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ABSTRACT

This paperdescribesa 3-level manualdiscoursecoding scheme
that we have devisedfor manualtaggingof the CallHomeSpan-
ish (CHS) and CallFriend Spanish(CFS) databasesusedin the
CLARITY project. The goal of CLARITY is to explore the use
of discoursestructurein understandingconversationalspeech.The
projectcombinesempiricalmethodsfor dialogueprocessingwith
state-of-theart LVCSR (using the JANUS recognizer).The three
levels of the coding schemeare (1) a speechact level consisting
of a tagsetextendedfrom DAMSL andSwitchboard;(2) dialogue
gamelevel definedby initiative and intention; and(3) an activity
level definedwithin topicunits.Themanuallytaggeddialoguesare
usedto train automaticclassifiers.We presentpreliminaryresults
for statementcategorization,andgiveanin-progressreportof auto-
maticspeechactclassificationandtopicboundaryidentification.

1. INTRODUCTION

Thegoalof theClarity project[6] is to exploretheuseof discourse
structurein understandingconversationalspeech.Theprojectcom-
binesempiricalmethodsfor dialogueprocessingwith state-of-the
art LVCSR usingthe JANUS recognizer[5, 7]. We arecurrently
workingwith theCallHomeSpanish(CHS)andCallFriendSpanish
(CFS)databasesof unrestrictedtelephoneconversation.

Theparticularunderstandingtaskthatwe arecurrentlypursuingis
functional activity identification— classifyingsegmentsof a di-
alogueas representingone or more of the following: informing,
instructing, inquiring, planning, convincing, negotiating, gossip-
ing, arguing,managingtheconversation,andgreeting/closing.The
functionalactivity identifierwill takeasinput aspectsof discourse
structureandprosodicinformation.Threelevelsof discoursestruc-
ture are thoughtto be relevant: speechacts[13], dialoguegames
[3, 2], andtopicsegments.Wearecurrentlytrainingautomaticclas-
sifiersfor theselevels. This paperdescribesthe discoursecoding
schemethatweusefor manualtaggingof thetrainingdatafor these
classifiers.

Our coding schemedivides discoursestructureinto three levels
taggedseparately. The three levels of the coding scheme,from
lowestto highest,are(1) a speechact level consistingof a tagset
extendedfrom DAMSL andSwitchboard;(2) dialoguegamelevel

definedby initiative andintention;and(3) anactivity level defined
by topic boundaries.Figure4 shows a fragmentof a taggeddia-
logue. Eachof thethreelevelsof taggingarediscussedin the fol-
lowing sections.To facilitatethe taggingprocess,we have written
a detailedmanual[14] containingdecisiontrees,tag descriptions,
examples,andhelpfulhints.

2. THE SPEECH ACT CODING SCHEME

The lowest level of tagging is the speechact level. Our coding
schemeis heavily basedon DAMSL (from theDiscourseResource
Initiative [1]) andon the SwitchboardSWBD-DAMSL tags(from
theJohnsHopkinsLVCSRsummerworkshop1997[9]). In thispa-
per we will be referring to two speechact codingsof CHS. The
preliminary coding differed from SWBD-DAMSL in only minor
ways.TheentireCHScorpuswastaggedwith thepreliminarycod-
ing scheme,inter- and intra-coderconsistency was checked,and
a speechact classifierwas trained. We then revised the coding
schemein order to improve consistency, further refine large cat-
egories,and supportthe task of functional activity identification.
Wherever we usea SWBD-DAMSL tag, it retainsits original def-
inition from the SWBD-DAMSL manual. We have madeup new
tagnamesfor speechactswhosedefinitiondiffers from thedefini-
tion in theSWBD-DAMSL manual.Theremainderof this section
describestherevisedcodingscheme.

Our speechact tags fall into the categories Questions, An-
swers, Agreement/Disagreement,DiscourseMarkers (including
Backchannels), ForwardFunctions,ControlActs, Statements,and
Other. The greatestchangeswith respectto SWBD-DAMSL in-
volveanexpansionof controlacts,theadditionof coarseemotional
tagsto backchannels,acollapseof statementsandopinions,andthe
additionof semanticfeaturesto statements.

Questions:The main questionspeechactsare yes-no, wh-,
alternati ve ‘or’, open ended, repetiti on
request, verificati on request, andrhetorica l .

Answers: Answersto yes-noquestionscan be descript iv e
affirm, disprefe rre d, descripti ve negative,
no, don’t know, andyes.

Agreement/Disagreement:This category includes accept and



reject .

DiscourseMarkers and Backchannels: To distinguish between
usesof backchannels that may be relevant at the dialog game
and activity levels, we added three emotion/attitudeindicators
(positive /h appy, negative/ sa d, andsurprise ). The
main discoursemarkerspeechactsarebackchanne l, link,
verbal pause, andhedge [4].

Control Acts: Control acts, utterancesthat involve an expected
actionby the heareror the speaker, includecommands,requests,
prohibitions,offers, promises,etc. Insteadof using the SWBD-
DAMSL ad tag (action directive), we baseour expandedset of
control act tags on Lampert & Ervin-Tripp [11]. The control
actsarecommit,permissionrequest,offer, suggestion/permission-
statement,directive/request,prohibition,andownershipclaim.

Statements:Specialattentionwas given to splitting descriptive
statementsandopinions(sd andsv in SWBD-DAMSL) into sub-
categories.Statementsandopinionstatementsmakeup 48%of the
speechactsandcover 71%of thewordsin our earliertaggedCHS
database.Statementsandopinionsalsodisplayedsomeinter-coder
confusionin the preliminary tagging. One result of the LVCSR
summerworkshopwasthatonecannotimprove thespeechrecog-
nition accuracy significantlyif thereis a hugemajorcategory– the
languagemodelconstraintsplacedon that category will be weak
and thereforethe improvementhasto be small. [12] focusedon
subsegmentsof statementsin a techniquethat hasalreadyshown
significantword accuracy improvements.During theLVCSRsum-
mer workshopan initial study[10] showed that different typesof
statementsareidentifiableby theirdiscoursecontext. For theserea-
sons,we are actively pursuingfurther subcategorizationof state-
mentswithin projectClarity (Table1).

In our codingscheme,all statementsandopinionsarecodedwith
a single tag togetherwith an addeddimensionof seven semantic
features.A statementcanbe taggedwith none,oneor several of
thesesemanticfeatures.Wearecurrentlytaggingthefollowing fea-
tures: (1) mental state: speakerexpresseshis/herown emo-
tionalstateorpsychologicalstate;includesexpressedemotion,pref-
erences,psychologicalstates,wants,tastes,likes, wishes,andde-
sires;e.g. “I worry aboutyou;” (2) reality: speakerexpresses
a claim abouta hypotheticalworld; includeshypotheticals,condi-
tionals, somewishes;e.g. “If I’d had time, I would have gone;”
(3) value judgment /at ti tud e: speakerexpressesan atti-
tudeor valuejudgment,positive or negative, aboutstate,situation,
or people;includessomeevaluatives(namecalling),andsomeex-
plicit opinions;e.g. “This tastesgreat,” “He’s so obnoxious;”(4)
obligatio n: speakerexpressesanobligationinvolvingself;e.g.
“I have to be backtomorrow;” (5) tense: speakermakesstate-
mentaboutsomethingthat hasnot yet happened;e.g. “We leave
tomorrow;” (6) certainty : speakerexpressescertaintyor un-
certaintyaboutaccuracy of his/herstatement;e.g. “He’s coming
back tomorrow or maybeTuesday,” “He’s back, yes siree;” and
(7) joke/sar ca sm: speakermakesjoke or sarcasticcomment;
e.g. “Oh she’ll just LOVE that.” For all but two of the features
we tag only the markedcase. For the featuresattitude and
certainty , we distinguishtwo markedcases,+ and–, from the

unmarkedcase.Thus,attitude canbepositive or negative,and
certainty canbeexplicitly certainor uncertain.

Statementtype Frequency
plainstatementof information 3877
future 401
plainstatementin indirectspeech 235
positivevaluejudgment 218
explicit uncertainty 216
mental 162
negativevaluejudgment 145
statementwith aquestiontag 84
hypothetical 73
futurehypothetical 39
obligation 28
correction 26
plainstatementto a third party 17
explicit uncertainty& future 15
plainstatement,mimicingtheotherspeaker 15
introductionstatement 13

Table 1: Distributionof mostfrequentstatementtypesaccordingto
revisedcodingscheme

3. MANUAL TAGGING OF DIALOGUE
GAMES

Themiddlelevel of taggingis basedontheideaof adialoguegame
[2] [3] and work on illocutionary actsby Searle[13] and others.
Thefocusof this level of taggingis on how turnsinteract,i.e. how
utterancesfrom two dialogparticipantsrelateto eachother. Game
boundariesaredeterminedby changesin whohastheinitiative and
changesin speakerintention,for examplechangingfrom informing
to questioning.Carlettaet al. describea conversationalgameas
“a set of utterancesstartingwith an initiation and encompassing
all utterancesup until the purposeof the gamehas beeneither
fulfilled (e.g. the requestedinformation hasbeentransferred)or
abandoned.” A gamewill thereforeconsistof all turns up to the
point wherethe taggerfinds that thegamehasbeencompletedor,
if incomplete,includesonly the initiation of a game. Gamesare
muchlike modifiedadjacency pairs,consistingof Movesthat are
required,expected,or optional. Eachgameconsistsof a required
Initiative Move by SpeakerA, a ResponseMove by Speaker
B that is requiredor optional dependingon the type of game,
a FeedbackMove by SpeakerA that is always optional, and a
possiblesecondFeedbackMoveby SpeakerB which is alsoalways
optional. Our systemcontainseight main types of gamesplus
eightmodifiers.Thegametypesareseeking informati on,
giving informati on, giving directiv e, action
commit, giving opinion, expressiv e, seeking
confirmat io n, and communica tio n filler . Taggers
label turns within a game as Initiativ e, Response , and
Feedback . Gamesmay overlap, either as nestedgamesor as
interleavedgames.



#Topic Boundary
#Activ:Co nv inc e 0 #Activ:I nfo rm 4
#Activ:Pl annin g 5 #Activ:N egoti at e 2
#Activ:In quire 1 #Activ:G oss ip 0
#Activ:Ar gue 0 #Activ:C onv -mgmt 0
#Activ:Gr eet-c ls 0 #Activ:I nst ru ct 1
#Game:Quest ˆAb and
<I> qw B: pero como,

but how
#Game:Quest
<I> qy B: pero pagan impuestos,

but are they taxed
<I> sˆcert-

B: pero se supone que el menaje no paga
but househol d items are not supposed
to be taxed

<R> ny A: si’
yes

#Game:Inf oˆ Ela b
<I> sˆe A: no si’ paga impuestos,

no yes it is taxed
<I> sˆcert+

A: paga el quince por ciento, si’ sen˜or
it’s taxed fifteen per cent, yes sir

<R> b B: ah si’
oh yes

Figure 1: A Fragementof aTaggedDialogue

4. MANUAL TAGGING OF TOPIC
SEGMENTS AND ACTIVITIES

The highestor mostgenerallevel of taggingidentifiesa discourse
segmentand an activity focusingon the purposeand goal of the
speakerswithin the segment. Sincewe arenot working with task
orienteddialogues,segmentscannotbe definedin termsof sub-
tasks.Insteadthey aredefinedbytopicboundaries.Wearecurrently
labeling ten activities: inform, inquire, plan, convince,negotiate,
gossip,argue,conversationmanagement,greet-close,andinstruct.
The presenceof eachactivity is judgedon a continuum. The tag-
gerdecidesto whatdegreea certainactivity is presentandassigns
anumericalvalueonascalefrom 0 to 5, 0 being“not presentin the
segment”and5 being“stronglypresentin thesegment.”

Figure 4 shows a fragmentof a dialoguetaggedwith activities,
games,and speechacts. The speechact tagsare s (statement),
qw (wh-question),qy (yes-noquestion),ny (no answer),and b
(backchannel).̂cert+ andˆcert-- indicatethesemanticfea-
turescertaintyand uncertainty. ˆe tagsan elaboratedreply to a
yes-noquestion.ˆm is the label for a mimic of theotherspeaker’s
utterance.<I> and<R> are initiative andresponsemovesat the
gamelevel of tagging.

5. RELIABILITY OF THE CODING
SCHEME

We conducteda varietyof evaluationson thereliablilty of thepre-
liminaryspeechactcodingscheme,includingintercoderagreement,
intracoderagreement,confusionmatrixes, and the effects of lis-
tening or not listening while tagging. The corpuswas not pre-
segmentedinto speechactunitsbeforemanualtagging.Segmenta-
tion wasthereforeperformedaspartof the taggingprocess.Using
onetaggerasa reference,theotherhada segmentboundarypreci-
sionof 86.1%andrecallof 88.9%.Becausethespeechactbound-
ariesdo not necessarilyagree,intercoderagreementis measured
in termsof the percentageof words that aretaggedwith thesame
speechactby both taggers.Intercoderagreementon tendialogues
was 78.7%for two codersusing the preliminarycoding scheme.
The mostconfusablespeechact tagssd andsv (descriptive and
opinionstatements).sd/sv disagreementsencompassed9.2%of
theword tokens.Ona testof threedialogues,intracoderagreement
(with a time lag betweencodings)wasabout85%. Taggingfirst
without listeningandthenlaterwith listeningresultedin revisionof
about3.5%of thetags.

6. AUTOMATIC CLASSIFICATION AND
SEGMENTATION

Thepurposeof themanuallytaggeddatais to trainautomaticclassi-
fiersfor identifyingthethreelevelsof discoursestructuredescribed
above. We have traineda classifierfor the speechact level anda
segmenterfor breakingdialoguesinto topicalsegments.

Theclassifiertechnologywe areusingis an HMM of speechacts,
wereeachspeechact is modeledasanngramof words. Sincethe
segmentationandlabelingof text is knownin training,thesemodels
canbe trainedasMarkov Modelsusingstandardlanguagemodel-
ing tools. Usingan ��� searchalgorithmthebestsegmentationand
labeling is simultaneouslyfound (see[6, 15] for a more detailed
discussionof our implementationanda comparisonwith otherap-
proaches).

Weranapreliminaryspeechactclassificationexperimentusingthe
preliminaryspeechact tags,trainingon a setof 80 dialoguesfrom
CHSandtestingon40CHSadditionaldialoguesthatwerenotused
for training. Performanceresultsare shown in Table 2 and will
be comparedwith resultsfrom the updatedcodingschemein our
ICSLP-98presentation.The resultsarepresentedin termsof how
many wordshave correctspeechact tags,not how many sentences
have thecorrectspeechact tags.This is becausetheclassifierper-
formssegmentationof utterancesinto speechact level unitssimul-
taneouslywith the classification,and the automaticsegmentation
mayhavedifferentspeechactboundariesfrom themanuallytagged
datathatit is checkedagainst.

To automaticallydeterminetopicalsegmentboundariesin theCall-
Homedialogues,we choseto use[8]’s TextTiling algorithm. First
we computetext similarity scoresfor all potentialboundariesus-
ing blocksof text to the left andto the right of the boundary. We
thenmove this 2-block-window over theentiredialogueandcom-
putethesimilarity scoresfor eachpotentialboundary. Theresulting



Method Result

baseline(mostlikely tag) 55%
classifier 69%
intercoderagreement 79%
interacoderagreement 85%

Table 2: Resultsof AutomaticSpeechAct Classificationin thepre-
liminary codingscheme

Language English Spanish
nr. of dialogues 9 15
avg. nr. of turns 345 252

uniformbaseline(F1) 0.48 0.47
crossvalidation(F1) 0.58 0.53

Table 3: TopicSegmentationResultsfor EnglishandSpanishCall-
Home

similarity graphis thensmoothed,andsegmentboundariesarehy-
pothesizedat theminimaof thesimilarity graph.

We ran experimentson EnglishandSpanishCallHomedata. The
resultsof a � -fold crossvalidationarepresentedin Table3. 1 2
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