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Abstract

This work presentssomeapplicationsof EvolutionaryProgrammingto differenttasksof NaturalLanguagePro-

cessing(NLP). First of all, the work definesa generalschemeof applicationof evolutionarytechniquesto NLP,

whichgivesthemainstreamfor thedesignof theelementsof thealgorithm.Thisschemelargely reliesonthesuccess

of probabilisticapproachesto NLP. Secondly, theschemehasbeenillustratedwith two fundamentalapplicationsin

NLP: tagging,i.e. theassignmentof lexical categoriesto words,andparsing,i.e. thedeterminationof thesyntactic

structureof sentences.In both cases,theelementsof theevolutionaryalgorithmaredescribedin detail,aswell as

theresultsof differentexperimentscarriedout to show theviability of this evolutionaryapproachto dealwith tasks

ascomplex asthoseof NLP.

Index Terms

Evolutionaryprogramming,naturallanguageprocessing,lexical tagging,parsing,probabilisticmethods

I . INTRODUCTION

Natural LanguageProcessing(NLP) includesa large amountof complex taskssuchas the determinationof

the lexical tagwhich correspondsto eachword in a text (tagging),theparsingof sentences,thedeterminationof

theantecedentof pronounsandrelative clauses(anaphoraresolution),thedeterminationof wordsbelongingto an

expression,etc. Featuressuchasambiguitymakethesetaskscomplex searchprocesses,too complex in fact to

betackledwith classicsearchalgorithmsin a reasonabletime. For instance,theparsingof a sentenceis a search

problemthatrequiresexploringatreeof possibleparses.Thesizeof this treeincreasesexponentiallywith thelength

of thesentenceor text to beparsed.Thiscomplexity suggestsapplyingheuristictechniquesto speedupthesearch.

Thepriceto payis thatwe areno morecertainaboutthecorrectnessof thesolutionfound,althoughgoodheuristic

methodsallow to systematicallydecreasetheprobabilityof error(for instanceby increasingthenumberof points

explored). EvolutionaryAlgorithms (EAs) areamongsuchheuristictechniques;they arestochasticalgorithms

basedon a searchmodelwhich emulatesevolutionaryphenomena.

An importantaspectconcomitantwith theintroductionof statisticaltechniquesin text processing,is thatit trans-

formsNLP tasksinto optimizationprocesses,for which evolutionarytechniques(alreadyappliedto areassuchas

planningor machinelearning)have proven to bevery useful [29]. Otheroptimizationtechniqueshave beenalso

appliedto NLP, like e.g. neuralnetworks[5], [30], [32]. In the last decades,statisticalmethodshave becomea

fundamentalapproachto computationallinguistics,bringingsignificantadvancesin issuessuchasdisambiguation,

errorcorrectionor grammarinduction. Applied to NLP, thesemethodsreston theassumptionthatwe canextract

knowledgeabouta language(that is, on its structureandsemantics)by defininga generalmodelwith free pa-

rameters,whosevaluesarethendeterminedby statisticaltechniques.Statisticalmeasurementsareextractedfrom

an annotatedcorpus[27], i.e., a setof texts linguistically marked-up.Probabilisticapproacheshave alreadybeen

successfullyusedto dealwith a largenumberof NLP problems.Researchon thesemethodshasgrown a lot in the

lastyears,probablydueto theincreasingavailability of largetaggedcorpora.
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One NLP task for which statisticalmethodshave beenvery successfullyapplied is lexical tagging, i.e. the

disambiguationin the assignmentof an appropriatelexical tag to eachword in a text [15]. Thereare different

proposalsto automaticallyperformthis disambiguation,all of which usea large amountof datato establishthe

probabilitiesof eachsituation.Most of thesesystemsarebasedon HiddenMarkov modelsandvariants[21], [18],

[17], [15], [34], [28], [4] andneitherrequireknowledgeof therulesof thelanguagenor try to deducethem.There

arealsorule-basedapproaches[31], [9], [10] which applylanguagerules,alsoextractedfrom anannotatedcorpus,

to improvetheaccuracy of thetagging.Theaccuracy of bothapproachesis sofar comparable.

Anothertaskcarriedout by statisticaltechniques[11], [33] is word sensedisambiguation.It consistsin deter-

miningwhich of thesensesof oneambiguousword is referredto in a particularoccurrenceof theword in a text. It

differsfrom taggingin that it usessemantictagsinsteadof lexical tags.Thesetwo issueshave to bedifferentiated

becausenearbystructuresaremoreinfluential in lexical tagging,while relatively distantwordsaremoreusefulfor

wordsensedisambiguation.

Parsingis a precedingstepfor many NLP tasks. In mostcases,therearemany differentparsesfor the same

sequenceof words, that is, syntacticambiguityoccursvery often. Stochasticgrammars[7], [15], [8], [16], [2]

representanotherimportantpartof thestatisticalmethodsin computationallinguistics.Thesegrammarsgiveusan

evaluationof the treerepresentinga possibleparseof a sentence.The goal is thento find oneof the bestparses

accordingto thismeasurement.

Machinetranslation,i.e. automatictranslationfrom onelanguageto another, is oneof themostimportantappli-

cationsof NLP. A previousfundamentalstepto performmachinetranslationis text alignment,thatis, establishing

thecorrespondencebetweenparagraphs,sentencesor wordsof paralleltexts in differentlanguages.A numberof

publicationsdealwith statisticalalignment[19], [12], [36]. Therearealsosomeotherapproacheson statisticalma-

chinetranslation[12], [6]. And therestill remainsa largeamountof topicsof NLP to which statisticaltechniques

have beenapplied,suchasdifferentaspectsof informationretrieval or wordclustering.

The kind of non-exhaustive searchperformedby EAs makesthemsuitableto be combinedwith probabilistic

techniquesin NLP. Thepurposeof mostEAs is to find a goodsolutionandnot necessarilythebestsolution,and

this is enoughfor mostnaturallanguagesstatisticalprocesses.EAs provideat thesametimeareasonableaccuracy

aswell asa uniqueschemeof algorithmwhenappliedto differentproblems. The symbiosisbetweenEAs and

statisticalNLP comefrom thesimplicity to developsystemsfor statisticalNLP usingEAs —becauseEAs provide

a unified treatmentof differentapplications—andfrom the fact that themoretrickiestelementsof the EA, such

as the fitnessfunction or the adjustmentof the parameters,are highly simplified by resortingto the statistical

NLP models. EAs have alreadybeenappliedto someissuesof naturallanguageprocessing[23], suchasquery

translation[25], inferenceof context-freegrammars[37], [35], [24], [22], tagging[4] andparsing[2]. Thestudyof

theseapproachesenableusto observe patternsof similarity in theapplicationof thesetechniques.

Thiswork aimsto show thenaturalsymbiosisof EAsandStatisticalNLP. Thestatisticalmeasurementsextracted

by thestochasticapproachesto NLP provide in anaturalwayanappropriatefitnessfunctionfor EAs. Furthermore,

theannotatedcorpusor trainingtexts requiredfor theapplicationof statisticalmethodsalsoprovide a nicebench-
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mark for fine-tuningthe algorithmparameters(populationsize,crossover andmutationsrates,etc; seebelow), a

fundamentalissuefor thebehaviour of thealgorithm.Accordingly, thiswork presentsa generalframework for the

applicationof evolutionarytechniquesto statisticalNLP. The mainstreamfor the definitionsof the differentele-

mentsof anevolutionaryalgorithmto solve somestatisticalNLP tasksarepresented.Theseideasareexemplified

by meansof particularalgorithmsfor two centralproblemsin NLP: taggingandparsing.

Therestof thepaperproceedsasfollows: Section2 describesthegenericstructureof anEA for NLP; section3

appliesthisschemeto tagging,andincludesexperimentalresults;section4 presentsanevolutionaryparserfor nat-

ural language,includinga parallelversionandexperimentalresultsfor eachversion;finally, section5 summarizes

themainconclusionsof thiswork.

I I . EVOLUTIONARY ALGORITHMS AND NATURAL LANGUAGE PROCESSING

An EA is basicallya sequenceof generations(iterations),eachof which producesa new populationof individ-

ualsout of the previous one. Eachindividual representsa potentialsolution to the problem,whose“fitness” (a

quantificationof “closeness”to an exact solution)canbe measured.Thepopulationof a new generationis made

of thesurvivorsfrom thepreviousgeneration,aswell asof individualsresultingfrom theapplicationof “genetic”

operatorsto membersof thepreviouspopulation,randomlyselectedwith aprobabilityproportionalto theirfitness.

After anumberof generations,thepopulationis expectedto containsomeindividualsrepresentinganear-optimum

solution. Thus,EAs performa randomsearch,potentiallyableto reachany region in thesearchspacebecauseof

therandomselection.However, at thesametime they presentamarkedtendency to keepthemostpromisingpoints

for possibleimprovements,becausethe fittest individualshave a higherprobability to survive. EAs canalsobe

designedaslearningsystemsin which theevaluationof the individualscanbe definedin sucha way that theAE

is trainedto solveda particularproblem.In this case,thesystemgivesthebestfitnessvalueto a numberof solved

situationsthatareprovidedandthenusesthis informationto evaluatenew inputs.

Dif ferentEAs canbeformulatedfor a particularproblem.Suchprogramsmaydiffer in many ways: therepre-

sentationof individuals,thegeneticoperators,themethodsfor creatingtheinitial population,theparameters,etc.

The approachadoptedin this paperis basedon the evolutionaryprogrammingmethod,that considersany setof

datastructuresfor therepresentationof individuals[29]. Thus,it differsfrom classicalgeneticalgorithms,which

usefixed-lengthbinarystringsastherepresentationof individuals.

An evolutionaryprogramfor a particularproblemrequiresthefollowing elements:� A representationof thepotentialsolutionsto theproblem,i.e.,of theindividualsof thepopulation.� A methodfor producinganinitial setof individuals,which will representtheinitial population.� An evaluationfunction to computethe fitnessof an individual. This function indicates“how suitable” is an

individual to bea solutionto theproblemathandaccordingto a trainingset.� Geneticoperatorsto modify theindividualsof apopulationandto producenew onesfor thenext generation.� Valuesfor differentparameterswhich characterizethealgorithm: populationsize,survival probability to the

next generation,ratesof applicationof thegeneticoperators,etc.
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Now, let usconsiderthesimilaritiesanddifferencesbetweenEAs appliedto differenttasksof StatisticalNLP. It

is clearthatthetasksof NLP areof averydifferentnature,andthey requiredifferentstructuresto representthedata

to which to applythecomputationalprocess(althoughsomeof thestructures,suchastheparsetrees,arecommon

to many of them). The mostrelevant similarity is the useof the measurementsprovidedby the statisticalmodel

in thedefinitionof a fitnessfunction. This functionguidesthesearchof thealgorithmandstronglydeterminesits

performance.At thesametime it logically representsoneof thegreatestdifficultiesin thedesignof anEA. Hence,

thegreatadvantageof combiningof thesetechniques:EAsprovidetheirgeneralityto thecomplex searchprocesses

of NLP, andthedevelopmentof thesystemis highly simplify by usingthestatisticalmodelsof NLP to definethe

mostdelicateelementsof thealgorithm.Furthermore,thetrainingtext usedto providethestatisticalmeasurements

requiredby thestatisticalmodelof NLP, alsoprovidesa nicebenchmarkto tunetheparametersof thealgorithm,

anothercritical point to produceefficientEAs.

Accordingto the previous considerations,we candefinea generalframework or NLP-EAschemeto dealwith

NLP tasks:� Individuals Representation

It mustbe a naturalrepresentationof the solutionsto the particularproblemat hand. Thus, in taggingfor

instance,individualscan be representedby sequencesof tagsassignedto eachword in the sentenceto be

tagged.In parsing,individualscanbetrees,oneof themostextendedrepresentationsof aparse.� Generationsand GeneticOperators

In eachgenerationsomeindividualsfrom thecurrentpopulationareappliedgeneticoperatorsto producenew

individualsandrenew thepopulation.Thegeneticoperatorsusedhereinarecrossover, which combinestwo

individuals to generatea new one, andmutation, which createsa new individual by changinga randomly

selectedgenein an individual of the population. The geneticoperatorsmustbe designedin sucha way as

to maintaina delicateequilibriumbetweentheinheritanceof theancestors’propertiesandtheexplorationof

new areasof thesearchspace.Their particulardesignsstronglydependon therepresentationchosenfor the

individuals.� FitnessFunction: the training text

The definitionof the fitnessfunction is providedby thestatisticalmodelof theNLP taskconsidered.It is a

function whosemaximumis the mostlikely solutionto the problem. This function is evaluatedon thedata

providedby apreviouslyprocessedcorpus.Thatis,weneedto haveacorpusavailablefor which theparticular

taskwearedealingwith hasalreadybeenachieved: taggingrequiresahand-taggedtext, parsingahand-parsed

text or tree-bank,andsoon. This corpusis thenusedasa training text. For example,in thetaggingproblem,

if we considercontexts without right-handside—which reducesthemodelto a Markov chain—thefitness

functionwould bethe functionwhosemaximumis achieved by themostlikely pathin a Markov chain,and

would be evaluatedaccordingto the frequenciesof thecontexts in the training text. However, we alsowant

to considerpossiblerepresentationsof the individualswhich arenot feasiblesolutionsto the problem. For
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example,in the taggingproblem,if we considerindividualswhich areassignmentsof a sequenceof tagsto

thesentencewhereeachtagis chosenamongthevalid tagsof thecorrespondingword,any individualwill be

a valid solution. Therefore,thefitnessfunction is only a measurementof the probabilityof thesequenceof

tagschosen.However, in theparsingproblem,if we takeindividualswhich aretreescontainingcomponents

thatdo not correspondto thetagsof thewords,therewill appearindividualswhich arenot valid parsesof the

sentence.Thusthefitnessfunctionmustincludeboth,a measureof thefeasibility of theindividualaswell as

a measureof its probability. In essence,thestepsto obtainthefitnessfunctionare:

– Definingtherelationsbetweenwords,positions,lexical or syntactictags,etc.,which determinethesolu-

tion to theproblemathand.In thetaggingproblem,thisrelationrefersto thewords(andtheir tags)in the

neighbourhoodof theoneto betagged(the socalledcontext of theword). In theparsingproblem,this

relationis givenby thegrammarrulesusedto build theparse.

– Extractingstatisticsaboutthoserelationshipsfrom the training corpus. In the caseof tagging,we will

computethe probability of the differentcontexts appearingin the training text. In the caseof parsing,

we will computetheprobabilityof thegrammarrules. It is obvious that the larger thecorpusthebetter

theseestimatedprobabilities. The size of the corpusis strongly influencedby the complexity of the

relationshipsdefinedin thefirst step(conversely, thecomplexity of thoserelationshipsis limited by the

sizeof theavailablecorpus).

– Defininga measureof theprobabilityof anindividualaccordingto themodelprovidedby thestatistics.

– If therepresentationchosenallowsnonfeasibleindividuals,thenwe will alsohaveto defineameasureof

thefeasibility anddefinethefitnessfunctionasa combinationof bothmeasures.� EA parameters: the test text

In EAs thereis alwaysa trade-off betweentwo fundamentalfactorsin theevolution process:populationdi-

versityandselective pressure.An increasein theselective pressure,which decreasesthediversityof thepop-

ulation,canleadto a prematureconvergenceof theEA, while a weakselective pressurecanmadethesearch

ineffective. Therelationbetweenthesefactorsis mainly determinedby thefollowing EA parameters:

– PopulationSize

It is clearthatpopulationdiversityandselectionpressurearerelatedto thesizeof thepopulation,which

is one of the most relevant parametersof an EA. If this size is too small the populationwill quickly

uniformizeandthe algorithmusuallyconvergesto a badresult;but if it is too large, the algorithmwill

taketoo long to convergedueto thehigherdiversityof individuals.

– Ratesof crossover andmutation

Theseparameters,alsocritical for theeffectivenessof thealgorithm,mustbecorrelatedwith thepopula-

tion sizeto providetheEA with thesuitablepopulationdiversity.

The mostappropriatevaluesfor theseparametersarestronglyproblemdependent.Again, thestatisticalap-

proachto NLP providesanautomaticmechanismfor tuning theseparametersby training thealgorithmwith
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a new testtext —not includedin the training text (Figure1). The training text providesthedatausedby the

evolutionaryalgorithm to computethe fitnessfunction. The parametersof this algorithmareinitially setto

someparticularvalues.Thenthealgorithmis appliedto thenew testtext producinganannotatedtext which

is comparedwith thecorrectanswer. Theaccuracy obtainedis thenfed backto theevolutionaryalgorithmto

modify its parameters.Theprocessis iterateduntil finding theparameterswhichachieve thebestaccuracy.

Training 
    Text

Test
Text

Algorithm
Evolutionary

Comparison

  Text
Annotated

Fig. 1. Evolutionaryalgorithmoperatingscheme.

In whatfollowswe will apply this NLP-EA schemeto two of thefundamentaltasksof NLP: taggingandparsing.

Individualsarerepresentedin themostusualway for thecorrespondingproblemin NLP. Classictaggersgive the

resultsasa sequenceof tagsfor the wordsof the sentenceto be tagged;hencethe representationchosenwill be

tagsequences.In classicparsing,parsesareusuallygivenasa parsetree,andso this hasbeentherepresentation

chosen.Thegeneticoperatorshave beendefinedto suit the representation.Theapproachof this work startsfrom

theassumptionthatthereis astatisticalmodelfor thetaskconsidered.

I I I . TAGGING

Usually, thefirst stepin theparsingprocessis to identifywhichlexical category (noun,verb,etc)eachwordin the

sentencebelongsto, i.e to tagthesentence.Thedifficulty of thetaggingprocesscomesfrom thelexical ambiguity

of thewords:many wordscanbein morethatonelexical class.Theassignmentof a tagto a word dependson the

assignmentsto theotherwords.Let usconsideredthefollowing wordsandtheir tags.

Rice: NOUN

flies: NOUN, VERB

like: PREP, VERB

sand: NOUN

Thechoicefor theword like dependson thechoicefor theword fliesandvice versa.Thesyntacticstructureof the

sentencedependson its tagging,asFigure2 shows, andthis structureis fundamentalto determineits meaning,a

crucialrequirementin verydifferentapplications,from machinetranslationto informationrecover. Thecomplexity

of theproblemincreaseswith thelengthof thesentenceto betagged,andthuslexical taggingcanbesoughtasa

search processthatlooksfor a correctassignmentof lexical tagto every word in asentence.
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S

NP

Rice

VP

like

sand

flies

NOUN NOUN

NOUN

VERB NP

  S

NP VP

Rice flies

like

NP

sand

NOUN VERB PP

PREP

NOUN

Fig. 2. Differentparsesfor thesentenceRiceflieslike sand.

Themostcommonstatisticalmodelsfor taggingarebasedon assigninga probability to a giventag according

to its neighboringtags(context). Then the taggertries to maximizethe total probability of the taggingof each

sentence.This is usuallydonewith a HiddenMarkov Model (HMM) [15]. A HMM is a finite-stateautomatonin

which a givennodemayhave severaltransitionsout of it, all with thesamesymbol.Thesetransitionsareassigned

certainprobabilities.In thetaggingproblemeachnodeis adifferentassignmentof tagto wordfor everywordin the

sentence.This representationis only accurateundertheMarkov assumption,that is, if theprobabilityof a lexical

category only dependsonthecategory beforeit. To find themostlikely sequenceof tagsfor asentencewecanlook

for themostlikely pathin theHMM, which is traditionallycomputedby meansof theViterbi Algorithm [15].

If only anumberof precedingtagsareconsideredascontext, themodelis equivalentto aMarkov chain;however,

if thecontext includessuccessive tags,themodelis no moreaMarkov chain,but a morecomplex processin which

thetagof surroundingwordsinfluencethetagof a wordandtheformerarein turn influencedby thelatter.

Now, accordingto our schemeto definean EA, we can designan algorithm which works with individuals

consistingof sequencesof tagsassignedto eachword in thesentence,becausethis is theform of thesolutionswe

expectto obtain.Furthermore,with this representationthepositionof thesentenceto which eachtagcorresponds

doesnotneedto beexplicitely coded.Let usconsiderthesentenceof apreviousexampleRiceflieslike sand. Then

two possibleindividualswhentaggingthissentenceareshown in Figure3.

NOUN NOUN VERB NOUN

NOUN VERB VERB NOUN

Fig. 3. Examplesof individualsfor thesentenceRiceflieslike sand.

With this representation,geneticoperatorsof crossover andmutationareeasilydefinedastheexchangeof pieces

of thesequencebetweenindividuals,andasthealterationof a particulartag,respectively. Furthermore,theprob-

abilistic model,which assignsa probability to a sequenceof tagsaccordingto the context of eachword in the
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sentence,providesthefitnessfunction,andthuswe have thebasicelementsof thealgorithm.

Theprobabilisticmodelrequiresto generatea tableof context frequency (training table) from a trainingtagged

corpus. This training tablewill be usedto evaluateindividualsandto determinetheir fitness. The tableis con-

structedby recordingevery context of eachtagalongwith thenumberof its occurrencesin thetraining text. This

allows to estimatetheprobabilityof all contexts of a tag.Theentryin thetrainingtablecorrespondingto tagT has

thefollowing form: it beginsby a line

T #C #T

where#C standsfor thenumberof differentcontexts of tag
�

and#T standsfor thenumberof occurrencesof tag�
in thewholecorpus.This is followedby a line for eachof thosecontexts of theform ( ����� denotesthelengthof

thecontext to theleft of thetagand ��� � thatof thecontext to theright of thetagandbotharefixedfor eachrun):

� ��� tagsto theleft T ��� � tagsto theright # occurrences

For example,if � ���
	 ��� � = 2, theentryin thetablefor tagJJcouldhave theform:

JJ 4557 9519

VBD AT JJ NN IN 37

IN PP$ JJ NNS NULL 20

PPS BEZ JJ TO VB 18

NN IN JJ NN WDT 3

...

denotingthatJJ has4557differentcontexts andappears9519timesin the text, andthat in oneof thosecontexts,

which appears37 times,JJ is precededby tagsVBD andAT andsucceededby NN and IN, andso on until all

4557differentcontexts have beenlisted. Thecontexts correspondingto thepositionat thebeginningandtheend

of thesentenceslack tagson theleft-handsideandon theright-handsiderespectively. This event is managedby

introducinga specialtag, NULL, to completethe context. In the constructionof the training table,the contexts

correspondingto the endsof thesentencesarealsocompletedwith the NULL mark. In this way, the tagsat the

endsof thesentencesfit in thegeneralscheme.

A. EvolutionaryTagging

The evolution processis run for eachsentencein the text to be tagged.Evolution aimsto maximizethe total

probabilityof thetaggingof thesentencesin thetestcorpus.Theprocessfinisheseitherwhenthefitnessdeviation

lies below a thresholdvalue (convergence)or when the evolutionary processhasbeenrunning for a maximum

numberof generations,whatever occursfirst. Let usanalyzein detaileachof theelementsof thealgorithm.

1) Individual Representation: Individualsaresequencesof genes,eachconsistingof the tag of a word in the

sentenceto betaggedplussomeadditionalinformationusefulin theevaluation(suchascountsof differentcontexts
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for this tagaccordingto thetrainingtable).

2) Initial Population: For a givensentenceof a testcorpus,the initial populationis composedof a numberof

individualsconstructedby takingfrom a dictionaryoneof thevalid tagsfor eachword,selectedwith a probability

proportionalto their frequencies.

Wordsnot listed in thedictionaryareassignedthe tagwhich appearsmoreoftenwith thatgivencontext in the

training text, provided thereareno otherunknown wordsin the context. Sincethenumberof unknown wordsis

very small,this is whatusuallyhappens.Otherwisetheword is assigneda randomlychosentag.

3) Fitness: Individual Evaluation: In this case,this function is relatedto thetotal probabilityof thesequence

of tagsof anindividual. Theraw datato obtainthis probabilityareextractedfrom thetrainingtable.Thefitnessof

anindividualis definedasthesumof thefitnessof its genes( �
��������� ����� ). Thefitnessof a geneis definedas

����� � 	
������� � ��� �! #"%$& �
where � � ��� �! #"%$& � is theprobabilitythatthetagof geneg is

�
, giventhatits context is formedby thesequence

of tags
�! 

to theleft andthesequence
$& 

to theright. Thisprobability is estimatedfrom thetrainingtableas

� � ��� �! '"�$& �)( *,+-+ � �. '"��/"�$& ��
021�3,4 *,+5+ � �! #"��768"%$& �
where*,+5+ � �! #"��7"�$& � is thenumberof occurrencesof thelist of tags

�. '"��/"�$& 
in thetrainingtableand 9 is the

setof all possibletagsof � � . For example,if weareevaluatingthefirst individualof Figure3 andweareconsidering

contexts composedof onetagontheleft andonetagontheright of thepositionevaluated,thefirst gene,for which

thereis only onetag,will beevaluatedas : � NULL NOUN NOUN): � NULL NOUN NOUN� 	<;
where

:
representsthenumberof occurrencesof thecontext. Thesecondgene,for which therearetwo possible

tags,NOUN (theonechosenin this individual)andVERB, will beevaluatedas:: � NOUN NOUN VERB�= : � NOUN NOUN VERB�)> : � NOUN VERB VERB�8?
Theremaininggenesareevaluatedin thesamemanner.

A specialsituationneedsto behandledseparately. It mayhappenthata particularsequence
�! #"��7"�$& 

is not

listedin thetrainingtable.Thismaybesobecauseits probabilityis strictly zero(if thesequenceof tagsis forbidden

for somereason)or, mostlikely, becausethereareinsufficientstatistics(it is easyto realizethatevenshortcontexts

exhibit suchahugenumberof possibilitiesthatgiganticcorporawouldbeneededin orderto havereliablestatistics

of every possibility). Whenthis occurswe proceedthis way. If
$& 

is not empty, we ignorethe rightmosttagof

thecontext andconsiderthenew (shorter)sequence.We seekin thetraining tablefor all sequencesmatchingthis

shortercontext andtakefor thenumberof occurrencesthesumof thenumberof occurrencesof thenew context.

If
$& 

is emptyor thereareno sequencesmatchingtheshorterone,we carryon ignoring the leftmosttagof the

context (provided
�! 

is not empty).We repeatthesearchwith this evenshortersequence.Theprocesscontinues
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alternatively ignoringtherightmostandthentheleftmosttagof theremainingsequence(skippingthecorresponding

stepwhenevereither
$& 

or
�! 

areempty)until oneof theseshortersequencesmatchesat leastoneof thetraining

tableentriesor until we areleft simply with
�

. In this lattercasewe takefor @A��B � thelogarithmof thefrequency

with which
�

appearsin thecorpus(alsolistedin thetrainingtable).

Thewholepopulationis evaluatedaccordingto this procedureevery generation,andtheaveragefitnessof the

populationis alsocomputed.

4) GeneticOperators: Becauseof the representationof the individuals,geneticoperatorshave in this casea

straightforwarddesign. To apply crossover, two individualsareselectedwith a probability proportionalto their

fitness.Thena crossover point is randomlyselected,thusdividing bothindividualsin two parts.In theselectionof

this partitionpoint, positionscorrespondingto geneswith low fitnessarepreferred.Thefirst partof oneparentis

combinedwith thesecondpartof theotherparentthusproducingtwo offsprings.

Mutationis thenappliedto everygeneof theindividualsresultingfrom thecrossoveroperationwith aprobability

givenby themutationrate.Thetagof themutationpoint is replacedby anotherof thevalid tagsof thecorresponding

word. Thenew tagis randomlychosenaccordingto its probability(thefrequency it appearsin thecorpus).

Individualsresultingfrom theapplicationof geneticoperatorsreplaceanequalnumberof individuals,selected

with a probability inverselyproportionalto their fitness.Thenumberof individualsthat remainunchangedin one

generationdependson thecrossover andmutationrates.

B. TuningtheModel

Theevolutionaryalgorithmhasalsobeenimprovedmainlyby adjustingsomeparametersalongtheevolution:� Fitnessscaling:

It is verycommonthatthefirst generationsof individualspresentsomeextraordinaryindividualsamongamass

of averageones.With thebasicselectionrule, theseextraordinaryindividualswould takesoona significant

portionof thepopulation,thusleadingto a prematureconvergence.On thecontrary, aftersomegenerations,

we canobtaina populationof individualsof very similar fitness. In this case,averageandbestindividuals

have similar opportunitiesof surviving and the evolutionary processwould have a randomresult. In both

cases,fitnessscalingcanbeuseful. A linearscalingfunction � 6 	  � >
C hasbeenapplied.
 

is a scaling

factor that takesthe value1.5 whenthe differencebetweenthe maximumandaveragefitnessvaluesis less

than25%of theaveragefitness,and0.5 otherwise. C is definedin sucha way that theaveragevaluesof the

fitnesswith andwithout scalingarethesame,i.e. C 	 �,D�EF� ;�G  � where �,DHE is thefitnessaverage.� Variable CrossoverandMutationrates:

The ratesof crossover andmutationcanvary alongthe evolution process,in sucha way that they decrease

with thenumberof generations.� Preservationof thebestindividual:

Thebestsolutionup to themomentis saved.
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C. ExperimentalResults

Thecorpususedto train the taggerhasa hugeinfluenceon the performance.It mustbe a goodsampleof the

languageandit mustbe asdomain-specificaspossible,in orderto presentsimilar constructions.In this work we

usedtheBrowncorpus.Thetagsetis not too large,whatfavorstheaccuracy of thesystem,but at thesametime it

is largeenoughto makethesystemuseful.

Dif ferentexperimentshave beencarriedout in order to study the main factorsaffecting the accuracy of the

tagging:thesizeandshapeof thecontextsusedfor thetrainingtable,theinfluenceof thesizeof thetrainingcorpus

andtheevolutionaryparameters.
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Fig. 4. Accuracyrateobtainedfor differentsizesof thecontext,usingatrainingcorpusof 185000words,atesttextof 2500words,apopulation

sizeof 20 individuals,acrossoverrateof 50%,andamutationrateof 5 %.

1) Influenceof the amountof context information: The way in which the context information is usedby the

taggeraffects its performance.This informationcanbe fixed or variableandhave differentsizes. A statistical

analysisof theBrown corpusallowsto determinethemaximumlengthfor which thecontextsaremeaningful.This

is doneby checkingcorrelationbetweentags,thatis, for agiventag JLK wehave computed� �MJAN � JAK � for different

valuesof O , thedistance(in numberof tags)betweenJ N and J K . Fromthosedata,we candeterminethesmallest

valueof O for which J N and J K arestatisticallyindependent,i.e.

� �MJAN � JAK ��P � �QJLN �!( ;SR
This analysishasshown that O 	<T is a safevalueandin mostcasesO 	U; is enough.Therefore,contexts longer

than T areirrelevant.

Figure4 shows theaccuracy ratesreachedwith differentcontext sizesandshapes(alwaysshorterthan O 	VT ).
Resultsshow thatthebestperformanceis reachedfor smallcontext sizes,suchas1-1,probablydueto thefact that
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for largercontexts thenumberof occurrencesof many entriesof thetrainingtableis notstatisticallysignificant.

Anotherremarkablefeatureis that left-handedcontexts performslightly worsethansymmetricones.This sug-

geststhatmodelsmorecomplex thanMarkov chainsmightcapturebetterthestructureof language.
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Fig. 5. Accuracyratereachedwith differentsizesof thetrainingcorpus,usingcontextsof theform 1-1,atesttextof 2500words,apopulation

sizeof 20 individuals,acrossoverrateof 50%,andamutationrateof 5 %.

2) Influenceof thesizeof thetraining text: Thenext stephasbeenthestudyof theinfluenceof thesizeof the

trainingtext. For agivencontext pattern,increasingthesizeof thecorpusincreasesthequalityof thestatisticaldata

andhencetheaccuracy of thealgorithm.But thissaturateswhenthemaximumaccuracy for thatcontext is reached,

so further increasingthesizedoesnot improve thealgorithm. This is theoptimalsizefor thatcontext. Enlarging

thecontext will againrequirelarger training text dueto theproliferationof new patterns,but this hasa drawback

in thatthetraining tablealsogrows,which slows down thealgorithm.Sogoingto largercontexts is only justified

if the increasein accuracy is significant.Figure5 shows the increaseof theaccuracy with thesizeof thetraining

corpus,andclearlyillustratesthesaturationoccurringbeyonda certainsize(around200000wordsin thiscase).

3) Studyof the EvolutionaryAlgorithm parameters: We have also investigatedthe parametersof the evolu-

tionaryalgorithm:populationsizeandcrossover andmutationrates.Figure6 shows theresultsobtained.We can

observe that small populationsaresufficient to obtainhigh accuracy rates,becausethe sentencesare taggedone

by oneandin generala small populationis enoughto representthe varietyof possibletaggings.This leadsto a

quickeralgorithm.Crossoverandmutationratesmustbein correspondencewith thepopulationsize:thelargerthe

population,thehighertheratesrequired.It is thereforenot only unnecessarybut alsoinconvenientto increasethe

population.

4) Comparisonwith other systems: The bestHidden Markov modelstypically perform at abouta level of

correctnessof the 95% [15]. Brill’ s model [10], basedon transformationrules,with a training text of 120,000
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Fig. 6. Accuracyratereachedasa functionof thenumberof generations.PSstandsfor thepopulationsize,%X for thecrossoverrate,and

%M for themutationrate.

wordsanaseparatetesttext of 200,000words,obtainedataggingaccuracy of 95.6%,which increasedupto 96.0%

by expandingthetrainingsetto 350,000words.Thereforeour resultsarecomparableto thoseof otherprobabilistic

andrule-basedapproaches,in spitethatthesystemsusingthoseapproacheshavebeenspecificallydesignedfor this

problem. Furthermore,in this casethe algorithmturnsout to be particularlyfastbecausethebesttaggingcanbe

reachedwith smallpopulationsandjust a few generations.

A studyof themostfrequenterrorsin thetagginghasrevealedthefollowing points:� As expected,wordsthatrequirea tagthatis not themostfrequentor thatappearsin anoddcontext tendto be

taggedincorrectly.� In general,thelongerthesentenceto betagged,thebettertheresults,becausein largesentencestherewill be

enoughcontexts to compensatetheweightof someerroneoustaggings.� To decidethe sizeof the training corpuswe must takeinto accountthat in taggingsentenceswhosewords

requireoneof its frequenttagsandthat appearin a frequentcontext, the longer the training text, the more

accuratethe tagging. However, whentaggingsentenceswith wordsthatadoptsomeof their mostraretags,

thelengthof thetrainingcorpuscanspoil theresults.� Anotherobservation is the correlationbetweentheparametersof thealgorithmandthecomplexity (number

of ambiguouswords)of the texts to be analyzed.Themorecomplex the text, the larger the populationsize

requiredto quickly reacha correcttagging.� Furthermore,asthepopulationsizeincreases,higherratesof crossover andmutationarerequiredto maintain

theefficiency of thealgorithm.

February25,2003 DRAFT



15

IV. EVOLUTIONARY PARSING

Let us now considerthe processof looking for the structureof a sentenceaccordingto a particulargrammar,

i.e. parsing. Parsingis an extremely importantstepfor both recognitionandgenerationof naturallanguage.It

is requiredin different applicationssuchas the extraction of information from documents,machinetranslation

(which hasto find the correspondencebetweenthe structureof sentencein two languages)or the generationof

answerswhenconsultinga database.Becauseof syntacticambiguity, parsingis a complex problemthathasbeen

tackledwith probabilisticmethods.AmongtheseprobabilisticapproachesareProbabilisticContext FreeGrammars

(PCFGs),theonesconsideredin thiswork. In a PCFGeachgrammarrule is assigneda probabilityproportionalto

thefrequency with which theruleappearsin thetrainingtext in suchawaythattheprobabilitiesfor all therulesthat

expandthesamenon-terminaladdup to one.Thecapabilitiesof theparserdependon theprobabilisticgrammarit

uses.Theprobabilisticgrammaris extractedfrom a tree-bank,i.e. a text with syntacticannotations.Thetestsetis

formedby thesentencesto beparsed,which canbealsoextractedfrom acorpus.

Traditionalparsers[1] try to find grammarrulesto completeaparsetreefor thesentence.For instance,themain

basicoperationin abottom-upparseris to takea sequenceof symbolsandmatchthemto theright handsideof the

grammarrules. Accordingly, theparsercanbe simply formulatedasa searchprocessof thematchingoperation.

Theseparserscanbeeasilymodifiedto takeinto accounttheprobabilitiesof therules.Themainideaof a best-first

parseris to considerthemostlikely constituentsfirst.

Accordingto our schemeof constructionof theEA, thepopulationconsistsof potentialparsesfor thesentence

andgrammarconsidered.Theseparsesarerepresentedin theclassicalway, i.e. astrees.Geneticoperatorsarethen

operationsover thesetrees,which exchangeor modify someof theirsubtrees.

We definea fitnessfunction basedon a measurementof the “distance”betweenthe individual to evaluateand

a “feasible” andprobableparsefor the sentence.The feasibility of the sentenceis measuredby the numberof

grammarrulesthathave beencorrectlyappliedin theparsing.Theprobabilityof theparseis givenby theproduct

of theprobabilitiesof its grammarrules.

Thecomplexity of this processmakesa parallelapproach[3] particularlysuitableto speedup theconvergence

of thealgorithm. This parallelizationcanbe includedin theNLP-EA schemefor all problemswhosecomplexity

requireslargepopulationsandnumberof generationsto obtainresultsof quality.

Next, theelementsof thealgorithmaredescribed,alongwith assomeexperimentsandtheparallelimplementa-

tion.

A. Individual Representation

The individualsof our evolutionary algorithmrepresentpotentialparsesfor an input sentenceaccordingto a

PCFG.Figure7 shows somerulesandprobabilitiesof thePCFGusedin the experiments.The input sentenceis

givenasa sequenceof wordswhosesetof possiblecategoriesis obtainedfrom a dictionaryor “lexicon” in a pre-

processingstep.Let usconsidera simplerunningexample.For thesentence“the mansingsasong”wecanobtain
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Rule Prob. Rule Prob.

S Z NP VP 1.

NP Z Noun 0.1 VP Z Verb 0.05

NP Z Pronoun 0.1 VP Z Verb, AP 0.15

NP Z Det, NP 0.2 VP Z Verb, NP 0.3

NP Z NP, PP 0.1 [\[\[ [\[\[
NP Z NP, AP 0.1 VP Z Verb, WP 0.2[\[\[ [\[\[ VP Z Verb, S 0.1

PP Z Prep, NP 0.2 [\[\[ [\[\[[\[\[ [\[\[ AP Z Adj 0.3

WP Z WH, S 0.3 AP Z Adj, NP 0.2[\[\[ [\[\[ [\[\[ [\[\[
Fig. 7. PCFGrules. ]_^-` standsfor pronoun,acbed for determiner, fhgji for adjective, k.] for verbphrase,l&] for nominalphrase,]h] for

prepositionalphrase,f2] for adjectivephrase,a7] for adverbialphrase,and mn] for wh-phrase.

the(Det)man(Noun)sings(Verb)a(Det)song(Noun)

An individualis representedasa datastructurecontainingthefollowing information:� Fitnessvalue.� A list of genesrepresentingtheparseof differentsetsof wordsin thesentence.� Thenumberof genesin theindividual.� Thedepthof theparsetree.

Eachgenerepresentstheparseof a consecutive setof wordsin thesentence.If this parseinvolvesnon-terminal

symbols,theparseof thesubsequentpartitionsof thesetof wordsis given in latergenes.Accordingly, the infor-

mationcontainedin a geneis thefollowing:� Thesequenceof wordsin thesentenceanalyzedby thegene.It is describedby two data:thepositionin the

sentenceof thefirst word in thesequence,andthenumberof wordsin thesequence.� Therule of thegrammarusedto parsethewordsin thegene.� If the right handsideof therule containsnonterminalsymbols,thegenealsostoresthe list of referencesto

thegenesin which theanalysisof thesesymbolscontinues.� Thedepthof thenodecorrespondingto thegenein theparsetree.It will beusedin theevaluationfunction.

Figure8 exhibits somepossibleindividualsfor the sentenceof the runningexample. The datastructureused

to representthe individual2 of Figure8 appearsin Figure9. The first genetells us that the sequenceof words

is segmentedbetweenthe secondandthird words,i.e., the first two wordscorrespondto the main o � , andthe
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NP: The man

VP: sings a song

NP -> Det,NP:

Det: The

NP: man

NP -> Noun

Noun: man

VP -> Verb, NP:

Verb: sings

NP: a song

NP -> NP, AP

NP -> Noun

Noun: a

AP -> Adj

Adj: song

NP: The man

VP: sings a song

NP -> Adj,NP:

Adj: The

NP: man

NP -> Noun

Noun: man

VP -> Verb, PP:

Verb: sings

PP: a song

PP -> Prep, NP

Prep: a

NP -> Noun

Noun: song

Individual1 Individual2

Fig. 8. Possibleindividualsfor thesentenceThemansingsa song.

following threewordsto the main VP. The genealso tells us that the parseof the o � is given by gene2, and

the parseof the VP is given by the gene3. Sincethe rule in gene2 hasonly terminalsymbolsin its right hand

side,thereis no subsequentgenedecomposition.On thecontrary, therule for gene3 presentsa o � symbolin its

right handside,whoseparseis donein gene4. The processcontinuesin the samemanner. The othergenesare

representedin a similar way.

1) Initial Population: Thefirst stepof anEA is thecreationof ainitial generationof �'p individuals,where�#p
is thepopulationsize. In our casethe individualsof this populationaregeneratedby a randomselectionof rules

weightedwith theirprobability.

Let us assumethe individualsof Figure8 belongto the initial populationandlet us considertheir generation

process.The input sentenceis randomlydivided in two partsassignedto main NP andVP, enforcingthat the

sequenceof wordsassignedto themain q � containsat leasta verb. In individual1 the rule chosenat randomto
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(fitness):X

(numberof genes):4

(genes):

(geneid.) (rule) (genedecomposition):

(first word,numberof words,gene):

(1) p Zro � " q � NP:(1,2, 2)

VP:(3,3, 3)

(2) o � ZtsAu�v " o *,w�x Det:
�cy u

Noun: z|{ x
(3) q � Z}q~u\� C " o � Verb: �\B x ���

NP:(4,2, 4)

(4) o � Zto � "�� � NP:(4,1,5)

AP:(5,1,6)

(5) o � Zto *,w�x Noun: {
(6)

� � Z � O�� Adj: � *,x �
Fig. 9. Datastructurewhich representsindividual1 in Figure8.

parsethe o � is o � Z�sAu�v " o � . Therefore,thewordsassignedto o � arerandomlydividedin two sequences

assignedto sAu�v and o � . In this case,theword “The” is assignedto sAuHv andtheword “man” to o � . Since o �
is a nonterminalsymboltheparsingprocesscontinuesrandomlychoosinga o � -rule to parsethewordsassigned

to o � . The o � -rule is randomlyselectedbut only amongthoserulesableto parsethenumberof wordsin the

correspondingsequence,oneword in this case.Therule chosenis o � Z�o *,w�x . Noticethata wrongrule could

have beenchosenaswell. Theparsingprocessproceedsin thesameway for the q � , aswell asfor the individual

2.

Summarizing,thestepsfor creatingindividualsin theinitial populationarethefollowing:� Thesetof wordsin thesentenceis randomlypartitioned,makingsurethatthereis at leastoneverbin thesec-

ondpart,whichwill correspondto themain q � . Thisdecisionhasbeentakento reducethesearchspaceand

improve theperformance.Noticethat this kind of constraintscanbe introducedto improve theperformance

without limiting the coverageof the systemif a studyof thesentenceprevious to theparseis introducedto

determinethekind of componentsthatcanbesafelyexcluded(notonly verbs,but alsoothertypesof compo-

nents).For example,a studypreviousto thegenerationof thepopulationcandeterminethatthesentencedoes

not presentany prepositionandthentheparseswill begeneratedwithoutPPcomponents,etc.� The setof wordscorrespondingto the o � is parsedby randomlygeneratingany of thepossibleo � rules.

Thesameis donefor generatingtheparseof the q � with the q � rules.Theprocessis improvedby enforcing

theapplicationof just thoserulesableto parsetheright numberof wordsin thegene.
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� If the rulesappliedcontainsomenonterminalsymbolin its right handside,theparsingprocessis appliedto

thesetof wordswhich arenot yetassigneda category. Rulesareselectedaccordinglyto theirprobability.� Theprocesscontinuesuntil thereareno terminalsymbolsleft pendingto beparsed.

B. Fitness:IndividualEvaluation

In eachcycle, every individual is testedfor its ability to parsethetargetsentence.Individualswith a largerthan

averageratio of correctlyappliedgrammarrulesshouldhave a higherprobability to survive for thenext cycle. A

rule is correctlyappliedif eachcomponentof its right-handsideparsesa sub-treeof the kind of the component.

Theprecisedefinition is given laterastheconceptof coherent gene.But the probabilityof the grammarrulesof

theindividualmustalsobetakeninto accountin this evaluation.Accordingly, thefitnessvaluewill begivenby a

coupleof values,�\��������� , which measurestheability of anindividual to parsethetargetsentence,and ���\�%�e� , which

measurestheprobabilityof therulesemployedin theparse.� �����\�e� is basedon therelativenumberof coherentgenes.A genewill beconsideredcoherent if

a) it correspondsto a rule whoseright handsideis only composedof terminalsymbols,andthey correspondto

thecategoriesof thewordsto beparsedby therule,or

b) it correspondsto a rule with non-terminalsymbolsin its right handside andeachof them is parsedby a

coherentgene.

Accordingly, �\��������� is computedas

���S�
��
� numberof coherentgenesG � �83 incoherentgenes

penalization
depth� �M�

total numberof genes

���
� .

The formula takesinto accountthe relative relevanceof the genes:thehigherin theparsetreeis thenodecorre-

spondingto an incoherentgene,the worseis the parse.Thusthefitnessformula introducesa penalizationfactor

which decreaseswith thedepthof thegene.���\�%�e� is computedas

����� �7���M������� ��� ��� � ���
where �_� �S� ��� � � is theprobabilityassignedto thegrammaticalrule correspondingto gene� � in theindividual.

Thefitnessis thencomputedasa linearcombinationof both:

@'Bjv x u\��� 	 � �\¡e¢�£-¤e¥ > � ;�G¦� � �\§-¥M¢�¨
where � ��©«ª � is a parameterwhich allows to tune the computationduring the evolution process. In the first

generations� is higherin orderto produceindividualscorrespondingto valid parsetrees,while later, � is lowered

in orderto selectthemostprobableindividuals.

C. GeneticOperators

Thegeneticoperatorsconsideredhereinarecrossover, which combinestwo parsesto generatea new one,and

mutation, which createsa new parseby replacinga randomlyselectedgenein apreviousindividual.
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function Crossover(
 � ,  7¬

, ­ ):
 �-���

begin

1 selected word := random choose(1..length( S))

2 gene1 := identify gene(
 � ,selected word,long chro(

 � ))
3 gene2 := identify gene(

 ¬
,selected word,long chro(

 ¬
))

4 while (words(gene1) <> words(gene2)) and

(position(gene1) <> MAIN NP) and

(position(gene1) <> MAIN VP) and

(position(gene2) <> MAIN NP) and

(position(gene2) <> MAIN VP) do

5 gene1 := identify gene(
 � , selected word, gene1)

6 gene2 := identify gene(
 ¬
, selected word, gene2)

7 end-while

8 if (words(gene1) = words(gene2))

and (type(gene1) = type(gene2)) then

9
 { w�® � := exchange gene(

 � ,  7¬
, gene1, gene2)

10
 { w�® ¬ := exchange gene(

 7¬
,
 � , gene2, gene1)

11
 �5��� := select best(

 { w�® � ,  { w�® ¬ )
12 else

13
 { w�® �%� :=

 � ;  { w�® � ¬ :=
 � ;

14 erase gene(
 { w�® ��� , gene1); erase gene(

 { w�® � ¬ , gene2)

15 generate parse(
 { w�® ��� , gene1)

16 generate parse(
 { w�® � ¬ , gene2)

17
 { w�® ¬ � :=

 ¬
;
 { w�® ¬%¬ :=

 ¬
;

18 erase gene(
 { w�® ¬ � , gene1); erase gene(

 { w�® ¬�¬ , gene2)

19 generate parse(
 { w�® ��� , gene1)

20 generate parse(
 { w�® � ¬ , gene2)

21
 �5��� := select best(

 { w�® ��� ,  { w�® � ¬ ,  { w�® ¬ � ,  { w�® ¬�¬ )
22 end-if

23 return
 �e¯\¯

end

Fig. 10. Crossoveroperationalgorithm. °�± and °�² aretheparentindividuals. °)³�´-´ is theoffspringindividual. S is theinputsentence.
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1) Crossover: Thecrossover operatorgeneratesa new individualwhich is addedto thepopulationin thenew

generation.The part undera randomlyselectedparent’s treepoint is exchangedwith the correspondingpart of

the otherparentto producetwo offsprings,subjectto the constraintthat the genesexchangedcorrespondto the

sametype of syntacticcategory (NP, VP, etc). This avoids wrong referencesof previous genesin the individual.

Of coursethoseexchangeswhich produceparsesinconsistentwith the numberof wordsin the sentencemustbe

avoided.Therefore,thecrossover operation(Figure10) performsthefollowing steps:� Selecttwo parents,
 � and

 7¬
.� Randomlyselectaword (selected word) from theinputsentence(line 1).� Identify theinnermostgene(identify gen) to which theselectedwordcorrespondsin eachparent(lines2

and3).� If the genescorrespondto differentsetsof words, the next genein the inner most order is selected.This

processcontinuesuntil the sequencesof wordswhoseparsesareto be exchangedarethesame,or until the

mainNPor VP arereached(lines4 to 7).� If thetwo selectedgenesparsethesamesequenceof wordstheexchangeis performed(lines8 to 11).� If theprocessto selectgenesleadsto themainNP or VP, andthesequenceof wordsdo not matchyet (lines

12 to 22), theexchangecannot beperformed.In this casea new procedureis followed: in eachparentone

of thetwo halvesis maintainedwhile theotheroneis randomlygenerated(generate parse) to producea

parseconsistentwith thenumberof wordsin thesentence.Thisproducesfour offsprings.� Finally, thebestoffspringselect best) is addedto thepopulation(line 23).

As an examplelet us considerthe individualsin Figure8 andlet us assumethat the word selectedin the input

sentenceis the determinera. Figure11 shows the new individualsresultingfrom the crossover operation. The

selectedword correspondsto genesof differentkind in eachindividual (NounandPreposition)andthereforecan

not be exchanged.Thenext genecontainingthe selectedword in its sequenceof wordsis now considered.This

correspondsto themain q � in both individualswhich now canbeexchanged.This exchangeproducestwo new

individuals(Figure11). Thebestindividualoutof thetwo offspringsis number1,which is addedto thepopulation.

2) Mutation: Selectionfor mutationis donein inverseproportionto the fitnessof an individual. Mutation

operationchangestheparseof somerandomlychosensequenceof words.

Themutationoperation(Figure12) performsthefollowing steps:� A geneis randomlychosenfrom theindividual (lines1 to 2).� Theparseof theselectedgene,aswell asevery genecorrespondingto its decomposition,areerased(line 3).� A new parseis generatedfor theselectedgene(line 4).

Let usconsiderthe individual 1 of Figure8, andlet usassumetherandomlychosengenefor mutationis theone

correspondingto theparseof themainVP. Thena new parseis generatedfor thesequenceof wordsof this gene,

producingtheindividualof Figure13,which providesa correctparseof theinput sentence.
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NP: The man

VP: sings a song

NP -> Det,NP:

Det: The

NP: man

NP -> Noun

Noun: man

VP -> Verb, PP:

Verb: sings

PP: a song

PP -> Prep, NP

Prep: a

NP -> Noun

Noun: song

NP: The man sings

VP: a song

NP -> Adj,NP:

Adj: The

NP: man

NP -> Noun

Noun: man

VP -> Verb, NP:

Verb: sings

NP: a song

NP -> NP, AP

NP -> Noun

Noun: a

AP -> Adj

Offspring1 Offspring2

Fig. 11. Individualsproducedby acrossoveroperationontheindividualsin Figure8.

function Mutation(
 
, ­ )

begin

1 n := number genes(
 
)

2 selected gene := random choose(1..n)

3 erase parse(
 
, selected gene)

4 generate parse(
 
, selected gene)

end

Fig. 12. Mutationoperationalgorithm.
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NP: The man

VP: sings a song

NP -> Det,NP:

Det: The

NP: man sings

NP -> Noun

Noun: man sings

VP -> Verb, NP

Verb: sings

NP -> Det, NP

Det: a

NP -> Noun

Noun: song

Fig. 13. Individual resultingfrom amutationoperationof theindividual1 in Figure8.

D. ExperimentalResults

Thealgorithmhasbeenimplementedin C++ languageandrun on a PentiumII processor. In general,theprob-

abilistic grammaris extractedfrom a text syntacticallyannotated.However, the sentencesof real texts present

additionalproblems,suchaspunctuationsymbols,expressionsof multiple words,anaphora,etc,which have not

beenconsideredin this implementation.Becauseof this, thegrammarandthe sentencesusedin theexperiments

presentedhereinareartificial, constructedto testthesystem.In orderto evaluatetheperformancewe have consid-

eredthe parsingsof thesentencesappearingin TableI. Theaveragelengthof the sentencesis around10 words.

However, they presentdifferentcomplexities for the parsing,mainly arisingfrom the lengthand the numberof

subordinatephrases.

1) Studyof theEAparameters: Experimentsincludethestudyof theperformancewith respectto thepopulation

size. Figure14 shows the numberof generationsrequiredto reacha correctparsefor eachsentenceversusthe

populationsize.Thebehavior is differentfor eachsentence.In general,thehigherthe “sentencecomplexity”, i.e.

thelengthandthenumberof subordinatephrases,thelargerthepopulationsizerequiredto reachthecorrectparse

in a reasonablenumberof steps.Accordingly, wecanconsiderthatthesentencesareapproximatelysortedby their

increasingcomplexity. We canobserve in the graphthat the simplestsentences,1 and2, reachthe correctparse

in a few generationsevenfor smallpopulations,while sentence3 requiresa largenumberof generationsto reach

the solution for small populations. On the otherhand,sentences4 and5 only reachthe correctparsefor large
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1 Jack(noun)spoke(verb)with(prep)Sue(noun)about(prep)the(det)book(noun)

2 Jack(noun) thinks(verb) Sue(noun) is(verb) happy(adj) in(prep) her(det)

job(noun)

3 Jack(noun) regretted that(wh) he(pro) ate(verb) the(det) whole(adj)

thing(noun)

4 The(det) man(noun)who(wh) gave(verb) Bill(noun) the(det) money(noun)

drives(verb)a(det)big(adj)car(noun)

5 The(det)man(noun)who(wh)lives(verb)in(abv) the(det)red(adj)house(noun)

saw(verb) the(det)thieves(noun)in(abv) the(det)bank(noun)

TABLE I

SENTENCES USED IN THE PARSING EXPERIM ENTS.
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Sentence 1
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Sentence 5

Fig. 14. Numberof generationsrequiredto reachthe correctparsefor different input sentences,whenusinga crossoverrateof 50% anda

mutationrateof 20%.

populations.But large populationsleadto replicationof individualsandslow evolutions,so high percentagesof

geneticoperatorsarerequiredto speedup theprocess.

In orderto illustratetheperformanceof theevolution process,Figure15 representsthefitnessof thebestindi-

vidual in thepopulationversusthenumberof generationsfor sentence2, with a populationof 50 individualsand

differentcrossover andmutationrates. The first observation is that the fitnessgrows abruptlyat certainnumber

of generations.We canalsoobserve thata minimumpercentageof applicationof geneticoperatorsis requiredin

orderto reachthecorrectparse.Thus,for thepopulationsizeconsidered,with a crossover percentageof 10%and

oneof mutationof 5% the solution is not reachedin 500 generations,while with percentagesof 30% and10%
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respectively thesolutions reachedafter 450generations,andwith percentagesof 50% and20% respectively the

solutionis reachedafter100generations.
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Fig. 15. Performanceof thesentence2 for differentparametersettings,with apopulationsizeof 50 individuals.

E. Parallel Parsing

Despitethe ability of evolutionaryalgorithmsto find a “good” solution, thoughperhapsapproximate,to opti-

mizationproblems,if suchproblemsaretoo hardthey requirea very long time to givenananswer. This hasled to

differentefforts to parallelizetheseprograms.Basically, theapproachesto this parallelizationcanbeclassifiedin

two groups[13], [26]: globalparallelization,andislandor coarse-grainedparallelization.In thefirst methodthere

is only onepopulation,asin the sequentialmodel,andit is the evaluationof individuals,andthe applicationof

geneticoperatorswhatis parallelized.Thus,thebehavior of thesequentialalgorithmdoesnotchange.Thismethod

canobtainsignificantspeedupif thecommunicationoverheadis low, asit happensin sharedmemorymachines.

Theislandor coarsegrainmodelis probablythemostpopularapproachfor parallelizationof EAsbecauseit does

not requirea highcostin communications,andit thereforeexhibitsa highportability. In thismodel,thepopulation

is dividedin subpopulationor demes, which usuallyevolve isolatedexceptfor theexchangeof someindividualsor

migrationsafteranumberof generations.In thiscase,wecanexpectadifferentbehavior with respectto theparallel

model,both becausethis modelemploysdifferentparametersof thealgorithm(suchaspopulationsize,which is

smallerin eachdeme)andbecausethedynamicsis completelychangedby migrations.This canresultin a faster

convergence.Thoughsucha fasterconvergencemay, in principle,reducethequality of thesolutions,resultsshow

[14] that theparallelmodelwith smallerpopulationsbut with migrationamongdemescanimprove thequality of

thesequentialsolutions,andthatthereis anoptimalnumberof demeswhich maximizestheperformance.
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Thecomplexity of theparsingproblemmakesit appropriatefor implementinga parallelversionof theEA. Both

thefitnessfunctionandthegeneticoperatorsareexpensive enoughto maketheevolutionaryprogramappropriate

for acoarsegrainparallelmodel.Accordingly, theparallelimplementationfollowsanislandmodel,in which,after

a numberof generations,demesexchangesomeindividuals. Thesystemis composedof a numberof processes,

called cooperative parsers, eachof which performs,by evolutionary programming,a parsefor the sameinput

sentence.Theseedin eachdeme(randomnumbergeneration)is differentin orderto obtaindifferentindividuals

in differentpopulations. Thereis a specialprocess,known as main selector, which selectsthe bestindividual

amongthebestonesof eachdeme.In orderto reducethecommunication,migrationsarenot performedfrom one

demeto eachother, but only to thenext demein a round-robinmanner(Figure16). The o cooperative parsersare

assignedanarbitrarynumberbetweenª and o GA; , andthe o GA; parserconsidersthatitsnext parseris numberedª .
Nevertheless,thispolicy hasbeencomparedto anall-to-all policy in orderto guaranteethattheadoptedoptiondoes

not impliesa significantreductionof thesolutionsquality. Themodelis asynchronous,andafter a fixed number

CP CPCPCPMS
...

Fig. 16. MigrationPolicy. CPstandsfor Cooperativeparser, MS for Main Selector.

of generations,a parsersendsa fixed numberof individualsto the next parserandthencontinuesthe evolution

checkingin eachgenerationthearrival of thesamenumberof individualsfrom thepreviousparser. Theselection

of individualsto besentin a migrationis donewith a probabilityproportionalto theirfitness.

Dif ferentexperimentshave beencarriedout in orderto tunethis basicmodel. Theseexperimentsaredescribed

in thenext section.

F. Experiments

Thealgorithmhasbeenimplementedin theC++ languageon aSGI-CRAY ORIGIN 2000computerusingPVM

(Parallel Virtual Machine) [20], a softwarepackagewhich allows a heterogeneousnetworkof parallelandserial

computersto appearasa singleconcurrentcomputationalresource.In orderto evaluatetheperformancewe have

consideredtheparsingof themostcomplex sentencesappearingin TableI.

TableII shows the improvementin performanceobtainedwhenincreasingthenumberof processors.This ex-

perimenthasbeencarriedout with a populationsizeof 200 individuals,theminimumrequiredfor thesequential

versionto reachthecorrectparse,a crossover rateof 50%,a mutationrateof 20%,a sizeof migratedpopulation

of 40 andan interval of migrationof 15 generations.We canobserve that the parallelexecutionachievesa sig-

nificant improvementevenwith only 2 processors.We canalsoobserve thatperformancereachessaturationfor a

certainnumberof processors(around8). However, thesefiguresareexpectedto increasewith thecomplexity of

theanalyzedsentences.
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Sequential Parallel

Sentence 2 Proc. 4 Proc. 6 Proc. 8 Proc. 10 Proc.

sentence3 16.55 10.48 3.08 3.09 2.09 2.09

sentence4 50.03 19.12 15.02 10.64 3.48 3.49

sentence5 52.70 25.40 22.71 19.34 14.93 14.79

TABLE II

TIM E IN SECONDS REQUIRED TO REACH A CORRECT PARSE WHEN PROCESSING SEQUENTIALLY AND IN PARALLEL .

V. CONCLUSIONS

Thisworkdevelopsageneralframework, theNLP-EA schemeto designevolutionaryalgorithmsdevotedto tasks

concerningStatisticalNaturalLanguageProcessing(NLP).Thestatisticalmeasurementsextractedby thestochastic

approachesto NLP provide anappropriatefitnessfunctionfor theEA in a naturalway. Furthermore,thecorpusor

trainingtexts requiredfor theapplicationof statisticalmethodsalsoprovide a perfectbenchmarkfor adjustingthe

algorithmparameters(populationsize,crossoverandmutationsrates,etc),afundamentalissuefor thebehaviour of

thealgorithm. On theotherhand,EAs provide their characteristicway of performinga non-exhaustive searchfor

solvingNLP tasks.Accordingly, a naturalsymbiosisbetweenthestatisticalNLP techniquesandtheEAs arises.

TheNLP-EA schemehasbeenillustratedwith anevolutionaryalgorithmfor taggingthatworkswith apopulation

of potentialtaggingsfor eachinput sentencein the text. Theevaluationof individualsis basedon a training table

composedof contexts extractedfrom a setof training texts. Resultsindicatethat the evolutionaryapproachis a

robustenoughapproachfor taggingtexts of naturallanguage,obtainingaccuraciescomparableto otherstatistical

systems.Thetestsindicatethat thelengthof thecontexts extractedfor the training is a determiningfactorfor the

results.

Anotherexampleof applicationof theEA-NLP schemehasbeenanevolutionaryalgorithmfor parsing.In this

case,the algorithm works with a populationof potentialparsesfor a given PCFGandan input sentence.The

appropriatedatastructureto representpotentialparseshasbeendesignedin order to enablean easyevaluation

of individualsandapplicationof geneticoperators. Again the resultsindicatethe validity of the EA approach

for parsingpositive examplesof naturallanguage,andthus,the systemdevelopedherecanprovide a promising

startingpoint for parsingsentencesof realistic length and complexity. The testsshow that the EA parameters

needto be suitablefor the input sentencecomplexity. Themorecomplex the sentence(lengthandsubordination

degree),the larger the populationsizerequiredto quickly reacha correctparse.Furthermore,as the population

sizeincreases,higherratesof crossover andmutationarerequiredto maintaintheefficiency of thealgorithm.This

algorithmhasbeenparallelizedin theform of anislandmodel,in whichprocessorsexchangemigratingpopulations

asynchronouslyandin around-robinsequence.Resultsobtainedfor theseexperimentsexhibit aclearimprovement

in theperformance,thusshowing thattheproblemhasenoughgranularityfor theparallelization.

Theseexperimentsindicatetheeffectivenessof anevolutionaryapproachto taggingandparsing.Theaccuracy

obtainedin taggingwith thesemethodsis comparableto thatof otherprobabilisticapproaches,in spitethatother

systemsusealgorithmsspecificallydesignedfor this problem.Theevolutionaryapproachdoesnot guaranteethe

right answer, but it alwaysproducesacloseapproximationto it in areasonableamountof time. Ontheotherhand,it

canbea suitabletool for NLP becausenaturallanguagespossessomefeatures,suchassomekindsof ambiguities,

not even humanbeingsare able to resolve. Furthermore,the result obtainedfrom the EA canbe the input for

a classicmethod,which in this way will performa smallersearch,with methodssuchaslogic programmingor
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constraintprogramming.

Otherpossiblefuture works are the unsupervisedprocessingof differentNLP tasks. For instance,we could

be interestedin performingunsupervisedtaggingof texts becausewe do not have an appropriatetaggedcorpus

availablefor training. In this casetherewouldbeno trainingtexts andall statisticalinformationwould have to be

extractedfrom thetext to betagged.EAscanbeappliedto performthiskind of tasks,usinggeneralizationsfor the

tagsuntil they getenoughinformationto decidethemostappropriatetag.

EAsmight alsoprovide new insightsanda new directionsto investigatethestatisticalnatureof thelanguage.In

particular, they cangive a new approachto naturallanguagegeneration,for which thespaceof the resultsis very

muchopen.
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