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Abstract

This papersummarize$TC-irst participa-
tion in the PASCAL challengeon Recog-
nizing Textual Entailment(RTE). Givena
pair of texts (the text andthe hypothesis),
the core of the approachwe presentis a
treeeditdistancealgorithmappliedonthe
dependenctreesof both the text andthe
hypothesis. If the distance(i.e. the cost
of the editing operationslamongthe two
treesis belov a certainthreshold,empir
ically estimatecbn the training data,then
we assignan entailmentrelation between
thetwo texts.

1 Introduction

The problemof languagevariability (i.e. the fact
thatthesamenformationcanbe expressedvith dif-
ferentwords and syntacticconstructshasbeenat-
tractingalot of interestduringtheyearsandit poses
significantissuesn front of systemsimedatnatural
languageunderstandingThe examplebelov shavs
that recognizingthe equivalenceof the statements
camein power, was prime-ministerand steppedn
asprime-ministeris a challengingproblem.

e lvanKostosr camein powerin 1997.

e lvan Kostor was prime-ministerof Bulgaria
from 1997to 2001.

e lvan Kostor steppedin as prime-minister 6
monthsafter the Decemberl996riots in Bul-
garia.

While the languagevariability problemis well
known in ComputationaLinguistics,a generaluni-
fying framevork hasbeenproposednly recentlyin
(DaganandGlickman2004). In this approach|an-
guagevariability is addressedy definingthenotion
of entailmentas a relation that holds betweentwo
languagexpressiongi.e. atext T andanhypothesis
H) if themeaningof H asinterpretedn the context
of T, canbe inferred from the meaningof T. The
entailmentrelationis directionalas the meaningof
oneexpressioncanentail the meaningof the other
while the oppositemay not.

For our participationin the PascalRTE Challenge
we designed systembasedn theintuition thatthe
probability of anentailmentrelationbetweenT and
H is relatedto the ability to shav that the whole
contentof H canbe mappedinto the contentof T.
Themorestraightforvard the mappingcanbeestab-
lished,the moreprobableis the entailmentrelation.
Sincea mappingcan be describedas the sequence
of editingoperationseededo transformH into T,
whereeachedit operatiorhasa costassociatedvith
it, we assignanentailmentelationif theoverall cost
of the transformationis belov a certainthreshold,
empirically estimatedn thetrainingdata.

The paperis organizedas follows. Section2
presentghe Tree Edit Distancealgorithmwe have
adoptedand its applicationto dependengc trees.
Section3 describeshe systermwhich participatecat
the RTE challengeandin Section4 we presentand
discusgheresultswe have obtained.



2 TreeEdit Distance on Dependency Trees

We adoptecdatreeedit distancealgorithmappliedto
the syntacticrepresentation@.e. dependenctrees)
of both T andH. A similar useof treeedit distance
hasbeenpresentethy (Puryakanoketal. 2004)for a
QuestionAnsweringsystem shaving thatthe tech-
nique outperformsa simple bag-of-word approach.
While the cost function presentedn (Puryakanok
etal. 2004)is quite simple,for the RTE challenge
wetriedto elaboratenorecomplex andtaskspecific
measures.

Accordingto our approach,T entailsH if there
exists a sequenceof transformationsappliedto T
suchthatwe canobtainH with an overall costbe-
low a certainthreshold.The underlyingassumption
is that pairs betweenwhich an entailmentrelation
holds have a low costof transformation.The kind
of transformationsave canapply (i.e. deletion,in-
sertionand substitution)are determinedby a setof
predefinedentailmentrules,which alsodeterminea
costfor eacheditingoperation.

We have implementedhetreeedit distancealgo-
rithm describedn (ZhangandShashd 990)andap-
plied to the dependeng treesderived from T and
H. Edit operationsaredefinedat the level of single
nodesof the dependenctree (i.e. transformations
onsubtreesrenotallowedin thecurrentimplemen-
tation). Sincethe (Zhangand Shashal990)algo-
rithm doesnot considerlabelson edgeswhile de-
pendeng treesprovide them,eachdependencrela-
tion R from anodeA to anodeB hasbeernre-written
asa comple label B-R concatenatinghe nameof
the destinationnode and the nameof the relation.
All nodesexcepttheroot of thetreearerelabeledn
suchway. The algorithmis directional: we aim to
find the better(i.e. lesscostly) sequencef edit op-
erationthattransformT (thesource)into H (thetar
get). Accordingto the constraintdescribedabore,
thefollowing transformationgreallowed:

e Insertion: inserta nodefrom the dependenc
treeof H into the dependenctreeof T. When
anodeis insertedt is attachedvith the depen-
deng relationof the sourceabel.

e Deletion: deleteanodeN fromthedependengc
treeof T. WhenN is deletedall its childrenare
attachedo theparentof N. It is notrequiredto
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explicitly deletethe childrenof N asthey are
going to be eitherdeletedor substitutedon a
following step.

e Substitution: changehelabelof anodeN1 in
the sourcetreeinto alabel of anodeN2 of the
tamgettree. Substitutionis allowed only if the
two nodessharethe samepart-of-speech.In
caseof substitutionthe relationattachedo the
substitutechodeis changedvith therelationof
thenew node.

3 System Architecture

The systemis composedy thefollowing modules,
shavedin Figurel: (i) atext processingnodule,for

thepreprocessingf theinput T/H pair; (i) amatch-
ing module which performsthemappingbetweent

andH; (iii) acostmodule whichcomputeghecosts
of the editoperations.

3.1 Text processing module

The text processingnodulecreatesa syntacticrep-
resentatiorof a T/H pair andrelies on a sentence
splitter and a syntacticparser For sentencesplit-
ting we usedthe Maximum entropy sentencesplit-
ter MXTerm (Ratnaparkhil996). For parsingwe
usedMinipar, a principle-basedEnglishparser(Lin
1998) which has high processingspeedand good
precision.

3.2 Matching module

Thematding modulefindsthebestsequencef edit
operationsbetweenthe dependeng treesobtained
from T and H. It implementsthe edit distanceal-
gorithmdescribedn Section2. The modulemakes



requestgo thecostmoduleto receve the costof the
editoperationsneededo transformT into H.

3.3 Cost module

Thecostmodulereturnsthe costof aneditoperation
betweertreenodes.To estimatesuchcost,we define
a weight of eachsingle word representingts rele-
vancethroughthe inversedocumenfrequency(idf),

ameasure&eommonlyusedin InformationRetrieval.

If N is thenumberof documentsn atext collection
andN,, is thenumberof document®f thecollection
thatcontainwordw thentheidf of thiswordis given
by theformula:

~ log - ®

idf (w) N

Theweightof theinsertionoperationis theidf of
the insertedword. The mostfrequentwords (e.g.
stop words) have a zero cost of insertion. In the
currentversionof the systemwe are still not able
to implementa good modelthat estimateghe cost
of the deletion operation. In order not to punish
pairs with short contentsof T we set the cost of
deletionto 0. To determinethe cost of substitu-
tion we usedadependencbasedhesaurusvailable
at http://wwwecs.ualberta.cdih dek/downloads.him.
For eachword, the thesaurudists up to 200 most
similar words and their similarities. The costof a
substitutionis calculatedoy thefollowing formula:

subs(wy, we) = ins(ws) * (1 — sim(wy,ws)) (2)

where w; is the word from T that is being re-
placedby the word wy, from H and sim(wq, ws) is
the similarity betweemu; andws, in the thesaurus
multiplied by the similarity betweerthecorrespond-
ing relations. The similarity betweenrelationsis
storedin a databasef relationsimilaritiesobtained
by comparingdependeng relationsfrom a parsed
local corpus. The similarities have valuesfrom 1
(very similar) to O (not similar). If thereis no simi-
larity, the costof substitutionis equalto the costof
insertingthe word w2.

3.4 Global Entailment Score

The entailmentscoreof a givenpair is calculatedn
thefollowing way:

ed(T,H)

ed(,H)

whereed(T, H) is thefunctionthatcalculateghe
edit distancecostanded(, H) is the costof insert-
ing the entire tree H. A similar approachis pre-
sentedn (Monz andde Rijke 2001),wherethe en-
tailmentscoreof two documentd andd’ is calcu-
lated by comparingthe sumof the weights(idf) of
thetermsthatappeailin bothdocumentdo the sum
of theweightsof all termsin d'.

To definethethresholdthatseparateghe positive
from the negative exampleswe usedthetraining set
provided by thetaskorganizers.

score(T,H) = 3)

4 Results and Discussion

Table1 shaws theresultsobtainedby the systemon
the two runswe submitted. The first run usedthe
edit-distanceapproacton all the subtaskswhile the
secondunusedtheeditdistancdor theComparable
DocumentqCD) subtasktask and and a linear se-
guenceof wordsfor therestof thetasks.Wedecided
to do the secondrun becausewne wantedto evalu-
atetherealimpactof usingdeepsyntacticanalysis.
Resultsare slightly betterfor the first run both in
the cws (0.60against0.58) andrecall (0.64 against
0.50).

A relevant problem we encountered affecting
about 30% of the pairs, is that the parserrepre-
sentsin a differentway occurrence®f similar ex-
pressionsmaking harderto apply edit transforma-
tions. For instance,“Wal-Mart” and “Wal-Mart
Storesinc” have differenttrees,being“Mart” the
governing nodein the first caseand the governed
nodein thesecond Theproblemcouldbeaddressed
by changingthe order of the nodesin T which is
however complex becauset introduceschangesn
the tree edit-distancealgorithm. Another solution,
which we intendto explorein the future, is the in-
tegrationof specializedoolsandresourcegor han-
dling namedentitiesandacroryms. 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 obsene thewholetree,
but only the subtreeof the processechode. For ex-
ample, the cost of the insertion of a subtreein H



|run| measurgf CD| IE| MT| QA| RC| PP| IR | Overall |
1 accurag | 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 accurag | 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

Tablel: ITC-irst resultsat PASCAL-RTE

couldbe smallerif the samesubtreds deletedfrom
T in prior or laterstage.

The currentimplementationof the systemdoes
not use resourcege.g. WordNet, paraphrasesn
(Lin andPantel2001),entailmenpattersaasacquired
in (Szpektoret al. 2004)) that could significantly
wide the applicationof entailmentrulesand,conse-
qguently improve performances.We estimatedhat
for about40% of the thetrue positive pairsthe sys-
tem could have usedentailmentrulesfound in en-
tailmentand paraphrasingesources.As an exam-
ple,thepair565:

T - Sopranc Square: Milan, Italy,
homeof the famedLa Scalaoperahouse,
honoredsoprandvariaCallasonWednes-
day whenit renameda new squareafter
thediva.

H - La Scalaoperahouseis locatedin
Milan, Italy.

could be successfullysolved using a paraphrase
patternsuchasY homeof X <=> Xislocatedin Y,
which canbefoundin (Lin andPantel2001). How-
ever, in orderto usethis kind of entailmentrules, it
would be necessaryo extendthe “single node”im-
plementatiorof treeedit distanceto addres®diting
operationamongsubtrees.

Our participationin the RTE challengesenedas
a first testof our system. In the future, we planto
expandthe systenmby searchindor solutionsfor the
mentionedoroblemsandintroducingentailmentand
paraphrasingresources.
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