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Abstract

This paper describesa Natural Lan-
guage Learning method that extracts
knowledgein theform of semantigat-
ternswith ontologyelementsassociated
to syntacticcomponent thetext. The
methodcombinesheuseof EuroWbrd-
Net'’s ontologicalconceptsandthe cor
rect senseof eachword assignedby
a Word SenseDisambiguation(WSD)
module to extract three sets of pat-
terns: subject-erb, verb-directobject
andverb-indirectobject. Thesesetsde-
fine the semantidoehaiour of themain
textual elementdasedon their syntac-
tic role. On the onehand, it is shavn
thatMaximum Entropy modelsapplied
to WSDtasksprovide goodresults.The
evaluationof the WSD modulehasre-
vealeda accuray rateof 64%in apre-
liminary test.Ontheotherhand,we ex-
plain how an adequatesetof semantic
or ontologicalpatternscanimprove the
successateof NLP taskssuchus pro-
nounresolution.We have implemented
both modulesin C++ andalthoughthe
evaluationhasbeenperformedfor En-
glish, their generalfeaturesallow the
treatmenbf otherlanguagedike Span-
ish.
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1 Intr oduction

Semantigatternsasdefinedin thismethod,con-
figure a systemto adda new informationsource
to NaturalLanguageProcessingNLP) tasks.To
obtainthesesemanticpatterns;it is necessaryo
counton differenttools. On the onehand,a full
parsemmustmale a syntacticanalysisof the text.
This parsingwill allow theselectionof thediffer-
entsyntacticfunctionalelementsuchassubject,
direct object (DObj) and indirect object (I0bj).
Onthe otherhand,a WSD tool mustprovide the
correctsensein orderto ensurethe appropriate
selectionof the ontologicalconceptassociatedio
eachword. Finally, with the parsingandthe cor
rect senseof eachword, the patternextraction
methodwill form andstoreontologicalpairsthat
definethe semantidoehaiour of eachsentence.

2 Full parsing

The analyzersedfor this work is the Coneor’s
FDG Parser(Pasi TapanainerandTimo Jarvinen,
1997). This parsettriesto provide a build depen-
dengy tree from the sentence.Whenthis is not
possiblethe parsertriesto build partialtreesthat
often resultfrom unresohed ambiguity Onevi-
sualexampleof this dependengctreesis shavn in
Figurel wherethe parsingtreeof sentencgl) is
illustrated.

(1) The minister gave expl anations to
t he Governnent.

As seenin Figure 2, the analyzer assigns
to eachword a text token (secondcolumn), a
base form (third column) and functional link



0

1 The t he

2 nminister m ni st er

3 gave give

4 explanations explanation
5 to to

6 the t he

7 Gover nment

gover nment

det: >2 @N> DET SGE PL
subj : >3 @uBJ N NOM SG
mai n: >0 @FMAI NV V PAST
obj : >3 @nBJ N NOM PL
dat : >3 @\DVL PREP

det: >7 @N> DET SG PL
pconp: >5 @P N NOM SG PL

Figure2: FDG Analysers outputexample
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Figurel: Parsingtree

namesJexico-syntacticfunction labelsand parts
of speech(fourth column). Figure 1 shaws the

parsingtreerelatedto this output. Theseelements
areenoughfor thepatternextractionmethodto be

appliedto NLP tasks.

Regardingto the evaluation of the parser the
authorsreportan averageprecisionandrecall of
95% and88% especiiely in the detectionof the
correcthead.Furthermorethey reportaprecision
rate between89% and 95% and a recall rate be-
tween83% and96%in the selectionof the func-
tional dependencies.

3 WSD basedon Maximum Entropy

A WSD moduleis appliedto this parsers output,
in orderto selectthe correctsenseof eachentry
Maximum Entrop/(ME) modelingis a frame-
work for integratinginformationfrom mary het-
erogeneoumformationsourcedor classification
(Manning and Schitze, 1999). This WSD sys-
temis basedn conditionalME probabilitymod-
els. The systemimplementsa supervisedearn-
ing method consistingof the building of word
senseclassifiersthrough training on a semanti-
cally taggedcorpus. A classifier obtainedby
meansof a ME techniqueconsistof a set of

parameter®r coeficients estimatedby an opti-
mization procedure. Eachcoeficient associates
a weightto onefeatureobsered in the training
data. A featureis a function that gives infor-
mationaboutsomecharacteristién a contet as-
sociatedto a class. The basicideais to obtain
theprobabilitydistribution thatmaximizesheen-
tropy, thatis, maximumignorances assumeand
nothing apartof training datais considered.As
adwantagesof ME framework, knowledge-poor
featuresapplyingandaccurag canbementioned,;
ME framewvork allows a virtually unrestricted
ability to representproblem-specifickknowvledge
in theform of featureqRatnaparkhi1998).

Let us assumea set of contexts X and a
set of classesC. The function cl X -
C that performsthe classificationin a condi-
tional probability modelp chooseghe classwith
the highest conditional probability: cl(z) =
arg max. p(c|z). Thefeatureshave the form ex-
pressedn equation(1), wherecp(z) is someob-
senable characteristit. The conditional proba-
bility p(c|z) is definedasin equation(2) where
«; arethe parametersr weightsof eachfeature,
and Z(z) is a constanto ensurethatthe sumof
probabilitiesfor eachpossibleclassin this context
is equalto 1.

_ | 1 if d =candep(z) = true
fe(z,e) = { 0 otherwise
1)
L 17 o 5@o
J— .] .CC,C
p(CkE)__‘Z(ag.lJ;a] (2)

Thefeaturegdefinedon the presensystemare,

Thisis thekind of featuresusedin thesysterduetoiit is
requiredby the parameteestimationprocedurebut the ME
approachs notlimited to binaryfuntions.



basically collocationsof contentwordsandPOS
tags of function words aroundthe tamget word.
With only this informationthe systemobtainsre-
sultscomparabléo otherwell known methodsor
systems For training, DSO sensdaggedEnglish
corpus(HweeTou Ng andHian BenglLee, 1996)
isused.TheDSOcorpuss structuredn filescon-
tainingtaggedexamplesof someword. Thetags
correspondo the correctsensein WordNet 1.5
(FellBaum,1998). The exampleswere extracted
from articlesof theBrown CorpusandWall Street
Journal.
Theimplementedsystemhasthreemain mod-
ules: the FeatureExtractor (FE), the General-
ized Iteratve Scaling(GIS), and the Classifica-
tion module. Eachword hasits own ME model,
thatis, therewill be a distinctclassifierfor each
one. The FE module automaticallydefinesthe
featuredo beobseredonthetrainingcorpusde-
pendingon the classegsensesylefinedin Word-
Net for a word. The GIS module performsthe
parameteestimation. Finally, the Classification
moduleuseshis setof parameters orderto dis-
ambiguatenew occurrencesf theword.

3.1 Evaluation and results

Someevaluationresultsover a few termsof the
aforementioneaorpusare presentedn Table 1.
The systemwastrainedwith featureghatinform
of contentwordsin the sentencecontext ( w_1,
w_9, W_3, W41, W42, w+3), multi-word expres-
sions (w2, w—1), (w—1,w41), (W41, wi2),
(w_3,w_2,w_1), (w_2,w_1,wy1),
(w_l,w+1,w+2), (w+1,w+2,w+3)), and POS
tags(p—1, p—2, p—3, P+1, P+2, p+3). Foreach
word, the training setis divided in 10 folds, 9
for training and 1 for evaluation;ten testswere
accomplishedisingadifferentfold for evaluation
in each one (10-fold cross-alidation). The
accurag resultsarethe averageaccurag on the
tentestsfor aword.

Resultscomparisorwith previous work is dif-
ficult becausehereis differentapproacheto the
WSDtask(knowvledgebasednethodssupervised
and unsupervisedtatisticalmethods...) (Mihal-
ceaandMoldovan,1999)andmary of themfocus
on a differentsetof wordsandsensedefinitions.
Furthermorethetrainingcorpusseemso becrit-
ical to the applicationof thelearningto a specific

ocurrences standard deviation
48,2
38,0
136,7
105,1
35,8
143,2
143,7
83,3
147,8
143,3
132,8
126,1
51,1
138,0
118,9

accuracy
0,584
0,623
0,963
0,809
0,625
0,895
0,759
0,714
0,619
0,421
0,529
0,537
0,729
0,264
0,530
0,637

age,N
art,N
car,N
child,N
church,N
cost,N
fall,v
head,N
interest,N
know,V
line,N
set,V
speak,V
take,V
work,N
Overall

Tablel: Evaluationresultsfrom DSO-WSJ

domain(Escudercetal., 2000Db).

In the experimentpresentedhere,the selection
of the target words and the corpususedare the
samethat(Escudereetal., 2000a)wherea Boost-
ing methodis proposed. In this papera com-
parisonbetweensomeWSD methodsis shavn.
Boostingis the most successfuimethodwith a
68.1% accurag. Our methodobtainslower ac-
curag but thisis afirstimplementatioranda bet-
ter featureselectionis expectedto improve our
results.

4 SemanticPattern Learning

Oncethe WSD phasehas beenperformed,the
semanticpattern extraction module can be ex-

ecuted. This module extracts headword pairs
with subject-erb, verb-DObj andverb{Obj roles
in the sentenceand convert them into patterns
formed by ontological conceptsextracted from

EuroWbrdNet.

4.1 EuroWordNet's ontology

EuroWbrdNet (Vossen,2000) is a multilingual
lexical databaseaepresentingsemanticrelations
among basic conceptsfor West Europeanlan-
guages.In our case,we are going to work with
isolatedWordNets,it means,we won't take ad-
vantageof its multilingual feature,althoughwe
will usethe ontologydefinedonit.

EuroWbrdnets ontologyconsistof 63 higher
level conceptanddistinguisheshreetypesof en-
tities:

e 1stOderEntity ary concreteentity (pub-
licly) percevable by the sensesandlocated
at ary pointin time, in a three-dimensional



space.e.g.: vehicle, animal, substancepb-
ject.

e 2ndOderEntity ary Static Situation(prop-
erty, relation) or Dynamic Situation,which
cannotbe graspedheard seenfelt asanin-
dependenphysicalthing. They canbe lo-
catedin time andoccuror take placerather
thanexist, e.g.:happenbe,have, bagin, end,
causeresult,continue,occur.

e 3rdOrderEntity ary unobserable proposi-
tion which exists independenthof time and
space.They canbetrue or falseratherthan
real. They canbeassertedr deniedremem-
beredor forgotten,e.g.: idea,thought,infor-
mation,theory plan.

Theseontologicalconceptsassociatedo each
synsetfrom EuroVbrdNet,give semantigproper
tiesto thesesynsetghat canbe used,aswe will
seein the nexts sections,for improving the in-
formationsourcein NaturalLanguagdProcessing
tasks.

4.2 The Learning Process

From eachclause,the module extractsthe verb
and(if exists)its subject,its directobjectandits
indirect object. With theseelementsthreepos-
sible pairscanbe formedusingthe verb andthe
nounheadof the aforementionedyntacticcom-
ponents. The verb headand the noun headare
looked up in EuroWbrdNets ontology using the
correctsensereviously selectedThisquerygen-
erateghreepossibleontologicalpairsthatdefine,
for eachclause the semanticconceptassociated
to themain syntacticelements.

Sentence(2) correspondgo a fragment ex-
tractedfrom atrainingcorpusin English.

(2) The ninister® gave” expl anations? to
the Government 2.

As shavn in section2, the outputof the parser
generateshe next functionalentities:

Ver b: give

Subj ect head: minister
D.j. head: explanations
I.bj. head: Governnent

The superscriptdndicate the correctsensen
EuroWbrdNet for eachword. After consulting
EuroWbrdNetthe semantigatterndormedare:

Subj | V: Human, Cccupat i on| Conmmuni cati on
V| DObj :  Conmuni cati on| Agenti ve, Ment al
V|1 Qoj:  Communi cati on| G oup, Hunan

Thesepatternswill be storedin their corre-
spondindfilesin orderto beconsultedaterby the
NLP task.

This processs completelyautomaticand the
errorratein the patternextractioncomefrom the
aforementionecerrorsin the WSD and parsing
phases.

This stratgy definedjust asit hasbeendone
is, in principle, a little bit nave. Obviously, this
is the single basisfor the approachput depend-
ing on the application,it can be combinedwith
more sophisticateanethodsto improve its effec-
tiveness.In this way; it is possibleto make more
elaborateccombinationsof ontologicalconcepts
to form new branchesn the ontologydefinedby
EuroWbrdNet.

5 Applying the methodto anaphora
resolution

Since the aforementionedsemanticpatternsre-
veal the semanticbehaiour of the main textual
elementsthis NaturalLanguagdearningprocess
canbe appliedto ary taskthatinvolvestext un-
derstanding.

One possibleapplicationin this way could be
theanaphoraesolutionproblem,oneof the most
active researchareasin Natural LanguagePro-
cessing.

The comprehensiof anaphoras an impor
tantprocesdn ary NLP system,andit is among
the toughestproblemsto solve in Computational
Linguisticsand NLP. Accordingto Hirst (Hirst,
1981): “Anaphora, in discouse is a device
for makingan abbreviatedrefeence(containing
fewer bits of disambiguatingnformation, rather
than being lexically or phoneticallyshorter) to
someentity (or entities)in the expectationthat
the receiverof the discouse will be able to dis-
abbreviate the refeenceand, thereby determine
theidentity of theentity’



Thereferencdo anentityis generallycalledan
anaphoti(e.g. a pronoun),andthe entity to which

the anaphorrefersis its referentor antecedent.

For instancejn the sentencéJ ohn, atean apple
He; washungry”, the pronounheis the anaphor
andit refersto theantecedeniohn

Traditionally some of the most relevant ap-
proacheso solve anaphordave beenthosecalled
poorknowledg approaces They use limited
knowledge (lexical, morphologicaland syntactic
informationsourcesyor the detectionof the cor
rectantecedentTheseproposaldave reporthigh
successatesfor English(89.7%)(Mitkov, 1998)
and for Spanish(83%) (Ferndezet al., 1999).
Takingthis basis,it is possibleto improve there-
sultsof aresolutionmethodaddingothersources
suchussemanticpragmaticworld-knovledgeor
indeedstatisticalinformation.

We have exploredtheuseof semantianforma-
tion extractedfrom an ontology andits applica-
tion to theanaphoraesolutionproccessThis ad-
ditional sourcehasgive goodresultson restricted
texts (Azzamet al., 1998). Neverthelessits ap-
plicationonunrestrictedexts hasnotbeensosat-
isfactory mainly dueto the lack of adequatend
available lexical resources.Dueto this, we con-
siderthatthepatterniearningcancomplementhe
semanticsourcein orderto establishadditional
criteriain the antecedenselection. In addition,
we believe that an adequateselectionof patterns
canimprove the successatein anaphoraesolu-
tion onunrestrictedexts.

Eachpatterncontritutesacompatibilityfeature
betweentwo syntacticelements. The whole set
of patternsis a knowledgetool that canbe con-
sultedin orderto definethecompatibilitybetween
apronounanda candidateaccordingo their syn-
tacticrole (subject,directobjectandindirectob-
ject) andtheir relationwith the verh So,looking
up the conceptsassociatedo the antecedentsf
the pronounandthe verb, and using the syntac-
tic relationbetweerthe pronounandits verb, the
semantigatternscanprovide a compatibility de-
greeto help the selectionof the antecedent.A
methodorientedto anaphoraesolutionthat uses
thesekinds of patternsextractedfrom two on-
tologiesis detailedin (Saiz-Noedaand Palomar
2000).

Thebenefitof this approachs shavn in aclas-

sicalexampleshavn in (3).

(3) [ The nonkey]; clinbed [the tree]; to
get [a coconut] when [the sun]; was
rising. Ity was ripe

In this example, there are four possiblean-
tecedentsof the pronoun’it’. Basingthe reso-
lution only in morpho-syntactiénformation,it is
notpossibleto solveit correctly Noneof thecan-
didateswould berejectedregardingto their mor
phologicalfeatureqall of themaremasculineand
singular). The classicalapproachesvould deter
minethat’the monkey’, for having the samesub-
ject role asthe pronoun,or 'the sun’, for being
the closestto the pronoun,could be the correct
antecedentNeverthelessit is clearthatthe cor
rectonein this caseis 'the coconut’. Only a se-
mantic patternappliedto this methodcould give
additionalinformationto solve it correctly

If we would extractontologicalconceptdor all
the candidateswe would be ableto comparethe
compatibility degreewith the pronoun.Onepos-
sible outputcouldbetheonein next table:

Subj ect concept verb

nonkey ani nmal be ripe
tree pl ant be ripe
coconut fruit be ripe
sun star be ripe

Examiningthis tableit is easyto notice that,
when applying this additional information, the
suggestiorof the systemwould bethe correctan-
tecedentmainly basedbnagoodpreviouspattern
learning.

This pronourresolutionsystemwith additional
informationprovidedby thesemantigatterndas
beenevaluatedon a corpusformed by a set of
texts containingnews regardingthe commontop-
icsin anewspapei(nationalinternational sports,
society economy ...). Resultsobtainedin the
preliminaryevaluationof this pronounresolution
reveala successateof 79.3%anaphorsorrectly
solved. Althoughit hasnot beenmentionedbe-
fore, it is veryimportantto have in mind thatthis
methodprovidesa fully automaticanaphoraes-
olution process. Methodspreviously mentioned
applytheresolutionprocessver supervisedteps
to achieve suchhigh rates. Whenthe processs
automatedthesuccessatedecreaselramatically
upto lessthan55% (Mitkov, 2001).



6 Conclusionsand outstanding work

In this paperwe have presentech semanticpat-
tern learning systemdriven by a WSD method
basedon Maximum Entropy models. Thesese-
manticpatternshave beenappliedto theanaphora
resolutionthroughthe constructiorof ontological
patterns.The addingof this patternlearningim-
prove, asit canbe seenthe anaphoraesolution
process. We have pointedout the main advan-
tagesof this approactcomparingt with other

TheWSD methods basedn conditionalMax-
imum Entrogy probability models. It is a super
vised learning methodthat usesa semantically
annotatedcorpusfor training. ME modelsare
usedin orderto estimatefunctionsthat performs
a senseclassificationof nouns,verbsand adjec-
tives. The learning phasehas beenmadewith
simple featureswith no deeplinguistic knowl-
edge. Preliminaryresultsindicatethat the accu-
ragy of themodelis comparabléo otherlearning
methods.

The main problemin the addition of this kind
of knowledgeis thelack of appropriateesources
to dealwith thesetasks.In our researctwork we
aretrying to apply thesetechniquesbothin En-
glish and Spanish.The WSD methodhave been
mainly developedin English,but oneof our main
goalsis the designof a completeanaphoraeso-
lution systemfor Spanish.In this way, the main
problemis the shortavailableresourcesegarding
to semanticallytaggedcorporain Spanish(unlike
in English). This lack affectsthe correctdevel-
opmentof tasksbelongingto the researchline
shawvn in this paper suchus the patternlearn-
ing and the anaphoraresolution. Nevertheless,
this shortageopenghedoorto new researchines
thatjoin Englishresourcesndmultilingual tech-
niquesfor the generatiorof patterngn otherlan-
guagedrom thelearnedenglishpatterns.
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