Negation,Contrast and Contradiction in Text Processing

SandaHarabagiu, Andrew Hickl and Finley Lacatusu
LanguageComputerCorporation
RichardsonTX 75080
f sandaandy nle yg@languagecomputepm

Abstract

This paperdescribes framework for recognizingcon-
tradictionsbetweermultiple text sourcesy relying on
threeforms of linguistic information: (a) negation; (b)
antorymy; and(c) semanticandpragmatidnformation
associatedvith the discourserelations. Two views of
contradictionsareconsideredin which a novel method
of recognizingcontrastand of nding antorymiesare
describedContradictionsareusedfor informing fusion
operatorsn questioranswering Our experimentshaov
promisingresultsfor the detectionof contradictions.

1. Intr oduction

Contradictionsoccurwhenever informationthatis commu-
nicatedin two differenttexts is incompatible. Incompati-
bilities are manifestedn mary ways. We have focusedon
contradictionsthat originate when using (i) negation; (ii)
antorymy; or (iii) semanticand pragmaticinformationthat
is characteristicof CONTRAST discourserelations. Fig-
ure 1(a) illustratesan exampleof contradictionsthat arise
from theusageof the negative “never’. Bothtexts usepred-
icatesthat have similar meanings.employ the sameargu-
ments but text T, inverseghetruth valuethroughnegation.
Figure 1(b) illustratesan exampleof contradictionmarked
by the usageof the antoryms “begur’” and*“call off” pred-
icatedover the samearguments. Figure 1(c) exempli es a
contradictionin which the factsinferred from text Ts (e.g
“Beatriz lerowaswoundedby theexplosion”) aredeniedby
the factsinferred from text T¢ (e.g. “Beatriz lero was not
woundedby the explosion”). The semanticandpragmatic
processethatallow suchinferencesretypicalfor the Con-
TRAST discourseelations.

Contradictionsneedto be recognizedby QuestionAn-
swering (Q/A) systemsor by Multi-Document Summa-
rization (MDS) systems. The recognition of contradic-
tionsis usefulto fusion operatorsthatconsidetinformation
originating in differenttexts. When compatibleand non-
redundaninformationis discoveredin differentsourcesfu-
sion operatorsselecttext snippetsfrom all sourcedor pro-
ducinginformative answers.However, whencontradictory
information is discovered, the answerselectsinformation

Copyright ¢ 2006, American Associationfor Arti cial Intelli-
gence(www.aaai.og). All rightsresered.

— T1:| Joachim Johansson held off a dramatic fightback from defending champion

Andy Roddick, to reach the semi-finals of the US Open on Thursday night.

@

— TZ:‘ Defending champion Andy Roddick never took on Joachim Johansson. ‘

— T3

In California, one hundred twenty Central Americans, due to be deported,
began a hunger strike when their deportation was delayed.

(b)

— T4:‘ A hunger strike was called off. ‘

— TS5

The explosion wounded the arm of Beatriz lero, damaged the doors and
walls of the offices, and broke the windows of neighboring buildings.

©

Contradiction | Contradiction | Contradiction

— TG:‘ Beatriz lero emerged unscathed from an explosion. ‘

Figurel: Contradictions.

from only oneof thetexts, discardingits contradiction.For

example,Figure 2 presentsa questionand setof two con-
tradictory answers. In a caselike this one, answerfusion
operatoranustidentify that the sentencesn Answer and
Answep representontradictionghat needsto be resohed
in someway, eitherby interventionfrom theuserof the Q/A

systemor throughadditionalsourcesof feedbackobtained
from knowledgebaseor additionalanswersextractedfrom

thetext collection. Here,recognizingthat Answep contra-
dicted Answepr could provide a Q/A systemwith evidence
thatcouldbeusedto Iter spuriousanswersautomatically

Question Whendid Pakistantestits Shaheen-ballistic missile?

Answer; : The sourcenotedthatthe Shaheen-2with a rangeof 2400km, has
never beentestedby Pakistan.

Answer; : Pakistanhassaidthatit performedseveraltestsof its 2300km-range
Shaheen-Pnissilein September2004

Figure2: ContradictoryAnswers.

The main contrikution of this paperis a novel and dual
framework for recognizing contradictions. This frame-
work combinegthe processingandremoval of negation, the
derivation of antorymy with the detectionof CONTRAST
relations. Antonymy is discovered by mining WordNet
pathsthat extend an encodedantorymy. Thesepathsare
alsousedfor recognizingCONTRAST relations,asthey be-
long to six featuresdesignedspeci cally for capturingop-
posinginformation Another novelty of this paperis the
castingof the recognitionof the CONTRAST discoursere-
lation as a classi cation problemthat operateson the re-
sultsof textual alignment. Textual alignmenthasbeenused
previously for recognizingparaphrasesand more recently
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Figure3: The ArchitectureUsedfor RecognizingContradictionsvith the Help of Textual Entailment.

for detectingtextual entailment(Glickman & Dagan 2005;
Haghighi,Ng, & Manning2005).

Theremainderof this paperis organizedasfollows. Sec-
tion 2 givesanoverviex of our methodfor recognizingcon-
tradictions.Section3 detailsthemethodusedfor processing
negationsin textsandquestionsSectiord describeshepro-
cesof discorering CONTRAST relations whereasSections
givesadetaileddescriptiorof theevaluationresults.Section
6 summarizesheconclusions.

2. RecognizingContradictions

Textual contradictiongepresena form of textual inference.
Anotherform of textual inferencethathasreceveda lot of

attentionin the recentyearsis textual entailment To our
knowledge,textual contradictionshave not beenstudiedas
actively in therecentpast,althoughbothforms of inference
areneededy Q/A systemsBoth contradictionsandentail-
mentsconsidertwo textual inputs(sentencegaragrapher

guestions)}o deducethat onetext contradictsthe other or

onetext canbe entailedfrom the other respectiely.

In logic, contradictionsarisewhenerer we nd a simul-
taneousassertionof a propositionandits negation. Given
the relationshipbetweenentailmentand contradictionused
in resolutionwe have contemplatedhe usageof textual en-
tailment methodsfor the recognitionof textual contradic-
tions. Our textual entailmentsystemis basedon a method
that deriveslinguistic informationfrom the two text inputs
andcastgthe entailmentecognitionasaclassi cationprob-
lem. In usingtextual entailmenffor discoveringtextual con-
tradictions we have consideredwo differentviews:

View 1. Contradictionsarerecognizeddy identifying and
removing negationsof propositionsaandthentestingfor tex-
tual entailment;

View 2: Contradictionsrerecognizedy deriving linguis-
tic informationfrom the text inputs, including information
thatidenti es (a) negations,(b) contrastsor (c) oppositions
(antoryms) andby training a classi er basedon examples,
similarly theway a classi er for entailmenis trained.

Our framawork for discovering textual contradictionsn

basedon the architecturellustratedin Figure3. The pro-

cessing o w correspondingo View 1 is representedy a

dashedine, the processingo w correspondingo View 2 is

representetly adottedline, whereas normalline indicates
anoverlapof thetwo processingo ws.

Our textual entailmentsystemconsistsof (a) a PRE-
PROCESSING MODULE, whichderiveslinguisticknowledge
from the text pair; (b) an ALIGNMENT MODULE, which
takes advantageof the notions of lexical alignmentand
textual paraphrasesand(c) a CLASSIFICATION MODULE,
which containsa featureextractoranda classi er. We used
modulesfrom the textual entailmentsystemin the two pro-
cessingo ws thatcorrespondo eitherof our views on rec-
ognizingcontradictionsIn addition,we have usedamodule
thatenablesusto detectveridic and negatedexpressionsn
thetextual inputsaswell asa modulethateliminateshe de-
tectednegations.

Thepreprocessinghnoduleannotate®othtext inputswith
four formsof linguistic information: (1) lexico-semantidn-
formation; (2) parsinginformation; (3) coreferencenfor-
mation;and(4) pragmatidnformation. Thelexico-semantic
information consistsof (i) part-of-speechinformation; (ii)
synorymy and antorymy information derived from Word-
Net(Fellbaum1998);and(iii) namedentity classeprovided
by our namedentity recognition(NER) systemcapableof
distinguishingmore than 150 different classes. The pars-
ing information consistsof syntacticand semanticparses.
The syntacticparseis generatedy Collins' parser(Collins
1999),whereaghesemantigarseis producecby our parser
(Surdeanwetal. 2003)trainedontheannotationgrom Prop-
Bank (Palmer Gildea, & Kingshury 2005) and NomBank
(Meyers et al. 2004). The parsescontain also temporal
andspatialnormalizationsof temporalexpressionginclud-
ing datesandtime intervals)andspatialexpressionginclud-
ing namef politic andgeographidocations).Thecorefer
enceinformationis basedn (a) therecognitionof thename
aliases;and (b) the recognitionof namedentity corefer
ence.Thepragmatidinguistic informationthatis derivedis
basedn therecognitionof modalauxiliaries(e.g. “would’,



“could’), factive verbs(e.g. “manaye”), belief verbs(e.qg.

“considet, “believe’), or lexicons associatedvith speech
acts(e.g.“say, “announcet). After preprocessinthetext

units, the processo w associateavith View 1 leadsto the

detectionof veridic and negated expressionswhereasthe

processo w associateavith view 2 leadsto the alignment
module.

Veridicity andnegation arerecognizedy the techniques
describedn Section3 of this paper The contrastsare de-
tectedbasedon a large training corpusthat combinesour
annotationsof contrastsand contradictionswith a corpus
generatedvith the methoddescribedn (Marcu & Echihabi
2002).We representhis combinedcorporaasTraining Cor-
poralin Figure3. Whenlinguistic negationis discovered,it
is removed with techniquegletailedin Section3 of this pa-
per Negationremoval is performedonly in the processing
correspondingo View 1.

Both processingo ws usethe alignmentmodule of the
textual entailmentsystem(only View 1 needsto detectand
remove negatedexpressiondeforealigning the texts). The
alignmentmodule, designedoriginally for textual entail-
ment,is basedon the assumptiorthat a text T, thatis en-
tailed from a text T, canalsobe seenas a paraphrasef
text T,. Thereforetextual alignmentis usedfor capturing
thecandidateportionsfrom thetwo texts thatcouldbe para-
phrases.The alignmentmodulecontainsthe lexical align-
mentandthe paraphrasacquisitioncomponentsThe para-
phraseacquisitioncomponents describedn (Hickl et al.
2006).

As describedin (Hickl et al. 2006), lexical alignment
was performedusing a Maximum Entropy-basedclassi er
trainedon a total of 450,000alignmentpairsextractedfrom
the PASCAL RTE 2006 developmentset anda collection
of morethan200,000examplesof textual entailmentmined
from newswire corporaandtheworld wide weh

In the secondriew of recognizingcontradictionsthe pro-
cess 0 ws to the detectionof veridic/neyated expressions,
which was describedpreviously. This moduleenableshe
detectionof negation and contrastfeatures.Thenboth pro-
cessing o ws completethe featureextraction that also de-
pendson dependeng featuresand semantic/pragmatifea-
turesderived from the knowledgeproducedby the prepro-
cessingmodule. All thesefeatureg(illustratedin Figure5)
areusedby the inferenceclassi er, which is trainedon the
Training Corporal (basedon examplesof contradictions).
After experimentingwith several machinelearning tech-
nigues (including Maximum Entropy and SupportVector
Machines) we foundthatdecisiontrees(asimplementedn
C5.0(Quinlan1998))performedbestwhentrying a 10-fold
cross-alidationof the examplesof contradictionsWe have
found similar resultsinferring textual entailment. In both
caseson denceresultsreturnecby the C5.0classi er were
normalizedandusedto rankthetestexampledecisions.

1The PASCAL RecognizingTextual Entailment(RTE) Chal-
lengeevaluateghe recognitionof the inferenceof the meaningof
onetext fragmentfrom anotherntext. Furtherinformationcanbe
foundat: http://www.pascal-netark.org/Challenges/RE

3. ProcessingNegationin Text

Eventhoughnegationis consideredo be a universalprop-
erty of all humanlanguage$Greenbey 1978),the process-
ing (andinterpretationpf negationin naturallanguageexts
haslong remainedan openquestion. While somerecent
work, reportedin (Chapmaret al. 2001), hasfocusedon
the detectionof overtly-marled negationin texts, we know
of no currentwork in NLP which hastaken stepstowards
theinterpretatiorof negatedconstituentsn text.

We processnegation by considering(i) overt (directly li-
censed)ngyation, and (i) indirectly licensednegation. In
English,directlicensorsof negationinclude (1) overt nega-
tive markerssuchastheboundmorphemen't (e.g. “dont”,
“can't”, “won't”) andits free counterparnot, (2) negative
guanti ers like no (including expressionsuchas“no onée
and“nothing’), and(3) strongnegative adverbslike“never’.
Examplesof indirectly licensedhegationsinclude: (1) verbs
or phrasalerbs(e.g.“deny, “fail”, “refusé, “keepfrom’);
(2) prepositionge.g. “without’, “except), (3) weakquanti-

ers (e.g.“few”, “any’, “somé), and(4) traditionalnegative
polarityitemssuchas"aredcent or“anymore”.

3.1DetectingNegationin Text

In this section,we describehow we detectthreetypes of
negatedconstituentsn texts: (1) negatedevents,(2) negated
entities,and(3) neggatedstates We alsodescribeour method
for reversingthe polarity of negated events, entities, and
statesin texts. To detectnegationswe usethe following
steps:

SteP 1. Texts arepreprocesseasillustratedin Figure3,
andovert andimplicit markersof negation (listedin alarge
lexicon of possiblenegation-denotingerms)are agged in
individual sentences.

Step 2. (Detectnegatedevents)We detectinstancesof
eventsbasedntheresultsof the semantigarsesedn the
preprocessingf texts. We lter out all eventsthatare not
having predicatesnarked asnegatedby anovert or implicit
marker. The scopeof the marker is the entire predicate-
argumentstructure We detectinstance®f eventsusingtwo
separatemachinelearning-basedvent detectionsystems;
our verbal event detectionsystemis trained using annota-
tionsderived form PropBank(Palmer, Gildea,& Kingshury
2005), while our nominalevent detectionsystemis trained
usingfeaturesfrom NomBank(Meyersetal. 2004). Events
detectedby thesesystemsare marked asnegatedif they fall
within the syntacticscopeof an overt or implicit negative
marker. For example,in a sentencdike “Thesouice noted
that the Shaheen-had never beentestedby Pakistari, the
predicate-agumentstructureheadedy theverb“tested is
annotatedvith afalse truthvalue.

Step 3. (Detectnegatedentities)We considera negated
entity to beary nounphrasethatfalls within the scopeof an
overt negative quanti er (e.g. no) or a non-\eridical quan-
tier suchasfew, some or many Unlike negatedevents,
wherewe assumehe scopeof anegative markeris assumed
to encompasanentireVP, we restrictthe scopeof negative
guanti ers to the widest scopeinterpretationof the modi-
ed NP. Forexample,in sentencéNoitemsin themuseuns



collectionof Japanesartifactswere obtainedillegally.”, we
considerthe entireNP “itemsin the museuns collectionof
Japanesartifacts’ to be consideredhe scopeof negation.

Step 4. (Detectnegated states)In orderto detectin-
stancesof statesin texts, we constructedan ontology of
state-denotingermsfrom WordNet. We began by selecting
approximatelyl175 state-denotindiyperryms (e.g. symp-
tom, condition or situatior); nominalsthat were listed as
hyporyms of thesetermswere marked as potentially state-
denoting. We then usedthesetermsto train a Maximum
Entropy-basedclassi er in order to identify other state-
denotingtermsin WordNet. As with negatedentities,we
considera negatedstateto be equalto the widestscopein-
terpretatiorof a state-denotingounphrasehatfalls within
the scopeof a negative marler.

In addition to detectingnegation, we have also imple-
mented techniquesfor reversing the polarity of negated
events, entities,and statesin texts. While removing overt
negative markers (e.g. no, not, never) is relatively simple
solutionto this problemfor mary casesthis approactdoes
not accountfor examplesfeaturingnegative-denotingverbs
like denyor adwerbssuchashardly.

In order to reversethe polarity of theseexamples,we
have useda multi-tieredapproactthatutilizes (1) antoryms
extractedfrom WordNet (e.g. denyadmit refusepermi,
(2) antorymsidenti ed usingthe automatictechniquesie-
scribedin the next Section, and(3) paraphrasederived as
partof the systemdescribedn (Hickl etal. 2006).

3.2 Answering Negative Questions

Althoughtodays state-of-the-arquestion-answerinQ/A)
systemsare beginning to incorporatetechniquesf the an-
sweringof semanticallycomple questionswe know of no
currentQ/A systemthatis capableof answeringquestions
thatcontainovert or implicit forms of negation.

As canbeseenin Tablel, questionghatcontainnegated
elementseeksetsof entitiesor eventswhich correspondo
thesemanticatagyory of anexpectedanswetypeandsatisfy
theneggatedform of the propositionexpressedy a question.
For example,in a questionlike “What countrieshave not
won the World Cup?, an appropriateanswerincludesthe
setof all countriedor which theproposition‘wontheWorld
Cup’ isfalse

Q1 | Whatcountrieshave not won the World Cup?

Q2 | WhichIndonesiarnislandsarenot in the SoutherrHemisphere?
Q3 | WhatUS Army vehiclesarenot personnetransports?

Q4 | Whatnene agentgloesRussishave other than VX gas?

Tablel: Negative Questions

We have experimentedwith threetechniquedor answer
ing questiondike theonesin Tablel. Thetechniquesre:

TECHNIQUE 1. The rst techniquereliesonthe detection
of negation. Answersto negative questionswere thenre-
turnedfrom the setof candidateanswersthat were found
in contts where the propositionfound in the question
was deemedto be false. Even though this approachre-
turnedhigh-precisionanswersto somenegative questions,
this stratgy's recall was ultimately limited by the number
of candidateanswemassagefoundin atext collectionthat

werenegated.

TECHNIQUE 2. In the secondtechnique,in order to
increaserecall, we adapteda strat@y rst proposedby
(Bierner& Webber2000)for theansweringof so-calledex-
ceptivequestiondike (Q4) above. Underthis approachwe
transformednegative questionslike “What Indonesianis-
landsare not foundin the SoutherrHemispheg?' into two
correspondingjuestiong1) a positive analogof theoriginal
negative question(e.g. “WhatIndonesiarislandsare found
in the SouthernHemisphee?’) and(2) a secondquestion
that soughtthe full extensionof the original questions an-
swertypeterm(e.g.“Whatindonesiarislandsare there?’).
Answersto the original negative questiorwerethenderived
by returningthe setof entitiesthatwerenotincludedin the
intersectiorof (1) and(2).

TECHNIQUE 3. In thethird techniqueyve utilized thesys-

tem for recognizingtextual entailment(RTE) describedn
(Hickl etal. 2006)in orderto nd candidateanswersvhich
entailed(or atleastcloselyapproximatedjhe semanticon-
tentof the propositionexpressedby a negative question.For
this approachwe usedthe keyword densityalgorithm de-
scribedin (Harabagiuet al. 2003)in orderto retrieve a
setof candidateanswerpassagesvhich featuredkeywords
extractedfrom the negative question. Negative questions
were also transformedinto declaratve statementaising a
setof simple heuristicswhich reorderedthe inverted sub-
ject and verb and replacedthe questions wH phrasewith
a noun phrasecorrespondingo the EAT of the question.)
Eachcandidateanswerpassagavas then submittedto the
RTE systemanswerghatweredeemedo beentailedby the
transformedjuestionwerereturnedasanswergo the origi-
nal question.
We implementedll threeof theseansweringstratgiesinto
apreviously existing Q/A systemdescribedn (Harabagilet
al. 2005). They eachcorrespondo a differenttext fusion
operator

4. RecognizingContrasts

Several discoursetheoriesrecognizeCONTRAST as a dis-
courserelationbetweerdiscourseaunitswhich canbe either
separatesentencesr separatelauseswithin the samesen-
tence. As describedn (Kehler2002), CONTRAST is are-
semblancaliscourserelationthat canbe recognizedy the
presencefthecuephrasesbut’, or“although. Figure4(a)
illustratesan exampleof a CONTRAST relationthatwasin-
troducedin (Marcu & Echihabi2002). In the example,the
presencef opposingnformationcontritutesmoreto theas-
sessmendf a CONTRAST thanthe presencef acuephrase.
More speci cally, by recognizingthe relation of antonymy
betweenthe expressions‘precludé and “be ablé’ or be-
tween“embago’ and“legally” in the exampleillustrated
in Figure4(a),we areableto concludethatthereis a Con-
TRAST relationbetweerthetwo sentencesyithout needing
to take the cuephraseanto account.

4.1 Discovering CONTRAST Relations

We arguethat eachdiscourserelationcanbe characterized
by speci ¢ semantiandpragmaticsignaturesCuephrases,
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Figure4: ContrastRelationindicatedoy Antonymy Chains.

whenpresentsignala certaindiscourseelation. However,

evenin the absenceof cue phraseshumanscanrecognize
discourserelations,in large part due to world knowledge.
By assuminghattwo discourseunits that establisha rela-
tion musthave (a) somecommoninformationthey shareand
(b) someinformationthatjusti es therelation,we have de-
vised the following procedurefor recognizingCONTRAST

relations:

STEP 1. Generat@redicate-ggumentstructures.

StEP 2. Find possiblealignmentsetweerpredicatesand
arguments.

STEP 3. Acquire paraphrasegf alignedinformation.

StEP 4. Clusterparaphrasemto setsconveying the same
concept(usingcomplete-linkclustering).

STEP 5. Computehealignmentprobabilityandalignment
features.

Step 6. Computeparaphrasdeatures,dependeng fea-
tures, contrastfeaturesand semantic/ pragmaticfeatures.
Thefeaturesareillutratedin Figure5.

STEP 7. Usea Maximum Entropy classi er to decidethe
recognitionof a CONTRAST relation.

As Figure 4(b) illustrates,predicate-agumentstructures
determinedby semanticparserstrained on PropBankor
NomBank enable the thematic alignment betweentexts.
Thereare ve forms of alignmentlinks betweenpredicate-
amgumentstructures:

(1) alignmentbetweenamgumentshaving identical heads
(e.g.“state$ (like Libya) and“state$ (like Rwanda));

(2) antorymy relationsencodedn WordNet(e.g.“sell’ and
“buy?);

(3) antorymy chainsthatarederived from WordNetfor ap-
proximatingopposingnformation;

(4) alignmentbasedon functional similarity or inclusion.
For example,whenthe agumentshave a specializedrela-

tion to the predicatge.g. temporal)andthe function of one
of the agumentsis similar or includesthe function of the
otherargument.For example,atemporalelationmarkedby

theadwerb*currently’ indicatesthatthe predicateargument
functionis constrainedy atemporalfunctionF; indicating
veridicity at the presentime. ThetemporalfunctionF, in-

dicatedby theadwerb“still” consistof veridicity notonly at
the presentime, but alsoin therecentpast. Thus,function
F» includesF;.

(5) synorym chainsthatconnectsynorymouswords.

The recognitionof CONTRAST relationsbasedon the
ANTONYM relationsuffersfrom thefactthatthe only avail-
able resourcethat encodessuch relations, namely Word-
Net, consideronly pairsof wordsthatsharethe samepart-
of-speech(PoS).In WordNetthereare 1713 antoryms be-
tweennouns,1025antorymsbetweerverbs,3748antoryms
betweenadjectves, and 704 antoryms betweenadwerbs.
As notedin (Marcu & Echihabi2002) by relying only on
antoryms accessiblérom WordNetwe could not account
for the antorymy between‘embagao’ and*“legally” in the
exampleillustratedin Figure4(a). To solve this problem,
MarcuandEchihabihave gatheredvastamountsof training
datathat enablethemto learnwhich pairsof lexical items
arelikely to co-occurin CONTRAST relation,andthuscould
beantoryms. In our studywe have considerednalternatve
solution,by automaticallygeneratingantonymchainsbased
on the information available from WordNet and using the
featuresof thesechainsfor trainingaclassi er. In this way,
we malke usenotonly of thelexical informationfrom a vast
training corpus,but also of the relationalsemanticestab-
lishedwith the help of WordNet. Figure4(b) illustratesthe
existenceof two antorym chainsbetweenthe sentencesf
the exampleillustratedin Figure4(a). The antorym chains
areillustratedin Figure4(c), andthe methodologyusedfor
generatinghemis presentedh Subsectior.2. As it canbe
noted,eachantorymy chaincontainsan antorymy relation
alongwith otherrelationsderivedfrom WordNet.

4.2 Generating Antonymy Chains

Antonymy chainsarelexico-semantichainsthatarebased
on relationsencodedn WordNetin which onerelationis
theantonymyrelation. In WordNet,thereareencodednore
than7,000antorymy relations. As reportedin (Harabagiu
& Moldovan 1998), a lexical chain which combinesonly
Is-A relationswith antorymy relations preseres the se-
manticsof oppositiondictatedby antorymy. Additionally,
the relation betweena WordNet conceptand the genusof
its glossis often encodedasan I s-A relation,andthuswe
allow combinationof GLoOsS relationsand antoryms and
antorymy chains.Finally, antorymy is establishedetween
predicationsandthuswe allow a minimal contet of a de-
pendeng relationto be considered.Dependeng relations
in conceptglossesare processedy the exXtendedWord-
Net (http://xwn.utdallas.eduDependeng relationsin texts
cantake theform of predicate-agjumentrelations.To build
antorymy chainswe follow the steps:

STEP 1. Given a pair of words (w1;wy) we retrieve all
antorymsencodedn WordNet.

STEP 2. By usingonly GLOSs and Is-A relations nd



ALIGNMENT FEATURES: Thesethreefeaturesarederivedfrom theresultsof thelexical alignmentclassi cation.
1 LONGEST COMMON STRING: This featurerepresentshelongestcontiguousstringcommonto bothtexts.
2 UNALIGNED CHUNK: Thisfeaturerepresentshe numberof chunksin onetext thatarenotalignedwith achunkfrom the othertext
3 LEXICAL ENTAILMENT PROBABILITY: Thisfeatureis de nedin (Glickman& Dagan2005).

DEPENDENCY FEATURES: Thesefour featuresarecomputedrom the PropBank-stylennotationassignedy the semantigarser
1 ENTITY-ARG MATCH: Thisis abooleanfeaturewhich res whenalignedentitieswereassignedhe sameargumentrole label.
2 ENTITY-NEAR-ARG MATCH: Thisfeatureis collapsingtheargumentsArg; andArg, (aswell asArgy ) into singlecateyoriesfor the purposeof countingmatches.
3 PREDICATE-ARG MATCH: Thisbooleanfeatureis agged whenatleasttwo alignedargumentshave the samerole.
4 PREDICATE-NEAR-ARG MATCH: Thisfeatureis collapsingtheagumentsArg; andArg; (aswell asArgy ) into singlecateyoriesfor the purposeof countingmatches.

PARAPHRASE FEATURES: Thesethreefeaturesarederivedfrom the paraphraseacquiredfor eachpair.
1 SINGLE PATTERN MATCH: Thisis abooleanfeaturewhich red whenaparaphrasenatchedeitherof thetexts.
2 BOTH PATTERN MATCH: Thisis abooleanfeaturewhich red whenparaphrasesatchedothtexts.
3 CATEGORY MATCH: Thisis abooleanfeaturewhich red whenparaphrasesouldbefoundfrom the sameparaphraselusterthatmatchedothtexts.

NEGATION FEATURES: Thesethreefeaturesake advantageof thetruth valuesthatthe Preprocessassigngo predicates.
1 TRUTH-VALUE MISMATCH: Thisis aboolearfeaturewhich red whentwo alignedpredicateglifferedin ary truth value.
2 POLARITY MISMATCH: Thisis abooleanfeaturewhich red whenpredicatesvereassigneappositepolarity values.
3 OveRT/IMPLICIT MARKER: Thisis abooleanvectorthatlists whetheraword is (partof) anovert negationmarker, animplicit negationmarker or not.

o g b~ WN

SEMANTIC/PRAGMATIC FEATURES: Thesesix featuresareextractedby the preprocessingnodule.

1 NAaMED ENTITY CLASS: Thisfeaturehasa differentvaluefor eachof the 150namedentity classes.
TEMPORAL NORMALIZATION: Thisboolearfeatureis agged whenthetemporalexpressionsarenormalizedo the samelSO 9000equialents.
MODALITY MARKER: Thisboolearfeatureis agged whenthetwo texts usethe samemodalverbs.
SPEECH-ACT: Thisbooleanfeatureis agged whenthelexiconsindicatethe samespeechactin bothtexts.
FACTIVITY MARKER: Thisboolearfeatureis agged whenthefactvity markersindicateeitherTRUE or FALSE in bothtexts simultaneously
BELIEF MARKER: Thisboolearfeatureis agged whenthebelief markersindicateeitherTRUE or FALSE in bothtexts simultaneously

o U~ WN PR

CONTRAST FEATURES: Thesesix featuresarederivedfrom the opposingnformationprovided by antorymy relationsor chains.

NUMBER OF LEXICAL ANTONYMY RELATIONS: This featurecountsthe numberof antorymsfrom WordNetthatarediscoseredbetweerthetwo texts.

NUMBER OF ANTONYMY CHAINS: This featurecountsthe numberof antorymy chainsthatarediscoseredbetweerthetwo texts.

CHAIN LENGTH: Thisfeaturerepresents vectorwith thelengthsof theantorymy chainsthatarediscoreredbetweerthetwo texts.

NUMBER OF GLOSSES: This featureis avectorrepresentinghe numberof Glossrelationsusedin eachantorymy chain.

NUMBER OF MORPHOLOGICAL CHANGES: Thisfeatureis avectorrepresentinghe numberof Morphological-Denationrelationsfoundin eachantorymy chain.
NuMBER OF NODES WITH DEPENDENCIES: This featureis a vectorindexing the numberof nodesin eachantorymy chainthatcontaindependengrelations.

Figure5: FeaturedJsedfor ClassifyingContradictions.

lexical chainsfrom eachof thewordsw; to oneof theargu-
mentsof theantorymy relation.

StTEP 3. Limit thelengthof the chainto the antorymy ar
gumentgo three.

StEP 4. Within a gloss,if a dependengrelationis con-
sideredadependencnodeis createcandthedependengis
propagtedthroughouthechain.

StEP 5. Whenbothwordsareconnectedo thearguments
of theantoryms, a chainis established.

5. Evaluation

In this section, we describehow we evaluatedthe sys-
temsfor antorymy, contrastandcontradictiondetectionde-
scribedin this paper In addition, we presentresultsfrom
experimentswith an automaticquestion-answeringystem
which shaws that input from thesethree modulescan be
usedto obtain accurateanswersto four differenttypes of
guestionsnvolving negation.

We evaluatedour antorymy detectionsystemon a set
of 1410 pairs of antorymy extractedfrom an online the-
saurugwiktionary.org). Eachpair of antorymswassubmit-
tedto our systenmseparatelyif anantorymy chain(of length
I n) could be foundin WordNet(WN), the antorym re-
lationshipwasclassi ed ashaving beenidenti ed correctly
Resultswere calculatedfor threetypesof antorym pairs:
(1) pairswhereneithertermhadantorymslistedin WN, (2)
pairswhereonly onetermhadantorym entriesin WN, and
(3) pairswhereboth termshad antoryms in WN. Results

from threeexperimentgwith n =5, n =8, andn = 10) are
presentedn Table2.

Examples | n=5 n=8 n=10
0 antorymsin WN 670 0.1791 | 0.3134 | 0.3284
1antorymin WN 460 0.2174 | 0.4706 | 0.5000
2 antorymsin WN 280 0.5185 | 0.5833 | 0.6522
TOTAL 1410 0.2589 | 0.4184 | 0.4489

Table2: Antonym Detection.

Theseresultsshav that our antorymy detectionsystem
was capableof detectingantorymy relations with some
accurag: when comparingpairs of tokens that had no
antorym informationstoredin WN, our algorithmcorrectly
identi ed antoryms nearly 33% of the time; this number
jumpedto 65% when both tokenswere associatedvith at
leastoneantorymin WN.

We evaluatedbur contrastletectiorsystenusingacorpus
of 10,000instance®f thediscourseelationCONTRAST ex-
tractedfrom the World Wide Webandnewvswiredocuments.
Following (Marcu & Echihabi2002), we consideredpairs
of adjacensentencegeaturingthe cuephrasebut to be pos-
itive examplesof CONTRAST. (Two typesof contexts were
considered(1) pairsof sentencesonjoinedwith but (9128
examples)and(2) adjacensentencewherethesecondsen-
tenceincludeda sentencénitial But (882 examples).)A to-
tal of 9000sentenceairswereusedto train the systemgthe
remainingl000pairswere rst validatedby handby human
annotatorsand held out as the evaluationset. In orderto
gathernegative examplesof CONTRAST, we selectednon-



adjacenpairsof sentencefrom eachof thedocumentghat
positive exampleswere extractedfrom. Equal numbersof
negative exampleswerealsoaddedto boththe training and
evaluationsets. Resultsfrom our contrastdetectionsystem
areprovidedin Table3.

TestSize | Accuray | Avg. Precision
Contrast 1200 74.19% 74.00%

Table3: ContrastEvaluation.

We believe our performancaepresent&n improvement
over(Marcu& Echihabi2002),asoursystenclassi espairs
of sentencess eitherpositively or negatively representing
aninstanceof CONTRAST; previous approachesvere only
able to make judgmentbetweentwo competingdiscourse
relations.

We utilized datapreparedor the 2006 PASCAL Recog-
nizing Textual Entailment(RTE) Challengein orderto cre-
atethreenew typesof training and evaluationcorporafor
our textual contradictionsystem. The 2006 PASCAL RTE
datasetconsistsof 1600 pairs of sentenceshat have been
adaptedy humanannotatorsn orderto provide 800 exam-
pleseachof positive andnegative textual entailment?

First, in orderto testour systems ability to detectexam-
plesof contradictionfeaturingovert negation, we hadtwo
annotatorsggate one sentencdrom eachof the 800 pairs
of examplesof positive entailmentn the RTE datasetn or-
derto createcontradictions(In orderto avoid overtraining,
annotatorswvere alsotasked with addingnegative marlers
to the remainingexamplesof negative entailmentaswell;
carewastakennot to ensurethatthe resultingexamplewas
neitheran entailmentnor a contradiction.) Examplesof a
contradictiorformedby addingnegationis presenteédh Fig-
ure6.

FormerdissidentlohnBok, who hasbeenon ahungerstrike sinceMonday says|
hewantsto increasepressuren Stanisla Grossto resignasprime minister
A hungerstrike wasnot attempted.

Figure6: Contradictionby Negation.

Secondin orderto evaluatehow well our systendetected
instance®f contradictiorthatdid notfeatureovertnegation,
humanannotatorsveretasked with creatingparaphrasesf
eachof the 800 contradictorysentencesreatedn the rst
corpusthat did not a negative marker. (This was possible
in atotal of 638 of the 800 examples.)Examplesof contra-
dictionsformedby paraphrasin@ negatedsentencas pre-
sentedn Figure7

FormerdissidentlohnBok, who hasbeenon ahungerstrike sinceMonday says|
hewantsto increaseressuren Stanisla Grossto resignasprime minister
A hungerstrike wascalled off.

Figure7: Contradictionby Paraphrasing.

Finally, a third “hybrid” corpuswas createdby combin-
ing 400examplesf contradictiortakenrandomlyfrom both
“negated” corpusandthe “paraphrasedtorpusanda total
of 800 negative examplesof contradiction.

We have previously describedheevaluationof thetextual
entailment(TE) systemthat forms the core of our textual

’Data is publicly available at
network.om/Challenges/RE2/Datasets/.

http://www pascal-

contradictionTC) systemin (Hickl etal. 2006).In addition
to beingtrainedonthe800examplesoundin the2006PAS-
CAL RTE DevelopmentSet, this systemwas also trained
on over 200,000examplesof textual entailmentthat were
automaticallyextractedfrom the newswire corporaandthe
WWW. While we did not createsuchalargetrainingcorpus
for ourtextual contradictiorsystemwe did usetrainingdata
acquiredor our TE systemslexical alignmentmodulein or-
derto train the correspondinglignmentmodulefeaturedn
our TC system.Usedprimarily to determinethe likelihood
thattwo constituentencodecorrespondindexico-semantic
information,the alignmentclassi er wasalsousedto deter
mine valuesfor the alignmentfeaturesusedin the TC sys-
tem's nal contradictionclassi er.

Resultsfor our TC systems performanceon eachof our
three evaluation corporaare presentedn Table4. As in
the PASCAL RTE evaluationstwo performancenetricsare
provided: (1) accurag (equalto the percentagef correct
classi cations made) and (2) averageprecision (equal to
the system$ averagecon dencein eachclassi cation de-
cision)®.

TestSize | Accuray | Avg. Precision

Textual Entailment

PASCAL RTE 2006 800 75.38% 80.16%
Contradiction

NegationOnly 800 75.63% 68.07%
Paraphras®©nly 800 62.55% 67.35%

Paraphrase Negation 800 64.00% 75.74%
Table4: Evaluationof Textual Inference.

When evaluatedon the “negated” contradictioncorpus,
our textual contradictionsystemcorrectlyclassi ed 75.63%
of examplesaresultnearlyequialentto our textual entail-
mentsystems$ accurag (75.38%)on 2006 PASCAL RTE
data. This suggestshatthe methodfor recognizingtextual
contradictionpresentedn View 1 in Figure3 mayprove ef-
fective for classifyingpairs of texts that differ in polarity,
asreasonablyhigh levels of accurag canbe obtained,re-
gardlessf the a systemprocessesexts by annotatingoolar
ity valuesor removing negative markersaltogether Despite
this promisingresult, our systems performancedroppedto
62.55%o0n the corpusof “paraphrasedtontradictionsand
to 64.00%on the “hybrid” corpuscombiningnegatedand
paraphrasedontradictions.Although thesescoresare sub-
stantially lower than our previous result, they are both in
line with the performanceof TE system(65.25%)on PAS-
CAL datawhenno additionalsourcesof training datawere
used. We believe thattheseresultsdemonstratehe viabil-
ity of the approacthoutlinedin View 2 in Figure3. In both
of thesecasescompetitve scoresvereobtainedby employ-
ing anapproactwhich combinedmultiple differenttypesof
semanti@nnotationsisingarobustclassi er.

In additionto recognizingcontradictiondn isolation,we
alsoevaluatedthe performanceof our textual contradiction

FFoIIowmg (Voorheed 999),Average Precisionis calculatedas
L L (E(i) Z-correct w t par 1y heren isthenumber
of the palrsm thetestset,R is the total numberof positive pairs
in thetestset,E (i) is 1 if thei-th pairis positve and0 otherwise,
andi rangesver thepairs,orderedby theirranking.




framavork in the context of answeringnegative questions
using the automaticquestion-answeringystemdescribed
in (Harabagiuet al. 2005). Table 5 details the perfor
manceof four differentstratgies: (1) a negation detection
stratg@y which returnedanswersassociatedavith a negated
predicate attribute, or entity, (2) a setintersectionstratgy
which returnedanswersthat were not includedin the in-
tersectionof the answersreturnedby two positive analogs
of the question,(3) an entailmentstratey which returned
answersthat were deemedto be close approximationsof
the negatedpropositionexpressedy the question,and (4)
a hybrid stratgyy, which combinedand re-ranked answers
returnedby all three stratgjies using a methoddescribed
in (Harabagiuet al. 2005). In a evaluationof 150 nega-
tive questionsthe hybrid stratg)y performedbest,returning
ananswerin top-ranked positionto 83 questiong55.33%).
Theresultswereevaluatedusingthe MeanReciprocaRank
(MRR) score(Voorheesl999)andthe Accuray of the an-
swer Thereciprocalrank (RR) of an answeris de ned as
(1/Rank), wherei is the positionof the rst correctanswer
to the question.The MeanReciprocalRank(MRR) is then
de ned asthe meanof the sumof the reciprocalranksfor
a setof questipngivided by the total numberof questions

(.e. MRR =" T, (RR))=N).
Strategy Accuracy | MRR
Negation Detection 24.7% 0.298
Setlntersection 17.3% 0.213
Entailment 48.0% 0.404
Hybrid 55.3% 0.495

Table5: AnsweringNegative Questions

6. Conclusions

In this paper we have introduceda new framework for rec-

ognizing contradictionin naturallanguagetexts. Our ap-

proachcombinegechniquedor the processingf negation,

the recognitionof contrasts,and the automaticdetection
of antorymy in orderto identify instancesf contradiction
with over 62% accurag. In addition,we have incorporated
eachof thesecomponentsn orderto createnew typesof

fusion operatordor automaticquestion-answeringystems
andnew techniquegor answeringhegative questions.
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