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Abstract

We describea mechanisnwhich receves
asinput a sggmentedargumentcomposed
of NL sentencesandgeneratesn inter
pretation. Our mechanisnrelies on the
Minimum Messagelength Principle for
the selectionof an interpretationamong
candidateptions.Thisenable®urmech-
anismto copewith noisy input in terms
of wording, beliefs and agumentstruc-
ture; andreducedts relianceon a partic-
ular knowvledgerepresentation.The per
formanceof our systemwasevaluatedby
distorting automatically generatedargu-
ments, and passingthem to the system
for interpretation. In 75% of the cases,
theinterpretationproducedyy thesystem
matchedpreciselyor almost-preciselyhe
representationf theoriginal alguments.

1 Intr oduction

Discourseinterpretationis at the cornerstoneof
human-computecommunication,and an essential
componentf ary dialoguesystem.In orderto pro-
duceaninterpretationfrom a users NL utterances,
the conceptsreferencedby the users words must
beidenti ed, the propositiongbuilt usingthesecon-
ceptsmustbeunderstoodandtherelationsbetween
thesepropositionsmust be determined. Each of
thesetasksis fraughtwith uncertainty

In this paperwe focusontheinterpretatiorof ar
gumentatre discoursewhichis composeaf impli-
cations. We presenta mechanisnfor the interpre-
tation of NL amgumentswhich is basedon the ap-
plication of the Minimum Messagd_ength (MML)
Principlefor the evaluationof candidatanterpreta-
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tions (WallaceandBoulton,1968). The MML prin-
ciple providesa uniformandincrementaframenork
for combiningthe uncertaintyarising from differ-
entstage®f theinterpretatiorprocessThisenables
our mechanisnto copewith noisyinputin termsof
wording, beliefsandamgumentstructure andto fac-
tor out the elementsof aninterpretationwhich rely
onaparticularknowledgerepresentation.

Our interpretation mechanism is embedded
in a web-based agumentation system called
BIAS (BayesianInteractve ArgumentationSys-
tem). BIAS usesBayesianNetworks (BNs) (Pearl,
1988)asits knowledgerepresentatioandreasoning
formalism. It is designedo bea comprehense ar-
gumentatiorsystenwhichwill eventuallyengagén
anunrestrictednteractionwith users.However, the
currentversionof BIAS performstwo actvities: it
generate#ts own agumentgfrom a BN) andinter
pretsusers'amguments(generatinga Bayesiansub-
netasaninterpretationof theseamguments).in this
paperwe focusontheinterpretatiortask.

Figure 1(a) shavs a simplealgumentgiven by a
user andFigure1(d) shavs a subsebf a BN which
containghepreferrednterpretatiorof theusers ar
gument;the nodescorrespondingo the users in-
put are shaded. The users algumentis obtained
through a web interface (the uncertaintyvalue of
theconsequenis enteredusinga drop-davn menu).
In this example,the users input differs structurally
from the systems interpretationthe belief valuefor
the consequendiffers from thatin the domainBN,
andthe wording of the statementsliffers from the
canonicalording of the BN nodes. Still, the sys-
temfoundareasonablénterpretationin the context
of its domainmodel.

Theresultsobtainedn this informal trial areval-
idatedby our automatedevaluation. This evalua-



(a) User's orl%lnal argument (UArg)
The neighbour reportecheated  argumenit
between Mr Green and Mr Body last wee
AND Mr Green waseen in the garden at 11
-> Mr Body was murdered by Mr Gredlikely]

ML(UArg | IG ygp
(b) Top-ranked IG g,

G was in garden at 11

ret Sentences

N reported argument

Inte

G murdered B

ML(IG UsrlIG SyslInt ) f

(C) IG‘Syslnt for best N reported argument
Sysint

retation

N heard argument
G was in garden at 11

G argued with B
G was in garden
at time of death G and B were enemies
G had opportunity G had motive
G murdered B

ML(IG sysint [SysInt) = o*

N reported argument

MML Evaluation of the Inte

(d) SysiInt (Top
Candidate)

N heard argument

Construct an Argument Interpretation

G was in garden at 11

G argued with B
G was in garden
at time of death G and B were enemies
G had opportunity G had motive
G murdered B

Figurel: InterpretatiorandMML evaluation

tion, which assessegaselingperformanceconsists
of passingdistortedversionsof the systems amgu-

mentsbackto the systemfor interpretation.n 75%

of thecasestheinterpretationproducedy thesys-
tem matchedthe original aguments(in BN form)

preciselyor almost-precisely

In the next section,we review relatedresearch.

We thendescribethe applicationof the MML crite-
rion to theevaluationof interpretationsln Sectior4,
we outlinetheargumentinterpretatiorprocess.The
resultsof our evaluationare reportedin Section5,
followed by concludingremarks.

2 RelatedReseach

Our researchintegrates plan recognition for dis-
course understandingwith the application of the
MML principle (WallaceandBoulton,1968).

The systemdescribedn (CarberryandLambert,
1999)recognizeda users intentionsduring expert-
consultatiordialoguesThis systemconsidereder-

eralknowledgesourcesor discoursaunderstanding.

It usedplan libraries as its main knowledge rep-

resentatiorformalism,and handledshortcorversa-
tional turns. In contrast,our systemrelieson BNs
andhandlesunrestrictecarguments.

BNs have beenusedin several systemghat per
form plan recognitionfor discourseunderstanding,
e.g., (Charniakand Goldman, 1993; Horvitz and
Paek,1999; Zukerman,2001). Charniakand Gold-
man’s systemhandledcomplex narratves, using a
BN andmarler passingor planrecognition. It au-
tomatically built andincrementallyextendeda BN
from propositionsreadin a story so that the BN
representetiypothesethatbecameplausibleasthe
story unfolded. Marker passingvasusedto restrict
thenodesancludedin theBN. In contrastwe usedo-
main knowledgeto constrainour understandingf
the propositiongn a users agument,andapplythe
MML principleto selecta plausibleinterpretation.

Like Carberry and Lamberts system, both
Horvitz andPaeks systemandZukermans handled
shortdialoguecontrikutions. Horvitz andPaekused
BNs at differentlevels of an abstractiorhierarchy
to infer a users goal in information-seekingnter
actionswith a BayesianReceptionist.In addition,
they useddecision-theoretistratgiesto guidethe
progressof the dialogue. We expectto use such
stratgies when our systemengagesn a full dia-
logue with the user In previous work, Zukerman
useda domainmodelandusermodelrepresenteds
a BN, togethemwith linguistic andattentionalinfor-
mation, to infer a users goal from a short-formre-
joinder However, the combinationof theseknowl-
edgesourcesvasbasedn heuristics.

Theapproachpresentedn this paperextendsour
previous work in that (1) it handlesinput of unre-
strictedlength, (2) it offers a principled technique
for selectingbetweeralternatve interpretation®f a
usersdiscourseand(3) it handlegdiscrepanciebe-
tweentheusers inputandthe systems expectations
at all levels (wording, beliefsandinferences).Fur
ther, this approachmakesno assumptionsegarding
the synchronizatiorbetweenthe users beliefsand
the systems beliefs(but it assumeshatthe system
is a domainexpert). Finally, this approachmay be
extendedo incorporatevariousaspect®f discourse
anddialogue,suchasinformationpertainingto the
dialoguehistoryandusermodelinginformation.

The MML principle is a model-selectiortech-

nique which applies information-theoreticcrite-
ria to trade data t against model comple-



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

tpminka/statlearn/glossary ). MML hasbeen
usedin a variety of applicationsg.g.,in NL it was
usedfor lexical selectionin speechunderstanding
(Thomasetal., 1997).In this paperwe demonstrate
its applicabilityto a higherlevel NL task.

3 Argumentinter pretation Using MML

The MML criterion implementsOccamé Razor
which may be statedasfollows: “If you have two
theorieswhich bothexplain the obseredfacts,then
you should use the simplestuntil more evidence
comesalong”. Accordingto the MML criterion,
weimaginesendingo arecever amessagéhatde-
scribesa users NL agument,andwe wantto send
the shortespossiblemessagé. This messageorre-
sponddo thesimplesinterpretatiorof ausers amgu-
ment. We postulatethatthis interpretationis likely
to be areasonablénterpretation(althoughnot nec-
essarilytheintendedone).

A messag¢hatencodesinNL argumentin terms
of aninterpretations composeaf two parts:(1) in-
structiondfor building theinterpretationand(2) in-
structionsfor reluilding the original agumentfrom
thisinterpretation Thesetwo partsbalanceheneed
for aconcisanterpretatior(Part 1) with theneedfor
an interpretationthat matchescloselythe users ut-
teranceqPart 2). For instance,the messagdor a
conciseinterpretationthat doesnot matchwell the
original agumentwill have a short rst partbut a
long secondpart. In contrast,a more comple in-
terpretationwhich bettermatcheghe original amgu-
ment may yield a messagehat is shorteroverall,
with alonger rst portion,but a shortersecondpor
tion. Thus,themessagéescribingheinterpretation
(BN) which bestmatchesthe users intent will be
amongthe messagewith a shortlength (hopefully
the shortest).Further a messagevhich encodesan
NL argumentin termsof areasonablénterpretation
will beshortethanthemessagevhichtransmitshe
wordsof the agumentdirectly This is becausen
interpretationwhich compriseghe nodesandlinks
in aBayesiarsubnefPart1 of themessages much

11t is worth notingthatthe senderandtherecever aretheo-
retical constructof the MML theory which areinternalto the
systemandarenotto beconfusedvith the systemandtheuser
Theconcepbf areceverwhichis differentfrom thesendeen-
suresthatthe messageonstructedy the sendetto represent
users amgumentdoesnot make unwarrantedassumptions.

morecompacthanasequencef wordswhichiden-

ti es thesenodesandlinks. If thisinterpretationis

reasonabléi.e., the users agumentis closeto this

interpretation) thenthe encodingof the discrepan-
cies betweenthe users agumentand the interpre-
tation (Part 2 of the messagevill not signi cantly

increasehelengthof themessage.

In orderto nd theinterpretatiorwith theshortest
messagéength,we comparghe messagéengthsof
candidatdnterpretations.Thesecandidatesre ob-
tainedasdescribedn Sectiord.

3.1 MML Encoding

TheMML criterionis derivedfrom BayesTheorem:
Pr Pr Pr ,where isthedata
and is ahypothesisvhich explainsthedata.

An optimal codefor anevent  with probability
Pr hasmessagdengthML Pr
(measuredn bits). Hence,the messagdengthfor
the dataanda hypothesiss:

ML ML

The hypothesidor which ML
consideredhebesthypothesis.
Now, in our context, UArg containsthe users ar
gument,and SyslIntan interpretationgeneratedy
our system. Thus, we are looking for the Sysint
whichyieldsthe shortestnessagéengthfor

ML UArg Sysint ML Sysint ML UArg Sysint

The rst part of the messagealescribesthe in-
terpretation, and the second part describeshow
to reconstructthe agument from the interpreta-
tion. To calculatethe secondpart, we rely on
an intermediaterepresentatiorcalled Implication
Graph (1G). An Implication Graph is a graphi-
cal representatiorof an agument, which repre-
sents a basic “understanding” of the amgument.
It is composedof simple implications of the
form AntecedentAntecedent Antecedent
Consequenfwhere indicateghattheantecedents
imply the consequentwithout distinguishingbe-
tween causaland evidential implications). Usr
representan understandin@f the users agument.
It containspropositionsfrom the underlyingrepre-
sentation but retainsthe structureof the users ar
gument. sysint Fepresentsan understandingf a
candidaténterpretationlt is directly obtainedfrom
Sysint but it differs from Sysintin thatall its arcs
point towards a goal node and head-to-headkvi-

ML
is minimal is



dencenodesarerepresentedsantecedentsf anim-

plication,while Sysintis a generaBayesiarsubnet.

Sinceboth  yg and  sygn: Usedomainproposi-
tionsandhave the sametype of representatiorthey
canbecomparedvith relatve ease.
Figurelillustratestheinterpretatiorof ashortar
gumentpresentedy a user andthe calculationof
the messagédengthof the interpretation.The inter
pretationprocessobtains s from the users in-
put, and Sysintfrom (left-handside of Fig-
ure 1). If a sentencan UArg matchesmore than
onedomainproposition the systemgeneratesnore
thanone g fromUArg (Sectiod.1).Each g
may in turn yield morethanone Sysint This hap-
penswhen the underlying representatiorhas sev-
eralwaysof connectingoetweerthenodesn g
(Section4.2). The messagéengthcalculationgoes
from Sysintto UArg throughthe intermediaterep-
resentations gysncand g (right-handside of
Figure1). This calculationtakes adwantageof the
factthattherecanbeonlyone g for eachUArg—
SyslntcombinationHence,

PrUArg Sysint Pr UArg usr Sysint
PrUArg s Sysint
Pr  ys Sysint  Pr Sysint
cond.ind. Pr UArg Vst
Pr  ys Sysint  Pr Sysint

Thus,thelengthof the messageequiredto trans-
mit the users agumentandaninterpretatiors
ML UArg Sysint ML UArg vy«

ML usr Dysint
ML Sysint )
Thatis, for eachcandidatanterpretationwe cal-
culatethelengthof the messageavhich conveys:
SysInt-theinterpretation,

usr SysInt=how to obtainthebeliefandstruc-
tureof g from Sysinf and

UArg  ysr—how to obtainthesentencem UArg
from thecorrespondingropositionsn g

Theinterpretatiorwhichyieldstheshortesimessge
is selected(the message-lengtequationsfor each
componentresummarizedn Tablel).

2\We use sysint for this calculation, rather than Sysint

This doesnot affect the messagdength becausehe recever
canobtain  syginidirectly from Sysint

Throughoutthe remainderof this section,we de-
scribethe calculationof the componentsf Equa-
tion 1, andillustratethis calculationusingthesimple
examplein Figure2 (themessagéengthcalculation
for our exampleis summarizedn Table2).

UArg: Usr

Mr Body andMr Greenargued G argued with B
Mr Greenhada motive to
kill Mr Body G had motive
Sysint: Syslint:

G argued with B G argued with B

G and B were enemies G and B were enemies

G had motive G had motive

Figure2: SimpleArgumentandinterpretation

3.2 Calculating ML Sysint

In orderto transmitSysIntwe simply sendts propo-
sitionsandtherelationsbetweenthem. A standard
MML assumptionis that the senderand recever

sharedomainknowledge(recall thatthe recever is

not the user but is a constructof the MML theory).
Hence,oneway to sendSysintconsistsof transmit-
ting how Sysintis extractedfrom the domainrep-

resentation.This involves selectingits propositions
from thosein the domain,andthenchoosingwhich

of the possiblerelationsbetweerthesepropositions
areincludedin the interpretation. In the caseof a

BN, the propositionsare representeésnodes,and

therelationsbetweerpropositionsasarcs. Thusthe

messagéengthfor Sysintin the context of aBN is

#_nodesBysin} #_arcsGysin}

C#_nodes(iomainBl\) C#.incidentarcsSysln}
# nodesBysIny #_arcsGysin}

For the examplein Figure2, in orderto transmit
Syslntwe mustchoose3 nodesfrom the 82 nodes
in the BN whichrepresentsur murderscenariqthe
Bayesiarsubnetin Figurel1(d)is a fragmentof this
BN). We mustthenselect2 arcsfrom the 3 arcsthat
connecthesenodes.Thisyieldsamessagef length

C C
bits.

3.3 Calculating ML IG g, SysiInt

The messagewhich describes g in terms of

Sysint(or ratherin termsof  gyqn) COrveys how
usr differsfrom the systems interpretatiorin two

respects(1) belief,and(2) agumentstructure.



3.3.1 Beliefdifferences

Foreachproposition inboth  gygnand s,
we transmit ary discrepang betweenthe belief
statedby the userand the systems belief in this
proposition(propositionghatappeaitin only onelG
are handledby the messageomponentwhich de-
scribesstructural differences). The length of the
messageequiredto corvey thisinformationis

ML Usr Sysint
Usr Sysint
where is the belief in proposition
in . Assumingan optimal messagencoding,
we obtain
Pr Usr Sysint
Usr Sysint
3)

which expressegliscrepancieqm belief asa proba-
bility thatthe userwill hold a particularbeliefin a
proposition,given the belief held by the systemin
this proposition.

Since our systeminteractswith people,we use
linguistic cateyoriesof probability that people nd
acceptablésimilarto thoseusedin Elsaesser987)
insteadf preciseprobabilities.Our 7 cateyoriesare:

VeryUnlikely, Unlikely, ALittleUnlikely, EvenChance, ALit-
tleLikely, Likely, VeryLikely . This yieldsthe following
approximatiorof Equation3:

Pr Usr Sysint
Usr Sysint
: (4)
where is the categyory for the belief
innode in

In theabsencef statisticainformationaboutdis-
crepanciebetweenuserbeliefsandsystembeliefs,
we have deviseda probability functionasfollows:

Pr Usr Sysint

Usr Syslint (5)

where is a normalizing constant,and NumcCtis
the numberof belief catayories(=7). This function
yields a maximumprobability whenthe users be-
lief in node agreeswith the systems belief. This
probabilitygetshalved (addingl bit to thelengthof
themessagefor eachincrementbor decremenin be-
lief catgyory. For instancejf boththe userandthe
systenbelieve thatnode s Likely, Equation5 will

yield a probability of . In con-
trast,if the userbelieved thatthis nodehasonly an

EvenChance, thenthe probability of this belief given
the systems beliefwould be

3.3.2 Structural differences

The messageavhich transmitsthe structuraldis-
crepanciebetween gnand g describeshe
structuraloperationsrequiredto transform  gygnt
into  ys. Theseoperationsare: nodeinsertions
and deletions,and arc insertionsand deletions. A
nodeis insertedin sysint When the systemcan-
not reconcilea propositionin the users agument
with ary propositionin its domainrepresentation.
In this case,the systemproposesa specialEscape
(wild card)node.Notethatthe systemdoesnot pre-
sumeto understandhis proposition,but still hopes
to achiere someunderstandingf the agumentasa
whole. Similarly, anarcis insertedwhenthe user
mentionsa relationshipwhich doesnot appearin

sysie An arc (node)is deletedwhenthe corre-
spondingrelation (proposition)appearsn  sysing
but is omittedfrom (s, Whenanodeis deleted,
all the arcsincidentuponit arereroutedto connect
its antecedentdirectly to its consequent.This op-
eration,which modelsa smallinferentialleap, pre-
senes the structureof the implication aroundthe
deletednode. If the arcsso reroutedare inconsis-
tentwith g they will bedeletedseparately

For eachof theseoperations,the messagean-
nounceshow mary times the operationwas per
formed (e.g., how mary nodeswere deleted)and
then provides sufcient information to enablethe
messageaecever to identify the tamgets of the op-
eration(e.g.,which nodesweredeleted). Thus,the
lengthof the messagevhich describeshestructural
operationgequiredto transform  gygninto yg
compriseghefollowing components:

ML Usr Sysint
ML nodeinsertions

ML arcinsertions

ML nodedeletions
ML arcdeletions

(6)

Nodeinsertions= numberof insertechodeplus
the penalty for eachinsertion. Since a node
is insertedwhen no propositionin the domain
matchesa users statementwe usean insertion
penaltyequalto — the probability-like score
of theworstacceptablevord-matchbetweerthe
users statemenanda proposition(Section4.1).
Thusthemessagéengthfor nodeinsertionss

#_nodesins #_nodesins @)



Node deletions= numberof deletednodesplus
their designations.To desighatehe nodesto be
deletedwe selectthemfrom the nodesin Sysint

(or  sysing:

C#—nOdes( Sysin)

#_nodesdel # nodesdel

(8)
Arc insertions = numberof insertedarcsplus
their designationplus the directionof eacharc.
(This componenalsodescribeshearcsincident
uponnewly insertednodes.)To designatenarc,
we needa pairof nodegheadandtail). However,
somenodesin  gqnarealreadyconnectedy
arcs, which must be subtractedfrom the total
numberof arcsthatcanbeinsertedyielding

. # nodes( sysind+#-nodesins
#possarcins C v

#.arcs( sysing

We alsoneedto sendl extra bit perinsertedarc
to corvey its direction. Hence the lengthof the
messagéhatcorveys arcinsertionss:

C#_possar(:ins

#_arcsins #_arcsins

9)
Ar c deletions= numberof deletedarcsplustheir
designations.

#_arcsins

C#_arcs( Sysin)

#.arcsdel # arcsdel (10)
For the examplein Figure 2, sysmc@nd  ygr
differ in the node[B and G were enemies] and

the arcsincidentuponit. In orderto transmitthat

this nodeshouldbe deletedfrom  syqny We must

selectit from the 3 nodescomprising  sysine The

lengthof the messagehat corveys this information

is: C bits (theautomatiaerout-

ing of thearcsincidentuponthedeletednodeyields
usr at no additionalcost).

3.4 Calculating ML(UArgIG ygr)

The users agumentis structurally equivalent to
usr- Hence,in orderto transmitUArg in termsof
usr We only needto transmithow eachstatement

in UArg differsfrom the canonicalstatemengener

atedfor the matchingnodein  ys (Section4.1).

Thelengthof the messagevhich conveys this infor-

mationis

ML Sentence in UArg

Usr

Tablel: Summaryof Messagd.engthCalculation

ML UArg Sysint Equationl
ML Sysint Equation2
ML usr SYysint
belief operations Equationst, 5
structuraloperations Equations,7,8,9, 10
ML UArg  ye Equationll

Table2: Summaryof Messagd.ength Calculation
for the SimpleArgument

ML Sysint 20.6bhits
ML usr Sysint
beliefoperationgno beliefsstated) 0.0bits
structuraloperations 1.6bits
ML UArg Usr 65.6bits
ML UArg Sysint 87.8bits

where Sentence in UArg is the users sentence
whichmatcheghepropositionfor node in  yg.
Assuminganoptimalmessagencodingwe obtain

Pr Sentence in UArg (11)

Usr

We approximatdé®r Sentence in UArg using
the scorereturnedby the comparisonfunction de-
scribedin Section4.1. For the examplein Fig-
ure 2, the discrepang betweenthe canonicalsen-
tences'Mr Body aguedwith Mr Green”and“Mr
Greenhad a motive to murderMr Body” andthe
correspondinguser sentenceyields a messageof
length33.6bits + 32 bits respectiely (=65.6bits).

4 Interpreting Arguments

Our systemgeneratesandidaténterpretationgor a
usersamgumentoy rst postulatingoropositionghat
matchthe users sentencesandthen nding differ-
entwaysto connecthesepropositions-eachvariant
is a candidaténterpretation.

4.1 Postulating propositions

We currently usea nawve approachfor postulating
propositions. For eachusersentence (s We gen-
erate candidatepropositionsas follows. For each
node in the domain,the systemproposesneor
morecanonicakentences (produceddy asimple
English generator). This sentencds comparedto

usr» Yielding a match-scordor the pair ( ys, ).
When a match-scoras abore a threshold |, we



have found a candidaténterpretatiorfor .2 For
example, the proposition[G was in garden at 11] in
Figurel1(b) is a plausibleinterpretatiorof the input
sentencéMr Greenwasseerin thegarderat11” in
Figurel(a). Somesentencesnay have no proposi-
tions with match-scoresbove . This doesnot
automaticallyinvalidate the users algument, as it
may still be possibleto interpretthe agumentasa
whole, even if a few sentencesre not understood
(Section3.3).

The match-scordor a usersentence s and a
proposition — a numberin the [0,1] range— is
scaledfrom a weighted sum of individual word-
matchscoresthat relatewordsin (g with words
in . Insertedor deletedwordsaregivena x ed
penalty

The goodnessf a word-matchdependson the
following factors: (1) level of synorymy — the per
centagef synorymsthewordshavein common(ac-
cordingto WordNet, Miller et al., 1990); (2) posi-
tion in sentencdexpressedsa fraction, e.g.,“1/3
of the way throughthe sentence”)and (3) relation
tags— suBJ/oBJtagsaswell asparts-of-speechuch
as NOUN, VERB, etc (obtainedusingthe MINIPAR
parserLin 1998). Thatis, the th word in sentence

, , matchesperfectlythe th word in the
users sentence, ., if both words are exactly
the same,they are in the samesentenceposition,
and they have the samerelationtag. The match-
scorebetween and | isreducedf their
level of synorymy is lessthan100%,or if thereare
discrepancief their relationtagsor their sentence
positions. For instance considerthe canonicalsen-
tence*Mr GreenmurderedMr Body” andthe user
sentence$Mr Body was murderedby Mr Green”
and“Mr GreenmurderedVs Scarlet”. The rst user
sentencehas a higher scorethan the secondone.
This is becausdhe mismatchbetweenthe canoni-
calsentencandthe rst usersentencés merelydue
to non-contentvordsandword positions,while the
mismatchbetweenthe canonicalsentenceand the
secondusersentencas dueto the discrepang be-
tweenthe objectsof the sentences.

3This stepof the matchingprocesss concernednly with
identifying thenodegthatbestmatcha users sentencesWords
indicating negation provide further (heuristic-basedinforma-
tion aboutwhetherthe userintendedthe positive versionof a
node(e.g.,"Mr GreenmurderedVir Body”) or thenegative ver-
sion(e.g.,"Mr Greendidn't murderMr Body”). This informa-
tion is usedwhencalculatingthe users beliefin anode.

Upon completion of this process,the match-
scoresbetweena user sentenceand its candidate
propositionsare normalized,andthe resultusedto
approximatePr s, , which is requiredfor the
MML evaluation(Section3.4)#

At rst glancethis processnayappeaunwieldy
asit comparegachof theusers sentencewith each
propositionin the knovledgebase.However, since
thecomplity of thisprocesss linearfor eachinput
sentenceandour informal trials indicatethat most
userargumentshave lessthan 10 propositions,re-
sponsdime will notbecompromisedvenfor large
BNs. Speci cally, theresponsdéime onour 82-node
BN is perceved asinstantaneous.

4.2 Connectingthe propositions

The above processnay matchmorethanonenode
to eachof theusers sentenced-dencewe rst gen-
eratethe s Swhichareconsistentvith theusers
argument.For instancethesentencéMr Greenwas
seerin thegarderat11” in Figurel(a)matche$oth
[G was in garden at 11] and[N saw G in garden] (but
the former hasa higherprobability). If eachof the
otherinput sentencesn Figure 1(a) matchesonly
onepropositiontwo IGs which matchthe usersin-
put will be generated- onefor eachof the abore
alternatves.

Figure 3 illustrates the remainder of the
interpretation-gematon process with respect
toone ys. Thisprocessonsistsof nding con-
nectionswithin theBN betweenthenodesn
eliminating super uousBN nodes;and generating
sub-graphf the resultinggraph,suchthat all the
nodesin usr are connected(Figures 3(b), 3(c)
and 3(d), respectrely). The connectionshetween
the nodesin  , arefound by applyinga small
numberof inferencesfrom thesenodes(spreading
outwardin the BN). Currently we applytwo rounds
of inferencesasthey enablethe systemto produce
“sensible”interpretationdor agumentswith small
inferentialleaps.Theseareagumentsvhosenodes
areseparatedby at mostfour nodesin the systems
BN, e.g.,nodesb andc in Figure3(d)® If upon
completion of this process,some nodesare still

“We arecurrentlyimplementingamoreprincipledmodelfor
sentenceomparisorwhich yieldsmoreaccurateprobabilities.
SIntuitively, oneroundof inferencesvould missoutonplau-
sible interpretationswhile three roundsof inferenceswould
allow too mary alternatie interpretations.Our choiceof two
roundsof inferenceswill bevalidatedduringtrials with users.



(a) User's Original Argument

(b) Expand twice from the
users nodes. Produces one
or more node "“clusters”

(c) Eliminate nodes that
aren't in a sortest path

(d) Candidates are all the subgraphs of (c) that connect the user's nodes.

(Only some of the 9 candidates illustrated)

Figure3: Argumentinterpretatiorprocess

unconnectedthe systemrejectsthe current .
This processs currentlyimplementedn thecontext
of a BN. However, ary representatiothatsupports
the generatiorof a connectedargumentinvolving a
givensetof propositionsvould be appropriate.

5 Evaluation

Our evaluation consistedof an automatedexperi-
mentwherethe systeminterpretechoisyversionsof
its own alguments.Theseargumentsyeregenerated
from differentsub-netsof its domainBN, andthey
weredistortedat the BN level andat the NL level.
At theBN level, we changedhebeliefsin thenodes,
andwe insertedanddeletednodesandarcs. At the
NL level, we distortedthe wording of the proposi-
tions in the resultantarguments. All thesedistor
tions were performedfor BNs of differentsizes(3,
5, 7 and9 arcs).Our measuref performancas the
edit-distancdetweertheoriginal BN usedto gener
ateanamgument,andthe BN producedasthe inter
pretationof this agument. Thatis, we countedthe
numberof differencesbetweenthe sourceBN and
theinterpretation.For instancefwo BNs thatdiffer
by onearc have an edit-distanceof 2 (oneaddition
andonedeletion) while a perfectmatchhasanedit-
distanceof O.

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

pretationshadan edit-distanceof 3 or lessfrom the
original BN, andin 50% of the casesthe interpre-
tationsmatchedperfectlythe original BN. Figure4
depictsthefrequeny of editdistancegor thediffer-
entBN sizesunderall noiseconditions.We plotted
edit-distancesf0, ,9and |, plusthecateyory
NI, which standgor “No Interpretation”.As shavn
in Figure4, the 0 edit-distancehasthe highestfre-
gueng, andperformanceleteriorategsBN sizein-
creasesNonethelessior BNs of 7 arcsor less,the
vastmajority of theinterpretationdhave anedit dis-
tanceof 3 or less. Only for BNs of 9 arcsthe num-
ber of NIs exceedsthe numberof perfectmatches.
Figure5 providesa differentview of theseresults.
It displaysedit-distanceasa percentag®f the pos-
sible changedor a BN of a particularsize (the x-
axisis dividedinto bucketsof 10%). For exampleif
a selectednterpretationdiffers from its source-BN
by theinsertionof onearc,the percent-edit-distalc
will be ——, where isthenumberof arcs
in thesource-BNE Theresultsshavn in Figure5 are
consistentwith the previous results,with the vast
majority of the edits beingin the [0,10)% bucket.
Thatis, mostof the interpretationsare within 10%
of their source-BNs.

We also testedeach kind of noise separately

5A BN of
maximumof

arcshasamaximumof +1 nodesyielding a
editsto createthe BN.
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Figure4: Frequeng of edit-distancegor all noise
conditions(5400trials)

Figure5: Frequeng of edit-distancess percentof
maximumeditsfor all noiseconditions(5400trials)

maintainingthe otherkinds of noiseat 0%. All the
distortionswerebetweerD and40%. We performed
1560 trials for word noise,arc noiseand nodein-
sertionsand2040trialsfor belief noise,whichwar
rantedadditionalobserations. Figures6, 7 and 8
shawv the recognitionaccurag of our system(in
termsof averageedit distance)asa function of arc
noise,belief noiseandword noise percentagesie-
spectvely. The performancefor the different BN
sizes(in arcs)is alsoshavn. Our systems perfor
mancefor nodeinsertionds similar to thatobtained
for belief noise(the graphwasnot includedowing
to spacdimitations). Our resultsshav thatthe two
mainfactorsthataffect recognitionperformancere
BN sizeandword noise,while the averageedit dis-
tanceremainsstablefor beliefandarcnoise,aswell
asfor nodeinsertiongthe only exceptionoccursfor
40% arcnoiseandsize9 BNs). Speci cally, for arc

Figure6: Effect of arc noiseon performancg1560
trials)

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

noise,belief noiseand nodeinsertions the average
editdistancewas3 or lessfor all noisepercentages,
while for word noise,the averageedit distancewas
higherfor sereralword-noiseandBN-sizecombina-
tions. Further performancealeterioratedasthe per
centageof word noiseincreased.

The impact of word noiseon performanceein-
forcesour intentionto implementa moreprincipled
sentenceomparisorprocedurg(Section4.1), with
theexpectatiorthatit will improve thisaspecbf our
systems performance.

6 Conclusion

We have offered a mechanismwhich producesin-

terpretationof sggmentedNL amguments.Our ap-
plication of the MML principle enablesour system
to handlenoisy conditionsin termsof wording, be-
liefs andargumentstructure andallows usto isolate



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

the effect of the underlyingknowvledgerepresenta-
tion ontheinterpretatiorprocessTheresultsof our
automatedbvaluationwereencouragingwith inter
pretationsthat match perfectly or almost-perfectly
the source-BNbeinggeneratedn 75% of the cases
underall noiseconditions.

Our systemhasthe following limitations:

The interpretationgeneratedy our systemare
in termsof the propositionsandrelationsknown

by the system.However, the MML Principleit-

self addressethis limitation (at leastpartially),
asthelengthof amessagés a quantitatve mea-
surefor determiningwhetheraninterpretations
likely to re ect theusersintentions.

Our mechanisndoesnot infer an implicit goal
proposition,nor doesit infer discourserelations
from free-formdiscourse At presentthislimita-

tion is circumentedby forcing the userto state
the goal propositionof the amgument,andto in-

dicateclearlytheantecedentandconsequentsf

theimplicationsin his/heragument(thisis done
by meansof aweb-basednterface).

Our amgument-interpretion mechanism has
been tested on one knowledge representation
only —BNs.

It is unclearwhetheragumentsproducedby au-
tomaticallydistortingour systems agumentsare
representate of agumentgyeneratedby people.
Furthertrials with realuserswill beconductedo
ascertairthis fact.

The systems$ performancedeterioratedor large
BNs (9 nodes). However, it is unclearwhether

thiswill affectthe useof the systemin practice.

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