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Abstract

This paperdescribesa framework for recognizingcon-
tradictionsbetweenmultiple text sourcesby relying on
threeformsof linguistic information: (a) negation; (b)
antonymy; and(c) semanticandpragmaticinformation
associatedwith the discourserelations. Two views of
contradictionsareconsidered,in which a novel method
of recognizingcontrastandof �nding antonymiesare
described.Contradictionsareusedfor informingfusion
operatorsin questionanswering.Ourexperimentsshow
promisingresultsfor thedetectionof contradictions.

1. Intr oduction
Contradictionsoccurwhenever informationthat is commu-
nicatedin two different texts is incompatible. Incompati-
bilities aremanifestedin many ways. We have focusedon
contradictionsthat originatewhen using (i) negation; (ii)
antonymy; or (iii) semanticandpragmaticinformationthat
is characteristicof CONTRAST discourserelations. Fig-
ure 1(a) illustratesan exampleof contradictionsthat arise
from theusageof thenegative “never”. Both textsusepred-
icatesthat have similar meanings,employ the sameargu-
ments,but text T2 inversesthetruthvaluethroughnegation.
Figure1(b) illustratesan exampleof contradictionmarked
by the usageof the antonyms “begun” and“call off” pred-
icatedover the samearguments.Figure1(c) exempli�es a
contradictionin which the factsinferred from text T5 (e.g
“Beatriz Ierowaswoundedby theexplosion”)aredeniedby
the factsinferredfrom text T6 (e.g. “Beatriz Iero wasnot
woundedby theexplosion” ). Thesemanticandpragmatic
processesthatallow suchinferencesaretypicalfor theCON-
TRAST discourserelations.

Contradictionsneedto be recognizedby QuestionAn-
swering (Q/A) systemsor by Multi-Document Summa-
rization (MDS) systems. The recognition of contradic-
tionsis usefulto fusionoperators,thatconsiderinformation
originating in different texts. When compatibleand non-
redundantinformationis discoveredin differentsources,fu-
sionoperatorsselecttext snippetsfrom all sourcesfor pro-
ducinginformative answers.However, whencontradictory
information is discovered, the answerselectsinformation
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Joachim Johansson held off a dramatic fightback from defending champion
Andy Roddick, to reach the semi-finals of the US Open on Thursday night.

Defending champion Andy Roddick           took on Joachim Johansson.never

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

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

called off.

emerged unscathed

Figure1: Contradictions.

from only oneof thetexts, discardingits contradiction.For
example,Figure2 presentsa questionandsetof two con-
tradictoryanswers. In a caselike this one, answerfusion
operatorsmust identify that the sentencesin Answer1 and
Answer2 representcontradictionsthat needsto be resolved
in someway, eitherby interventionfrom theuserof theQ/A
systemor throughadditionalsourcesof feedbackobtained
from knowledgebasesor additionalanswersextractedfrom
the text collection. Here,recognizingthatAnswer2 contra-
dictedAnswer1 couldprovide a Q/A systemwith evidence
thatcouldbeusedto �lter spuriousanswersautomatically.

Question: Whendid Pakistantestits Shaheen-2ballisticmissile?

Answer1 : The sourcenotedthat the Shaheen-2,with a rangeof 2400km, has
never beentestedby Pakistan.

Answer2 : Pakistanhassaidthatit performedseveraltestsof its 2300km-range
Shaheen-2missilein September2004.

Figure2: ContradictoryAnswers.

The main contribution of this paperis a novel anddual
framework for recognizing contradictions. This frame-
work combinestheprocessingandremoval of negation,the
derivation of antonymy with the detectionof CONTRAST
relations. Antonymy is discovered by mining WordNet
pathsthat extend an encodedantonymy. Thesepathsare
alsousedfor recognizingCONTRAST relations,asthey be-
long to six featuresdesignedspeci�cally for capturingop-
posing information. 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 recognizingparaphrases,andmore recently
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for detectingtextual entailment(Glickman& Dagan 2005;
Haghighi,Ng, & Manning2005).

Theremainderof this paperis organizedasfollows. Sec-
tion 2 givesanoverview of ourmethodfor recognizingcon-
tradictions.Section3 detailsthemethodusedfor processing
negationsin textsandquestions.Section4 describesthepro-
cessof discoveringCONTRAST relations,whereasSection5
givesadetaileddescriptionof theevaluationresults.Section
6 summarizestheconclusions.

2. RecognizingContradictions
Textual contradictionsrepresenta form of textual inference.
Anotherform of textual inferencethathasreceiveda lot of
attentionin the recentyearsis textual entailment. To our
knowledge,textual contradictionshave not beenstudiedas
actively in therecentpast,althoughbothformsof inference
areneededby Q/A systems.Both contradictionsandentail-
mentsconsidertwo textual inputs(sentences,paragraphsor
questions)to deducethat onetext contradictsthe other, or
onetext canbeentailedfrom theother, respectively.

In logic, contradictionsarisewhenever we �nd a simul-
taneousassertionof a propositionand its negation. Given
the relationshipbetweenentailmentandcontradictionused
in resolution,wehavecontemplatedtheusageof textualen-
tailment methodsfor the recognitionof textual contradic-
tions. Our textual entailmentsystemis basedon a method
that deriveslinguistic informationfrom the two text inputs
andcaststheentailmentrecognitionasaclassi�cationprob-
lem. In usingtextualentailmentfor discoveringtextualcon-
tradictions,wehave consideredtwo differentviews:
� View 1: Contradictionsarerecognizedby identifying and
removing negationsof propositionsandthentestingfor tex-
tualentailment;
� View 2: Contradictionsarerecognizedby deriving linguis-
tic informationfrom the text inputs, including information
thatidenti�es (a) negations,(b) contrasts,or (c) oppositions
(antonyms) andby training a classi�er basedon examples,
similarly thewayaclassi�er for entailmentis trained.

Our framework for discovering textual contradictionsin

basedon the architectureillustratedin Figure3. The pro-
cessing�o w correspondingto View 1 is representedby a
dashedline, theprocessing�o w correspondingto View 2 is
representedby adottedline, whereasanormalline indicates
anoverlapof thetwo processing�o 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 alignment and
textual paraphrases;and(c) a CLASSIFICATION MODULE,
which containsa featureextractoranda classi�er. We used
modulesfrom thetextual entailmentsystemin thetwo pro-
cessing�o ws thatcorrespondto eitherof our views on rec-
ognizingcontradictions.In addition,wehaveusedamodule
thatenablesus to detectveridic andnegatedexpressionsin
thetextual inputsaswell asamodulethateliminatesthede-
tectednegations.

Thepreprocessingmoduleannotatesbothtext inputswith
four formsof linguistic information:(1) lexico-semanticin-
formation; (2) parsinginformation; (3) coreferenceinfor-
mation;and(4) pragmaticinformation.Thelexico-semantic
information consistsof (i) part-of-speechinformation; (ii)
synonymy and antonymy informationderived from Word-
Net(Fellbaum1998);and(iii) namedentityclassesprovided
by our namedentity recognition(NER) systemcapableof
distinguishingmore than 150 different classes.The pars-
ing information consistsof syntacticand semanticparses.
Thesyntacticparseis generatedby Collins' parser(Collins
1999),whereasthesemanticparseis producedby ourparser
(Surdeanuetal. 2003)trainedontheannotationsfrom Prop-
Bank (Palmer, Gildea, & Kingsbury 2005) and NomBank
(Meyers et al. 2004). The parsescontainalso temporal
andspatialnormalizationsof temporalexpressions(includ-
ing datesandtimeintervals)andspatialexpressions(includ-
ing namesof politic andgeographiclocations).Thecorefer-
enceinformationis basedon(a) therecognitionof thename
aliases;and (b) the recognitionof namedentity corefer-
ence.Thepragmaticlinguistic informationthatis derivedis
basedon therecognitionof modalauxiliaries(e.g.“would”,



“could”), factive verbs(e.g. “manage”), belief verbs(e.g.
“consider”, “believe”), or lexicons associatedwith speech
acts(e.g.“say”, “announced”). After preprocessingthetext
units, the process�o w associatedwith View 1 leadsto the
detectionof veridic and negatedexpressions,whereasthe
process�o w associatedwith view 2 leadsto the alignment
module.

Veridicity andnegationarerecognizedby the techniques
describedin Section3 of this paper. The contrastsarede-
tectedbasedon a large training corpusthat combinesour
annotationsof contrastsand contradictionswith a corpus
generatedwith themethoddescribedin (Marcu& Echihabi
2002).WerepresentthiscombinedcorporaasTrainingCor-
pora1 in Figure3. Whenlinguisticnegationis discovered,it
is removedwith techniquesdetailedin Section3 of this pa-
per. Negation removal is performedonly in the processing
correspondingto View 1.

Both processing�o ws usethe alignmentmoduleof the
textual entailmentsystem(only View 1 needsto detectand
remove negatedexpressionsbeforealigningthe texts). The
alignmentmodule, designedoriginally for textual entail-
ment, is basedon the assumptionthat a text T1 that is en-
tailed from a text T2 can also be seenas a paraphraseof
text T2. Therefore,textual alignmentis usedfor capturing
thecandidateportionsfrom thetwo texts thatcouldbepara-
phrases.The alignmentmodulecontainsthe lexical align-
mentandtheparaphraseacquisitioncomponents.Thepara-
phraseacquisitioncomponentis describedin (Hickl et al.
2006).

As describedin (Hickl et al. 2006), lexical alignment
wasperformedusinga Maximum Entropy-basedclassi�er
trainedon a total of 450,000alignmentpairsextractedfrom
the PASCAL RTE 2006developmentset1 anda collection
of morethan200,000examplesof textual entailmentmined
from newswirecorporaandtheworld wideweb.

In thesecondview of recognizingcontradictions,thepro-
cess�o ws to the detectionof veridic/negatedexpressions,
which wasdescribedpreviously. This moduleenablesthe
detectionof negationandcontrastfeatures.Thenbothpro-
cessing�o ws completethe featureextraction that alsode-
pendson dependency featuresandsemantic/pragmaticfea-
turesderived from the knowledgeproducedby the prepro-
cessingmodule. All thesefeatures(illustratedin Figure5)
areusedby the inferenceclassi�er, which is trainedon the
Training Corpora1 (basedon examplesof contradictions).
After experimentingwith several machinelearning tech-
niques(including Maximum Entropy and SupportVector
Machines),we foundthatdecisiontrees(asimplementedin
C5.0(Quinlan1998))performedbestwhentrying a 10-fold
cross-validationof theexamplesof contradictions.We have
found similar resultsinferring textual entailment. In both
casescon�denceresultsreturnedby theC5.0classi�er were
normalizedandusedto rankthetestexampledecisions.

1The PASCAL RecognizingTextual Entailment(RTE) Chal-
lengeevaluatestherecognitionof the inferenceof themeaningof
onetext fragmentfrom anothertext. Furtherinformationcanbe
foundat: http://www.pascal-network.org/Challenges/RTE

3. ProcessingNegationin Text
Even thoughnegation is consideredto bea universalprop-
erty of all humanlanguages(Greenberg 1978),theprocess-
ing (andinterpretation)of negationin naturallanguagetexts
has long remainedan openquestion. While somerecent
work, reportedin (Chapmanet al. 2001),hasfocusedon
thedetectionof overtly-markednegation in texts, we know
of no currentwork in NLP which hastaken stepstowards
theinterpretationof negatedconstituentsin text.

We processnegationby considering(i) overt (directly li-
censed)negation, and (ii) indirectly licensednegation. In
English,direct licensorsof negationinclude(1) overt nega-
tive markerssuchastheboundmorphemen't (e.g. “don't”,
“can't”, “won't”) and its free counterpartnot, (2) negative
quanti�ers like no (includingexpressionssuchas“no one”
and“nothing”), and(3) strongnegativeadverbslike“never”.
Examplesof indirectly licensednegationsinclude:(1) verbs
or phrasalverbs(e.g.“deny”, “ fail”, “ refuse”, “keepfrom”);
(2) prepositions(e.g.“without”, “except”), (3) weakquanti-
�ers (e.g.“ few”, “any”, “some”), and(4) traditionalnegative
polarity itemssuchas“a redcent” or “anymore”.

3.1DetectingNegationin Text

In this section,we describehow we detectthreetypesof
negatedconstituentsin texts: (1) negatedevents,(2) negated
entities,and(3) negatedstates.Wealsodescribeourmethod
for reversing the polarity of negated events, entities, and
statesin texts. To detectnegationswe usethe following
steps:
� STEP 1. Texts arepreprocessed,asillustratedin Figure3,
andovert andimplicit markersof negation(listedin a large
lexicon of possiblenegation-denotingterms)are�agged in
individual sentences.
� STEP 2. (Detectnegatedevents)We detectinstancesof
eventsbasedontheresultsof thesemanticparserusedin the
preprocessingof texts. We �lter out all eventsthat arenot
having predicatesmarkedasnegatedby anovert or implicit
marker. The scopeof the marker is the entire predicate-
argumentstructure.Wedetectinstancesof eventsusingtwo
separatemachinelearning-basedevent detectionsystems;
our verbal event detectionsystemis trainedusing annota-
tionsderivedform PropBank(Palmer, Gildea,& Kingsbury
2005),while our nominalevent detectionsystemis trained
usingfeaturesfrom NomBank(Meyerset al. 2004).Events
detectedby thesesystemsaremarkedasnegatedif they fall
within the syntacticscopeof an overt or implicit negative
marker. For example,in a sentencelike “Thesource noted
that theShaheen-2hadnever beentestedby Pakistan”, the
predicate-argumentstructureheadedby theverb“ tested” is
annotatedwith a false truthvalue.
� STEP 3. (Detectnegatedentities)We considera negated
entity to beany nounphrasethatfallswithin thescopeof an
overt negative quanti�er (e.g. no) or a non-veridical quan-
ti�er suchas few, some, or many. Unlike negatedevents,
whereweassumethescopeof anegativemarker is assumed
to encompassanentireVP, we restrictthescopeof negative
quanti�ers to the widest scopeinterpretationof the modi-
�ed NP. For example,in sentence“Noitemsin themuseum's



collectionof Japaneseartifactswereobtainedillegally.”, we
considertheentireNP “ itemsin themuseum's collectionof
Japaneseartifacts” to beconsideredthescopeof negation.
� STEP 4. (Detect negated states)In order to detect in-
stancesof statesin texts, we constructedan ontology of
state-denotingtermsfrom WordNet.We beganby selecting
approximately175 state-denotinghypernyms (e.g. symp-
tom, condition, or situation); nominalsthat were listed as
hyponyms of thesetermsweremarked aspotentiallystate-
denoting. We then usedthesetermsto train a Maximum
Entropy-basedclassi�er in order to identify other state-
denotingtermsin WordNet. As with negatedentities,we
considera negatedstateto beequalto thewidestscopein-
terpretationof astate-denotingnounphrasethatfallswithin
thescopeof anegative marker.

In addition to detectingnegation, we have also imple-
mented techniquesfor reversing the polarity of negated
events,entities,andstatesin texts. While removing overt
negative markers (e.g. no, not, never) is relatively simple
solutionto this problemfor many cases,this approachdoes
not accountfor examplesfeaturingnegative-denotingverbs
likedenyor adverbssuchashardly.

In order to reversethe polarity of theseexamples,we
haveusedamulti-tieredapproachthatutilizes(1) antonyms
extractedfrom WordNet (e.g. deny:admit, refuse:permit),
(2) antonyms identi�ed usingthe automatictechniquesde-
scribedin thenext Section, and(3) paraphrasesderivedas
partof thesystemdescribedin (Hickl etal. 2006).

3.2Answering NegativeQuestions
Althoughtoday's state-of-the-artquestion-answering(Q/A)
systemsarebeginning to incorporatetechniquesof the an-
sweringof semanticallycomplex questions,we know of no
currentQ/A systemthat is capableof answeringquestions
thatcontainovert or implicit formsof negation.

As canbeseenin Table1, questionsthatcontainnegated
elementsseeksetsof entitiesor eventswhich correspondto
thesemanticcategoryof anexpectedanswertypeandsatisfy
thenegatedform of thepropositionexpressedby aquestion.
For example, in a questionlike “What countrieshavenot
won the World Cup?”, an appropriateanswerincludesthe
setof all countriesfor whichtheproposition“wontheWorld
Cup” is false .

Q1 Whatcountrieshavenot won theWorld Cup?

Q2 Which Indonesianislandsarenot in theSouthernHemisphere?

Q3 WhatUSArmy vehiclesarenot personneltransports?

Q4 WhatnerveagentsdoesRussiahaveother than VX gas?

Table1: Negative Questions

We have experimentedwith threetechniquesfor answer-
ing questionslike theonesin Table1. Thetechniquesare:
� TECHNIQUE 1. The�rst techniquerelieson thedetection
of negation. Answersto negative questionswere then re-
turnedfrom the set of candidateanswersthat were found
in contexts where the proposition found in the question
was deemedto be false. Even though this approachre-
turnedhigh-precisionanswersto somenegative questions,
this strategy's recall wasultimately limited by the number
of candidateanswerpassagesfoundin a text collectionthat

werenegated.
� TECHNIQUE 2. In the secondtechnique,in order to
increaserecall, we adapteda strategy �rst proposedby
(Bierner& Webber2000)for theansweringof so-calledex-
ceptivequestionslike (Q4) above. Underthis approach,we
transformednegative questionslike “What Indonesianis-
landsare not foundin theSouthernHemisphere?” into two
correspondingquestions(1) apositiveanalogof theoriginal
negative question(e.g. “WhatIndonesianislandsare found
in the SouthernHemisphere?”) and(2) a secondquestion
that soughtthe full extensionof the original question's an-
swertypeterm(e.g.“WhatIndonesianislandsare there?”).
Answersto theoriginalnegative questionwerethenderived
by returningthesetof entitiesthatwerenot includedin the
intersectionof (1) and(2).
� TECHNIQUE 3. In thethird technique,weutilizedthesys-
tem for recognizingtextual entailment(RTE) describedin
(Hickl et al. 2006)in orderto �nd candidateanswerswhich
entailed(or at leastcloselyapproximated)thesemanticcon-
tentof thepropositionexpressedby anegativequestion.For
this approach,we usedthe keyword densityalgorithmde-
scribedin (Harabagiuet al. 2003) in order to retrieve a
setof candidateanswerpassageswhich featuredkeywords
extractedfrom the negative question. Negative questions
were also transformedinto declarative statementsusing a
set of simple heuristicswhich reorderedthe invertedsub-
ject and verb and replacedthe question's WH phrasewith
a noun phrasecorrespondingto the EAT of the question.)
Eachcandidateanswerpassagewas then submittedto the
RTE system;answersthatweredeemedto beentailedby the
transformedquestionwerereturnedasanswersto theorigi-
nalquestion.
We implementedall threeof theseansweringstrategiesinto
apreviouslyexistingQ/A systemdescribedin (Harabagiuet
al. 2005). They eachcorrespondto a differenttext fusion
operator.

4. RecognizingContrasts
Several discoursetheoriesrecognizeCONTRAST as a dis-
courserelationbetweendiscourseunitswhich canbeeither
separatesentencesor separateclauseswithin thesamesen-
tence. As describedin (Kehler2002),CONTRAST is a re-
semblancediscourserelationthat canbe recognizedby the
presenceof thecuephrases“but”, or “although”. Figure4(a)
illustratesanexampleof a CONTRAST relationthatwasin-
troducedin (Marcu& Echihabi2002). In theexample,the
presenceof opposinginformationcontributesmoreto theas-
sessmentof a CONTRAST thanthepresenceof acuephrase.
More speci�cally, by recognizingthe relationof antonymy
betweenthe expressions“preclude” and “be able” or be-
tween“embargo” and “ legally” in the example illustrated
in Figure4(a),we areableto concludethat thereis a CON-
TRAST relationbetweenthetwo sentences,withoutneeding
to take thecuephraseinto account.

4.1Discovering CONTRAST Relations
We arguethat eachdiscourserelationcanbe characterized
by speci�c semanticandpragmaticsignatures.Cuephrases,



But states like Rwanda, before its present crisis
would still be able to legally buy arms.

Such standards would preclude arms sales to states like Lybia,
which is also currently subject to a U.N. embargo.
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Figure4: ContrastRelationIndicatedby Antonymy Chains.
whenpresent,signala certaindiscourserelation. However,
even in the absenceof cuephrases,humanscanrecognize
discourserelations,in large part due to world knowledge.
By assumingthat two discourseunits that establisha rela-
tion musthave(a)somecommoninformationthey shareand
(b) someinformationthat justi�es therelation,we have de-
vised the following procedurefor recognizingCONTRAST
relations:
� STEP 1. Generatepredicate-argumentstructures.
� STEP 2. Find possiblealignmentsbetweenpredicatesand
arguments.
� STEP 3. Acquireparaphrasesof alignedinformation.
� STEP 4. Clusterparaphrasesinto setsconveying thesame
concept(usingcomplete-linkclustering).
� STEP 5. Computethealignmentprobabilityandalignment
features.
� STEP 6. Computeparaphrasefeatures,dependency fea-
tures,contrastfeaturesand semantic/ pragmaticfeatures.
Thefeaturesareillutratedin Figure5.
� STEP 7. Usea MaximumEntropy classi�er to decidethe
recognitionof a CONTRAST relation.

As Figure4(b) illustrates,predicate-argumentstructures
determinedby semanticparserstrained on PropBankor
NomBank enable the thematic alignment betweentexts.
Thereare� ve forms of alignmentlinks betweenpredicate-
argumentstructures:
(1) alignment betweenargumentshaving identical heads
(e.g.“states” (likeLibya) and“states” (likeRwanda));
(2) antonymy relationsencodedin WordNet(e.g.“sell” and
“buy”);
(3) antonymy chainsthatarederivedfrom WordNetfor ap-
proximatingopposinginformation;
(4) alignmentbasedon functional similarity or inclusion.
For example,whenthe argumentshave a specializedrela-

tion to thepredicate(e.g. temporal)andthefunctionof one
of the argumentsis similar or includesthe function of the
otherargument.For example,atemporalrelationmarkedby
theadverb“currently” indicatesthatthepredicateargument
functionis constrainedby a temporalfunctionF1 indicating
veridicity at thepresenttime. ThetemporalfunctionF2 in-
dicatedby theadverb“still” consistsof veridicity notonly at
thepresenttime, but alsoin therecentpast.Thus,function
F2 includesF1.
(5) synonym chainsthatconnectsynonymouswords.

The recognitionof CONTRAST relationsbasedon the
ANTONYM relationsuffersfrom thefactthattheonly avail-
able resourcethat encodessuch relations,namely Word-
Net, considersonly pairsof wordsthatsharethesamepart-
of-speech(PoS).In WordNet thereare1713antonyms be-
tweennouns,1025antonymsbetweenverbs,3748antonyms
betweenadjectives, and 704 antonyms betweenadverbs.
As notedin (Marcu & Echihabi2002)by relying only on
antonyms accessiblefrom WordNet we could not account
for the antonymy between“embargo” 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
beantonyms.In ourstudywehaveconsideredanalternative
solution,by automaticallygeneratingantonymchainsbased
on the information available from WordNet and using the
featuresof thesechainsfor traininga classi�er. In this way,
we make usenot only of thelexical informationfrom a vast
training corpus,but alsoof the relationalsemanticsestab-
lishedwith thehelpof WordNet. Figure4(b) illustratesthe
existenceof two antonym chainsbetweenthe sentencesof
theexampleillustratedin Figure4(a). Theantonym chains
areillustratedin Figure4(c), andthemethodologyusedfor
generatingthemis presentedin Subsection4.2. As it canbe
noted,eachantonymy chaincontainsanantonymy relation
alongwith otherrelationsderivedfrom WordNet.

4.2GeneratingAntonymy Chains
Antonymy chainsarelexico-semanticchainsthatarebased
on relationsencodedin WordNet in which one relation is
theantonymyrelation.In WordNet,thereareencodedmore
than7,000antonymy relations. As reportedin (Harabagiu
& Moldovan 1998), a lexical chain which combinesonly
IS-A relationswith antonymy relationspreserves the se-
manticsof oppositiondictatedby antonymy. Additionally,
the relation betweena WordNet conceptand the genusof
its glossis often encodedasan IS-A relation,andthuswe
allow combinationof GLOSS relationsand antonyms and
antonymy chains.Finally, antonymy is establishedbetween
predications,andthuswe allow a minimal context of a de-
pendency relation to be considered.Dependency relations
in conceptglossesare processedby the eXtendedWord-
Net (http://xwn.utdallas.edu).Dependency relationsin texts
cantake theform of predicate-argumentrelations.To build
antonymy chainswe follow thesteps:
� STEP 1. Given a pair of words (w1; w2) we retrieve all
antonymsencodedin WordNet.
� STEP 2. By using only GLOSS and IS-A relations�nd



ALIGNMENT FEATURES: Thesethreefeaturesarederivedfrom theresultsof thelexical alignmentclassi�cation.
� 1� LONGEST COMMON STRING: This featurerepresentsthelongestcontiguousstringcommonto bothtexts.
� 2� UNALIGNED CHUNK: This featurerepresentsthenumberof chunksin onetext thatarenotalignedwith achunkfrom theothertext
� 3� LEXICAL ENTAILMENT PROBABILITY: This featureis de�ned in (Glickman& Dagan2005).

DEPENDENCY FEATURES: Thesefour featuresarecomputedfrom thePropBank-styleannotationsassignedby thesemanticparser.
� 1� ENTITY-ARG MATCH: This is abooleanfeaturewhich �res whenalignedentitieswereassignedthesameargumentrole label.
� 2� ENTITY-NEAR-ARG MATCH: This featureis collapsingtheargumentsArg1 andArg2 (aswell asArgM ) into singlecategoriesfor thepurposeof countingmatches.
� 3� PREDICATE-ARG MATCH: Thisbooleanfeatureis �agged whenat leasttwo alignedargumentshave thesamerole.
� 4� PREDICATE-NEAR-ARG MATCH: This featureis collapsingtheargumentsArg1 andArg2 (aswell asArgM ) into singlecategoriesfor thepurposeof countingmatches.

PARAPHRASE FEATURES: Thesethreefeaturesarederivedfrom theparaphrasesacquiredfor eachpair.
� 1� SINGLE PATTERN MATCH: This is abooleanfeaturewhich �red whenaparaphrasematchedeitherof thetexts.
� 2� BOTH PATTERN MATCH: This is abooleanfeaturewhich �red whenparaphrasesmatchedbothtexts.
� 3� CATEGORY MATCH: This is abooleanfeaturewhich �red whenparaphrasescouldbefoundfrom thesameparaphraseclusterthatmatchedbothtexts.

NEGATION FEATURES: Thesethreefeaturestakeadvantageof thetruthvaluesthatthePreprocessorassignsto predicates.
� 1� TRUTH-VALUE M ISMATCH: This is abooleanfeaturewhich �red whentwo alignedpredicatesdifferedin any truthvalue.
� 2� POLARITY M ISMATCH: This is abooleanfeaturewhich �red whenpredicateswereassignedoppositepolarityvalues.
� 3� OVERT/IMPLICIT MARKER: This is abooleanvectorthatlistswhetheraword is (partof) anovert negationmarker, animplicit negationmarkeror not.

SEMANTIC/PRA GMATIC FEATURES: Thesesix featuresareextractedby thepreprocessingmodule.
� 1� NAMED ENTITY CLASS: This featurehasadifferentvaluefor eachof the150namedentityclasses.
� 2� TEMPORAL NORMALIZATION: Thisbooleanfeatureis �agged whenthetemporalexpressionsarenormalizedto thesameISO9000equivalents.
� 3� MODALITY MARKER: Thisbooleanfeatureis �agged whenthetwo textsusethesamemodalverbs.
� 4� SPEECH-ACT: Thisbooleanfeatureis �agged whenthelexiconsindicatethesamespeechactin bothtexts.
� 5� FACTIVITY MARKER: Thisbooleanfeatureis �agged whenthefactivity markersindicateeitherTRUE or FALSE in bothtextssimultaneously.
� 6� BELIEF MARKER: Thisbooleanfeatureis �agged whenthebeliefmarkersindicateeitherTRUE or FALSE in bothtextssimultaneously.

CONTRAST FEATURES: Thesesix featuresarederivedfrom theopposinginformationprovidedby antonymy relationsor chains.
� 1� NUMBER OF LEXICAL ANTONYMY RELATIONS: This featurecountsthenumberof antonymsfrom WordNetthatarediscoveredbetweenthetwo texts.
� 2� NUMBER OF ANTONYMY CHAINS: This featurecountsthenumberof antonymy chainsthatarediscoveredbetweenthetwo texts.
� 3� CHAIN LENGTH: This featurerepresentsavectorwith thelengthsof theantonymy chainsthatarediscoveredbetweenthetwo texts.
� 4� NUMBER OF GLOSSES: This featureis avectorrepresentingthenumberof Glossrelationsusedin eachantonymy chain.
� 5� NUMBER OF MORPHOLOGICAL CHANGES: This featureis avectorrepresentingthenumberof Morphological-Derivationrelationsfoundin eachantonymy chain.
� 6� NUMBER OF NODES WITH DEPENDENCIES: This featureis avectorindexing thenumberof nodesin eachantonymy chainthatcontaindependency relations.

Figure5: FeaturesUsedfor ClassifyingContradictions.
lexical chainsfrom eachof thewordswi to oneof theargu-
mentsof theantonymy relation.
� STEP 3. Limit thelengthof thechainto theantonymy ar-
gumentsto three.
� STEP 4. Within a gloss,if a dependency relationis con-
sidered,adependency nodeis createdandthedependency is
propagatedthroughoutthechain.
� STEP 5. Whenbothwordsareconnectedto thearguments
of theantonyms,achainis established.

5. Evaluation
In this section, we describehow we evaluatedthe sys-
temsfor antonymy, contrast,andcontradictiondetectionde-
scribedin this paper. In addition,we presentresultsfrom
experimentswith an automaticquestion-answeringsystem
which shows that input from thesethreemodulescan be
usedto obtain accurateanswersto four different typesof
questionsinvolving negation.

We evaluatedour antonymy detectionsystemon a set
of 1410 pairs of antonymy extractedfrom an online the-
saurus(wiktionary.org). Eachpairof antonymswassubmit-
tedto oursystemseparately;if anantonymy chain(of length
l � n) could be found in WordNet(WN), the antonym re-
lationshipwasclassi�edashaving beenidenti�ed correctly.
Resultswere calculatedfor threetypesof antonym pairs:
(1) pairswhereneithertermhadantonymslistedin WN, (2)
pairswhereonly onetermhadantonym entriesin WN, and
(3) pairs whereboth termshad antonyms in WN. Results

from threeexperiments(with n = 5, n = 8, andn = 10) are
presentedin Table2.

Examples n =5 n =8 n =10

0 antonymsin WN 670 0.1791 0.3134 0.3284

1 antonym in WN 460 0.2174 0.4706 0.5000

2 antonymsin WN 280 0.5185 0.5833 0.6522

TOTAL 1410 0.2589 0.4184 0.4489

Table2: Antonym Detection.
Theseresultsshow that our antonymy detectionsystem

was capableof detectingantonymy relations with some
accuracy: when comparingpairs of tokens that had no
antonym informationstoredin WN, our algorithmcorrectly
identi�ed antonyms nearly 33% of the time; this number
jumpedto 65% whenboth tokenswereassociatedwith at
leastoneantonym in WN.

Weevaluatedourcontrastdetectionsystemusingacorpus
of 10,000instancesof thediscourserelationCONTRAST ex-
tractedfrom theWorld WideWebandnewswiredocuments.
Following (Marcu & Echihabi2002),we consideredpairs
of adjacentsentencesfeaturingthecuephrasebut to bepos-
itive examplesof CONTRAST. (Two typesof contexts were
considered:(1) pairsof sentencesconjoinedwith but (9128
examples),and(2) adjacentsentenceswherethesecondsen-
tenceincludeda sentenceinitial But (882examples).)A to-
tal of 9000sentencepairswereusedto train thesystem;the
remaining1000pairswere�rst validatedby handby human
annotatorsand held out as the evaluationset. In order to
gathernegative examplesof CONTRAST, we selectednon-



adjacentpairsof sentencesfrom eachof thedocumentsthat
positive exampleswereextractedfrom. Equalnumbersof
negative exampleswerealsoaddedto both thetrainingand
evaluationsets.Resultsfrom our contrastdetectionsystem
areprovidedin Table3.

TestSize Accuracy Avg. Precision

Contrast 1200 74.19% 74.00%

Table3: ContrastEvaluation.
We believe our performancerepresentsan improvement

over(Marcu& Echihabi2002),asoursystemclassi�espairs
of sentencesaseitherpositively or negatively representing
an instanceof CONTRAST; previous approacheswereonly
able to make judgmentbetweentwo competingdiscourse
relations.

We utilized datapreparedfor the2006PASCAL Recog-
nizing Textual Entailment(RTE) Challengein orderto cre-
ate threenew typesof training and evaluationcorporafor
our textual contradictionsystem.The 2006PASCAL RTE
datasetconsistsof 1600 pairs of sentencesthat have been
adaptedby humanannotatorsin orderto provide800exam-
pleseachof positiveandnegative textualentailment.2

First, in orderto testour system's ability to detectexam-
plesof contradictionfeaturingovert negation, we hadtwo
annotatorsnegateonesentencefrom eachof the 800 pairs
of examplesof positive entailmentin theRTE datasetin or-
derto createcontradictions.(In orderto avoid overtraining,
annotatorswere also tasked with addingnegative markers
to the remainingexamplesof negative entailmentas well;
carewastakennot to ensurethat theresultingexamplewas
neitheran entailmentnor a contradiction.) Examplesof a
contradictionformedby addingnegationis presentedin Fig-
ure6.

FormerdissidentJohnBok, whohasbeenonahungerstrikesinceMonday, says
hewantsto increasepressureonStanislav Grossto resignasprimeminister.

A hungerstrikewasnot attempted.

Figure6: Contradictionby Negation.
Second,in orderto evaluatehow well oursystemdetected

instancesof contradictionthatdid notfeatureovertnegation,
humanannotatorsweretaskedwith creatingparaphrasesof
eachof the 800 contradictorysentencescreatedin the �rst
corpusthat did not a negative marker. (This waspossible
in a total of 638of the800examples.)Examplesof contra-
dictionsformedby paraphrasinga negatedsentenceis pre-
sentedin Figure7

FormerdissidentJohnBok, whohasbeenonahungerstrikesinceMonday, says
hewantsto increasepressureonStanislav Grossto resignasprimeminister.

A hungerstrikewascalledoff.

Figure7: Contradictionby Paraphrasing.

Finally, a third “hybrid” corpuswascreatedby combin-
ing 400examplesof contradictiontakenrandomlyfrom both
“negated” corpusandthe “paraphrased”corpusanda total
of 800negative examplesof contradiction.

Wehavepreviouslydescribedtheevaluationof thetextual
entailment(TE) systemthat forms the core of our textual

2Data is publicly available at http://www.pascal-
network.org/Challenges/RTE2/Datasets/.

contradiction(TC) systemin (Hickl etal. 2006).In addition
to beingtrainedonthe800examplesfoundin the2006PAS-
CAL RTE DevelopmentSet, this systemwas also trained
on over 200,000examplesof textual entailmentthat were
automaticallyextractedfrom thenewswirecorporaandthe
WWW. While wedid notcreatesucha largetrainingcorpus
for ourtextualcontradictionsystem,wedid usetrainingdata
acquiredfor ourTEsystem'slexical alignmentmodulein or-
derto train thecorrespondingalignmentmodulefeaturedin
our TC system.Usedprimarily to determinethe likelihood
thattwo constituentsencodecorrespondinglexico-semantic
information,thealignmentclassi�er wasalsousedto deter-
mine valuesfor the alignmentfeaturesusedin the TC sys-
tem's �nal contradictionclassi�er.

Resultsfor our TC system's performanceon eachof our
threeevaluationcorporaare presentedin Table 4. As in
thePASCAL RTE evaluations,two performancemetricsare
provided: (1) accuracy (equalto the percentageof correct
classi�cations made)and (2) averageprecision(equal to
the system's averagecon�dence in eachclassi�cation de-
cision)3.

TestSize Accuracy Avg. Precision

Textual Entailment
PASCAL RTE 2006 800 75.38% 80.16%

Contradiction
NegationOnly 800 75.63% 68.07%
ParaphraseOnly 800 62.55% 67.35%
Paraphrase+ Negation 800 64.00% 75.74%

Table4: Evaluationof Textual Inference.

When evaluatedon the “negated” contradictioncorpus,
our textual contradictionsystemcorrectlyclassi�ed75.63%
of examples,a resultnearlyequivalentto our textual entail-
ment system's accuracy (75.38%)on 2006 PASCAL RTE
data. This suggeststhat themethodfor recognizingtextual
contradictionpresentedin View 1 in Figure3 mayprove ef-
fective for classifyingpairs of texts that differ in polarity,
as reasonablyhigh levels of accuracy canbe obtained,re-
gardlessif thea systemprocessestexts by annotatingpolar-
ity valuesor removing negative markersaltogether. Despite
this promisingresult,our system's performancedroppedto
62.55%on the corpusof “paraphrased”contradictionsand
to 64.00%on the “hybrid” corpuscombiningnegatedand
paraphrasedcontradictions.Althoughthesescoresaresub-
stantially lower than our previous result, they are both in
line with theperformanceof TE system(65.25%)on PAS-
CAL datawhenno additionalsourcesof trainingdatawere
used. We believe that theseresultsdemonstratethe viabil-
ity of theapproachoutlinedin View 2 in Figure3. In both
of thesecases,competitivescoreswereobtainedby employ-
ing anapproachwhichcombinedmultipledifferenttypesof
semanticannotationsusinga robustclassi�er.

In additionto recognizingcontradictionsin isolation,we
alsoevaluatedtheperformanceof our textual contradiction

3Following (Voorhees1999),AveragePrecisionis calculatedas
1
R �

P n
i =1 (E (i )� # � cor r ect � up � to � pair � i

i ) wheren is thenumber
of the pairsin the testset,R is the total numberof positive pairs
in thetestset,E (i ) is 1 if thei -th pair is positive and0 otherwise,
andi rangesover thepairs,orderedby their ranking.



framework in the context of answeringnegative questions
using the automaticquestion-answeringsystemdescribed
in (Harabagiuet al. 2005). Table 5 details the perfor-
manceof four differentstrategies: (1) a negation detection
strategy which returnedanswersassociatedwith a negated
predicate,attribute,or entity, (2) a setintersectionstrategy
which returnedanswersthat were not included in the in-
tersectionof the answersreturnedby two positive analogs
of the question,(3) an entailmentstrategy which returned
answersthat were deemedto be closeapproximationsof
the negatedpropositionexpressedby the question,and(4)
a hybrid strategy, which combinedand re-ranked answers
returnedby all three strategies using a methoddescribed
in (Harabagiuet al. 2005). In a evaluationof 150 nega-
tive questions,thehybrid strategy performedbest,returning
ananswerin top-rankedpositionto 83 questions(55.33%).
TheresultswereevaluatedusingtheMeanReciprocalRank
(MRR) score(Voorhees1999)andtheAccuracy of thean-
swer. The reciprocalrank (RR) of an answeris de�ned as
(1/Ranki ), wherei is thepositionof the�rst correctanswer
to thequestion.TheMeanReciprocalRank(MRR) is then
de�ned asthe meanof the sumof the reciprocalranksfor
a setof questionsdivided by the total numberof questions
(i.e. M RR =

P n
i =1 (RRi )=N ).

Strategy Accuracy MRR

NegationDetection 24.7% 0.298

SetIntersection 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 natural languagetexts. Our ap-
proachcombinestechniquesfor theprocessingof negation,
the recognitionof contrasts,and the automaticdetection
of antonymy in orderto identify instancesof contradiction
with over 62%accuracy. In addition,we have incorporated
eachof thesecomponentsin order to createnew typesof
fusion operatorsfor automaticquestion-answeringsystems
andnew techniquesfor answeringnegative questions.
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