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Abstract 2. A lexical entailment module, which takes the
information given by the parser and returns hy-
The UNED-NLP Group® Recognizing pothesis’ nodes entailed by the text.
Textual Entailment System is based on the
use of a broad-coverage parser to extract 3, A matching evaluation module, which searches
dependency relations and a module which for paths into hypothesis’ dependency tree,
obtains lexical entailment relations from conformed by the lexically entailed nodes.
WordNet The work aims at comparing
whether the matching of dependency trees  gection 2 shows how lexical entailment is accom-
substructures give better evidence of en-  pjished. Section 3 presents the methodology fol-
tailment than the matching of plain text  |owed to evaluate matching between dependency
alone. trees. Section 4 describes some experiments and
their results. Finally, some conclusions are given.

1 Introduction

_ 2 Lexical Entailment
The system of the UNED-NLP Group which has

taken part in the 2005 PASCAY Recognizing Tex- After the dependency parsing, a module of lexical
tual Entailment Challenge is a proposal towards thentailment is applied over the nodes of both text and
resolution of the Recognizing Textual Entailmenhypothesis. The output of this module is a list of
(RTE) problem. The present approach explores thgairs (T,H) whereT is a node in the text’s depen-
possibilities of matching between dependency treefency tree whose lexical unit entails the lexical unit
of text and hypothesis. System’s components are tlg the nodeH in the hypothesis’ dependency tree.
following: This entailment at the word level considéford-
Netrelations, detection dfVordNetmultiwords and

1. A dependency parser, based on LiNIgipar negation, as follows:

(Lin, 1998), which normalizes data from the
corpus of text and hypothesis pairs, accom; Lo
P yp P 2.1 Synonymy and Similarity
plishes the dependency analysis and creates
into memory appropriated structures to repreThe lexical unitT entails the lexical uniH if they
sent it. can besynonymsccording toNordNetor if there is
!Natural Language Processing and Information Re& relation ofS|m|I<";1r|ty between them. Some ex'a.m-
trieval Group at the Spanish Distance Learning Universityples were found in the PASCAL Challenge training
hitp://nip.uned.es/ . _ corpus such as, for exampletiscoverand reveal
Pattern  Analysis, Statistical Modelling  and . . . .
obtain and receive lift andrise, allow and grant,

Computational  Learning  Network  of  Excellence.
http://www.pascal-network.org/ etcetera.



2.2 Hyponymy and WordNet Entailment the head. For example, Figures 1 and 2 show an
excerpt of the dependency trees for the training ex-
amples 74 and 78 respectivelly. Negation at node 11
of text 74 is propagated to node 1@ef(will)) and
éH)_de 12 feg(changg) Negation at node 6 of text
78 is propagated to node Bdg(be).

Entailment is not possible between a lexical unit
and its negation. For example, before considering

Hyponymyand entailmentare relations between
WordNet synsethaving a transitive property. The
entailment predicate between twgnsetsvas im-
plemented according to these relations as the sear
ing of a path fromsynsetSy to synsetSy, in
which hyponymyand WordNet entailmentelations

between intermediateynsetsare considered in the ) . ) ;
direction from Sy to Si. Then, the lexical unif negation, node 5 in text 7&hg entails node 4 in

entails the lexical unit if there is a path from one NYPOthesis 78He). Now, this entailment is not pos-

synsetof T to onesynsebof H. Some examples af- SIPI€-
ter processing the training corpus of PASCAL Chalext 74: ...minister says his country will not change its plan...

lenge are:glucoseentailssugar (i.e. glucoseis a 7: says
hyponym ofsugan, crude entailsoil, deathentails
kill . 6: minister 12: change

9: country  10: will 14: plan

2.3 Multiwords
\ \ |

The recognition of multiwords cannot be a previous ghis  1linot  13lits

to Iemmatization and parsing Stepv SO a pre and I—@pothesis 74: South Korea continues to send troops

post processing must be performed in order to avoid 5. .oniinues

errors in the processing. For example, the recogni-

tion of the multiwordcamedownrequires the previ- ~ #Xorea  5:send

ous obtention of the lemmaome because the mul-  1:South 4%  6: troops

tiword present inVordNetis comedown . . -

P . , i Figure 1: Dependency trees for pair 74 from training

The variation of multiwords is not due only to corpus

lemmatization. Sometimes there are some char-

acters that change as, for example, a dot in an

acronym or a proper noun with different WOI'dingS.TeXt 78: Clinton’s new book is not big seller here

For this reason, a fuzzy matching between can- 5iis
didate andWordNetmultiwords was implemented
using the Levenshtein’s edit distance (1965). If 4: ook 6: fot 8: Seller SThere
the two strings differ in less than 10%, then the 1
. . . . 1: Clinton  3:new 7:big
matching is permitted. For example, the multiword =
2:’s

Japanisecapital in hypothesis 345 of the training
corpus is translated into th@/ordNet multiword  Hypothesis 78: Clinton's book is a big seller
Japanesecapital, allowing the entailment between 4:is

Tokyo and it. Some other examples of entailment af- _ .
ter multiword recognition are, regarding synonymy, | P
blood glucose and blood suga; Hamas and Is- ~ ~C["" %% ©%9
lamic_ResistanceMovementArmedIslamic Group s

andGIA and, regarding hyponymyyar crime en-  Figure 2: Dependency trees for pair 78 from training
tails crime, melanomeentailsskin.cancer corpus.

0ok 7: seller

2.4 Negation and Antonymy The entailment between nodes affected by nega-

Negation is detected after searching leaves with t&on is implemented considering the antonymy rela-
negation relation in the dependency tree. This negdon of WordNet and applying the previous process-
tion relation is then propagated to its ancestors unfihg to them (sections 2.1, 2.2, 2.3). For example,



since node 12 in text 74 is negatateg(changg) 4.1 Baselines
the antonyms othangeare considered in the entail- 1, gjfferent baselines were generated in order

ment relations between_ text gnd hypothesis. Thug, analyse the behaviour of the proposed system
neg(change)n text entailscontinuein the hypoth- 5 ainst the training corpus. Since lexical entailment
esis because the antonymaifange stay is a syn- js"yrevious to matching between dependency trees,
onym ofcontinue two more simple systems were developed to obtain

) the mentioned baselines:
3 Matching between Dependency Trees

e Baseline system | calculated the ratio of words

Dependency trees give a structured representation from the hypothesis which appeared into the
for every text and hypothesis. Matching between de-  text.

pendency trees can give an idea about how semanti-
cally similar are two text snippets; this is because a e Baseline system Il computed the ratio of lem-
certain semantic information is implicitly contained mas from the hypothesis which are entailed by
into dependency trees. The technique used to eval- any lemma from the text.
uate matching between dependency trees is inspired
in Lin’s proposal (Lin, 2001). The initial idea was !N all cases the classification threshold was 50%, as
to use a very simple matching algorithm, focuse@xplained in section 3.
on searching for all the branches starting at any Ieﬁf
from hypothesis’ tree and showing a matching with™”
any branch from text’s tree. Hence, a hypothesisthe proposed system and the baselines show similar
matching branch is defined as the one whose agsults. Accuracy, calculated for every type of appli-
nodes show a lexical entailment with nodes from &ation setting, ranges between 46.67% and 55.56%,
branch of the correspondent text. except for comparable documents (CD), showing
The existence or not of an entailment relatior/6-29%, 71.13% and 80.41% accuracy for baseline
from a text to its correspondent hypothesis was déystem |, baseline system Il and proposed system,
termined by means of their similarity. Similarity respectively. The overall results are 54.95%, 55.48%
between text and hypothesis is defined as the prand 56.36% accuracy for baseline system I, baseline
portion of hypothesis’ nodes pertaining to matchSystem Il and proposed system, respectively.
ing branches. From the results obtained again
the training corpus, it was empirically determine
a threshold for that similarity value. Best accuracypince up to two runs were admitted for submission,
for the system was obtained when 50% was assignédgvas decided to prepare a third baseline to compare
as threshold value. Hence, it was said that a text ef?e system against the test corpus. For this base-
tailed a hypothesis if hypothesis’ dependency trelne system lil, queries t&WordNetwere not used
showed a percentage of matching nodes greater lant only coincidence between lemmas from text and
equal than 50%. If that percentage was less thdiypothesis. Hence, one of the submitted runs was
50% it was said that no entailment existed from tex@enerated by this latter baseline system.

2 Results over the Training Corpus

t.3 Official Results at the Challenge

to hypothesis. The proposed system was refined for its run
against the test corpus. This last implementation
4 Experiments searched forsubjector object relations along hy-

pothesis’ matching branches, requiring also a match-
Along the development time of the proposed systerimg between these relations.
some experiments were accomplished in order to ob- Accuracy, calculated for every type of application
tain feedback about succesive improvements madetting, ranges between 42.55% and 55.83%, except
to it. For this purpose, several baseline systemsfer CD, showing 79.33% and 78.67% accuracy for
whose results against the training corpus were corbbaseline system Il and proposed system, respec-
pared — were developed. tively. The overall results are 55.75% and 54.75%



accuracy for baseline system Il and proposed sys- Hence, it is observed that for RTE is necessary

tem, respectively. to tackle a wide set of linguistic phenomena in a
The behaviour of both systems is similar to thespecific way, at the lexical level and at the syntac-

ones executed against the training corpus. Howevdig level.

consideration osubjectandobjectrelations cause a
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“Text 128:Hippos do come into conflict with people quite
often.

Hypothesis 128Hippopotamus attacks human.



