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Abstract

ThispapersummarizesITC-irst participa-
tion in thePASCAL challengeon Recog-
nizing Textual Entailment(RTE). Givena
pair of texts (the text andthehypothesis),
the core of the approachwe presentis a
treeedit distancealgorithmappliedon the
dependency treesof both the text andthe
hypothesis. If the distance(i.e. the cost
of the editing operations)amongthe two
treesis below a certainthreshold,empir-
ically estimatedon the trainingdata,then
we assignan entailmentrelationbetween
thetwo texts.

1 Introduction

The problemof languagevariability (i.e. the fact
thatthesameinformationcanbeexpressedwith dif-
ferentwordsandsyntacticconstructs)hasbeenat-
tractinga lot of interestduringtheyearsandit poses
significantissuesin front of systemsaimedatnatural
languageunderstanding.Theexamplebelow shows
that recognizingthe equivalenceof the statements
camein power, wasprime-ministerandsteppedin
asprime-ministeris achallengingproblem.

� IvanKostov camein power in 1997.

� Ivan Kostov was prime-ministerof Bulgaria
from 1997to 2001.

� Ivan Kostov steppedin as prime-minister6
monthsafter the December1996riots in Bul-
garia.

While the languagevariability problem is well
known in ComputationalLinguistics,a generaluni-
fying framework hasbeenproposedonly recentlyin
(DaganandGlickman2004). In this approach,lan-
guagevariability is addressedby definingthenotion
of entailmentas a relation that holds betweentwo
languageexpressions(i.e. atext T andanhypothesis
H) if themeaningof H asinterpretedin thecontext
of T, canbe inferred from the meaningof T. The
entailmentrelationis directionalasthe meaningof
oneexpressioncanentail themeaningof theother,
while theoppositemaynot.

For ourparticipationin thePascalRTE Challenge
we designedasystembasedon theintuition thatthe
probabilityof anentailmentrelationbetweenT and
H is relatedto the ability to show that the whole
contentof H canbe mappedinto the contentof T.
Themorestraightforwardthemappingcanbeestab-
lished,themoreprobableis theentailmentrelation.
Sincea mappingcanbe describedas the sequence
of editingoperationsneededto transformH into T,
whereeachedit operationhasacostassociatedwith
it, weassignanentailmentrelationif theoverallcost
of the transformationis below a certainthreshold,
empiricallyestimatedon thetrainingdata.

The paper is organizedas follows. Section 2
presentsthe TreeEdit Distancealgorithmwe have
adoptedand its application to dependency trees.
Section3 describesthesystemwhichparticipatedat
theRTE challengeandin Section4 we presentand
discusstheresultswe have obtained.



2 Tree Edit Distance on Dependency Trees

Weadopteda treeedit distancealgorithmappliedto
thesyntacticrepresentations(i.e. dependency trees)
of both T andH. A similar useof treeedit distance
hasbeenpresentedby (Punyakanoketal. 2004)for a
QuestionAnsweringsystem,showing that thetech-
niqueoutperformsa simplebag-of-word approach.
While the cost function presentedin (Punyakanok
et al. 2004) is quite simple,for the RTE challenge
wetriedto elaboratemorecomplex andtaskspecific
measures.

According to our approach,T entailsH if there
exists a sequenceof transformationsapplied to T
suchthat we canobtainH with an overall costbe-
low a certainthreshold.Theunderlyingassumption
is that pairs betweenwhich an entailmentrelation
holdshave a low costof transformation.The kind
of transformationswe canapply (i.e. deletion,in-
sertionandsubstitution)aredeterminedby a setof
predefinedentailmentrules,which alsodeterminea
costfor eacheditingoperation.

We have implementedthetreeedit distancealgo-
rithm describedin (ZhangandShasha1990)andap-
plied to the dependency treesderived from T and
H. Edit operationsaredefinedat the level of single
nodesof the dependency tree(i.e. transformations
onsubtreesarenotallowedin thecurrentimplemen-
tation). Sincethe (Zhangand Shasha1990) algo-
rithm doesnot considerlabelson edges,while de-
pendency treesprovide them,eachdependency rela-
tion R from anodeA to anodeB hasbeenre-written
asa complex label B-R concatenatingthe nameof
the destinationnodeand the nameof the relation.
All nodesexcepttheroot of thetreearerelabeledin
suchway. The algorithmis directional: we aim to
find thebetter(i.e. lesscostly)sequenceof edit op-
erationthattransformT (thesource)into H (thetar-
get). Accordingto theconstraintsdescribedabove,
thefollowing transformationsareallowed:

� Insertion: inserta nodefrom the dependency
treeof H into thedependency treeof T. When
anodeis insertedit is attachedwith thedepen-
dency relationof thesourcelabel.

� Deletion: deleteanodeN from thedependency
treeof T. WhenN is deletedall its childrenare
attachedto theparentof N. It is not requiredto

Figure1: Systemarchitecture

explicitly deletethe childrenof N as they are
going to be either deletedor substitutedon a
following step.

� Substitution: changethelabelof anodeN1 in
thesourcetreeinto a labelof a nodeN2 of the
target tree. Substitutionis allowed only if the
two nodessharethe samepart-of-speech.In
caseof substitutiontherelationattachedto the
substitutednodeis changedwith therelationof
thenew node.

3 System Architecture

Thesystemis composedby thefollowing modules,
showedin Figure1: (i) atext processingmodule,for
thepreprocessingof theinputT/H pair; (ii) amatch-
ing module,whichperformsthemappingbetweenT
andH; (iii) acostmodule,whichcomputesthecosts
of theedit operations.

3.1 Text processing module

The text processingmodulecreatesa syntacticrep-
resentationof a T/H pair and relies on a sentence
splitter and a syntacticparser. For sentencesplit-
ting we usedthe Maximum entropy sentencesplit-
ter MXTerm (Ratnaparkhi1996). For parsingwe
usedMinipar, a principle-basedEnglishparser(Lin
1998) which hashigh processingspeedand good
precision.

3.2 Matching module

Thematchingmodulefindsthebestsequenceof edit
operationsbetweenthe dependency treesobtained
from T and H. It implementsthe edit distanceal-
gorithmdescribedin Section2. Themodulemakes



requeststo thecostmoduleto receive thecostof the
edit operationsneededto transformT into H.

3.3 Cost module

Thecostmodulereturnsthecostof aneditoperation
betweentreenodes.Toestimatesuchcost,wedefine
a weight of eachsingleword representingits rele-
vancethroughthe inversedocumentfrequency(idf),
ameasurecommonlyusedin InformationRetrieval.
If N is thenumberof documentsin a text collection
andN� is thenumberof documentsof thecollection
thatcontainwordw thentheidf of thiswordis given
by theformula:

���
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Theweightof the insertionoperationis the idf of
the insertedword. The most frequentwords (e.g.
stop words) have a zero cost of insertion. In the
currentversionof the systemwe are still not able
to implementa goodmodel that estimatesthe cost
of the deletion operation. In order not to punish
pairs with short contentsof T we set the cost of
deletion to 0. To determinethe cost of substitu-
tion weusedadependency basedthesaurusavailable
at http://www.cs.ualberta.ca/l̃indek/downloads.htm.
For eachword, the thesauruslists up to 200 most
similar wordsand their similarities. The costof a
substitutionis calculatedby thefollowing formula:

������� �� ���  � ��� �"! � �� � ��#$�&%$' � �"()�� �*�  � �&� (2)

where
 � is the word from T that is being re-

placedby theword
 � from H and � �"()�� �*�  � � is

the similarity between
 � and

 � in the thesaurus
multipliedby thesimilarity betweenthecorrespond-
ing relations. The similarity betweenrelationsis
storedin a databaseof relationsimilaritiesobtained
by comparingdependency relationsfrom a parsed
local corpus. The similarities have valuesfrom 1
(very similar) to 0 (not similar). If thereis no simi-
larity, thecostof substitutionis equalto thecostof
insertingthewordw2.

3.4 Global Entailment Score

Theentailmentscoreof a givenpair is calculatedin
thefollowing way:

�,+*-/.10 ��2 �43 �5� 0
�6��2 �43 �
0 �6� �43 � (3)

where0 �6��2 �43 � is thefunctionthatcalculatesthe
edit distancecostand 0 �7� �43 � is the costof insert-
ing the entire tree H. A similar approachis pre-
sentedin (Monz anddeRijke 2001),wheretheen-
tailment scoreof two document

�
and
�98

is calcu-
latedby comparingthe sumof the weights(idf) of
the termsthatappearin bothdocumentsto thesum
of theweightsof all termsin

� 8
.

To definethethresholdthatseparatesthepositive
from thenegative exampleswe usedthetrainingset
providedby thetaskorganizers.

4 Results and Discussion

Table1 shows theresultsobtainedby thesystemon
the two runswe submitted. The first run usedthe
edit-distanceapproachonall thesubtasks,while the
secondrunusedtheeditdistancefor theComparable
Documents(CD) subtasktaskandanda linear se-
quenceof wordsfor therestof thetasks.Wedecided
to do the secondrun becausewe wantedto evalu-
atethereal impactof usingdeepsyntacticanalysis.
Resultsare slightly better for the first run both in
thecws (0.60against0.58)andrecall (0.64against
0.50).

A relevant problem we encountered,affecting
about 30% of the pairs, is that the parserrepre-
sentsin a differentway occurrencesof similar ex-
pressions,makingharderto apply edit transforma-
tions. For instance,“Wal-Mart” and “Wal-Mart
Storesinc.” have different trees,being “Mart” the
governing node in the first caseand the governed
nodein thesecond.Theproblemcouldbeaddressed
by changingthe order of the nodesin T which is
however complex becauseit introduceschangesin
the treeedit-distancealgorithm. Anothersolution,
which we intendto explore in the future, is the in-
tegrationof specializedtoolsandresourcesfor han-
dling namedentitiesandacronyms. In addition,for
about20% of the pairs, the parserdid not produce
theright analysiseitherfor T or for H.

Another drawback of the tree-editdistanceap-
proachis thatit is notableto observe thewholetree,
but only thesubtreeof theprocessednode.For ex-
ample, the cost of the insertionof a subtreein H



run measure CD IE MT QA RC PP IR Overall

1 accuracy 0.78 0.48 0.50 0.52 0.52 0.52 0.47 0.55
cws 0.89 0.50 0.55 0.49 0.53 0.48 0.51 0.60

precision 0.55
recall 0.64

2 accuracy 0.78 0.53 0.49 0.48 0.54 0.48 0.47 0.55
cws 0.89 0.53 0.53 0.42 0.58 0.43 0.50 0.58

precision 0.56
recall 0.50

Table1: ITC-irst resultsatPASCAL-RTE

couldbesmallerif thesamesubtreeis deletedfrom
T in prior or laterstage.

The current implementationof the systemdoes
not use resources(e.g. WordNet, paraphrasesin
(Lin andPantel2001),entailmentpattersasacquired
in (Szpektoret al. 2004)) that could significantly
wide theapplicationof entailmentrulesand,conse-
quently, improve performances.We estimatedthat
for about40%of thethetruepositive pairsthesys-
tem could have usedentailmentrules found in en-
tailmentandparaphrasingresources.As an exam-
ple, thepair565:

T - Soprano’s Square: Milan, Italy,
homeof the famedLa Scalaoperahouse,
honoredsopranoMariaCallasonWednes-
day when it renameda new squareafter
thediva.

H - La Scalaoperahouseis locatedin
Milan, Italy.

could be successfullysolved using a paraphrase
patternsuchasY homeof X : �<; X is locatedin Y,
which canbefoundin (Lin andPantel2001).How-
ever, in orderto usethis kind of entailmentrules,it
would benecessaryto extendthe“single node” im-
plementationof treeedit distanceto addressediting
operationsamongsubtrees.

Our participationin theRTE challengeservedas
a first testof our system. In the future, we plan to
expandthesystemby searchingfor solutionsfor the
mentionedproblemsandintroducingentailmentand
paraphrasingresources.
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