segmentation)andfor detecting
segment boundarieswith the correct label (exact match)
(Fig. 3). The recall �gure for the exact matchis the per-
centageof actualsegmentboundariesbeingdetectedasseg-
mentboundariesandthe precisionis thepercentageof the
hypothesizedsegmentboundariesbeingcorrectlyclassi�ed.
We alsomeasuredthe precision(in percentcorrect)of the

7Thelanguagemodelsusedin this experimentaretrigrammodels.For
aunigrammodeltheorypredictsanegativeexpontentialinsteadof thebet-
ter �tting gammadistribution.
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Figure3: Performancecomparisionof segmentation,exact
matchandlabeling

speechact assignmentfor eachsingleword dependingon
the recallof the speechactboundarydetection(labeling).
We variedtherateof detectedspeechactsusinga heuristic
parameterparameterto generatea precision/recallcurves
(Fig. 3).

Usinghigherorderdiscoursemodelsdid notgiveusim-
provements,the unigramdiscoursemodel is just slightly
worsein performacethanthebigramdiscoursemodel.The
segmentationusinga segmenterwithout even a speechact
model,similar to Fig. 1, wasslightly worsethanthe seg-
menterusingspeechacts. This situationcould changeas
soonas we take information form the other channelinto
account.Higher orderspeechact modelswerealsotested
but preliminaryresultsindicatethatevena unigrammodel
deliversa goodperformanceandwe have not yet obtained
higherperformancewith trigramspeechactmodels.

5. SUMMARY

In this paperwe presentedour preliminary work and re-
searchplansonthede�nition of discoursestructurefor spo-
kendialogue,andthe developmentof automaticdiscourse
structureclassi�ers. In this �rst stageof the project, we
arefocusingonestablishingappropriatediscoursestructure
de�nitionsanddevelopingageneralarchitecturefor theseg-
mentationandlabelingtasks.Our preliminaryexperiments
onsegmentationof dialoguesintospeech-act-level unitsand
on automaticlabeling of theseunits indicatethat the ap-
proachwearepursuingis bothfeasibleandpromising.
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