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UniversidaddeAlicante
Alicante,Spain

armando@dlsi.ua.es

Manuel Palomar
Depto.deLenguajesy
SistemasInformáticos
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Abstract

This paper describesa Natural Lan-
guage Learning method that extracts
knowledgein theform of semanticpat-
ternswith ontologyelementsassociated
to syntacticcomponentsin thetext. The
methodcombinestheuseof EuroWord-
Net’s ontologicalconceptsandthecor-
rect senseof each word assignedby
a Word SenseDisambiguation(WSD)
module to extract three sets of pat-
terns: subject-verb, verb-directobject
andverb-indirectobject.Thesesetsde-
fine thesemanticbehaviour of themain
textual elementsbasedon their syntac-
tic role. On the onehand,it is shown
thatMaximumEntropy modelsapplied
to WSDtasksprovidegoodresults.The
evaluationof the WSD modulehasre-
vealeda accuracy rateof 64%in a pre-
liminary test.Ontheotherhand,weex-
plain how an adequatesetof semantic
or ontologicalpatternscanimprove the
successrateof NLP taskssuchus pro-
nounresolution.We have implemented
bothmodulesin C++ andalthoughthe
evaluationhasbeenperformedfor En-
glish, their generalfeaturesallow the
treatmentof otherlanguageslike Span-
ish.

�
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1 Intr oduction

Semanticpatterns,asdefinedin thismethod,con-
figure a systemto adda new informationsource
to NaturalLanguageProcessing(NLP) tasks.To
obtainthesesemanticpatterns,it is necessaryto
counton differenttools. On the onehand,a full
parsermustmake a syntacticanalysisof thetext.
Thisparsingwill allow theselectionof thediffer-
entsyntacticfunctionalelementssuchassubject,
direct object (DObj) and indirect object (IObj).
On theotherhand,a WSD tool mustprovide the
correctsensein order to ensurethe appropriate
selectionof theontologicalconceptassociatedto
eachword. Finally, with theparsingandthecor-
rect senseof eachword, the patternextraction
methodwill form andstoreontologicalpairsthat
definethesemanticbehaviour of eachsentence.

2 Full parsing

Theanalyzerusedfor this work is theConexor’s
FDGParser(PasiTapanainenandTimo Järvinen,
1997).This parsertriesto provide a build depen-
dency tree from the sentence.When this is not
possible,theparsertriesto build partial treesthat
often result from unresolved ambiguity. Onevi-
sualexampleof thisdependency treesis shown in
Figure1 wheretheparsingtreeof sentence(1) is
illustrated.

(1) The minister gave explanations to

the Government.

As seen in Figure 2, the analyzer assigns
to each word a text token (secondcolumn), a
base form (third column) and functional link



0
1 The the det:>2 @DN> DET SG/PL
2 minister minister subj:>3 @SUBJ N NOM SG
3 gave give main:>0 @+FMAINV V PAST
4 explanations explanation obj:>3 @OBJ N NOM PL
5 to to dat:>3 @ADVL PREP
6 the the det:>7 @DN> DET SG/PL
7 Government government pcomp:>5 @<P N NOM SG/PL

. .

Figure2: FDGAnalyser’s outputexample

Figure1: Parsingtree

names,lexico-syntacticfunction labelsandparts
of speech(fourth column). Figure 1 shows the
parsingtreerelatedto thisoutput.Theseelements
areenoughfor thepatternextractionmethodto be
appliedto NLP tasks.

Regardingto the evaluationof the parser, the
authorsreportan averageprecisionandrecall of
95%and88%respectively in thedetectionof the
correcthead.Furthermore,they reportaprecision
ratebetween89% and95% anda recall ratebe-
tween83%and96%in theselectionof thefunc-
tional dependencies.

3 WSD basedon Maximum Entropy

A WSD moduleis appliedto this parser’s output,
in orderto selectthecorrectsenseof eachentry.

Maximum Entropy(ME) modelingis a frame-
work for integratinginformationfrom many het-
erogeneousinformationsourcesfor classification
(Manning and Scḧutze, 1999). This WSD sys-
temis basedon conditionalME probabilitymod-
els. The systemimplementsa supervisedlearn-
ing methodconsistingof the building of word
senseclassifiersthrough training on a semanti-
cally taggedcorpus. A classifier obtainedby
meansof a ME techniqueconsist of a set of

parametersor coefficients estimatedby an opti-
mization procedure. Eachcoefficient associates
a weight to one featureobserved in the training
data. A feature is a function that gives infor-
mationaboutsomecharacteristicin a context as-
sociatedto a class. The basic idea is to obtain
theprobabilitydistribution thatmaximizestheen-
tropy, thatis,maximumignoranceis assumedand
nothingapartof training datais considered.As
advantagesof ME framework, knowledge-poor
featuresapplyingandaccuracy canbementioned;
ME framework allows a virtually unrestricted
ability to representproblem-specificknowledge
in theform of features(Ratnaparkhi,1998).

Let us assumea set of contexts
�

and a
set of classes � . The function ����� � 	� that performs the classificationin a condi-
tional probabilitymodel 
 choosestheclasswith
the highest conditional probability: ����������������������� 
 �!�#" �$� . The featureshave the form ex-
pressedin equation(1), where �%
&���$� is someob-
servable characteristic1. The conditionalproba-
bility 
 �!�#" �$� is definedas in equation(2) where')( aretheparametersor weightsof eachfeature,
and *+���$� is a constantto ensurethat thesumof
probabilitiesfor eachpossibleclassin thiscontext
is equalto 1.

, �.- ���0/��1�2� 354
if �768�9� and �%
&���$�:�<;>=�?A@B
otherwise

(1)


 �!�#" �$�:� 4
*+�����DCEF7G)H '&I!JLKNM�O �%PF (2)

Thefeaturesdefinedon thepresentsystemare,
1This is thekind of featuresusedin thesystemdueto it is

requiredby theparameterestimationprocedure,but theME
approachis not limited to binaryfuntions.



basically, collocationsof contentwordsandPOS
tags of function words aroundthe target word.
With only this informationthesystemobtainsre-
sultscomparableto otherwell known methodsor
systems.For training,DSOsensetaggedEnglish
corpus(HweeTou Ng andHian BengLee,1996)
is used.TheDSOcorpusisstructuredin filescon-
tainingtaggedexamplesof someword. The tags
correspondto the correctsensein WordNet 1.5
(FellBaum,1998). The exampleswereextracted
from articlesof theBrown CorpusandWall Street
Journal.

The implementedsystemhasthreemainmod-
ules: the FeatureExtractor (FE), the General-
ized Iterative Scaling(GIS), and the Classifica-
tion module. Eachword hasits own ME model,
that is, therewill be a distinct classifierfor each
one. The FE moduleautomaticallydefinesthe
featuresto beobservedon thetrainingcorpusde-
pendingon theclasses(senses)definedin Word-
Net for a word. The GIS moduleperformsthe
parameterestimation. Finally, the Classification
moduleusesthissetof parametersin orderto dis-
ambiguatenew occurrencesof theword.

3.1 Evaluation and results

Someevaluationresultsover a few termsof the
aforementionedcorpusarepresentedin Table1.
Thesystemwastrainedwith featuresthat inform
of contentwords in the sentencecontext ( QSR H ,Q R8T , Q R8U , QWV H /XQWV T , QWV U ), multi-word expres-
sions ( ��QSR8T�/XQSR H � , ��QSR H /XQ V H �7/Y��Q V H /XQ V TY� ,��QSR8U ,QSR8T ,QSR H � , ��QSR8T�/XQSR H ,Q V H � ,��QSR H ,Q V H ,Q V T1� , ��Q V H /XQ V T ,Q V U1� ), and POS
tags(
ZR H , 
ZR8T , 
ZR8U , 
 V H , 
 V T , 
 V U ). For each
word, the training set is divided in 10 folds, 9
for training and 1 for evaluation; ten testswere
accomplishedusingadifferentfold for evaluation
in each one (10-fold cross-validation). The
accuracy resultsarethe averageaccuracy on the
tentestsfor aword.

Resultscomparisonwith previous work is dif-
ficult becausethereis differentapproachesto the
WSDtask(knowledgebasedmethods,supervised
andunsupervisedstatisticalmethods...) (Mihal-
ceaandMoldovan,1999)andmany of themfocus
on a differentsetof wordsandsensedefinitions.
Furthermore,thetrainingcorpusseemsto becrit-
ical to theapplicationof thelearningto aspecific

ocurrences accuracy standard deviation
age,N 48,2 0,584 0,134
art,N 38,0 0,623 0,090
car,N 136,7 0,963 0,048
child,N 105,1 0,809 0,073
church,N 35,8 0,625 0,126
cost,N 143,2 0,895 0,051
fall,V 143,7 0,759 0,242
head,N 83,3 0,714 0,125
interest,N 147,8 0,619 0,173
know,V 143,3 0,421 0,087
line,N 132,8 0,529 0,154
set,V 126,1 0,537 0,139
speak,V 51,1 0,729 0,080
take,V 138,0 0,264 0,042
work,N 118,9 0,530 0,175
Overall 0,637

Table1: Evaluationresultsfrom DSO-WSJ

domain(Escuderoetal., 2000b).
In theexperimentpresentedhere,theselection

of the target words and the corpususedare the
samethat(Escuderoetal.,2000a)whereaBoost-
ing methodis proposed. In this papera com-
parisonbetweensomeWSD methodsis shown.
Boosting is the most successfulmethodwith a
68.1% accuracy. Our methodobtainslower ac-
curacy but this is afirst implementationandabet-
ter featureselectionis expectedto improve our
results.

4 SemanticPattern Learning

Once the WSD phasehas beenperformed,the
semanticpattern extraction module can be ex-
ecuted. This module extracts headword pairs
with subject-verb,verb-DObj andverb-IObj roles
in the sentenceand convert them into patterns
formed by ontological conceptsextractedfrom
EuroWordNet.

4.1 EuroWordNet’s ontology

EuroWordNet (Vossen,2000) is a multilingual
lexical databaserepresentingsemanticrelations
among basic conceptsfor West Europeanlan-
guages.In our case,we aregoing to work with
isolatedWordNets,it means,we won’t take ad-
vantageof its multilingual feature,althoughwe
will usetheontologydefinedon it.

EuroWordnet’s ontologyconsistsof 63 higher-
level conceptsanddistinguishesthreetypesof en-
tities:[

1stOrderEntity: any concreteentity (pub-
licly) perceivableby the sensesandlocated
at any point in time, in a three-dimensional



space,e.g.: vehicle,animal,substance,ob-
ject.[
2ndOrderEntity: any StaticSituation(prop-
erty, relation)or DynamicSituation,which
cannotbegrasped,heard,seen,felt asanin-
dependentphysicalthing. They can be lo-
catedin time andoccuror take placerather
thanexist, e.g.:happen,be,have,begin,end,
cause,result,continue,occur..[
3rdOrderEntity: any unobservable proposi-
tion which exists independentlyof time and
space.They canbe trueor falseratherthan
real.They canbeassertedor denied,remem-
beredor forgotten,e.g.: idea,thought,infor-
mation,theory, plan.

Theseontologicalconcepts,associatedto each
synsetfrom EuroWordNet,give semanticproper-
ties to thesesynsetsthat canbe used,aswe will
seein the nexts sections,for improving the in-
formationsourcein NaturalLanguageProcessing
tasks.

4.2 The Learning Process

From eachclause,the moduleextractsthe verb
and(if exists) its subject,its directobjectandits
indirect object. With theseelements,threepos-
sible pairscanbe formedusingthe verb andthe
nounheadof the aforementionedsyntacticcom-
ponents. The verb headand the noun headare
looked up in EuroWordNet’s ontologyusingthe
correctsensepreviouslyselected.Thisquerygen-
eratesthreepossibleontologicalpairsthatdefine,
for eachclause,the semanticconceptassociated
to themainsyntacticelements.

Sentence(2) correspondsto a fragment ex-
tractedfrom a trainingcorpusin English.

(2) The minister \ gave ] explanations ^ to

the Government ^ .
As shown in section2, theoutputof theparser

generatesthenext functionalentities:

Verb: give
Subject head: minister
D.Obj. head: explanations
I.Obj. head: Government

The superscriptsindicatethe correctsensein
EuroWordNet for eachword. After consulting
EuroWordNetthesemanticpatternsformedare:

Subj|V: Human,Occupation|Communication
V|DObj: Communication|Agentive,Mental
V|IObj: Communication|Group,Human

Thesepatternswill be stored in their corre-
spondingfiles in orderto beconsultedlaterby the
NLP task.

This processis completelyautomaticand the
error ratein thepatternextractioncomefrom the
aforementionederrors in the WSD and parsing
phases.

This strategy definedjust as it hasbeendone
is, in principle,a little bit naive. Obviously, this
is the singlebasisfor the approach,but depend-
ing on the application,it canbe combinedwith
moresophisticatedmethodsto improve its effec-
tiveness.In this way, it is possibleto make more
elaboratedcombinationsof ontologicalconcepts
to form new branchesin theontologydefinedby
EuroWordNet.

5 Applying the method to anaphora
resolution

Since the aforementionedsemanticpatternsre-
veal the semanticbehaviour of the main textual
elements,this NaturalLanguagelearningprocess
canbe appliedto any taskthat involves text un-
derstanding.

Onepossibleapplicationin this way could be
theanaphoraresolutionproblem,oneof themost
active researchareasin Natural LanguagePro-
cessing.

The comprehensionof anaphorais an impor-
tantprocessin any NLP system,andit is among
the toughestproblemsto solve in Computational
Linguistics and NLP. According to Hirst (Hirst,
1981): “Anaphora, in discourse, is a device
for makingan abbreviatedreference(containing
fewer bits of disambiguatinginformation,rather
than being lexically or phoneticallyshorter) to
someentity (or entities) in the expectationthat
the receiverof the discourse will be able to dis-
abbreviate the referenceand, thereby, determine
theidentityof theentity.”



Thereferenceto anentity is generallycalledan
anaphor(e.g.a pronoun),andtheentity to which
the anaphorrefers is its referentor antecedent.
For instance,in thesentence“J ohn( ateanapple.
He( washungry”, thepronounhe is theanaphor
andit refersto theantecedentJohn.

Traditionally, someof the most relevant ap-
proachesto solveanaphorahavebeenthosecalled
poor-knowledge approaches. They use limited
knowledge(lexical, morphologicalandsyntactic
informationsources)for thedetectionof thecor-
rectantecedent.Theseproposalshave reporthigh
successratesfor English(89.7%)(Mitkov, 1998)
and for Spanish(83%) (Ferŕandezet al., 1999).
Takingthis basis,it is possibleto improve there-
sultsof a resolutionmethodaddingothersources
suchussemantic,pragmatic,world-knowledgeor
indeedstatisticalinformation.

Wehaveexploredtheuseof semanticinforma-
tion extractedfrom an ontologyand its applica-
tion to theanaphoraresolutionproccess.Thisad-
ditional sourcehasgivegoodresultson restricted
texts (Azzamet al., 1998). Nevertheless,its ap-
plicationonunrestrictedtextshasnotbeensosat-
isfactory, mainly dueto the lack of adequateand
availablelexical resources.Due to this, we con-
siderthatthepatternlearningcancomplementthe
semanticsourcein order to establishadditional
criteria in the antecedentselection. In addition,
we believe that an adequateselectionof patterns
canimprove thesuccessratein anaphoraresolu-
tion on unrestrictedtexts.

Eachpatterncontributesacompatibilityfeature
betweentwo syntacticelements.The whole set
of patternsis a knowledgetool that canbe con-
sultedin ordertodefinethecompatibilitybetween
apronounandacandidateaccordingto their syn-
tactic role (subject,directobjectandindirectob-
ject) andtheir relationwith theverb. So,looking
up the conceptsassociatedto the antecedentsof
the pronounandthe verb, andusingthe syntac-
tic relationbetweenthepronounandits verb,the
semanticpatternscanprovide a compatibilityde-
greeto help the selectionof the antecedent.A
methodorientedto anaphoraresolutionthatuses
thesekinds of patternsextractedfrom two on-
tologiesis detailedin (Saiz-NoedaandPalomar,
2000).

Thebenefitof thisapproachis shown in aclas-

sicalexampleshown in (3).

(3) [The monkey] _ climbed [the tree]J to

get [a coconut] ` when [the sun] a was
rising. It ` was ripe.

In this example, there are four possiblean-
tecedentsof the pronoun’ it ’. Basing the reso-
lution only in morpho-syntacticinformation,it is
notpossibleto solve it correctly. Noneof thecan-
didateswould berejectedregardingto their mor-
phologicalfeatures(all of themaremasculineand
singular). Theclassicalapproacheswould deter-
minethat’themonkey’, for having thesamesub-
ject role as the pronoun,or ’the sun’, for being
the closestto the pronoun,could be the correct
antecedent.Nevertheless,it is clearthat the cor-
rectonein this caseis ’the coconut’. Only a se-
manticpatternappliedto this methodcould give
additionalinformationto solve it correctly.

If wewouldextractontologicalconceptsfor all
thecandidates,we would beableto comparethe
compatibilitydegreewith thepronoun.Onepos-
sibleoutputcouldbetheonein next table:

Subject concept verb
monkey animal be ripe
tree plant be ripe
coconut fruit be ripe
sun star be ripe

Examiningthis table it is easyto notice that,
when applying this additional information, the
suggestionof thesystemwouldbethecorrectan-
tecedent,mainlybasedonagoodpreviouspattern
learning.

Thispronounresolutionsystemwith additional
informationprovidedby thesemanticpatternshas
beenevaluatedon a corpusformed by a set of
texts containingnews regardingthecommontop-
ics in anewspaper(national,international,sports,
society, economy, . . . ). Resultsobtainedin the
preliminaryevaluationof this pronounresolution
reveala successrateof 79.3%anaphorscorrectly
solved. Although it hasnot beenmentionedbe-
fore, it is very importantto have in mind thatthis
methodprovidesa fully automaticanaphorares-
olution process.Methodspreviously mentioned
applytheresolutionprocessoversupervisedsteps
to achieve suchhigh rates. Whenthe processis
automated,thesuccessratedecreasedramatically
up to lessthan55%(Mitkov, 2001).



6 Conclusionsand outstandingwork

In this paperwe have presenteda semanticpat-
tern learningsystemdriven by a WSD method
basedon Maximum Entropy models. Thesese-
manticpatternshavebeenappliedto theanaphora
resolutionthroughtheconstructionof ontological
patterns.Theaddingof this patternlearningim-
prove, asit canbe seen,the anaphoraresolution
process. We have pointedout the main advan-
tagesof thisapproachcomparingit with other.

TheWSDmethodisbasedonconditionalMax-
imum Entropy probability models. It is a super-
vised learning methodthat usesa semantically
annotatedcorpusfor training. ME modelsare
usedin orderto estimatefunctionsthatperforms
a senseclassificationof nouns,verbsandadjec-
tives. The learning phasehas beenmadewith
simple featureswith no deep linguistic knowl-
edge. Preliminaryresultsindicatethat the accu-
racy of themodelis comparableto otherlearning
methods.

The main problemin theadditionof this kind
of knowledgeis thelack of appropriateresources
to dealwith thesetasks.In our researchwork we
are trying to apply thesetechniquesboth in En-
glish andSpanish.The WSD methodhave been
mainlydevelopedin English,but oneof ourmain
goalsis the designof a completeanaphorareso-
lution systemfor Spanish.In this way, themain
problemis theshortavailableresourcesregarding
to semanticallytaggedcorporain Spanish(unlike
in English). This lack affects the correctdevel-
opmentof tasksbelongingto the researchline
shown in this paper, such us the patternlearn-
ing and the anaphoraresolution. Nevertheless,
thisshortageopensthedoorto new researchlines
thatjoin Englishresourcesandmultilingual tech-
niquesfor thegenerationof patternsin otherlan-
guagesfrom thelearnedEnglishpatterns.
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