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Abstract

We describe an information-theoretic
argument-interpretation mechanismem-
beddedin an interactive system. Our
mechanismreceivesasinput anargument
enteredthrougha webinterface.It gener-
atescandidateinterpretationsin termsof
its underlyingknowledgerepresentation–
aBayesiannetwork, andappliestheMini-
mum MessageLengthprinciple to select
the best candidate. The results of our
preliminary evaluationsare encouraging,
with thesystemgenerallyproducingplau-
sibleinterpretationsof users'arguments.

Keywords: Minimum messagelength,discoursein-
terpretation,Bayesiannetworks.

1 Intr oduction

Discourseinterpretationis an essentialcomponent
of any dialoguesystem.However, most interactive
systemsdevelopedto dateafford userslimited op-
portunitiesto expresstheir views. Thediscoursein-
terpretationmechanismdescribedin this papercon-
stitutesasteptowardssolvingthis problem.

This researchbuilds on our previous work on
BIAS – a BayesianInteractiveArgumentationSys-
tem which usesBayesiannetworks (BNs) (Pearl,
1988) as its knowledgerepresentationand reason-
ing formalism. BIAS is designedto be a complete
argumentationsystemwhich will eventuallyengage
in unrestrictedinteractionswith users.However, in
this paper, we focuson its discourseinterpretation

mechanismand the impact of attentionalfocus on
theinterpretationprocess.

Thecontributionsof thispaperareasfollows.

1. We incorporate attentional focus into the
discourse-interpretation formalism describedin
(Zukermanand George, 2002), which usesthe
Minimum MessageLength (MML) Principle
(WallaceandBoulton, 1968) to evaluatecandi-
datediscourseinterpretations.

2. We investigatea web-basedargumentationfacil-
ity for the detective gamedescribedin (Zuker-
man,2001).

In the following section,we describeour detec-
tive game,and discussour knowledgerepresenta-
tion. Next, we outline the argumentinterpretation
process.In Section4,weprovideanoverview of our
Minimum MessageLength approachto discourse
interpretation,anddescribehow attentionalfocusis
incorporatedinto this formalism.Theresultsof our
evaluationarereportedin Section5. Wethendiscuss
relatedresearch,followedby concludingremarks.

2 Detective Game

As for the systemdescribedin (Zukerman,2001),
our experimentalset up takes the form of a game
wherethe userandthesystemarepartnersin solv-
ing a murdermystery, andneitherthe usernor the
systemis omniscient.Thatis, they have accessonly
to informationthey can�nd out by investigatingthe
murder. However, our currentset up differs from
that of our previous work in that the useris a ju-
nior detective, andthesystemis a desk-boundboss,



(a)Screenshotof Mr Body's bedroom (b) Detective Gir's notebook

Figure1: Samplescreenof theWWW interfaceandDetective's Notebook

who knows only what the user tells him. Thus,
the userdoesall the leg-work, navigating through
a virtual crime scene,makingobservationsandin-
terviewing witnesses,andreportsperiodicallyto the
boss. Thesereportsconsistof successively evolv-
ing argumentsfor the main suspect's guilt or inno-
cence.Further, the userhaslimited resources,i.e.,
time andmoney, which aredepletedasthe investi-
gationprogresses.To win the game,the usermust
build a cogentargumentregardingtheguilt or inno-
cenceof themainsuspectprior to exhaustinghis/her
resources.

In order to evaluatethe discourseinterpretation
capabilitiesof the system,in this paperwe restrict
the users' interactionwith the systemto a single
round.That is, a userreadstheinitial policereport,
optionally explores the virtual scenario,and then
presentsan argumentto his/herboss. The system
interpretsthe argument,andpresentsits interpreta-
tion backto the userfor validation. The resultsof
this validationarediscussedin our evaluation(Sec-
tion 5). In thefuture,thebosswill presentcounter-
arguments,pointout �a ws in theuser's argumentor
make suggestionsregardingfurtherinvestigations.

2.1 Playing the game– initial interaction

Thegamestartswith thepresentationof apolicere-
port that describesthe preliminariesof the casefor
a particularscenario.Thefollowing policereportis
presentedfor thescenariousedin thispaper.

Yesterday, Mr Body was found dead in his

bedroom. Fatal bullet woundswere foundin
Mr Body's chest.

Broken glasswas found inside the bedroom
window. A gunwasfoundin thegardenout-
sidethehouse, and�ngerprintswerefoundon
thegun.

Freshfootprints were found near the house,
and some peculiar indentations were ob-
servedin theground.Also,bluecar paintwas
scrapedon theletterbox.

After readingthepolicereport,theusermaynav-
igatethrougha virtual spaceto gatheradditionalin-
formation (Figure 1(a) shows a screenshot of the
victim's bedroom). The usermay recordinforma-
tion s/heconsidersinterestingin his/herNotebook
(Figure 1(b)), which is consultedby the userdur-
ing theargumentconstructionprocess.Uponcom-
pletion of his/her investigation,the userbuilds an
argumentcomposedof a sequenceof implications
leadingfrom evidenceto the argumentgoal. Each
implicationis composedof oneor moreantecedents
andconsequents.In thecurrentimplementation,the
antecedentsandconsequentsareobtainedby copy-
ing propositionsfrom a drop-down menuinto slots
in the argument-construction interface.1 Figure 2
shows a screen-shotof the argument-construction
interface,andanargumentbuilt by a particularuser

1An alternativeversionof oursystemacceptsfree-formNat-
ural Language(NL) input for antecedentsand consequents.
However, in our current version this capability has beenre-
placedwith a web-basedinterface.



Figure2: Argument-constructionscreenanduser's argument

after shehasreadthe police report,seenthe news-
paperandspoken to the forensicexperts. Figure3
shows the interpretationgeneratedby BIAS for the
argumentin Figure2. In it thesystem�lls in propo-
sitionsandrelationswheretheuserhasmadeinfer-
entialleaps,andpointsout its beliefsandtheuser's.

2.2 Domain representation

The domainpropositionsand the relationshipsbe-
tweenthemarerepresentedby meansof a Bayesian
network (BN) (Pearl,1988). EachBN in the sys-
tem can supporta variety of scenarios,depending
on the instantiationof the evidencenodes. The
murdermysteryusedfor this paperis represented
by meansof an 85-nodeBN (similar to that used
in (Zukerman,2001)). Figure 4 shows a portion
of this BN: the evidencenodesareboxed, andthe
goal node– GmurderedB – is circled. The � ve evi-
dencenodesmentionedin thepolicereportarebold-
facedandshaded,the two evidencenodesobtained
by the user in her investigationare boldfacedand
dark shaded([BayesianTimes Reports B Took G's Girl-

friend] and[Forensics Match G's Fingerprints]), andthe
evidencenodesemployed by the userin her argu-
menthave white text. The nodescorrespondingto
theconsequentsin theuser'sargumentareboldfaced
([G Has Means], [G Has Motive] and[G Murdered B]).

3 ProposingInter pretations

BIAS generatesinterpretationsof the user's argu-
ment in terms of its own beliefs and inferences,
which may differ from those in the user's argu-
ment. This may require adding propositionsand
relationsto the argumentstructureproposedby the
user, deletingrelationsfrom theuser's argument,or
postulatingdegreesof belief in the propositionsin
the user's argumentwhich differ from thosestated
by theuser.

Our systemgeneratescandidateinterpretations
for an argumentby �nding different ways of con-
nectingthepropositionsin theargument– eachvari-
antbeingacandidateinterpretation.This is doneby
(1) connectingthenodesin theargument,(2) remov-
ing super�uousnodes,and (3) building connected
sub-graphsof theresultantgraph.

Connectingnodes.This is doneby retrieving from
the domain BN neighbouringnodesto the nodes
mentionedin theuser's argument(eachproposition
accessiblethroughthe argumentationinterfacecor-
respondsto a nodein the domainBN). BIAS then
retrievestheneighbours'neighbours,andso on for
a few iterations.Theseretrieved neighboursarein-
ferrednodes.This processof retrieving neighbours
enablesusto model“inferential leaps”,i.e.,connec-
tionsmadeby auserbetweentwo nodesthatarenot



Figure3: BIAS' interpretationof theuser's argument
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adjacentin thedomainBN. As a resultof this pro-
cess,mentionednodesthat areseparatedby a few
inferrednodesin the domainBN will now be con-
nected,but mentionednodesthat are far apartwill
remainunconnected.If uponcompletionof thispro-
cess,a propositionin theuser's argumentis still un-
connected,thesystemwill have failedto �nd anin-
terpretation(in the future, theuserwill beasked to
�ll thisgap).

Removing super�uous nodes. This is done by
marginalizing out nodesthat arenot on a pathbe-
tweenanevidencenodeandthegoalnode.

Building sub-graphs.BIAS derivesall theinterpre-
tationsof an argumentby computingcombinations
of pathswhichproduceconnectedgraphsthatincor-
poratethenodesmentionedby theuser.

The Bayesiansubnetsgeneratedin this manner
arecandidateinterpretationsof a user's argumentin
termsof BIAS' domainknowledge.However, these
subnetsalonedo not alwaysyield thebeliefsstated
by theuser, astheusermayhave takeninto account
implicit assumptionsthat in�uence his/herbeliefs.
For instance,theargumentin Figure2 positsabelief
of A Little Likely in Mr Green's guilt, while Bayesian
propagationfrom theavailableevidenceyieldsabe-
lief of A Little Unlikely. This discrepancy may be at-
tributed to the user's lack of considerationof Mr
Green's opportunityto murderMr Body (her argu-
mentincludesonly meansandmotive),anerroneous
assessmentof Mr Green's opportunity, or anassess-
mentof theimpactof opportunityonguilt whichdif-
fers from BIAS'. In the future,our mechanismwill
considerthe�rst two factorsfor neighbouringnodes
of an interpretation(the third factorinvolves learn-
ing a user's ConditionalProbabilityTables– a task
thatis outsidethescopeof thisproject).

4 Selectingan Inter pretation

In this sectionwe presentthe Minimum Message
Length criterion, describeits usefor argumentin-
terpretation,andshow how attentionalfocus is in-
corporatedinto ourMML model.

4.1 MML Encoding

MML (WallaceandBoulton, 1968) is a modelse-
lection criterion (usedto selectbetweencandidate
modelsthatexplain observed data). TheMML cri-

terion implementsOccam's Razor, which may be
statedasfollows: “If you have two theorieswhich
both explain the observed facts, then you should
usethe simplestuntil moreevidencecomesalong”
(the sameidea is embodiedin Einstein's aphorism
“Makeeverythingassimpleaspossible,but notsim-
pler”). This criterion balancesdata�t with model
complexity. That is, the bestmodel should�t the
datawell and it shouldbe simple. In probabilistic
terms,given dataD , theMML criterionselectsthe
modelM with thehighestposteriorprobability.

argmaxM Pr(M jD) =
Pr(D&M )

Pr(D )

=
Pr(M ) � Pr(D jM )

Pr(D )

(theconstantdenominatorcanbe ignoredwhense-
lectingthehighest-probabilitymodel.)

An optimal encoding for an event E with
probability Pr(E) has messagelength ML(E) =
� log2 Pr(E) (in bits). Hence,in information the-
oretic terms,the MML criterion selectsthe model
M which yieldstheshortestmessagethat transmits
themodelandthedata.

argminM ML(D&M ) = ML(M ) + ML(D jM )

Themessagefor thedataandthemodelis composed
of two parts: the �rst part transmitsthemodel,and
the secondpart transmitsinstructionsfor recover-
ing the datafrom themodel. The modelfor which
ML(D&M ) is minimal is themodelwith thehigh-
estposteriorprobability.

4.2 Evaluating Interpretations

The problem of selectingan interpretationfor a
user's argument among candidateinterpretations
maybeviewedasamodelselectionproblem,where
the argumentis the data,and the interpretationis
the model. Let Arg be a graphicalrepresentation
of an argument(with antecedentspointing to con-
sequents),andSysIntaninterpretationgeneratedby
our system. Thus, we are looking for the SysInt
whichyieldstheshortestmessagelengthfor

ML(Arg&SysInt) = ML(SysInt) + ML(ArgjSysInt)

The �rst part of the messagedescribesthe inter-
pretation,andthe secondpart describeshow to re-
constructtheargumentfrom theinterpretation.The
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Figure5: Interpretationof a simpleargument

expectationfrom usingtheMML criterionis thatin
�nding aninterpretationthatyieldstheshortestmes-
sagefor anNL argument(i.e.,theinterpretationwith
thehighestposteriorprobability),we will have pro-
duceda plausibleinterpretation,which hopefully is
theintendedinterpretation.Thisinterpretationis de-
terminedby comparingthe messagelength of the
candidateinterpretations,which areobtainedasde-
scribedin Section3.

Sincedomainpropositions(ratherthan NL sen-
tences)areusedto constructan argument,Arg can
be directly obtainedfrom the input.2 SysIntis then
derived from Arg by using the links and nodesin
thedomainBN to connectthepropositionsin thear-
gument(Section3). Whentheunderlyingrepresen-
tation hasseveral waysof connectingbetweenthe
nodesin Arg, thenmorethanonecandidateSysIntis
generated(eachcandidatehasat leastoneinferred
nodethat doesnot appearin the othercandidates).
This is thecasefor thesimpleargumentin Figure5,
which is composedof two antecedentsandonecon-
sequent.This argumenthastwo interpretations(the
portionof thedomainBN from which the interpre-
tationsareextractedappearsat the bottomof Fig-
ure4). Theinferrednodesfor thetwo interpretations
in Figure5 are [G At Window] for SysIntA , and [Lad-

der Outside Window] and[B Killed From Outside Window]

for SysIntB ; theinferredlinks aredrawn with dashed
lines(thenodesin Arg areshaded,andthelinks are
curved).

After candidateinterpretationshave beenpostu-
lated,theMML criterionis appliedto selectthebest
interpretation,i.e., the interpretationwith theshort-

2This is not thecasein theversionof thesystemwhichtakes
NL input, sincetheremaybemorethanonepropositionthat is
a reasonableinterpretationfor a sentencein anargument.

estmessage.Thecalculationof themessagelength
takesinto accountthefollowing factors:(1) thesize
of aninterpretation,and(2) thestructuralandbelief
similarity betweenthe interpretationand the argu-
ment.Thesefactorsin�uence thecomponentsof the
messagelengthasfollows.

� ML(SysInt) representsthe probability of SysInt.
According to the MML principle, concisein-
terpretations(in termsof numberof nodesand
links) aremoreprobablethanmoreverbosein-
terpretations.

� ML(ArgjSysInt) representstheprobabilitythata
userutteredArg whens/heintendedSysInt. This
probability dependson the structuralsimilarity
betweenSysIntand Arg (in termsof the nodes
andlinks thatappearin Arg andSysInt), andon
thesimilarity betweenthebeliefsin thenodesin
Arg and the correspondingnodesin SysInt(the
beliefsin thenodesin SysIntareobtainedby per-
forming Bayesianpropagationthrough SysInt;
thus,differentSysInts mayyield differentbeliefs
in the consequentsof an argument). According
to this component,interpretationsthat aremore
similar to Arg are more probable(i.e., yield a
shortermessage)thaninterpretationsthatareless
similar to Arg.

Table1 summarizestheeffect of thesefactorson
the messagelength for SysIntA and SysIntB (Fig-
ure5). SysIntA is simplerthanSysIntB , thusyield-
ing ashortermessagelengthfor the�rst component
of the message.SysIntA is structurallymoresimi-
lar to Arg thanSysIntB , yielding a shortermessage
length for this aspectof ArgjSysIntA (SysIntA dif-
fers from Arg by 1 nodeand3 links, while SysIntB



Table1: Messagelengthcomparisonof two interpretations

ML of Factor SysIntA SysIntB ShortestML
SysInt Size 4 nodes,3 links 5 nodes,4 links SysIntA
ArgjSysInt Structuralsimilarity 1 node,3 links difference 2 nodes,4 links difference SysIntA

Belief similarity lesssimilar moresimilar SysIntB

differs from Arg by 2 nodesand4 links3). In this
example,we assumethat the belief in [G had Op-

portunity to Murder B] in SysIntB is strongerthanthat
in SysIntA , andhencecloserto the assertedconse-
quentof the argumentin Figure 5. This yields a
shortermessagelengthfor the belief componentof
ML(ArgjSysIntB ). However, this is not suf�cient
to overcomethe shortermessagelengthof SysIntA
dueto structuralsimilarity andconciseness.Thus,
althoughboth interpretationsof the argumentare
reasonable,SysIntA is thepreferredinterpretation.

As seen in this example, the MML criterion
weighs possibly con�icting considerationsduring
discourseinterpretation,e.g., a verboseinterpreta-
tion that is similar to a user's argumentis preferred
to a moreconciseinterpretationthatis dissimilar.

4.3 Modeling Attentional Focus

Theabove-presentedinterpretationprocessassumes
thatall inferredpropositionsareequallylikely to be
includedin a user's argument.However, this is not
necessarilythe case. We posit that a useris more
likely to imply (insidean inferential leap)proposi-
tions previously seenby him/her thanpropositions
s/hehasnever encountered.In this case,the length
of the part of the messagewhich conveys SysInt
shouldnot only dependon the sizeof the interpre-
tation (in termsof numberof nodesandlinks), but
alsoon the probability that the userwill employ in
his/herargumentthenodesin thatinterpretation.

We have modeledtheprobability thata userwill
includea propositionin his/herargumentasa func-
tion of theproposition's presencein theuser's focus
of attention.Attentionalfocusin turn wasmodeled
by meansof an activation level which dependson

3Thereare2 links in SysIntA thatarenot in Arg, and1 link
in Arg thatis not in SysIntA (total3 links difference).A similar
calculationis performedfor SysIntB .

thefollowing factors:4

� thetypeof accessof a proposition,e.g.,whether
the propositionwas copied from the menu or
seenwhenexploring thescenario;and

� the passageof time, i.e., the longer the time
elapsedsincethe last accessto the proposition,
thelower its level of activation.

Thesefactorswere combinedas follows to ex-
pressthe probability that a propositionwill be in-
cludedin anargument:

Pr(Prop) /
nX

i =1

AccessTypei (Prop) �

[CurTime � TimeStmpi + 1]� b

wheren is thenumberof timesthepropositionwas
accessed,AccessTypeis ascorethatre�ectstheman-
ner in which thepropositionwasaccessed,b = 1 is
anempiricallydeterminedexponent,CurTimeis the
currenttime, andTimeStmpi is the time of the i th
access.According to this formula, whena propo-
sition is accessed,activation is addedto thecurrent
accumulated(anddecayed)activation.Thatis, there
is aspike in thelevel of activationof theproposition,
whichstartsdecayingfrom thatpointagain.

To illustratetheeffect of attentionalfocuson the
argument interpretationprocess,let us reconsider
thesampleargumentin Figure5, andlet usassume
that [G At Window] wasnever seenby theuser, while
[Ladder Outside Window] and [B Killed From Outside

Window] wereseenrecently. In thiscase,ahighprob-
ability for thesetwo propositionsmayovercomethe
factorsin favourof SysIntA , therebymakingSysIntB
thepreferredinterpretation.

4Other factors,suchas intrinsic salienceof a proposition,
have notbeenmodeledat present.



5 Evaluation

The systemwasevaluatedin two modes:(1) auto-
maticand(2) userbased.

Our automaticevaluation, describedin (Zuker-
manandGeorge,2002),consistedof having thesys-
tem interpretnoisy versionsof its own arguments.
Theseargumentsweregeneratedfrom differentsub-
netsof its domainBN, andthey weredistortedby
changingthebeliefsin thenodes,andinsertingand
deletingnodesandarcs. All thesedistortionswere
performedon BNs of differentsizes(3, 5, 7 and9
arcs). Our measureof performancewas the edit-
distancebetweenthe original BN usedto generate
an argument, and the BN producedas the inter-
pretationof this argument. BIAS producedan in-
terpretationin 86% of the 5400 trials. In 75% of
the5400cases,thegeneratedinterpretationshadan
edit-distanceof 3 or lessfrom theoriginalBN (e.g.,
the interpretationdiffered from the original argu-
ment by one nodeand two links), and in 50% of
the cases,the interpretationsmatchedperfectly the
originalBN.

A preliminary user-based evaluation was per-
formedwith 10 computer-literatestaff andstudents
from our University. Our evaluationwasconducted
asfollows. We introducedthe usersto our system,
andexplainedits aims. We thenencouragedthem
to explore the scenario,andwhenthey wereready,
they built anargumentusingthe interfaceshown in
Figure2. BIAS thengeneratedan interpretationof
the argument,presentingit as shown in Figure 3.
The userswere asked to assessBIAS' interpreta-
tion undertwo conditions: beforeandafter seeing
a diagramof the domainBN. In the initial assess-
ment,theuserswereasked to give BIAS' interpre-
tationascorebetween1 (VeryUNreasonable)and5
(VeryReasonable),andto optionallyprovide further
comments.In thesecondassessment,theuserswere
giventhecompletediagramfor thepartialBN shown
in Figure4, andwereasked to re-assessBIAS' in-
terpretationin light of thisdomainknowledge.They
werealsoaskedto tracetheirpreferredinterpretation
on thediagram(onpaper).

Our usersfound the systemsomewhat daunting,
and indicatedthat the interfacefor enteringan ar-
gumentwasinconvenient. We believe that this was
partly dueto their lack of familiarity with theavail-

able domainpropositions. That is, the userswere
facedwith 85 new propositions,which they hadto
readin orderto determinewhich one(s)they could
useto expresswhat they hadin mind. Nonetheless,
the usersmanagedto constructarguments,which
rangedin sizefrom 2 propositionsto 26,andgave a
generallyfavourableassessmentof BIAS' interpre-
tations. Overall the averagescoreof BIAS' inter-
pretationswas4 beforeseeingtheBN diagramand
4.25afterseeingthediagram.Thisindicatesthatun-
derstandingthe constraintsimposedby a system's
domainknowledgemay in�uence users'ability to
interactwith thesystem.

The main lessonslearnedfrom this preliminary
evaluationpertainto two aspects:(1) the interface,
and(2) theuseof BNs for discourseunderstanding.
In orderto improve theusabilityof theinterface,we
will integrateit with BIAS' NL module.It is envis-
agedthatasolutioncombiningmenusandNL input
will yield thebestresults.Our evaluationalsocor-
roboratesthe insightsfrom Section3 regardingthe
dif�culties of takinginto accountusers'assumptions
during the argumentinterpretationprocess. How-
ever, the resultsof our evaluationare encouraging
with respectto theuseof theMML principlefor the
selectionof interpretations.In the future, we pro-
poseto conductamorerigorousevaluationwith ad-
ditionalusersto con�rm theseresults.

6 RelatedResearch

Our researchbuilds on work describedin (Zuker-
man,2001;ZukermanandGeorge,2002),which in-
tegratesplan recognitionfor discourseunderstand-
ing with BNs. Zukerman(2001) useda domain
modelandusermodelrepresentedasaBN, together
with linguistic andattentionalinformation,to infer
a user's goal from a single-proposition rejoinderto
a system-generatedargument. However, the com-
binationof theseknowledgesourceswasbasedon
heuristics.ZukermanandGeorge(2002)developed
theinitial probabilisticmodelfor applyingtheMML
principleto argumentinterpretation.Hereweextend
this model to includeattentionalfocus, integrateit
into an interactive interpretationsystem,andevalu-
ateit with users.

The MML principle (Wallace and Boulton,
1968) is a model-selection technique which
applies information-theoretic criteria to trade



data �t against model complexity. MML has
been used in a variety of applications, sev-
eral of which are listed in http://www.csse.

monash.edu.au/ � dld/Snob.application.pap ers .
In this paper, we demonstratethe applicability of
MML to ahigh-level NL task.

BNs have beenusedin several systemsthat per-
form plan recognition, e.g., (Charniakand Gold-
man,1993;Gertneret al., 1998;Horvitz andPaek,
1999). CharniakandGoldman's system(Charniak
and Goldman,1993) handledcomplex narratives,
usingaBN andmarkerpassingfor planrecognition.
It automaticallybuilt andincrementallyextendeda
BN from propositionsread in a story, so that the
BN representedhypothesesthat becameplausible
asthe story unfolded. Marker passingwasusedto
restrict the nodesincludedin the BN. In contrast,
we usedomainknowledgeto constrainour under-
standingof the propositionsin a user's argument,
andapply the MML principle to selecta plausible
interpretation.Gertneret al. (1998)useda BN to
representthe solutionof a physicsproblem. After
observingan action performedby a student,their
system(Andes)postulatedcandidateinterpretations
(like BIAS' SysInt), eachhypothesizingsubsequent
actions. Unlike Andes,BIAS is presentedwith a
completeargument.Hence,it mustalsoconsiderthe
�t betweenall theargumentpropositionsandthein-
terpretation(ArgjSysInt). Finally, thesystemdevel-
opedby Horvitz andPaek(1999)handledshortdi-
aloguecontributions,andusedBNs at differentlev-
elsof anabstractionhierarchyto infer a user's goal
in information-seekinginteractionswith a Bayesian
Receptionist.In addition,they employed decision-
theoreticstrategies to guidethe progressof the di-
alogue. We expectto usesuchstrategieswhenour
systemengagesin a full dialoguewith users.

7 Conclusion

We have offereda mechanismbasedon the MML
principle that generatesinterpretationsof extended
argumentsin the context of a BN. The MML prin-
ciple providesa theoreticallysoundframework for
weighingpossiblycon�icting considerationsduring
discourseinterpretation. This framework enables
us to representstructuraldiscrepanciesbetweenthe
underlying,detaileddomainrepresentationandthe
moresparseargumentsproducedby people(which

typically containinferential leaps). The resultsof
our formative evaluationareencouraging,support-
ing the applicationof the MML principle for argu-
mentinterpretation.

Acknowledgments

This researchwas supportedin part by Australian
ResearchCouncil grant A49927212. The authors
thanksCharlesTwardy on insightful commentsre-
gardingMML.

References

EugeneCharniakand Robert P. Goldman. 1993. A
Bayesianmodelof plan recognition. Arti�cial Intel-
ligence, 64(1):50–56.

Abigail Gertner, Cristina Conati, and Kurt VanLehn.
1998. Proceduralhelpin Andes:Generatinghintsus-
ing a Bayesiannetwork studentmodel. In AAAI98–
Proceedingsof the FifteenthNational Conferenceon
Arti�cial Intelligence, pages106–111,Madison,Wis-
consin.

Eric Horvitz andTim Paek. 1999. A computationalar-
chitecturefor conversation.In UM99– Proceedingsof
theSeventhInternationalConferenceon UserModel-
ing, pages201–210,Banff, Canada.

JudeaPearl.1988.ProbabilisticReasoningin Intelligent
Systems. MorganKaufmannPublishers,SanMateo,
California.

C.S. Wallace and D.M. Boulton. 1968. An informa-
tion measurefor classi�cation. The ComputerJour-
nal, 11:185–194.

Ingrid ZukermanandSarahGeorge. 2002. A Minimum
MessageLengthapproachfor argumentinterpretation.
In Proceedingsof theThird SIGdialWorkshoponDis-
course and Dialogue, pages211–220,Philadelphia,
Pennsylvania.

Ingrid Zukerman.2001.An integratedapproachfor gen-
eratingargumentsandrebuttalsandunderstandingre-
joinders. In UM01 – Proceedingsof theEighthInter-
nationalConferenceon UserModeling, pages84–94,
Sonthofen,Germany.


