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Abstract

This paper presentswork on using
Bayesiannetworks for thedialogueact
recognitionmoduleof a dialoguesys-
temfor Dutchdialogues.TheBayesian
networks can be constructedfrom the
data in an annotateddialoguecorpus.
For two seriesof experiments- using
different corporabut the sameanno-
tation scheme- recognitionresultsare
presentedandevaluated.

1 Intr oduction

In severalpapers(Nijholt, 2000;Luin etal.,2001;
Nijholt et al., 2001) we reportedon our virtual
musiccentre- the VMC - a virtual environment
inhabited by (embodied)agentsand on multi-
modalinteractionbetweenhumanusersandthese
agents. Of theseagentsKarin is an embodied
agentuserscanaskfor informationabouttheatre
performances(seeFigure1).

A secondagentis the navigation agent. Nav-
igation is a) way �nding - theuserknows where
hewantsto gobut doesn't know how to go there;
or b) exploring theenvironment- theuserwalks
throughtheenvironmentto obtainanoverview of
thebuilding andtheobjects,locations,roomsthat
arein it. Relatedto thesenavigationtasksthenav-
igation assistanthasthe taskto assistthe visitor
in a) explaininghow to go from his currentloca-
tion to a locationhe is looking for andb) to give
theagentinformationaboutobjects,andlocations
in the environment. The navigation agentis not
presentasanavatarin theenvironment.Theuser
seestheenvironmentfrom a �rst personperspec-
tive andinteractswith the agentsby meansof a
Dutch dialogue. The userhastwo views of the

environment:a) a �rst personview of thevisible
part of the 3D virtual theatreandb) an abstract
2D map of the �oor of the building the user is
visiting. This map is shown in a separatewin-
dow. In a multi-modal interactionthe usercan
point at locationsor objectson the 2D mapand
eitherask informationaboutthat objector loca-
tion or hecanasktheassistantto bringhim to the
locationpointedat.

Figure1: Karin in theVMC.

An importantpartof our dialoguesystemsfor
natural languageinteractionwith agentsis the
modulefor recognitionof the dialogueactsper-
formed by the humanuser (visitor). This pa-
perdiscussestheconstructionof andexperiments
with Bayesiannetworksasimplementationof this
module.

Variousotherwork hasbeenpresentedon us-
ing statisticaltechniquesfor dialogueact classi-
�cation (Andernach,1996;Stolcke et al., 2000),
andevensome�rst effortsonusingBayesiannet-
worksfor this task(Pulman,1996;Keizer, 2001).
Otherwork on usingBayesiannetworks in dia-
loguesystemsaimsmoreat interactionanduser
modelling(PaekandHorvitz, 2000)anddoesnot
speci�cally involve linguisticaspects.

The paperis organisedas follows. Section2



providessomenecessaryandgeneralbackground
abouttheuseof Bayesiannetworksfor speechact
recognition.In Section3 we discussexperiments
with a Bayesiannetwork for dialogueact classi-
�cation basedon a dialoguecorpusfor theKarin
agent. In Section4 we discussour currentex-
perimentswith a network for thenavigationdia-
loguesystemthatwasautomaticallycreatedfrom
a smallcorpus.Section5 re�ects on our �ndings
andpresentsplansfor thenearfuture.

2 BayesianNetworks and SpeechAct
Recognition

SinceAustin andSearledeliberatelyproducinga
linguisticutterance(' locutionaryact') is perform-
ing a speechact ('illocutionary act'). Many re-
searchershave contributed in distinguishingand
categorisingtypesof speechactswecanperform.
See(Traum,2000) for a valuablediscussionon
dialogueact taxonomiesand an extensive bibli-
ography.

A dialoguesystemneedsa usermodel. The
bettertheusermodelthebetterthesystemis able
to understandtheuser's intentionsfrom thelocu-
tionary act. We considerthe humanparticipant
in a dialogueas a sourceof communicative ac-
tions. Actions canbe someverbaldialogueact
or somenon-verbalpointingact(theactof point-
ing at someobject). We assumethe useris ra-
tional: thereis a dependency betweentheaction
performedandtheintentionalstateof theuser. If
werestrictto communicativeactsthatarerealized
by uttering (speakingor typing) a sentencewe
canmodel the userby a probability distribution
P(U = ujDA = da): theprobabilitythattheuser
producesanutteranceu (thestochasticvariableU
hasvalueu) giventhatheperformsadialogueact
da ( DA hasthevalueda). Or - maybebetter:the
con�dencewe canhave in believing thattheuser
usesutteranceu if we know thatthedialogueact
heperformsis da. Sincetherearemany distinct
wordingsu for performinga given dialogueact
da and on the otherhandtherearedistinct dia-
logueactsthatcanbeperformedby thesameut-
terance,we needmorethansuper�cial linguistic
informationto decideupontheintendeddialogue
act given an utterance.The taskof the dialogue
actrecognition(DAR) moduleof a dialoguesys-
tem is to answerthe question:what is the most

likely dialogueactda intendedby theusergiven
thesystemhasobserved theutteranceu in a dia-
loguecontext c. (Noticethatwehaveequatedthe
utteranceproducedby theuserwith theutterance
recognisedby thesystem:thereis no information
loss betweenthe module that recordsthe utter-
anceandtheinputof thedialogueactrecognition
module.)

To make this problemtractablewe further re-
strict themodelby assumingthata) theuseren-
gagedin a dialoguecanonly have the intention
to performoneof a �nite numberof possibledi-
alogueacts;b) eachof the possiblenaturallan-
guageutterancesu producedby theuserandob-
served by the systemcanbe representedby a �-
nite numberof featurevaluepairs(f i = vi ); and
c) the dialoguecontext can be representedby a
�nite numberof featurevalue pairs (gi = ci ).
Given theserestrictionsthe DAR problem be-
comesto �nd thatvalueda of DA thatmaximises
P( DA = da j f 1 = v1 ; : : : ; f n = vn ;

g1 = c1 ; : : : ; gm = cm ).

For theprobabilisticmodelfrom whichthiscan
be computedwe usea Bayesiannetwork (Pearl,
1988). A Bayesiannetwork is a directedacyclic
graphin which thenodesrepresentthestochastic
variablesconsidered,while the structure(given
by the arcsbetweenthe nodes)constitutesa set
of conditionalindependenciesamongthesevari-
ables:a variableis conditionallyindependentof
its non-descendantsin thenetwork, givenits par-
entsin thenetwork. Considerthenetwork in Fig-
ure 2: it containsone noderepresentingthe di-
alogueact (DA), 3 nodesrepresentingutterance
features(N umWr ds, CanYou andI Want) and
a noderepresentinga context feature(Pr evDA).
From the network structurefollows that for ex-
amplevariableDA is conditionally independent
of variableN umWr ds, givenvariableCanYou.

The conditional independenciesmake the
modelcomputationallymore feasible: �nding a
speci�cation of the joint probability distribution
(jpd) for themodelreducesto �nding thecondi-
tionalprobabilitydistributionsof eachof thevari-
ablesgiventheirnetwork parents.In ourexample
network, thefollowing jpd speci�cationholds:

P(DA; N umWr ds;CanYou; I Want; P r evDA) =

P(I Want ) � P (P r evDAjDA) � P (CanYou) �
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Figure2: A BayesianNetwork for DialogueAct
Recognition.

� P (DAjCanYou; I Want ) �

� P (N umWr dsjCanYou;P r evDA)

Theconstructionof a Bayesiannetwork hence
amountsto choosinganetwork structure(thecon-
ditional independencies)andchoosingthecondi-
tional probability distributions. In practice,the
probabilitieswill have to be assessedfrom em-
pirical databy usingstatisticaltechniques.The
structurecangeneratedfrom datatoo,but another
option is to chooseit manually: the arcsin the
network canbechosen,basedontheintuition that
they representa causalor temporalrelationship
betweentwo variables.Strictly spoken however,
aBayesiannetwork only representsinformational
relationshipsbetweenvariables.

Notice that the machine learning technique
known asNaiveBayesClassi�er (seefor instance
(Mitchell, 1997)) assumesthat all variablesare
conditionally independentof each other given
the variable that has to be classi�ed. A Naive
Bayesclassi�er canbe seenasa specialcaseof
a Bayesiannetwork classi�er, wherethenetwork
structureconsistsof arcsfrom the classvariable
to all variablesrepresentingthefeatures:seeFig-
ure3.

DA

IWant CanYou NumWrdsPrevDA

Figure3: NaiveBayesclassi�erasBayesianNet-
work.

Naive Bayesclassi�ers will perform as good
astheBayesiannetwork techniqueonly if indeed

all featurevariablesare conditionally indepen-
dent, given the classvariable. The problem is
of coursehow do we know that they arecondi-
tionally independent?If we don't have complete
analyticalknowledgeaboutthe(in)dependencies,
only analysingthedatacangiveananswerto this
question. The advantageof usingBayesiannet-
works is that methodsexist to constructthe net-
work structureaswell as the conditionalproba-
bilities. Moreover Bayesiannetworks are more
�e xible in their use: unlike Bayesianclassi�ers
we can retrieve the posteriorprobabilitiesof all
the network variableswithout re-computationof
themodel.Thesameadvantagedo Bayesiannet-
workshave over DecisionTreelearningmethods
like C4.5 that output a decisiontree for classi-
fying instanceswith respectto a given selected
class variable. Experimentshave shown that
Naive Bayesianclassi�ersgive resultsthatareas
good as or even better than thoseobtainedby
decision tree classi�cation techniques. Hence,
thereare theoreticalaswell aspracticalreasons
to useBayesiannetworks. However, sincethere
is hardly any experiencein usingBayesiannet-
works for dialogueact classi�cation we have to
doexperimentsto seewhetherthis techniquealso
performsbetter than the alternatives mentioned
above for thisparticularapplication.

The next two sectionsdescribeexperiments
with 1) theSCHISMA corpus- elaboratingonpre-
viouswork describedin (Keizer, 2001)- and2) a
preliminarysmallcorpusof navigationdialogues.
We motivateour choiceof dialogueactsandfea-
turesandpresentsome�rst resultsin training a
Bayesiannetwork andtestingits performance.

3 Experimentswith the Schismacorpus

3.1 Dialogue acts and features

The currentdialoguesystemfor interactingwith
Karin is basedon analysesof the SCHISMA cor-
pus. This is a corpusof 64 dialogues,obtained
throughWizardof Oz experiments.The interac-
tion betweenthewizard- ahumansimulatingthe
systemto bedeveloped- andthehumanuserwas
establishedthroughkeyboard-enteredutterances,
so the dialoguesare textual. The task at hand
is information exchangeand transaction: users
areenabledto make inquiriesabouttheatreper-



formancesscheduledandif desired,make ticket
reservations.

We have manually annotated20 dialogues
from the SCHISMA corpus, using two layers
of the DAMSL multi-layer annotationscheme
(Allen and Core, 1997), a standardfor annotat-
ing task-orienteddialoguesin general.Thelayer
of Forward-lookingFunctionscontainsactsthat
characterisethe effect an utterancehas on the
subsequentdialogue,while actson the layer of
Backward-lookingFunctionsindicatehow anut-
terancerelatesto thepreviousdialogue.Because
DAMSL doesnot provide a re�ned set of dia-
logueactsconcerninginformation-exchange,we
haveaddedsomenew dialogueacts.Forexample,
ref-question , if-question and alts-
question wereaddedasactsthatfurtherspec-
ify theexisting info-request .

For the experiments,we selecteda subsetof
forward- and backward-looking functions from
the hierarchythat we judgedasthe most impor-
tant onesto recognise:thoseare listed in Table
1. In Figure 4, a fragmentof an exampledia-
loguebetweenS (theserver) andC (theclient) is
given,in which we have indicatedwhat forward-
andbackward-lookingfunctionswereperformed
in eachutterance.

Forward-looking
Functions

assert
open-option
request
ref-question
if-question
alts-question
action-directive
offer
commit
conventional
expressive
otherff

Backward-looking
Functions

accept
approve
reject
disapprove
hold
acknowledge
not-understood
positive answer
negative answer
feedback
otherbf

Table1: DialogueActs for SCHISMA.

Theuserutteranceshavealsobeentaggedman-
ually with linguistic features. We have distin-
guishedthefeaturesin Table2,assumingthey can
beprovidedfor by a linguisticparser.

Thedialoguecontext featuresselectedinclude
thebackward-lookingfunctionof thelastsystem
utteranceandtheforward-lookingfunctionof the
previous userutterance.In the experimentwith

S:Hello, how canI helpyou?
conventional

C: WhencanI seeHermanFinkers?
ref-question ; otherbf

S:OnSaturdaythe12that20h.
assert ; pos-answer

C: I would like 2 ticketsplease.
action-directive ; otherbf

S:Do you have a discountcard?
if-question ; hold

. . .

Figure4: Dialoguefragmentwith forward- and
backward-lookingfunctions.

SentenceType
declarative
yn-question
wh-question
imperative
nounphrase
adverbial
adjective
number
interjective
continuation

SubjectType
�rst person
secondperson
third person

Punctuation
period
questionmark
exclam.mark
comma
none

Table2: Utterancefeaturesfor SCHISMA.

the SCHISMA dialogueswe have constructeda
network structure(seeFigure5) by handandthen
usedthe dataof the annotateddialoguesto train
therequiredconditionalprobabilities.

PBFS

FFC

SeTp

SuTp

Punct

PFFC

Figure5: Bayesiannetwork for DAR tobetrained
with theSCHISMA dialogues.

The choice of structureis basedon the in-
tuition that the model re�ects how a client de-
cides which communicative action to take; al-
though the arcs themselves have no explicit
meaning - they only contribute to the set of
conditional independencies- they can be seen
here as a kind of temporal or causalrelation-
ships betweenthe variables(as mentionedear-
lier in Section2): given the dialoguecontext -



de�ned by thepreviousforward-lookingfunction
of theclient (PFFC) andthepreviousbackward-
looking functionof theserver (PBFS), theclient
decideswhich forward-looking function to per-
form (FFC); from thisdecisionhe/sheformulates
a naturallanguageutterancewith certainfeatures
including the sentencetype (SeTp) the subject
type(SuTp) andpunctuation(Punct).

Recalling the notion of conditional indepen-
dencein Bayesiannetworksdescribedin Section
2, it follows that by choosingthenetwork struc-
ture of Figure5, we have madethe (admittedly,
disputable)assumptionthat, given the forward-
looking functionof theclient, thethreeutterance
featuresare conditionally independentof each
other.

3.2 Results and evaluation

For assessingtheconditionalprobabilitydistribu-
tions, we have usedthe Maximum A Posteriori
(MAP) learningtechnique- seee.g.(Heckerman,
1999). For trainingwe have used330 datasam-
pleswhich is 75% of the availabledata; the re-
mainingsampleshave beenusedfor testing.We
have measuredthe performanceof the network
in termsof the accuracy of estimatingthe cor-
rect forward-lookingfunction for differentcases
of availableevidence,varyingfrom having noev-
idenceat all to having evidenceon all features.
This resultedin an averageaccuracy of 43.5%.
Addingcompleteevidenceto thenetwork for ev-
ery testsampleresultedin 38.7%accuracy.

As theamountof datafrom theSCHISMA cor-
puscurrentlyavailableis rathersmall,theresults
cannotexpectedto be very goodandmoredata
haveto becollectedfor furtherexperiments.Still,
thetestingresultsshow thattheaccuracy is signif-
icantly betterthananexpectedaccuracy of 8.3%
in thecaseof guessingthedialogueactrandomly.
A tighterbaselinecommonlyusedis the relative
frequency of themostfrequentdialogueact. For
thedatausedhere,thisgivesabaselineof 32.5%,
which is still lessthanournetwork's accuracy.

4 Experiments with the navigation
corpus

4.1 Dialogue acts and features

A smallcorpusof dialogueswasderivedfrom the
�rst implementationof a dialoguesystemfor in-

teractionwith the navigation agent. For the ex-
perimentswith thenavigationcorpuswealsouse
the DAMSL layersof Forward- and Backward-
looking functions. On eachof thesetwo lay-
erswe only distinguishdialogueactson the �rst
level of the hierarchies(seeTable 3 for the di-
alogueactsused);a morere�ned subcategorisa-
tion shouldbeperformedby a secondstepin the
DAR module. The dialogueactsin Table1 can
be found at the deeperlevels of the DAMSL hi-
erarchy, e.g. a request is a specialcaseof a
infl addr fut act and an acknowledge
is a specialcaseof an understanding . The
dialogueact recognisermay also usemore ap-
plication speci�c knowledge in further identi�-
cation of the user intention. Information that
may be usedis dialogueinformationconcerning
topic/focus.

Forward-looking
Functions

statement
infl addr fut act
info request
commsp fut act
conventional
expl performative
exclamation

Backward-looking
Functions

agreement
understanding
answer

Table3: DialogueActs for Navigation.

For the navigation dialogues,we have chosen
a setof surfacefeaturesof what will eventually
bespoken utterances,in contrastto the typeddi-
aloguesin the SCHISMA corpus. Therefore,we
don't usea textual featurelike punctuation.For
eachutterance,the featurevaluesare found au-
tomatically using a tagger (the featuresin the
SCHISMA dialogueswere taggedmanually). In
Table4 wehave listedthefeatureswith theirpos-
siblevalueswe initially considerrelevant.

The dialogue context features include the
backward- and forward-looking function of the
previous dialogueact. This is alwaysa dialogue
act performedby the system. The possibledia-
logueactsperformedby thesystemarethesame
asthoseperformedby theuser.

The network is generatedfrom datathat were
obtained by manually annotatingthe user ut-
terancesin the navigation corpusfollowing the
DAMSL instructionsas close as possible. As
with every categorisationthere are problematic



Features Values
lenq one,few, many
iswh true,false
not in prev true,false
startsWithCanYou true,false
startsWithCanI true,false
startsWithIWant true,false
containsPositive true,false
containsNegative true,false
containsOkay true,false
containsLocativePrep true,false
containsLocativeAdverb true,false
containsTell true,false
containsDo true,false

Table4: Surfacefeaturesof userutterancesand
theirpossiblevalues.

border cases,e.g. when to annotatewith in-
direct speechacts. We usedthe criterion that
suchan act shouldbe recognisedwithout task-
speci�c considerations.Thereforethe utterance
“I want to make a phone-call”is annotatedasa
statement althougheventuallyit shouldbein-
terpretedas an info request (“where can I
�nd a phone?”)in thecontext of a navigationdi-
alogue.

After thedialogueacthasbeenrecognisedthe
navigationagentwill make a plan for furtherac-
tions andperformthe plannedactions. We will
notdiscussthathere.

4.2 Results and evaluation

In this experimentthe dataareusedfor learning
both structureandconditionalprobabilitiesof a
Bayesiannetwork. Wehave usedanimplementa-
tion of theK2 algorithm(CooperandHerskovits,
1992)to generatethenetwork structureandthen
- like in theSCHISMA experiment- usedMAP to
assesstheconditionalprobabilitydistributions.

Starting from the small corpusof navigation
dialogues,a procedurehasbeenplannedto iter-
atively enlarge the corpus: given the annotated
corpus,derive a network, use the network in a
dialoguesystem,test the network andaddthese
dialogues- with the correctedbackward- and
forward-lookingfunctions- to the corpus. This
resultsin a moreextendedsetof annotateddia-
logues. And we start again. After eachof the
cycleswe comparethe results(in termsof accu-
racies)with theresultsof thepreviouscycle. This
shouldgive moreinsight in theusefulnessof the
featuresandvalueschosenfor theBayesiannet-

work. After decidingto adaptthesetof features
we automaticallyannotatethecorpus;we derive
anew network andwe testagain.

Thecurrentcorpusis too small to expectgood
resultsfrom ageneratednetwork,especiallyif the
dataareusedfor learningboth the structureand
theprobabilitydistributions.Fromtheinitial cor-
pusof 81utterances75%wasusedfor generating
a Bayesiannetwork. Testingon the remaining
25% resultedin accuracy of 57.1%for classify-
ing the forward-lookingfunction and81.0%for
classifyingthe backward-looking function. Af-
ter this �rst cycle, new datahave beengenerated
interactively, following the proceduredescribed
above. The Bayesiannetwork trainedfrom this
new datasetresultedin the improved accuracies
of 76.5%and88.2%for classifyingthe forward-
andbackward-lookingfunctionrespectively. Fol-
lowing this training and testing procedure,we
hopeto developBayesiannetworkswith increas-
ing performance.

5 Discussionand conclusions

In this paper we have discussedthe use of
Bayesiannetworksfor dialogueactrecognitionin
a naturallanguagedialoguesystem.We have de-
scribedthe constructionof suchnetworks from
datain two cases:1) usingannotateddialogues
from the SCHISMA corpus - information ex-
changeandtransaction- and2) usingasmallcor-
pusof annotatednavigationdialogues.

As the amountof data currently available is
rather small (especiallythe navigation corpus),
the network performancesmeasuredarenot too
impressive. In orderto getmoredata,wehavede-
velopeda testingenvironmentwhich at thesame
time enablesus to enlarge the corpus. With the
increasingamountof datawe hopeto construct
Bayesiannetworks with increasingperformance.
As for the SCHISMA corpus, there are 44 dia-
loguesthatremainto beannotated,alsoresulting
in moredata.

Oneof the �rst andmost importantquestions
to beansweredconcernstheselectionof a setof
features(andtheir values)that setup themodel.
We startedwith a setof featuresselectedon in-
tuition. Thenthedialoguecorpuswasannotated.
As a resultof experimentswe mayconcludethat
someof the featureshave no selective value,so



wecanleave themoutof themodel.
In the future we would like to comparethe

approachof usingBayesiannetworks with other
classi�ersthatcanalsobeconstructedfrom data,
e.g.decisiontreesor Bayesianclassi�ers.Figure
5 shows the accuraciesof threedifferent classi-
�ers that weregeneratedfrom the currentsetof
navigationdata.

Class Bayesian Decision Naive
variable network tr ee Bayes

forw funct 76.5% 50.0% 55.9%
backwfunct 88.2% 64.7% 61.8%

Table 5: Accuraciesof three different classi-
�ers for classifying the forward-looking func-
tion (forw funct) andbackward-lookingfunction
(backwfunct), where all classi�ers have been
built from thesamesetof navigationdata.

In our futureexperimentswe will take into ac-
count more re�ned performancemeasureslike
precisionand recall and confusionmatricesin
which classi�cation results for individual dia-
logueact typesareshown. Suchresultscanhelp
usmake decisionsw.r.t. theselecteddialogueact
typesandfeatures.

Furthermore,non-verbal communicative ac-
tions like pointing at objectsin the virtual envi-
ronmentcould be relevant in recognisingdialog
actsand should thereforebe madeavailable as
possiblefeaturesin our Bayesiannetwork clas-
si�ers.
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