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Abstract

We describe an information-theoretic
argument-interpretatn mechanismem-
beddedin an interactve system. Our
mechanisnrecevesasinput anamgument
enteredhroughawebinterface. It gener
atescandidatenterpretationsn termsof
its underlyingknowledgerepresentatior
aBayesiametwork, andappliesthe Mini-
mum Messagd_ength principle to select
the best candidate. The results of our
preliminary evaluationsare encouraging,
with the systemgenerallyproducingplau-
sibleinterpretation®f users'aguments.

Keywords: Minimum messagéength,discoursen-
terpretationBayesiametworks.

1 Intr oduction

Discourseinterpretationis an essentialcomponent
of ary dialoguesystem. However, mostinteractve
systemsdevelopedto dateafford userslimited op-
portunitiesto expresstheir views. Thediscoursan-
terpretatiormechanisnmdescribedn this papercon-
stitutesa steptowardssolvingthis problem.

This researchbuilds on our previous work on
BIAS — a Bayesianinteractive ArgumentationSys-
tem which usesBayesiannetworks (BNs) (Pearl,
1988) asits knowvledgerepresentatiomnd reason-
ing formalism. BIAS is designedo be a complete
argumentatiorsystemwhich will eventuallyengage
in unrestrictednteractionswith users.However, in
this paper we focus on its discourseinterpretation
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mechanismand the impact of attentionalfocus on
theinterpretatiorprocess.
Thecontrikutionsof this paperareasfollows.

1. We incorporate attentional focus into the
discourse-interpration formalism describedin
(Zukermanand Geoge, 2002), which usesthe
Minimum MessagelLength (MML) Principle
(Wallaceand Boulton, 1968) to evaluatecandi-
datediscoursénterpretations.

2. We investigatea web-base@mgumentatiorfacil-
ity for the detectve gamedescribedn (Zuker
man,2001).

In the following section,we describeour detec-
tive game,and discussour knowledge representa-
tion. Next, we outline the algumentinterpretation
processin Sectiord, we provide anovervien of our
Minimum Messagelength approachto discourse
interpretationanddescribehow attentionafocusis
incorporatednto this formalism. The resultsof our
evaluationarereportedn Sectiorb. Wethendiscuss
relatedresearchfollowed by concludingremarks.

2 Detectve Game

As for the systemdescribedn (Zukerman,2001),
our experimentalset up takes the form of a game
wherethe userandthe systemare partnersn solv-
ing a murdermystery and neitherthe usernor the
systemis omniscient.Thatis, they have accesonly
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 detectve, andthe systemis a desk-boundoss,



(a) Screershotof Mr Body's bedroom

(b) Detectve Gir's notebook

Figurel: Samplescreerof the WWW interfaceandDetectve's Notebook

who knows only what the usertells him. Thus,
the userdoesall the leg-work, navigating through
a virtual crime scene,making obsenationsandin-
terviewing witnessesandreportsperiodicallyto the
boss. Thesereportsconsistof successely evolv-
ing agumentsfor the main suspecs guilt or inno-
cence. Further the userhaslimited resourcesi.e.,
time andmoney, which are depletedasthe investi-
gationprogressesTo win the game,the usermust
build a cogentagumentregardingthe guilt or inno-
cenceof themainsuspecprior to exhaustinghis/her
resources.

In orderto evaluatethe discourseinterpretation
capabilitiesof the system,in this paperwe restrict
the users' interactionwith the systemto a single
round. Thatis, a userreadstheinitial policereport,
optionally explores the virtual scenario,and then
presentsan agumentto his/herboss. The system
interpretsthe agument,and presentsts interpreta-
tion backto the userfor validation. The resultsof
this validationarediscussedn our evaluation(Sec-
tion 5). In thefuture,the bosswill presentounter
argumentspointout awsin theusers agumentor
make suggestionsegardingfurtherinvestigations.

2.1 Playing the game—initial interaction

Thegamestartswith the presentatiomf a policere-
port that describeghe preliminariesof the casefor
a particularscenario.Thefollowing policereportis
presentedor the scenariausedin this paper

Yesteday, Mr Body was found deadin his

bedoom. Fatal bullet woundswere foundin
Mr Bodyss chest.

Broken glasswas found inside the bedioom
window A gunwasfoundin the gardenout-
sidethehouseand ngerprintswerefoundon
thegun.

Freshfootprints were found near the house
and some peculiar indentations were ob-
servedn theground.Also,bluecar paintwas
scrapedontheletterbox.

After readingthe policereport,the usermay nav-
igatethrougha virtual spaceo gatheradditionalin-
formation (Figure 1(a) shavs a screenshot of the
victim's bedroom). The usermay recordinforma-
tion s/heconsidersinterestingin his/her Notebook
(Figure 1(b)), which is consultedby the userdur
ing the agumentconstructionprocess.Upon com-
pletion of his/herinvestigation,the userbuilds an
argumentcomposedf a sequencef implications
leadingfrom evidenceto the agumentgoal. Each
implicationis composeaf oneor moreantecedents
andconsequentdn the currentimplementationthe
antecedentand consequentare obtainedby copy-
ing propositionsrom a drop-davn menuinto slots
in the agument-construain interface® Figure 2
shawvs a screen-shobf the agument-constructio
interface,andanargumentbuilt by a particularuser

1An alternatie versionof our systemacceptdree-formNat-
ural Language(NL) input for antecedentsand consequents.
However, in our currentversion this capability has beenre-
placedwith aweb-basednterface.



Figure2: Argument-constructioacreerandusers algument

after shehasreadthe police report,seenthe news-
paperandspolen to the forensicexperts. Figure 3
shaws the interpretationgeneratedy BIAS for the
argumentin Figure2. In it thesystemlls in propo-
sitionsandrelationswherethe userhasmadeinfer-
entialleaps.andpointsoutits beliefsandthe users.

2.2 Domain representation

The domainpropositionsand the relationshipsbe-
tweenthemarerepresentetly meansof a Bayesian
network (BN) (Pearl,1988). EachBN in the sys-
tem can supporta variety of scenariosdepending
on the instantiationof the evidencenodes. The
murdermystery usedfor this paperis represented
by meansof an 85-nodeBN (similar to that used
in (Zukerman, 2001)). Figure 4 shavs a portion
of this BN: the evidencenodesare boxed, andthe
goal node— GmurderedB — is circled. The ve evi-
dencenodesmentionedn thepolicereportarebold-
facedandshadedthe two evidencenodesobtained
by the userin her investigationare boldfacedand
dark shaded[BayesianTimes Reports B Took G's Girl-
friend] and[Forensics Match G's Fingerprints]), andthe
evidencenodesemplg/ed by the userin her agu-
menthave white text. The nodescorrespondindo
theconsequents theusersalgumentareboldfaced
([G Has Means], [G Has Motive] and[G Murdered B)).

3 Proposinglnter pretations

BIAS generatesnterpretationsof the users amgu-
ment in terms of its own beliefs and inferences,
which may differ from thosein the users amgu-
ment. This may require adding propositionsand
relationsto the agumentstructureproposeddy the
user deletingrelationsfrom the users agument,or
postulatingdegreesof belief in the propositionsin
the users agumentwhich differ from thosestated
by theuser

Our system generatescandidateinterpretations
for an agumentby nding differentways of con-
nectingthepropositionsn theagument- eachvari-
antbeinga candidatenterpretationThis is doneby
(1) connectinghenodesn theagument,(2) remov-
ing super uousnodes,and (3) building connected
sub-graph®f theresultangraph.

Connectingnodes. This is doneby retrieving from
the domain BN neighbouringnodesto the nodes
mentionedn the users agument(eachproposition
accessiblgéhroughthe agumentatiorinterfacecor
respondgo a nodein the domainBN). BIAS then
retrievesthe neighbours'neighboursandso on for
afew iterations. Theseretrieved neighboursarein-
ferred nodes.This processf retrieving neighbours
enablesisto model“inferentialleaps”,i.e.,connec-
tionsmadeby a userbetweerntwo nodeshatarenot



Figure3: BIAS' interpretatiorof theusers agument
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adjacentn the domainBN. As a resultof this pro-
cess,mentionednodesthat are separatedy a few
inferrednodesin the domainBN will nowv be con-
nected,but mentionednodesthat are far apartwill
remainunconnectedf uponcompletionof this pro-
cessapropositionin theusers argumentis still un-
connectedthe systemwill have failedto nd anin-
terpretation(in the future, the userwill be asledto
Il thisgap).

Removing super uous nodes. This is done by
maiginalizing out nodesthat are not on a path be-
tweenanevidencenodeandthe goalnode.

Building sub-graphs.BIAS derivesall theinterpre-
tationsof an agumentby computingcombinations
of pathswhich produceconnectedjyraphghatincor
poratethe nodesmentionecdby theuser

The Bayesiansubnetsgeneratedn this manner
arecandidatenterpretation®f a users agumentin
termsof BIAS' domainknowledge.However, these
subnetsalonedo not alwaysyield the beliefsstated
by the user asthe usermay have takeninto account
implicit assumptionghat in uence his/herbeliefs.
For instancetheargumentin Figure2 positsabelief
of A Little Likely in Mr Greens guilt, while Bayesian
propagatiorfrom the availableevidenceyieldsabe-
lief of A Little Unlikely. This discrepang may be at-
tributed to the users lack of considerationof Mr
Greens opportunityto murderMr Body (her argu-
mentincludesonly meansandmotive),anerroneous
assessmemf Mr Greens opportunity or anassess-
mentof theimpactof opportunityonguilt which dif-
fersfrom BIAS'. In thefuture, our mechanisnwill
considetthe rst two factorsfor neighbouringhodes
of aninterpretation(the third factorinvolveslearn-
ing a users ConditionalProbability Tables— a task
thatis outsidethe scopeof this project).

4 Selectingan Inter pretation

In this sectionwe presentthe Minimum Message
Length criterion, describeits use for agumentin-
terpretation,and shav how attentionalfocusis in-
corporatednto our MML model.

4.1 MML Encoding

MML (Wallaceand Boulton, 1968)is a modelse-
lection criterion (usedto selectbetweencandidate
modelsthat explain obsered data). The MML cri-

terion implementsOccams Razor which may be
statedasfollows: “If you have two theorieswhich
both explain the obsered facts, then you should
usethe simplestuntil more evidencecomesalong”
(the sameideais embodiedin Einsteins aphorism
“Make everythingassimpleaspossible put notsim-
pler”). This criterion balancedata t with model
complity. Thatis, the bestmodelshould t the
datawell andit shouldbe simple. In probabilistic
terms,givendataD, the MML criterion selectshe
modelM with the highestposteriomprobability

P(D&M)
Pr(D)
Pr(M )

amgmax, P(M jD)

PDiM)
Pr(D)

(the constanidenominatorcanbe ignoredwhense-
lectingthe highest-probabilitynodel.)

An optimal encoding for an event E with
probability P(E) has messagdength ML(E) =

log, Pr(E) (in bits). Hence,in informationthe-
oretic terms,the MML criterion selectsthe model
M whichyieldsthe shortesimessagé¢hattransmits
themodelandthedata.

agminy, ML(D&M ) = ML(M ) + ML(DjM)

Themessagéor thedataandthemodelis composed
of two parts: the rst parttransmitsthe model,and
the secondpart transmitsinstructionsfor recorer
ing the datafrom the model. The modelfor which
ML (D &M ) is minimalis the modelwith the high-
estposteriomprobability

4.2 Evaluating Inter pretations

The problem of selectingan interpretationfor a
users amgument among candidateinterpretations
may beviewedasamodelselectiorproblem,where
the agumentis the data, and the interpretationis
the model. Let Arg be a graphicalrepresentation
of an agument(with antecedentgointing to con-
sequents)andSysintaninterpretationgeneratedby
our system. Thus, we are looking for the Sysint
whichyieldsthe shortestnessagéengthfor

ML (Arg& Sysin} = ML (SysIn} + ML (ArgjSysIn}

The rst partof the messagealescribeghe inter
pretation,andthe secondpart describeshow to re-
constructthe agumentfrom the interpretation.The
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Figure5: Interpretatiorof a simpleagument

expectationfrom usingthe MML criterionis thatin
nding aninterpretatiorthatyieldstheshortestmes-
sagefor anNL amgument(i.e.,theinterpretatiorwith
the highestposteriorprobability), we will have pro-
duceda plausibleinterpretationwhich hopefully is
theintendednterpretationThisinterpretatioris de-
terminedby comparingthe messagdength of the
candidatdnterpretationswhich areobtainedasde-
scribedin Section3.
Sincedomainpropositions(ratherthan NL sen-
tences)are usedto constructan agument,Arg can
be directly obtainedfrom theinput? Sysintis then
derived from Arg by usingthe links and nodesin
thedomainBN to connecthepropositionsn thear-
gument(Section3). Whenthe underlyingrepresen
tation hasseveral ways of connectingbetweenthe
nodesn Arg, thenmorethanonecandidateSysintis
generatedeachcandidatehasat leastoneinferred

nodethat doesnot appeaiin the othercandidates).

Thisis the casefor the simpleargumentin Figureb,
whichis composeaf two antecedentandonecon-
sequent.This agumenthastwo interpretationgthe
portion of the domainBN from which theinterpre-
tationsare extractedappearsat the bottom of Fig-
ured). Theinferrednodedor thetwo interpretations
in Figure5 are[G At Window] for SysIng, and[Lad-
der Outside Window] and[B Killed From Outside Window]
for Sysing ; theinferredlinks aredravn with dashed
lines(thenodesin Arg areshadedandthelinks are
cuned).

After candidateinterpretationshave beenpostu-
lated,the MML criterionis appliedto selecthebest
interpretationj.e., the interpretationwith the short-

2Thisis notthecasen theversionof thesystemwhichtakes

NL input, sincetheremay be morethanonepropositionthatis
areasonabl@terpretatiorfor a sentencén anargument.

estmessageThe calculationof the messagéength
takesinto accounthefollowing factors:(1) thesize
of aninterpretationand(2) the structuralandbelief
similarity betweenthe interpretationand the armgu-
ment. Thesefactorsin uence thecomponentsf the
messagéengthasfollows.

ML (SysIn} representshe probability of Sysint
According to the MML principle, concisein-
terpretationgin termsof numberof nodesand
links) are more probablethan more verbosein-
terpretations.

ML (ArgjSyslIn} representshe probabilitythata

userutteredArg whens/heintendedSysint This

probability dependson the structuralsimilarity

betweenSysintand Arg (in termsof the nodes
andlinks thatappeatin Arg andSysin}, andon

the similarity betweerthe beliefsin thenodesin

Arg andthe correspondinghodesin Sysint(the
beliefsin thenodesn Sysintareobtainedoy per

forming Bayesianpropagationthrough Sysint

thus,differentSysins mayyield differentbeliefs
in the consequentsf an agument). According
to this componentjnterpretationghat are more
similar to Arg are more probable(i.e., yield a
shorteressagethaninterpretationghatareless
similarto Arg.

Table1l summarizeshe effect of thesefactorson
the messagdength for Sysing and Sysing (Fig-
ure5). Sysink is simplerthanSysing, thusyield-
ing ashortermessagéengthfor the rst component
of the message.SysInj, is structurallymore simi-
lar to Arg thanSysling , yielding a shortermessage
length for this aspectof ArgjSysing (SysIng dif-
fersfrom Arg by 1 nodeand3 links, while Sysing



Tablel: Messagdengthcomparisorof two interpretations

ML of Factor SyslInk Sysing ShortestiL
Sysint Size 4 nodes3 links 5nodes4 links SyslIng
ArgjSysint| Structuralsimilarity | 1 node,3 links difference| 2 nodes4 links difference|  Sysinj

Belief similarity lesssimilar moresimilar Syslng

differs from Arg by 2 nodesand4 links®). In this
example, we assumethat the belief in [G had Op-
portunity to Murder B] in SyslIng is strongerthanthat
in SysInk, andhencecloserto the assertedconse-
guentof the agumentin Figure5. This yields a
shortermessagédengthfor the belief componenof
ML (ArgjSysintg ). However, this is not sufcient
to overcomethe shortermessagédengthof Sysing
dueto structuralsimilarity and concisenessThus,
althoughboth interpretationsof the agumentare
reasonableSysing is the preferredinterpretation.

As seenin this example, the MML criterion
weighs possibly con icting considerationsduring
discourseinterpretation,e.g., a verboseinterpreta-
tion thatis similar to a users agumentis preferred
to amoreconcisenterpretatiorthatis dissimilar

4.3 Modeling Attentional Focus

Theaboe-presentethterpretatiorprocessassumes
thatall inferredpropositionsareequallylikely to be
includedin a users agument. However, this is not
necessarihthe case. We posit that a useris more
likely to imply (insidean inferentialleap) proposi-
tions previously seenby him/herthan propositions
s/hehasnever encounteredIn this case thelength
of the part of the messagewhich corveys Sysint
shouldnot only dependon the size of the interpre-
tation (in termsof numberof nodesandlinks), but
alsoon the probability thatthe userwill emplg in
his/heragumentthenodesin thatinterpretation.
We have modeledthe probability that a userwill
includea propositionin his/heragumentasa func-
tion of the propositions presencen theusers focus
of attention. Attentionalfocusin turn wasmodeled
by meansof an activation level which dependson

3Thereare2 links in Sysink thatarenotin Arg, and1 link
in Arg thatis notin SysInk (total 3 links difference).A similar
calculationis performedfor Sysing .

thefollowing factors?

thetype of acces®f aproposition,e.g.,whether
the propositionwas copied from the menu or
seerwhenexploring thescenarioand

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

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

Pr(Prop) / AccessType (Prop)
i=1

[CurTime  TimeStmp; + 1] °
wheren is the numberof timesthe propositionwas
accessediccessypeis ascorethatre ectstheman-
nerin which the propositionwasaccessedy = 1is
anempiricallydeterminedexponent,CurTimeis the
currenttime, and TimeStmp; is thetime of theith
access.Accordingto this formula, whena propo-
sition is accessedactivation is addedto the current
accumulatedanddecayedpctivation. Thatis, there
is aspikein thelevel of activationof theproposition,
which startsdecayingrom thatpointagain.

To illustratethe effect of attentionafocuson the
argumentinterpretationprocess,let us reconsider
the sampleagumentin Figure5, andlet usassume
that[G At Window] wasnever seenby the user while
[Ladder Outside Window] and [B Killed From Outside
Window] wereseerrecently In thiscaseahigh prob-
ability for thesetwo propositiongnay overcomethe
factorsin favour of Sysinj , therebymakingSysing
the preferredinterpretation.

40therfactors,suchas intrinsic salienceof a proposition,
have notbeenmodeledat present.




5 Evaluation

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

Our automaticevaluation, describedin (Zuker
manandGeoge,2002),consistedf having thesys-
tem interpretnoisy versionsof its own amguments.
Theseagumentsveregeneratedrom differentsub-
netsof its domainBN, andthey were distortedby
changingthe beliefsin the nodesandinsertingand
deletingnodesandarcs. All thesedistortionswere
performedon BNs of differentsizes(3, 5, 7 and9
arcs). Our measureof performancewas the edit-
distancebetweenthe original BN usedto generate
an agument, and the BN producedas the inter
pretationof this agument. BIAS producedan in-
terpretationin 86% of the 5400 trials. In 75% of
the5400casesthe generatednterpretationdiadan
edit-distancef 3 or lessfrom the original BN (e.g.,
the interpretationdiffered from the original amgu-
mentby one node and two links), and in 50% of
the casesthe interpretationanatchedperfectly the
original BN.

A preliminary userbased evaluation was per
formedwith 10 computefliterate staf andstudents
from our University Our evaluationwasconducted
asfollows. We introducedthe usersto our system,
and explainedits aims. We thenencouragedhem
to explore the scenarioandwhenthey wereready
they built anamgumentusingtheinterfaceshavn in
Figure2. BIAS thengeneratedn interpretationof
the agument, presentingit as shavn in Figure 3.
The userswere asled to assesBIAS' interpreta-
tion undertwo conditions: beforeand after seeing
a diagramof the domainBN. In the initial assess-
ment,the userswereasled to give BIAS' interpre-
tationascorebetweerll (Very UNreasonableind5
(Very Reasonablegndto optionallyprovide further
commentsln thesecondassessmeniheusersvere
giventhecompletadiagrantor thepartialBN shavn
in Figure4, andwere asledto re-asses8IAS' in-
terpretatiorin light of thisdomainknowvledge.They
werealsoasledto tracetheirpreferrednterpretation
onthediagram(on paper).

Our usersfound the systemsomevhat daunting,
and indicatedthat the interface for enteringan ar
gumentwasincorvenient. We believe thatthis was
partly dueto their lack of familiarity with the avail-

able domainpropositions. Thatis, the userswere
facedwith 85 new propositionswhich they hadto
readin orderto determinewhich one(s)they could
useto expresswhatthey hadin mind. Nonetheless,
the usersmanagedo constructarguments,which
rangedn sizefrom 2 propositiongo 26, andgave a
generallyfavourableassessmerdf BIAS' interpre-
tations. Overall the averagescoreof BIAS' inter
pretationsvas4 beforeseeingthe BN diagramand
4.25afterseeinghediagram.Thisindicateghatun-
derstandinghe constraintasmposedby a system$
domainknowvledge may in uence users'ability to
interactwith the system.

The main lessonslearnedfrom this preliminary
evaluationpertainto two aspects:(1) the interface,
and(2) theuseof BNs for discoursaunderstanding.
In orderto improve the usability of theinterface,we
will integrateit with BIAS' NL module.lt is ervis-
agedthata solutioncombiningmenusandNL input
will yield the bestresults. Our evaluationalsocor
roborateghe insightsfrom Section3 regardingthe
dif culties of takinginto accounusers'assumptions
during the agumentinterpretationprocess. How-
ever, the resultsof our evaluationare encouraging
with respecto theuseof theMML principlefor the
selectionof interpretations.In the future, we pro-
poseto conducta morerigorousevaluationwith ad-
ditional usergto con rm theseresults.

6 RelatedReseach

Our researchbuilds on work describedin (Zuker
man,2001;ZukermanandGeoge,2002),whichin-
tegratesplan recognitionfor discourseunderstand-
ing with BNs. Zukerman(2001) useda domain
modelandusermodelrepresentedsaBN, together
with linguistic and attentionalinformation, to infer
a users goalfrom a single-propositin rejoinderto
a system-generatedgument. However, the com-
bination of theseknowledge sourcesvas basedon
heuristics.ZukermanandGeoge (2002)developed
theinitial probabilisticmodelfor applyingtheMML
principleto agumeninterpretationHerewe extend
this modelto include attentionalfocus, integrateit
into aninteractve interpretatiorsystem,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 complity. MML has
been used in a variety of applications, sev-
eral of which are listed in http://iwww.csse.
monash.edu.au/ dld/Snob.application.pap ers .
In this paper we demonstratehe applicability of
MML to ahigh-level NL task.

BNs have beenusedin several systemshat per
form plan recognition, e.g., (Charniakand Gold-
man,1993; Gertneret al., 1998; Horvitz and Paek,
1999). Charniakand Goldmans system(Charniak
and Goldman, 1993) handledcompl narratves,
usinga BN andmarker passingor planrecognition.
It automaticallybuilt andincrementallyextendeda
BN from propositionsreadin a story so that the
BN representedypotheseghat becameplausible
asthe story unfolded. Marker passingwas usedto
restrict the nodesincludedin the BN. In contrast,
we usedomainknowledgeto constrainour under
standingof the propositionsin a users agument,
and apply the MML principle to selecta plausible
interpretation. Gertneret al. (1998)useda BN to
representhe solution of a physicsproblem. After
observingan action performedby a student,their
system(Andes)postulatectandidaténterpretations
(like BIAS' SysIn}, eachhypothesizingsubsequent
actions. Unlike Andes, BIAS is presentedvith a
completeargument.Hence jt mustalsoconsideithe
t betweenrall theamgumentpropositionsaandthein-
terpretation(ArgjSysin}. Finally, the systemdevel-
opedby Horvitz and Paek (1999) handledshortdi-
aloguecontrikutions,andusedBNs at differentlev-
els of anabstractiorhierarchyto infer a users goal
in information-seekingnteractionswith a Bayesian
Receptionist.In addition,they employed decision-
theoreticstratgiesto guide the progressof the di-
alogue. We expectto usesuchstratgieswhenour
systemengagedn afull dialoguewith users.

7 Conclusion

We have offered a mechanisnbasedon the MML
principle that generatesnterpretationsof extended
argumentsin the context of a BN. The MML prin-
ciple provides a theoreticallysoundframeavork for
weighingpossiblycon icting considerationsluring
discourseinterpretation. This framavork enables
usto represenstructuraldiscrepanciebetweernthe
underlying,detaileddomainrepresentatiomndthe
more sparseargumentsproducedby people(which

typically containinferentialleaps). The resultsof
our formative evaluationare encouragingsupport-
ing the applicationof the MML principle for amgu-
mentinterpretation.
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