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Abstract

We describea mechanismwhich receives
asinput a segmentedargumentcomposed
of NL sentences,andgeneratesan inter-
pretation. Our mechanismrelies on the
Minimum MessageLength Principle for
the selectionof an interpretationamong
candidateoptions.Thisenablesourmech-
anismto copewith noisy input in terms
of wording, beliefs and argumentstruc-
ture; andreducesits relianceon a partic-
ular knowledgerepresentation.The per-
formanceof our systemwasevaluatedby
distorting automaticallygeneratedargu-
ments, and passingthem to the system
for interpretation. In 75% of the cases,
theinterpretationsproducedby thesystem
matchedpreciselyor almost-preciselythe
representationof theoriginalarguments.

1 Intr oduction

Discourseinterpretationis at the cornerstoneof
human-computercommunication,and an essential
componentof any dialoguesystem.In orderto pro-
ducean interpretationfrom a user's NL utterances,
the conceptsreferencedby the user's words must
beidenti�ed, thepropositionsbuilt usingthesecon-
ceptsmustbeunderstood,andtherelationsbetween
thesepropositionsmust be determined. Each of
thesetasksis fraughtwith uncertainty.

In thispaper, we focuson theinterpretationof ar-
gumentative discourse,which is composedof impli-
cations. We presenta mechanismfor the interpre-
tation of NL argumentswhich is basedon the ap-
plicationof theMinimum MessageLength(MML)
Principlefor theevaluationof candidateinterpreta-

tions(WallaceandBoulton,1968).TheMML prin-
cipleprovidesauniformandincrementalframework
for combining the uncertaintyarising from differ-
entstagesof theinterpretationprocess.Thisenables
our mechanismto copewith noisyinput in termsof
wording,beliefsandargumentstructure,andto fac-
tor out theelementsof an interpretationwhich rely
on aparticularknowledgerepresentation.

Our interpretation mechanism is embedded
in a web-based argumentation system called
BIAS (Bayesian Interactive ArgumentationSys-
tem). BIAS usesBayesianNetworks (BNs) (Pearl,
1988)asits knowledgerepresentationandreasoning
formalism. It is designedto bea comprehensive ar-
gumentationsystemwhichwill eventuallyengagein
anunrestrictedinteractionwith users.However, the
currentversionof BIAS performstwo activities: it
generatesits own arguments(from a BN) andinter-
pretsusers'arguments(generatinga Bayesiansub-
netasan interpretationof thesearguments).In this
paperwe focuson theinterpretationtask.

Figure1(a) shows a simpleargumentgiven by a
user, andFigure1(d) shows a subsetof a BN which
containsthepreferredinterpretationof theuser's ar-
gument; the nodescorrespondingto the user's in-
put are shaded. The user's argument is obtained
through a web interface (the uncertaintyvalue of
theconsequentis enteredusingadrop-down menu).
In this example,theuser's input differs structurally
from thesystem's interpretation,thebelief valuefor
theconsequentdiffers from that in thedomainBN,
andthe wording of the statementsdiffers from the
canonicalwording of the BN nodes.Still, the sys-
temfounda reasonableinterpretationin thecontext
of its domainmodel.

Theresultsobtainedin this informal trial areval-
idatedby our automatedevaluation. This evalua-
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Figure1: InterpretationandMML evaluation

tion, which assessesbaselineperformance,consists
of passingdistortedversionsof the system's argu-
mentsbackto thesystemfor interpretation.In 75%
of thecases,theinterpretationsproducedby thesys-
tem matchedthe original arguments(in BN form)
preciselyor almost-precisely.

In the next section,we review relatedresearch.
We thendescribetheapplicationof theMML crite-
rion to theevaluationof interpretations.In Section4,
we outlinetheargumentinterpretationprocess.The
resultsof our evaluationare reportedin Section5,
followedby concludingremarks.

2 RelatedResearch

Our researchintegratesplan recognition for dis-
courseunderstandingwith the application of the
MML principle(WallaceandBoulton,1968).

The systemdescribedin (CarberryandLambert,
1999)recognizeda user's intentionsduring expert-
consultationdialogues.Thissystemconsideredsev-
eralknowledgesourcesfor discourseunderstanding.
It usedplan libraries as its main knowledge rep-

resentationformalism,andhandledshortconversa-
tional turns. In contrast,our systemrelieson BNs
andhandlesunrestrictedarguments.

BNs have beenusedin several systemsthat per-
form plan recognitionfor discourseunderstanding,
e.g., (Charniakand Goldman,1993; Horvitz and
Paek,1999;Zukerman,2001). CharniakandGold-
man's systemhandledcomplex narratives, using a
BN andmarker passingfor plan recognition.It au-
tomaticallybuilt and incrementallyextendeda BN
from propositionsread in a story, so that the BN
representedhypothesesthatbecameplausibleasthe
storyunfolded.Marker passingwasusedto restrict
thenodesincludedin theBN. In contrast,weusedo-
main knowledgeto constrainour understandingof
thepropositionsin a user's argument,andapplythe
MML principleto selectaplausibleinterpretation.

Like Carberry and Lambert's system, both
Horvitz andPaek's systemandZukerman's handled
shortdialoguecontributions.Horvitz andPaekused
BNs at different levels of an abstractionhierarchy
to infer a user's goal in information-seekinginter-
actionswith a BayesianReceptionist. In addition,
they useddecision-theoreticstrategies to guide the
progressof the dialogue. We expect to usesuch
strategies when our systemengagesin a full dia-
logue with the user. In previous work, Zukerman
usedadomainmodelandusermodelrepresentedas
a BN, togetherwith linguistic andattentionalinfor-
mation,to infer a user's goal from a short-formre-
joinder. However, thecombinationof theseknowl-
edgesourceswasbasedonheuristics.

Theapproachpresentedin this paperextendsour
previous work in that (1) it handlesinput of unre-
strictedlength, (2) it offers a principled technique
for selectingbetweenalternative interpretationsof a
user'sdiscourse,and(3) it handlesdiscrepanciesbe-
tweentheuser's inputandthesystem's expectations
at all levels (wording,beliefsandinferences).Fur-
ther, this approachmakesno assumptionsregarding
the synchronizationbetweenthe user's beliefsand
thesystem's beliefs(but it assumesthat thesystem
is a domainexpert). Finally, this approachmay be
extendedto incorporatevariousaspectsof discourse
anddialogue,suchasinformationpertainingto the
dialoguehistoryandusermodelinginformation.

The MML principle is a model-selectiontech-
nique which applies information-theoreticcrite-
ria to trade data �t against model complex-



ity (a glossary of model-selection techniques
appears in http://www-white.media.mit.edu/

� tpminka/statlearn/glossary ). MML hasbeen
usedin a variety of applications,e.g.,in NL it was
usedfor lexical selectionin speechunderstanding
(Thomasetal.,1997).In thispaper, wedemonstrate
its applicabilityto ahigher-level NL task.

3 Ar gument Inter pretation Using MML

The MML criterion implementsOccam's Razor,
which may be statedasfollows: “If you have two
theorieswhich bothexplain theobservedfacts,then
you should use the simplest until more evidence
comesalong”. According to the MML criterion,
we imaginesendingto a receiver amessagethatde-
scribesa user's NL argument,andwe want to send
theshortestpossiblemessage.1 Thismessagecorre-
spondsto thesimplestinterpretationof auser'sargu-
ment. We postulatethat this interpretationis likely
to be a reasonableinterpretation(althoughnot nec-
essarilytheintendedone).

A messagethatencodesanNL argumentin terms
of aninterpretationis composedof two parts:(1) in-
structionsfor building theinterpretation,and(2) in-
structionsfor rebuilding theoriginal argumentfrom
this interpretation.Thesetwo partsbalancetheneed
for aconciseinterpretation(Part1) with theneedfor
an interpretationthat matchescloselythe user's ut-
terances(Part 2). For instance,the messagefor a
conciseinterpretationthat doesnot matchwell the
original argumentwill have a short �rst part but a
long secondpart. In contrast,a morecomplex in-
terpretationwhich bettermatchestheoriginal argu-
ment may yield a messagethat is shorteroverall,
with a longer�rst portion,but a shortersecondpor-
tion. Thus,themessagedescribingtheinterpretation
(BN) which bestmatchesthe user's intent will be
amongthemessageswith a shortlength(hopefully
theshortest).Further, a messagewhich encodesan
NL argumentin termsof a reasonableinterpretation
will beshorterthanthemessagewhich transmitsthe
wordsof the argumentdirectly. This is becausean
interpretationwhich comprisesthe nodesandlinks
in aBayesiansubnet(Part1 of themessage)is much

1It is worth notingthatthesenderandthereceiver aretheo-
reticalconstructsof theMML theory, which areinternalto the
systemandarenot to beconfusedwith thesystemandtheuser.
Theconceptof areceiver which is differentfrom thesenderen-
suresthat themessageconstructedby thesenderto representa
user's argumentdoesnotmake unwarrantedassumptions.

morecompactthanasequenceof wordswhichiden-
ti�es thesenodesandlinks. If this interpretationis
reasonable(i.e., theuser's argumentis closeto this
interpretation),thenthe encodingof the discrepan-
ciesbetweenthe user's argumentand the interpre-
tation (Part 2 of themessage)will not signi�cantly
increasethelengthof themessage.

In orderto �nd theinterpretationwith theshortest
messagelength,wecomparethemessagelengthsof
candidateinterpretations.Thesecandidatesareob-
tainedasdescribedin Section4.

3.1 MML Encoding

TheMML criterionis derivedfrom BayesTheorem:
Pr
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is minimal is
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Now, in our context, UArg containstheuser's ar-
gument,and SysIntan interpretationgeneratedby
our system. Thus, we are looking for the SysInt
whichyieldstheshortestmessagelengthfor
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The �rst part of the messagedescribesthe in-
terpretation, and the secondpart describeshow
to reconstructthe argument from the interpreta-
tion. To calculate the secondpart, we rely on
an intermediaterepresentationcalled Implication
Graph (IG). An Implication Graph is a graphi-
cal representationof an argument, which repre-
sents a basic “understanding” of the argument.
It is composed of simple implications of the
form Antecedent! Antecedent

�

�"�"�

Antecedent#%$

Consequent(where$ indicatesthattheantecedents
imply the consequent,without distinguishingbe-
tween causaland evidential implications). &(' Usr

representsanunderstandingof theuser's argument.
It containspropositionsfrom the underlyingrepre-
sentation,but retainsthe structureof the user's ar-
gument. &(' SysInt representsan understandingof a
candidateinterpretation.It is directlyobtainedfrom
SysInt, but it differs from SysIntin that all its arcs
point towards a goal node and head-to-headevi-



dencenodesarerepresentedasantecedentsof anim-
plication,while SysIntis a generalBayesiansubnet.
Sinceboth &(' Usr and &�' SysInt usedomainproposi-
tionsandhave thesametypeof representation,they
canbecomparedwith relative ease.

Figure1 illustratestheinterpretationof ashortar-
gumentpresentedby a user, andthe calculationof
themessagelengthof the interpretation.The inter-
pretationprocessobtains &(' Usr from the user's in-
put, and SysIntfrom &�' Usr (left-handside of Fig-
ure 1). If a sentencein UArg matchesmore than
onedomainproposition,thesystemgeneratesmore
thanone &�' Usr from UArg (Section4.1).Each&�' Usr

may in turn yield morethanoneSysInt. This hap-
penswhen the underlying representationhas sev-
eralwaysof connectingbetweenthenodesin &(' Usr

(Section4.2). Themessagelengthcalculationgoes
from SysIntto UArg throughthe intermediaterep-
resentations&(' SysInt and &(' Usr (right-handside of
Figure1). This calculationtakes advantageof the
factthattherecanbeonly one &(' Usr for eachUArg–
SysIntcombination.Hence,
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Thus,thelengthof themessagerequiredto trans-
mit theuser's argumentandaninterpretationis
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That is, for eachcandidateinterpretation,we cal-
culatethelengthof themessagewhichconveys:

� SysInt– theinterpretation,
�

&(' Usr
�

SysInt– how to obtainthebeliefandstruc-
tureof &(' Usr from SysInt,2 and

� UArg
�

&�' Usr – how toobtainthesentencesin UArg
from thecorrespondingpropositionsin &�' Usr.

Theinterpretationwhichyieldstheshortestmessage
is selected(the message-lengthequationsfor each
componentaresummarizedin Table1).

2We use
���

SysInt for this calculation, rather than SysInt.
This doesnot affect the messagelength becausethe receiver
canobtain

���

SysIntdirectly from SysInt.

Throughouttheremainderof this section,we de-
scribethe calculationof the componentsof Equa-
tion 1,andillustratethiscalculationusingthesimple
examplein Figure2 (themessagelengthcalculation
for ourexampleis summarizedin Table2).

UAr g: ��� Usr:
Mr BodyandMr Greenargued

�

Mr Greenhada motive to
kill Mr Body

G argued with B

G had motive

��� SysInt: SysInt:
G argued with B

G had motive

G and B were enemies

G argued with B

G had motive

G and B were enemies

Figure2: SimpleArgumentandInterpretation

3.2 Calculating ML
�

SysInt
�

In orderto transmitSysInt, wesimplysendits propo-
sitionsandthe relationsbetweenthem. A standard
MML assumptionis that the senderand receiver
sharedomainknowledge(recall that the receiver is
not theuser, but is a constructof theMML theory).
Hence,oneway to sendSysIntconsistsof transmit-
ting how SysIntis extractedfrom the domainrep-
resentation.This involvesselectingits propositions
from thosein thedomain,andthenchoosingwhich
of thepossiblerelationsbetweenthesepropositions
are includedin the interpretation. In the caseof a
BN, the propositionsarerepresentedasnodes,and
therelationsbetweenpropositionsasarcs.Thusthe
messagelengthfor SysIntin thecontext of aBN is

�����
�

�

# nodes(SysInt)
� � �����

�
�

# arcs(SysInt)
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(2)
For theexamplein Figure2, in orderto transmit

SysIntwe mustchoose3 nodesfrom the 82 nodes
in theBN whichrepresentsourmurderscenario(the
Bayesiansubnetin Figure1(d) is a fragmentof this
BN). Wemustthenselect2 arcsfrom the3 arcsthat
connectthesenodes.Thisyieldsamessageof length
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3.3 Calculating ML
�

IGUsr
�
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The messagewhich describes&�' Usr in terms of
SysInt(or ratherin termsof &�' SysInt) conveys how

&(' Usr differsfrom thesystem's interpretationin two
respects:(1) belief,and(2) argumentstructure.



3.3.1 Belief differences
For eachproposition

�

in both &�' SysIntand &(' Usr,
we transmit any discrepancy betweenthe belief
statedby the user and the system's belief in this
proposition(propositionsthatappearin only oneIG
are handledby the messagecomponentwhich de-
scribesstructuraldifferences). The length of the
messagerequiredto convey this informationis
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which expressesdiscrepanciesin belief asa proba-
bility that the userwill hold a particularbelief in a
proposition,given the belief held by the systemin
thisproposition.

Sinceour systeminteractswith people,we use
linguistic categoriesof probability that people�nd
acceptable(similar to thoseusedin Elsaesser, 1987)
insteadof preciseprobabilities.Our7categoriesare:

�

VeryUnlikely, Unlikely, ALittleUnlikely, EvenChance, ALit-

tleLikely, Likely, VeryLikely � . This yieldsthefollowing
approximationof Equation3:
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In theabsenceof statisticalinformationaboutdis-

crepanciesbetweenuserbeliefsandsystembeliefs,
wehave devisedaprobabilityfunctionasfollows:
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where � is a normalizingconstant,and NumCt is
thenumberof belief categories(=7). This function
yields a maximumprobability whenthe user's be-
lief in node

�

agreeswith thesystem's belief. This
probabilitygetshalved(adding1 bit to thelengthof
themessage)for eachincrementor decrementin be-
lief category. For instance,if both the userandthe
systembelieve thatnode

�

is Likely, Equation5 will
yield a probability of �

� �10

$

!

$32
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trast,if theuserbelieved that this nodehasonly an

EvenChance, thentheprobabilityof thisbelief given
thesystem's beliefwould be �
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3.3.2 Structural differences
The messagewhich transmitsthe structuraldis-

crepanciesbetween&�' SysIntand &(' Usr describesthe
structuraloperationsrequiredto transform &(' SysInt

into &(' Usr. Theseoperationsare: nodeinsertions
and deletions,and arc insertionsand deletions. A
node is insertedin &(' SysInt when the systemcan-
not reconcilea propositionin the user's argument
with any propositionin its domainrepresentation.
In this case,the systemproposesa specialEscape
(wild card)node.Notethatthesystemdoesnotpre-
sumeto understandthis proposition,but still hopes
to achieve someunderstandingof theargumentasa
whole. Similarly, an arc is insertedwhenthe user
mentionsa relationshipwhich doesnot appearin

&(' SysInt. An arc (node)is deletedwhen the corre-
spondingrelation (proposition)appearsin &�' SysInt,
but is omittedfrom &(' Usr. Whena nodeis deleted,
all thearcsincidentuponit arereroutedto connect
its antecedentsdirectly to its consequent.This op-
eration,which modelsa small inferentialleap,pre-
serves the structureof the implication aroundthe
deletednode. If the arcsso reroutedare inconsis-
tentwith &(' Usr they will bedeletedseparately.

For eachof theseoperations,the messagean-
nounceshow many times the operationwas per-
formed (e.g., how many nodeswere deleted)and
then provides suf�cient information to enablethe
messagereceiver to identify the targetsof the op-
eration(e.g.,which nodesweredeleted).Thus,the
lengthof themessagewhichdescribesthestructural
operationsrequiredto transform&�' SysInt into &(' Usr

comprisesthefollowing components:

ML
�

&(' Usr
�

&(' SysInt
� 


ML
�

nodeinsertions
� �

ML
�

nodedeletions
� �

ML
�

arcinsertions
���

ML
�

arcdeletions
�

(6)

� Nodeinsertions= numberof insertednodesplus
the penalty for each insertion. Since a node
is insertedwhen no propositionin the domain
matchesa user's statement,we usean insertion
penaltyequalto 465 – theprobability-like score
of theworstacceptableword-matchbetweenthe
user's statementanda proposition(Section4.1).
Thusthemessagelengthfor nodeinsertionsis
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� Nodedeletions= numberof deletednodesplus
their designations.To designatethenodesto be
deleted,we selectthemfrom thenodesin SysInt
(or &(' SysInt):
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# nodesdel
� � ����� � C# nodes(
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# nodesdel (8)

� Ar c insertions = numberof insertedarcsplus
their designationsplus thedirectionof eacharc.
(This componentalsodescribesthearcsincident
uponnewly insertednodes.)To designateanarc,
weneedapairof nodes(headandtail). However,
somenodesin &(' SysInt arealreadyconnectedby
arcs, which must be subtractedfrom the total
numberof arcsthatcanbeinserted,yielding

# possarc ins

 C# nodes(
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SysInt)+# nodesins
�

�
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We alsoneedto send1 extra bit per insertedarc
to convey its direction. Hence,the lengthof the
messagethatconveys arcinsertionsis:
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� Ar c deletions= numberof deletedarcsplustheir
designations.
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For the examplein Figure 2, &(' SysInt and &(' Usr

differ in the node [B and G were enemies] and
the arcsincidentupon it. In order to transmitthat
this nodeshouldbe deletedfrom &�' SysInt, we must
selectit from the 3 nodescomprising&�' SysInt. The
lengthof themessagethatconveys this information
is:
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bits(theautomaticrerout-
ing of thearcsincidentuponthedeletednodeyields

&(' Usr atno additionalcost).

3.4 Calculating ML(U Ar g
�

IG Usr)

The user's argument is structurally equivalent to
&(' Usr. Hence,in orderto transmitUArg in termsof
&(' Usr we only needto transmithow eachstatement
in UArg differsfrom thecanonicalstatementgener-
atedfor the matchingnodein &(' Usr (Section4.1).
Thelengthof themessagewhichconveys this infor-
mationis
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ML
�

Sentence� in UArg
�

�

�

Table1: Summaryof MessageLengthCalculation
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SysInt
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Equation1
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Equation2
ML
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&(' Usr
�

SysInt
�

beliefoperations Equations4, 5
structuraloperations Equations6, 7, 8, 9, 10

ML
�

UArg
�

&(' Usr
�

Equation11

Table2: Summaryof MessageLengthCalculation
for theSimpleArgument

ML
�

SysInt
�

20.6bits
ML

�

&(' Usr
�

SysInt
�

beliefoperations(nobeliefsstated) 0.0bits
structuraloperations 1.6bits

ML
�

UArg
�

&(' Usr
�

65.6bits
ML

�

UArg
�

SysInt
�

87.8bits

where Sentence� in UArg is the user's sentence
whichmatchesthepropositionfor node

�

in &(' Usr.
Assuminganoptimalmessageencoding,weobtain
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Pr
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WeapproximatePr
�

Sentence� in UArg
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using
the scorereturnedby the comparisonfunction de-
scribed in Section4.1. For the example in Fig-
ure 2, the discrepancy betweenthe canonicalsen-
tences“Mr Body arguedwith Mr Green”and“Mr
Greenhad a motive to murderMr Body” and the
correspondinguser sentencesyields a messageof
length33.6bits+ 32 bits respectively (=65.6bits).

4 Inter preting Ar guments

Oursystemgeneratescandidateinterpretationsfor a
user'sargumentby �rst postulatingpropositionsthat
matchtheuser's sentences,andthen�nding differ-
entwaysto connectthesepropositions–eachvariant
is acandidateinterpretation.

4.1 Postulating propositions

We currently usea naive approachfor postulating
propositions.For eachusersentence

�

Usr we gen-
eratecandidatepropositionsas follows. For each
node

�

in the domain,thesystemproposesoneor
morecanonicalsentences

�

� (producedby asimple
English generator). This sentenceis comparedto

�

Usr, yielding a match-scorefor the pair (
�

Usr,
�

).
When a match-scoreis above a threshold4 5 , we



have founda candidateinterpretationfor
�

Usr.3 For
example, the proposition[G was in garden at 11] in
Figure1(b) is a plausibleinterpretationof the input
sentence“Mr Greenwasseenin thegardenat11” in
Figure1(a). Somesentencesmayhave no proposi-
tions with match-scoresabove 4 5 . This doesnot
automaticallyinvalidate the user's argument,as it
may still be possibleto interpretthe argumentasa
whole, even if a few sentencesarenot understood
(Section3.3).

The match-scorefor a usersentence
�

Usr and a
proposition

�

– a numberin the [0,1] range– is
scaledfrom a weightedsum of individual word-
matchscoresthat relatewords in

�

Usr with words
in

�

� . Insertedor deletedwordsaregiven a �x ed
penalty.

The goodnessof a word-matchdependson the
following factors:(1) level of synonymy – theper-
centageof synonymsthewordshavein common(ac-
cordingto WordNet,Miller et al., 1990); (2) posi-
tion in sentence(expressedasa fraction, e.g.,“1/3
of the way throughthe sentence”);and(3) relation
tags– SUBJ/OBJtagsaswell asparts-of-speechsuch
as NOUN, VERB, etc (obtainedusing the MINIPAR
parser, Lin 1998). That is, the

�

th word in sentence
�

� , ���

- ��� , matchesperfectly the � th word in the
user's sentence,�	� - �

Usr, if both words areexactly
the same,they are in the samesentenceposition,
and they have the samerelation tag. The match-
scorebetween���

- ��� and �	�

- �

Usr is reducedif their
level of synonymy is lessthan100%,or if thereare
discrepanciesin their relationtagsor their sentence
positions.For instance,considerthecanonicalsen-
tence“Mr GreenmurderedMr Body” andthe user
sentences“Mr Body was murderedby Mr Green”
and“Mr GreenmurderedMs Scarlet”.The�rst user
sentencehas a higher scorethan the secondone.
This is becausethe mismatchbetweenthe canoni-
calsentenceandthe�rst usersentenceis merelydue
to non-contentwordsandword positions,while the
mismatchbetweenthe canonicalsentenceand the
secondusersentenceis dueto the discrepancy be-
tweentheobjectsof thesentences.

3This stepof the matchingprocessis concernedonly with
identifying thenodesthatbestmatcha user's sentences.Words
indicating negation provide further (heuristic-based)informa-
tion aboutwhetherthe userintendedthe positive versionof a
node(e.g.,“Mr GreenmurderedMr Body”) or thenegativever-
sion(e.g.,“Mr Greendidn't murderMr Body”). This informa-
tion is usedwhencalculatingtheuser's belief in a node.

Upon completion of this process, the match-
scoresbetweena user sentenceand its candidate
propositionsarenormalized,andthe resultusedto
approximatePr

�

�

Usr
�

�

�

, which is requiredfor the
MML evaluation(Section3.4).4

At �rst glance,thisprocessmayappearunwieldy,
asit compareseachof theuser'ssentenceswith each
propositionin theknowledgebase.However, since
thecomplexity of thisprocessis linearfor eachinput
sentence,andour informal trials indicatethat most
userargumentshave lessthan 10 propositions,re-
sponsetime will not becompromisedevenfor large
BNs. Speci�cally, theresponsetimeonour82-node
BN is perceivedasinstantaneous.

4.2 Connectingthe propositions

The above processmay matchmorethanonenode
to eachof theuser's sentences.Hence,we �rst gen-
eratethe &(' Usrswhichareconsistentwith theuser's
argument.For instance,thesentence“Mr Greenwas
seenin thegardenat11” in Figure1(a)matchesboth
[G was in garden at 11] and [N saw G in garden] (but
the former hasa higherprobability). If eachof the
other input sentencesin Figure 1(a) matchesonly
oneproposition,two IGswhich matchtheuser's in-
put will be generated– one for eachof the above
alternatives.

Figure 3 illustrates the remainder of the
interpretation-generation process with respect
to one &(' Usr. This processconsistsof �nding con-
nectionswithin theBN betweenthenodesin &(' Usr;
eliminating super�uousBN nodes;and generating
sub-graphsof the resultinggraph,suchthat all the
nodesin &�' Usr are connected(Figures3(b), 3(c)
and 3(d), respectively). The connectionsbetween
the nodesin &(' Usr are found by applying a small
numberof inferencesfrom thesenodes(spreading
outwardin theBN). Currently, weapplytwo rounds
of inferences,asthey enablethesystemto produce
“sensible” interpretationsfor argumentswith small
inferentialleaps.Theseareargumentswhosenodes
areseparatedby at mostfour nodesin thesystem's
BN, e.g., nodesb and c in Figure 3(d).5 If upon
completion of this process,some nodesare still

4Wearecurrentlyimplementingamoreprincipledmodelfor
sentencecomparisonwhich yieldsmoreaccurateprobabilities.

5Intuitively, oneroundof inferenceswouldmissoutonplau-
sible interpretations,while three roundsof inferenceswould
allow too many alternative interpretations.Our choiceof two
roundsof inferenceswill bevalidatedduringtrialswith users.
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Figure3: Argumentinterpretationprocess

unconnected,the systemrejectsthe current &�' Usr.
Thisprocessis currentlyimplementedin thecontext
of a BN. However, any representationthatsupports
thegenerationof a connectedargumentinvolving a
givensetof propositionswouldbeappropriate.

5 Evaluation

Our evaluation consistedof an automatedexperi-
mentwherethesysteminterpretednoisyversionsof
its own arguments.Theseargumentsweregenerated
from differentsub-netsof its domainBN, andthey
weredistortedat the BN level andat the NL level.
At theBN level,wechangedthebeliefsin thenodes,
andwe insertedanddeletednodesandarcs.At the
NL level, we distortedthe wording of the proposi-
tions in the resultantarguments. All thesedistor-
tionswereperformedfor BNs of differentsizes(3,
5, 7 and9 arcs).Our measureof performanceis the
edit-distancebetweentheoriginalBN usedto gener-
ateanargument,andtheBN producedasthe inter-
pretationof this argument.That is, we countedthe
numberof differencesbetweenthe sourceBN and
theinterpretation.For instance,two BNs thatdiffer
by onearc have an edit-distanceof 2 (oneaddition
andonedeletion),while aperfectmatchhasanedit-
distanceof 0.

Overall, our resultswereasfollows. Our system
producedan interpretationin 86% of the 5400 tri-
als. In 75% of the 5400cases,the generatedinter-

pretationshadanedit-distanceof 3 or lessfrom the
original BN, andin 50% of the cases,the interpre-
tationsmatchedperfectlytheoriginal BN. Figure4
depictsthefrequency of editdistancesfor thediffer-
entBN sizesunderall noiseconditions.We plotted
edit-distancesof 0,

�"�"�

, 9 and ��� , plusthecategory
NI, which standsfor “No Interpretation”.As shown
in Figure4, the 0 edit-distancehasthe highestfre-
quency, andperformancedeterioratesasBN sizein-
creases.Nonetheless,for BNs of 7 arcsor less,the
vastmajority of theinterpretationshave anedit dis-
tanceof 3 or less.Only for BNs of 9 arcsthenum-
ber of NIs exceedsthe numberof perfectmatches.
Figure5 providesa differentview of theseresults.
It displaysedit-distanceasa percentageof thepos-
sible changesfor a BN of a particularsize (the x-
axisis dividedinto bucketsof 10%).For example,if
a selectedinterpretationdiffers from its source-BN
by theinsertionof onearc,thepercent-edit-distance
will be

�

� � �

!

�

���

!

, where
�

is thenumberof arcs
in thesource-BN.6 Theresultsshown in Figure5 are
consistentwith the previous results,with the vast
majority of the edits being in the [0,10)% bucket.
That is, mostof the interpretationsarewithin 10%
of their source-BNs.

We also testedeach kind of noise separately,

6A BN of � arcshasa maximumof � +1 nodes,yielding a
maximumof ���	��
 editsto createtheBN.



Figure4: Frequency of edit-distancesfor all noise
conditions(5400trials)

Figure5: Frequency of edit-distancesaspercentof
maximumeditsfor all noiseconditions(5400trials)

maintainingtheotherkindsof noiseat 0%. All the
distortionswerebetween0 and40%.Weperformed
1560 trials for word noise,arc noiseand nodein-
sertions,and2040trials for beliefnoise,whichwar-
rantedadditionalobservations. Figures6, 7 and8
show the recognitionaccuracy of our system(in
termsof averageedit distance)asa function of arc
noise,belief noiseandword noisepercentages,re-
spectively. The performancefor the different BN
sizes(in arcs)is alsoshown. Our system's perfor-
mancefor nodeinsertionsis similar to thatobtained
for belief noise(the graphwasnot includedowing
to spacelimitations). Our resultsshow that the two
mainfactorsthataffect recognitionperformanceare
BN sizeandword noise,while theaverageedit dis-
tanceremainsstablefor beliefandarcnoise,aswell
asfor nodeinsertions(theonly exceptionoccursfor
40%arcnoiseandsize9 BNs). Speci�cally, for arc

Figure6: Effect of arcnoiseon performance(1560
trials)

Figure 7: Effect of belief noise on performance
(2040trials)

noise,belief noiseandnodeinsertions,the average
edit distancewas3 or lessfor all noisepercentages,
while for word noise,theaverageedit distancewas
higherfor severalword-noiseandBN-sizecombina-
tions. Further, performancedeterioratedastheper-
centageof wordnoiseincreased.

The impact of word noiseon performancerein-
forcesour intentionto implementa moreprincipled
sentencecomparisonprocedure(Section4.1), with
theexpectationthatit will improvethisaspectof our
system's performance.

6 Conclusion

We have offered a mechanismwhich producesin-
terpretationsof segmentedNL arguments.Our ap-
plication of theMML principle enablesour system
to handlenoisyconditionsin termsof wording,be-
liefs andargumentstructure,andallowsusto isolate



Figure 8: Effect of word noise on performance
(1560trials)

the effect of the underlyingknowledgerepresenta-
tion on theinterpretationprocess.Theresultsof our
automatedevaluationwereencouraging,with inter-
pretationsthat matchperfectly or almost-perfectly
thesource-BNbeinggeneratedin 75%of thecases
underall noiseconditions.

Oursystemhasthefollowing limitations:
� The interpretationsgeneratedby our systemare

in termsof thepropositionsandrelationsknown
by thesystem.However, theMML Principleit-
self addressesthis limitation (at leastpartially),
asthelengthof a messageis a quantitative mea-
surefor determiningwhetheraninterpretationis
likely to re�ect theuser's intentions.

� Our mechanismdoesnot infer an implicit goal
proposition,nor doesit infer discourserelations
from free-formdiscourse.At present,this limita-
tion is circumventedby forcing theuserto state
the goal propositionof the argument,andto in-
dicateclearlytheantecedentsandconsequentsof
theimplicationsin his/herargument(this is done
by meansof aweb-basedinterface).

� Our argument-interpretation mechanism has
been tested on one knowledge representation
only – BNs.

� It is unclearwhetherargumentsproducedby au-
tomaticallydistortingoursystem'sargumentsare
representative of argumentsgeneratedby people.
Furthertrialswith realuserswill beconductedto
ascertainthis fact.

� The system's performancedeterioratesfor large
BNs (9 nodes). However, it is unclearwhether

thiswill affect theuseof thesystemin practice.

Despitetheselimitations, we are hopeful about
the potential of this approachto addressthe dis-
courseinterpretationchallenge.
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