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Abstract

Thiswork presentsomeapplicationsof EvolutionaryProgrammingo differenttasksof NaturalLanguagePro-
cessing(NLP). First of all, the work definesa generalschemeof applicationof evolutionarytechniqueso NLP,
which givesthemainstreanfor thedesignof theelementof thealgorithm. This schemdargely reliesonthesuccess
of probabilisticapproacheso NLP. Secondlythe schemehasbeenillustratedwith two fundamentabpplicationsn
NLP: tagging,i.e. the assignmenof lexical catgyoriesto words,andparsing,i.e. the determinatiorof the syntactic
structureof sentencesin both casesthe elementwf the evolutionaryalgorithmare describedn detail, aswell as
theresultsof differentexperimentscarriedout to shav theviability of this evolutionaryapproacto dealwith tasks
ascomplex asthoseof NLP.

Index Terms

Evolutionaryprogrammingnaturallanguageprocessinglexical tagging,parsing probabilisticmethods

I. INTRODUCTION

Natural LanguageProcessingNLP) includesa large amountof comple taskssuchas the determinationof
thelexical tagwhich correspondso eachword in atext (tagging),the parsingof sentenceshe determinatiorof
the antecedentf pronounsandrelative clauseganaphoraesolution),the determinatiorof wordsbelongingto an
expression.etc. Featuressuchasambiguity makethesetaskscomplex searchprocessestoo comple in fact to
be tackledwith classicsearchalgorithmsin areasonabléime. For instancethe parsingof a sentences a search
problemthatrequiresexploring atreeof possibleparsesThesizeof thistreeincreasesxponentiallywith thelength
of thesentencer text to be parsedThis compleity suggestsipplyingheuristictechniquedo speedupthesearch.
Thepriceto payis thatwe areno morecertainaboutthe correctnessf the solutionfound, althoughgoodheuristic
methodsallow to systematicallydecreasé¢he probability of error (for instanceby increasinghe numberof points
explored). Evolutionary Algorithms (EAs) are amongsuchheuristictechniquesithey are stochasticalgorithms
basedn a searchmodelwhich emulatesvolutionaryphenomena.

An importantaspectoncomitantvith theintroductionof statisticaltechniquesn text processingis thatit trans-
forms NLP tasksinto optimizationprocessedpr which evolutionarytechniquegalreadyappliedto areassuchas
planningor machinelearning)have provento bevery useful[29]. Otheroptimizationtechniquesave beenalso
appliedto NLP, like e.g. neuralnetworks[5], [30], [32]. In the lastdecadesstatisticalmethodshave becomea
fundamentaapproactto computationalinguistics,bringingsignificantadvancesn issuessuchasdisambiguation,
error correctionor grammarinduction. Applied to NLP, thesemethodseston the assumptiorthat we canextract
knowledgeabouta language(that s, on its structureand semanticspy defininga generalmodelwith free pa-
rametersywhosevaluesarethendeterminedy statisticaltechniques Statisticalmeasurementare extractedfrom
an annotatectorpus[27], i.e., a setof texts linguistically marked-up.Probabilisticapproachesave alreadybeen
successfullyusedto dealwith alarge numberof NLP problems.Researcton thesemethodshasgrown alot in the

lastyears probablydueto theincreasingavailability of largetaggedcorpora.
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One NLP task for which statisticalmethodshave beenvery successfullyappliedis lexical tagging,i.e. the
disambiguationin the assignmentf an appropriateexical tag to eachword in a text [15]. Thereare different
proposaldo automaticallyperformthis disambiguationall of which usea large amountof datato establishthe
probabilitiesof eachsituation.Most of thesesystemsarebasedn HiddenMarkov modelsandvariants[21], [18],
[17], [15], [34], [28], [4] andneitherrequireknowledgeof therulesof the languagenor try to deducethem. There
arealsorule-basedpproachef31], [9], [10] which applylanguageules,alsoextractedfrom anannotatedorpus,
to improve theaccurag of thetagging.Theaccurag of bothapproaches sofar comparable.

Anothertaskcarriedout by statisticaltechniqueg11], [33] is word sensedisambiguation.It consistsn deter
mining which of the sense®f oneambiguousvordis referredto in a particularoccurrenceof thewordin atext. It
differsfrom taggingin thatit usessemantidagsinsteadof lexical tags. Thesetwo issueshave to be differentiated
becausaearbystructuresare moreinfluentialin lexical tagging,while relatively distantwordsaremoreusefulfor
word sensalisambiguation.

Parsingis a precedingstepfor mary NLP tasks. In mostcasestherearemary differentparsedfor the same
sequencef words, thatis, syntacticambiguity occursvery often. Stochastiqgrammarg7], [15], [8], [16], [2]
represenanothetimportantpartof the statisticalmethodsn computationalinguistics. Thesegrammargive usan
evaluationof thetreerepresenting possibleparseof a sentence The goalis thento find one of the bestparses
accordingto this measurement.

Machinetranslationj.e. automatidranslationfrom onelanguageo anotheris oneof the mostimportantappli-
cationsof NLP. A previousfundamentastepto performmachinetranslationis text alignmentthatis, establishing
the correspondencketweenparagraphssentencesr wordsof paralleltexts in differentlanguagesA numberof
publicationsdealwith statisticalalignment19], [12], [36]. Therearealsosomeotherapproacheen statisticalma-
chinetranslation[12], [6]. And therestill remainsalarge amountof topicsof NLP to which statisticaltechniques
have beenapplied,suchasdifferentaspect®f informationretrieval or word clustering.

The kind of non-ehaustiie searchperformedby EAs makesthem suitableto be combinedwith probabilistic
techniquesn NLP. The purposeof mostEAs is to find a goodsolutionandnot necessarilgthe bestsolution,and
thisis enoughfor mostnaturallanguagestatisticalprocessesEAs provide atthe sametime areasonabl@ccurag
aswell asa uniqueschemeof algorithmwhenappliedto differentproblems. The symbiosisbetweenEAs and
statisticalNLP comefrom the simplicity to develop systemdor statisticalNLP usingEAs —becausd&As provide
a unified treatmenbf differentapplications—andfrom the fact that the moretrickiest elementsof the EA, such
as the fitnessfunction or the adjustmentof the parametersare highly simplified by resortingto the statistical
NLP models. EAs have alreadybeenappliedto someissuesof naturallanguageprocessindg23], suchasquery
translation25], inferenceof context-freegrammarg37], [35], [24], [22], tagging[4] andparsing[2]. Thestudyof
theseapproachesnableusto obsene patternsof similarity in the applicationof thesetechniques.

Thiswork aimsto show thenaturalsymbiosisof EAs andStatisticalNLP. Thestatisticaimeasuremenixtracted
by thestochasti@pproacheto NLP providein anaturalway anappropriatditnessfunctionfor EAs. Furthermore,

theannotatedorpusor trainingtexts requiredfor the applicationof statisticalmethodsalsoprovide a nice bench-
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mark for fine-tuningthe algorithm parametergpopulationsize,cross@er and mutationsrates,etc; seebelow), a
fundamentalssuefor the behaiour of the algorithm. Accordingly, thiswork presents generaframevork for the
applicationof evolutionarytechniquego statisticalNLP. The mainstreanfor the definitionsof the differentele-
mentsof an evolutionaryalgorithmto solve somestatisticalNLP tasksare presentedTheseideasareexemplified
by meanwf particularalgorithmsfor two centralproblemsin NLP: taggingandparsing.

Therestof thepapemroceedsasfollows: Section2 describeshe genericstructureof anEA for NLP; section3
appliesthis schemeo tagging,andincludesexperimentalresults;sectiond presentsanevolutionaryparseffor nat-
urallanguageincludinga parallelversionandexperimentalresultsfor eachversion;finally, section5 summarizes

the mainconclusionsf this work.

Il. EVOLUTIONARY ALGORITHMS AND NATURAL LANGUAGE PROCESSING

An EA is basicallya sequencef generationgiterations),eachof which producesa new populationof individ-
ualsout of the previous one. Eachindividual represents potentialsolutionto the problem,whose“fithess” (a
guantificationof “closeness’to an exact solution)canbe measuredThe populationof a new generatioris made
of the survivorsfrom the previous generationaswell asof individualsresultingfrom the applicationof “genetic”
operatordo memberof the previouspopulation randomlyselectedvith a probability proportionatto their fitness.
After anumberof generationsthe populationis expectedto containsomeindividualsrepresenting nearoptimum
solution. Thus,EAs performarandomsearchpotentiallyableto reachary region in the searchspacebecausef
therandomselection.However, atthe sametime they presenaamarkedtendenyg to keepthe mostpromisingpoints
for possibleimprovements becausahe fittest individualshave a higher probability to survive. EAs canalsobe
designedaslearningsystemsn which the evaluationof the individualscanbe definedin sucha way thatthe AE
is trainedto solveda particularproblem.In this case the systemgivesthe bestfitnessvalueto a numberof solved
situationgthatareprovided andthenusesthis informationto evaluatenew inputs.

DifferentEAs canbe formulatedfor a particularproblem. Suchprogramsmay differ in mary ways: therepre-
sentationof individuals,the geneticoperatorsthe methodsor creatingthe initial population the parametersetc.
The approachadoptedin this paperis basedon the evolutionary programmingmethod,that considersary setof
datastructuredor therepresentationf individuals[29]. Thus,it differsfrom classicalgeneticalgorithms,which
usefixed-lengthbinary stringsasthe representatioof individuals.

An evolutionaryprogramfor a particularproblemrequireshefollowing elements:

« A representationf the potentialsolutionsto the problem,i.e., of theindividualsof the population.

« A methodfor producinganinitial setof individuals,which will representheinitial population.

« An evaluationfunctionto computethe fitnessof anindividual. This functionindicates*how suitable”is an

individualto beasolutionto the problemat handaccordingto atrainingset.

« Geneticoperatorgo modify theindividualsof a populationandto producenew onesfor thenext generation.

« Valuesfor differentparametersvhich characterize¢he algorithm: populationsize, survival probability to the

next generationratesof applicationof the geneticoperatorsetc.
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Now, let us considerthe similaritiesanddifferencedetweerEAs appliedto differenttasksof StatisticalNLP. It
is clearthatthetasksof NLP areof avery differentnature andthey requiredifferentstructureso representhedata
to which to applythe computationaprocesqalthoughsomeof the structuressuchasthe parsetrees,arecommon
to mary of them). The mostrelevant similarity is the useof the measurementgrovided by the statisticalmodel
in the definition of a fitnessfunction. This function guidesthe searchof the algorithmandstronglydeterminests
performanceAt thesametime it logically representeneof the greatestifficultiesin thedesignof anEA. Hence,
thegreatadvantageof combiningof theseechniquesEAs provide theirgeneralityto thecomple searchprocesses
of NLP, andthe developmentof the systemis highly simplify by usingthe statisticalmodelsof NLP to definethe
mostdelicateelement®of thealgorithm. Furthermorethetrainingtext usedto provide the statisticaimeasurements
requiredby the statisticalmodelof NLP, alsoprovidesa nice benchmarko tunethe parametersf the algorithm,
anothercritical pointto produceefficient EAs.

Accordingto the previous considerationsywe candefinea generalframevork or NLP-EA schemeto dealwith
NLP tasks:

« Individuals Representation

It mustbe a naturalrepresentationf the solutionsto the particularproblemat hand. Thus, in taggingfor
instance,individualscan be representedy sequencesf tagsassignedo eachword in the sentenceo be
tagged.In parsing,individualscanbetrees,oneof themostextendedrepresentationsf a parse.

« Generationsand GeneticOperators

In eachgeneratiorsomeindividualsfrom the currentpopulationareappliedgeneticoperatorgo producenew
individualsandrenev the population. The geneticoperatorsusedhereinare crossover which combineswo
individualsto generatea new one, and mutation which createsa new individual by changinga randomly
selectedgenein an individual of the population. The geneticoperatoramustbe designedn sucha way as
to maintaina delicateequilibrium betweerthe inheritanceof the ancestorspropertiesandthe exploration of
new areasof the searchspace.Their particulardesignsstronglydependon the representatioghoserfor the
individuals.

« FitnessFunction: the training text

The definition of the fitnessfunctionis provided by the statisticalmodel of the NLP taskconsidered.lt is a
function whosemaximumis the mostlikely solutionto the problem. This functionis evaluatedon the data
providedby apreviously processedorpus.Thatis, we needto have acorpusavailablefor which theparticular
taskwe aredealingwith hasalreadybeenachieved: taggingrequiresahand-taggetkxt, parsingahand-parsed
text or tree-bankandsoon. This corpusis thenusedasa training text. For example,in thetaggingproblem,
if we considercontets without right-handside—which reduceghe modelto a Markov chain—the fithess
function would be the functionwhosemaximumis achiered by the mostlikely pathin a Markov chain,and
would be evaluatedaccordingto the frequencie®of the contets in thetraining text. However, we alsowant

to considerpossiblerepresentationsf the individualswhich are not feasiblesolutionsto the problem. For
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example,in the taggingproblem,if we considerindividualswhich are assignmentsf a sequencef tagsto
the sentencevhereeachtagis choseramongthevalid tagsof the correspondingvord, ary individualwill be
a valid solution. Therefore the fitnessfunctionis only a measurementf the probability of the sequencef
tagschosen.However, in the parsingproblem,if we takeindividualswhich aretreescontainingcomponents
thatdo not correspondo thetagsof thewords,therewill appeatindividualswhich arenotvalid parsesf the
sentenceThusthefitnessfunctionmustincludeboth,a measuref thefeasibility of theindividual aswell as
ameasuref its probability. In essencethe stepsto obtainthefithessfunctionare:

— Definingthe relationsbetweenwords,positions,lexical or syntactictags,etc.,which determinethe solu-
tion to the problemathand.In thetaggingproblem thisrelationrefersto thewords(andtheirtags)in the
neighbourhooaf the oneto betagged(the so called contet of theword). In the parsingproblem,this
relationis givenby thegrammarulesusedto build the parse.

— Extractingstatisticsaboutthoserelationshipsrom the training corpus. In the caseof tagging,we will
computethe probability of the differentcontets appearingn the training text. In the caseof parsing,
we will computethe probability of the grammarrules. It is obviousthatthe largerthe corpusthe better
theseestimatedprobabilities. The size of the corpusis strongly influencedby the compleity of the
relationshipsdefinedin the first step(corversely the complity of thoserelationshipss limited by the
sizeof theavailablecorpus).

— Defininga measuref the probability of anindividualaccordingto the modelprovided by the statistics.

— If therepresentatioshoserallows nonfeasibleindividuals,thenwe will alsohaveto definea measuref
thefeasibility anddefinethefitnessfunctionasa combinationof bothmeasures.

« EA parameters: the testtext
In EAs thereis alwaysa trade-of betweentwo fundamentafactorsin the evolution process:populationdi-
versity andselectve pressureAn increasen the selectve pressurewhich decreasethediversity of the pop-
ulation, canleadto a prematurecorvergenceof the EA, while a weakselectve pressur&eanmadethe search
ineffective. Therelationbetweerthesefactorsis mainly determinedy thefollowing EA parameters:

— PopulationSize
It is clearthatpopulationdiversity andselectionpressurearerelatedto the sizeof the population which
is one of the mostrelevant parameter®f an EA. If this sizeis too small the populationwill quickly
uniformize andthe algorithmusually corvergesto a badresult; but if it is too large, the algorithmwiill
taketoo longto converge dueto the higherdiversity of individuals.

— Ratesof crosseer andmutation
Theseparametersalsocritical for the effectivenesf the algorithm,mustbe correlatedwith the popula-
tion sizeto provide the EA with the suitablepopulationdiversity.

The mostappropriatevaluesfor theseparametersre strongly problemdependent Again, the statisticalap-

proachto NLP providesan automaticmechanisnfor tuningtheseparameterdy training the algorithmwith
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a new testtext —not includedin the trainingtext (Figurel). Thetraining text providesthe datausedby the
evolutionary algorithmto computethe fitnessfunction. The parametersf this algorithmareinitially setto
someparticularvalues. Thenthe algorithmis appliedto the new testtext producingan annotatedext which
is comparedvith the correctanswer The accurag obtaineds thenfed backto the evolutionaryalgorithmto

modify its parametersThe processs iterateduntil finding the parametersvhich achieve the bestaccurag.

Test
Text
Training Evolutionary .
Text Algorithm Comparison
Annotated r

Text

Fig.1. Evolutionaryalgorithmoperatingscheme.

In whatfollowswe will applythis NLP-EA schemeo two of the fundamentatasksof NLP: taggingandparsing.
Individualsarerepresenteth the mostusualway for the correspondingroblemin NLP. Classictaggersgive the
resultsasa sequencef tagsfor the wordsof the sentencdo be tagged;hencethe representatiochosenwill be
tag sequencesln classicparsing,parsesareusuallygivenasa parsetree,andso this hasbeenthe representation
chosen.The geneticoperatorshave beendefinedto suit the representationThe approacthof this work startsfrom

theassumptiorthatthereis a statisticalmodelfor thetaskconsidered.

1. TAGGING

Usually, thefirst stepin theparsingprocesss to identify whichlexical catgyory (noun,verb,etc)eachwordin the
sentencéelonggo, i.e to tagthe sentenceThedifficulty of thetaggingprocessomesfrom the lexical ambiguity
of thewords: mary wordscanbein morethatonelexical class.Theassignmenof atagto aword dependonthe

assignmentso the otherwords. Let usconsideredhefollowing wordsandtheir tags.

Ricee NOUN

fiess NOUN,VERB

like: PRERVERB

sand NOUN
Thechoicefor theword like depend®n the choicefor the word fliesandvice versa.The syntacticstructureof the
sentencelependn its tagging,asFigure2 shavs, andthis structureis fundamentato determinets meaninga
crucialrequirementn very differentapplicationsfrom machineranslatiorto informationrecover. Thecompleity
of the problemincreasesvith thelengthof the sentenceo betagged.andthuslexical taggingcanbe soughtasa

seach procesghatlooksfor a correctassignmenof lexical tagto every word in asentence.
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T /N
NR VP
NOUN NOUN VERB NP ‘ ‘

NOUN VERB PP

Rice flies like NOUN ‘ ‘ ‘
Rice flies PREP NP
sand
like NOUN
sand

Fig. 2. Differentparsedor thesentenc&iceflieslike sand

The mostcommonstatisticalmodelsfor taggingare basedon assigninga probability to a giventag according
to its neighboringtags(contet). Thenthe taggertries to maximizethe total probability of the taggingof each
sentenceThisis usuallydonewith a HiddenMarkov Model (HMM) [15]. A HMM is a finite-stateautomatorin
which a givennodemay have severaltransitionsout of it, all with the samesymbol. Thesetransitionsareassigned
certainprobabilities.In thetaggingproblemeachnodeis adifferentassignmentf tagto word for every wordin the
sentenceThis representatioiis only accurateunderthe Markov assumptionthatis, if the probability of a lexical
catgjory only depend®nthe cateyory beforeit. To find themostlikely sequencef tagsfor asentencave canlook
for themostlikely pathin theHMM, whichis traditionally computedy meanof the Viterbi Algorithm [15].

If only anumberof precedingagsareconsideredscontext, themodelis equivalentto aMarkov chain;however,
if thecontet includessuccessie tags,themodelis no moreaMarkov chain,but amorecomple processn which
thetagof surroundingvordsinfluencethetagof aword andtheformerarein turninfluencedby thelatter.

Now, accordingto our schemeto definean EA, we can designan algorithm which works with individuals
consistingof sequencesf tagsassignedo eachword in the sentencebecausehis is theform of the solutionswe
expectto obtain. Furthermoreyvith this representatiothe positionof the sentenceo which eachtag corresponds
doesnot needto beexplicitely coded.Let usconsideithe sentencef a previousexampleRiceflieslike sand Then

two possibleindividualswhentaggingthis sentencareshavn in Figure3.

NOUN | NOUN | VERB | NOUN

NOUN | VERB | VERB | NOUN

Fig.3. Examplef individualsfor the sentenc&iceflieslike sand

With this representatiorgeneticoperatorof cross@er andmutationareeasilydefinedasthe exchangeof pieces
of the sequencéetweenindividuals,andasthe alterationof a particulartag, respectiely. Furthermorethe prob-

abilistic model, which assignsa probability to a sequencef tagsaccordingto the context of eachword in the
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sentenceprovidesthefitnessfunction,andthuswe have the basicelementof thealgorithm.

The probabilisticmodelrequiresto generate tableof contet frequeng (training table) from atrainingtagged
corpus. This training tablewill be usedto evaluateindividualsandto determinetheir fithess. The tableis con-
structedby recordingevery context of eachtagalongwith the numberof its occurrencen thetrainingtext. This
allowsto estimatethe probability of all contets of atag. Theentryin thetrainingtablecorrespondingo tag T has

thefollowing form: it beginsby aline
T #C  #T

where#C standsor the numberof differentcontets of tag7 and#T standgfor the numberof occurrencesf tag
T in thewholecorpus.Thisis followedby aline for eachof thosecontexts of theform (I, denoteghelengthof

the contet to theleft of thetagandi g thatof the context to theright of thetagandbotharefixedfor eachrun):

l1.¢c tagsto theleft T lrc tagsto theright # occurrences
For example,if I, = lrc = 2,theentryin thetablefor tag JJ could have the form:

JJ 4557 9519

VBD AT JJ NN IN 37

IN PP$ JJ NNS NULL 20
PPS BEZ JJ TO VB 18
NN I'N JJ NN WDOT 3

denotingthatJJ has4557 differentcontexts andappear®9519timesin the text, andthatin one of thosecontexts,
which appears37 times, JJ is precededoy tagsVBD and AT andsucceededy NN andIN, andso on until all
4557 differentcontets have beenlisted. The contets correspondingo the positionat the beginning andthe end
of the sentencefack tagson theleft-handsideandon theright-handsiderespectiely. This eventis managedy
introducinga specialtag, NULL, to completethe contet. In the constructionof the training table, the contexts
correspondingdo the endsof the sentenceare alsocompletedwith the NULL mark. In this way, the tagsat the

endsof the sentenceft in thegenerakcheme.

A. EvolutionaryTagging

The evolution processs run for eachsentencen the text to be tagged. Evolution aimsto maximizethe total
probability of thetaggingof the sentences thetestcorpus.The procesdinisheseitherwhenthefithessdeviation
lies below a thresholdvalue (corvergence)or whenthe evolutionary processhasbeenrunning for a maximum
numberof generationswhatever occursfirst. Let usanalyzein detail eachof the elementf the algorithm.

1) Individual Repesentation: Individualsaresequencesf genesgachconsistingof the tag of a word in the

sentencéo betaggedlussomeadditionalinformationusefulin theevaluation(suchascountsof differentcontexts
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for thistagaccordingto thetrainingtable).

2) Initial Population: For a givensentencef a testcorpus,theinitial populationis composedf a numberof
individualsconstructedy takingfrom a dictionaryoneof thevalid tagsfor eachword, selectedwvith a probability
proportionalto their frequencies.

Wordsnot listed in the dictionary are assignedhe tag which appearsnoreoften with that givencontet in the
training text, provided thereareno otherunknonvn wordsin the context. Sincethe numberof unknavn wordsis
very small,this is whatusuallyhappensOtherwisetheword is assigned randomlychosertag.

3) Fitness: Individual Evaluation: In this case this functionis relatedto the total probability of the sequence
of tagsof anindividual. Theraw datato obtainthis probability areextractedfrom thetrainingtable. The fitnessof

anindividualis definedasthe sumof thefitnessof its genes> ", (f(g:))). Thefitnessof ageneis definedas
f(g) =log P(T|LC, RC)

whereP(T|LC, RC) is the probabilitythatthetag of geneg is T', giventhatits context is formedby the sequence
of tagsLC to theleft andthesequencd?C to theright. This probabilityis estimatedrom thetrainingtableas

oce(LC, T, RC)

P(T|LC, RC) R ZT’ET OCC(LC; TIJ RC)

whereoce(LC, T, RC') is thenumberof occurrencesf thelist of tagsZ.C, T, RC'in thetrainingtableand7 is the
setof all possibletagsof ¢;. For example,if we areevaluatingthefirstindividualof Figure3 andwe areconsidering
contets composeaf onetagontheleft andonetagontheright of the positionevaluatedthefirst gene for which

thereis only onetag,will beevaluatedas

#(NULL NOUNNOUN)
#(NULL NOUNNOUN) —

where# representshe numberof occurrencesf the context. The secondgene,for which therearetwo possible

tags,NOUN (theonechosenn this individual)andVERB, will be evaluatedas:

#(NOUN NOUN VERB)
[#(NOUN NOUN VERB) + #(NOUN VERB VERB)]

Theremaininggenesareevaluatedn thesamemanner

A specialsituationneedsto be handledseparately It may happenthata particularsequencd.C, T, RC is not
listedin thetrainingtable. This maybesobecauséts probabilityis strictly zero(if thesequencef tagsis forbidden
for somereasonjr, mostlikely, becaus¢hereareinsufficientstatistic(it is easyto realizethatevenshortcontexts
exhibit suchahugenumberof possibilitiesthatgiganticcorporawould be neededn orderto have reliablestatistics
of every possibility). Whenthis occurswe proceedhis way. If RC' is not empty we ignorethe rightmosttag of
the context andconsiderthe new (shorter)sequenceWe seekin thetraining tablefor all sequencematchingthis
shortercontext andtakefor the numberof occurrenceshe sumof the numberof occurrencesf the new context.
If RC is emptyor thereare no sequencematchingthe shorterone,we carry on ignoring the leftmosttag of the

context (provided .C' is notempty). We repeathe searchwith this even shortersequenceThe processontinues
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alternatvely ignoringtherightmostandthentheleftmosttagof theremainingsequencéskippingthecorresponding
stepwheneereither RC or L.C areempty)until oneof theseshortersequencematchestleastoneof thetraining
tableentriesor until we areleft simply with 7'. In this latter casewe takefor F'(i) thelogarithmof thefrequeng
with which 7" appearsn the corpus(alsolistedin thetrainingtable).

The whole populationis evaluatedaccordingto this proceduresvery generationandthe averagefitnessof the
populationis alsocomputed.

4) GeneticOpentors: Becauseof the representationf the individuals,geneticoperatorshave in this casea
straightforwarddesign. To apply crossover two individualsare selectedwith a probability proportionalto their
fitness.Thenacrosseer pointis randomlyselectedthusdividing bothindividualsin two parts.In the selectionof
this partition point, positionscorrespondingo geneswith low fitnessarepreferred.Thefirst partof oneparentis
combinedwith the secondpartof the otherparentthusproducingtwo offsprings.

Mutationis thenappliedto every geneof theindividualsresultingfrom the crosseer operatiorwith aprobability
givenby themutationrate. Thetagof themutationpointis replacedyy anotheof thevalid tagsof thecorresponding
word. Thenew tagis randomlychoseraccordingto its probability (the frequeng it appearsn the corpus).

Individualsresultingfrom the applicationof geneticoperatorgeplacean equalnumberof individuals,selected
with a probability inverselyproportionalto their fitness. The numberof individualsthatremainunchangedn one

generatiordepend®nthe crosseer andmutationrates.

B. Tuningthe Model

Theevolutionaryalgorithmhasalsobeenmprovedmainly by adjustingsomeparameteralongtheevolution:

« Fitnessscaling:
It is verycommonthatthefirst generationsf individualspresensomeextraordinaryindividualsamongamass
of averageones. With the basicselectionrule, theseextraordinaryindividualswould take soona significant
portion of the population thusleadingto a prematurecorvergence.On the contrary after somegenerations,
we canobtaina populationof individualsof very similar fitness. In this case,averageand bestindividuals
have similar opportunitesof surviving and the evolutionary processwvould have a randomresult. In both
casesfitnessscalingcanbe useful. A linearscalingfunction f' = Cf + b hasbeenapplied. C' is a scaling
factor thattakesthe value 1.5 whenthe differencebetweenthe maximumandaveragefitnessvaluesis less
than25% of the averagefitness,and0.5 otherwise.b is definedin sucha way thatthe averagevaluesof the
fitnesswith andwithout scalingarethesamej.e. b = f,, (1 — C) wheref,, is thefitnessaverage.

« Variable Crossoveiand Mutationrates
The ratesof crosseer and mutationcanvary alongthe evolution processjn sucha way thatthey decrease
with thenumberof generations.

« Preservationof thebestindividual:

Thebestsolutionup to themomentis saved.
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C. ExperimentaResults

The corpususedto train the taggerhasa hugeinfluenceon the performance.lt mustbe a good sampleof the
languageandit mustbe asdomain-specifi@spossiblejn orderto presentsimilar constructionslin this work we
usedthe Brown corpus.Thetag setis not too large, whatfavorsthe accurag of the system but atthe sametime it
is large enoughto makethe systemuseful.

Differentexperimentshave beencarriedout in orderto study the main factorsaffecting the accurag of the
tagging:thesizeandshapeof the contets usedfor thetrainingtable,theinfluenceof the sizeof thetrainingcorpus

andtheevolutionaryparameters.

100

98 - b

96 - b

94 - 4

92 - b

90 - b

88 - b

Correct tagging (%)

86 - b

84 | 8

82 - b

80
1-0 2-0 3-0 1-1 2-1 2-2

Context type

Fig.4. Accuracyrateobtainedor differentsizesof thecontextusingatrainingcorpusof 185000words,atesttextof 2500words,apopulation
sizeof 20individuals,a crossoverateof 50%,anda mutationrateof 5 %.

1) Influenceof the amountof contet information: The way in which the context informationis usedby the
taggeraffectsits performance.This information canbe fixed or variableand have differentsizes. A statistical
analysisof the Brown corpusallowsto determinghe maximumlengthfor whichthe contexts aremeaningful. This
is doneby checkingcorrelationbetweertags thatis, for agiventag X, we have computedP (X 4| X;) for different
valuesof d, thedistance(in numberof tags)betweenX,; and X,. Fromthosedata,we candetermineghe smallest

valueof d for which X, and X, arestatisticallyindependent,e.

This analysishasshovnthatd = 3 is a safevalueandin mostcases! = 1 is enough.Therefore contets longer
than3 areirrelevant.
Figure4 shavs the accuray ratesreachedwith differentcontext sizesandshapegalwaysshorterthand = 3).

Resultsshowv thatthe bestperformances reachedor smallcontet sizes,suchas1-1, probablydueto thefactthat
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for largercontexts the numberof occurrencesf mary entriesof thetrainingtableis not statisticallysignificant.
Anotherremarkabldeatureis thatleft-handedcontets performslightly worsethansymmetricones. This sug-

gestghatmodelsmorecomplex thanMarkov chainsmight capturebetterthe structureof language.

95.5

95 - b

945 - b

94 - 8

Correct tagging (%)

935 - b

93 1 1 1 1
0 2e+05 4e+05 6e+05 8e+05 le+06

Training corpus size

Fig.5. Accuracyratereachedvith differentsizesof thetrainingcorpus,usingcontextsof theform 1-1, atesttextof 2500words,a population
sizeof 20individuals,a crossoverateof 50%,anda mutationrateof 5 %.

2) Influenceof the sizeof thetrainingtext: The next stephasbeenthe studyof the influenceof the sizeof the
trainingtext. For agivencontet pattern,jncreasinghesizeof thecorpusincreaseshequality of the statisticaldata
andhencetheaccuray of thealgorithm.But this saturatesvhenthemaximumaccurag for thatcontext is reached,
sofurtherincreasinghe size doesnot improve the algorithm. This is the optimal sizefor thatcontet. Enlamging
the context will againrequirelargertrainingtext dueto the proliferationof new patternsput this hasa dravback
in thatthetraining tablealsogrows, which slows down the algorithm. So goingto larger contets is only justified
if theincreasdn accurag is significant. Figure5 showvs the increaseof the accurag with the sizeof thetraining
corpusandclearlyillustratesthe saturatioroccurringbeyonda certainsize (around200000wordsin this case).

3) Studyof the EvolutionaryAlgorithm parameters: We have also investigatedhe parameter®f the evolu-
tionary algorithm: populationsizeandcrosseer andmutationrates.Figure6 shavs the resultsobtained.We can
obsene that small populationsare sufficient to obtainhigh accurag rates,becauseahe sentencearetaggedone
by oneandin generala small populationis enoughto representhe variety of possibletaggings. This leadsto a
quickeralgorithm.Cross@er andmutationratesmustbein correspondenceith the populationsize:thelargerthe
population the highertheratesrequired.lt is thereforenot only unnecessarfut alsoincorvenientto increasehe
population.

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

correctnes®f the 95% [15]. Brill’ s model[10], basedon transformatiorrules, with a training text of 120,000
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95.5

95.3 | ]
95.1 | i
949
S L
> 94.7
c
£ ,‘
g 945
= I
© 943
S 1 ——— PS=56, %X=50, %M=5 1
94.1 - e PS=36, %X=50, %M=5 ]
— - - -~ PS=16, %X=50, %M=5 1
93.9 — — — PS=56, %X=60, %M=5 ]
93.7 | ]
93.5 7 ‘ : ‘ ‘ 7
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Iteration number

Fig.6. Accuracyratereachedasa functionof the numberof generationsPSstandsfor the populationsize, %X for the crossoverate,and

%M for themutationrate.

wordsana separatéesttext of 200,000words,obtainedataggingaccurag of 95.6%,whichincreasedipto 96.0%

by expandingthetrainingsetto 350,000words. Thereforeour resultsarecomparableéo thoseof otherprobabilistic

andrule-basedpproachesn spitethatthe systemsisingthoseapproachebave beenspecificallydesignedor this

problem. Furthermorejn this casethe algorithmturnsout to be particularlyfastbecausehe besttaggingcanbe

reachedvith smallpopulationsandjust afew generations.

A studyof the mostfrequenterrorsin thetagginghasrevealedthe following points:

As expectedwordsthatrequirea tagthatis notthe mostfrequentor thatappearsn anodd contet tendto be
taggedncorrectly

In generalthelongerthe sentenceo betaggedthebettertheresults becausén large sentencetherewill be
enoughcontets to compensatéhe weightof someerroneoudaggings.

To decidethe size of the training corpuswe musttakeinto accountthatin taggingsentencesvhosewords
requireoneof its frequenttagsandthat appearin a frequentcontet, the longerthe training text, the more
accuratethe tagging. However, whentaggingsentencesvith wordsthatadoptsomeof their mostraretags,
the lengthof thetraining corpuscanspoil the results.

Anotherobsenationis the correlationbetweenthe parameter®f the algorithmandthe compl«ity (number
of ambiguouswvords)of the texts to be analyzed. The morecomple the text, the larger the populationsize
requiredto quickly reacha correcttagging.

Furthermoreasthe populationsizeincreaseshigherratesof crosseer andmutationarerequiredto maintain

the efficiengy of the algorithm.
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IV. EVOLUTIONARY PARSING

Let us now considerthe processof looking for the structureof a sentenceaccordingto a particulargrammay
i.e. parsing. Parsingis an extremelyimportantstepfor both recognitionand generatiorof naturallanguage. It
is requiredin differentapplicationssuchas the extraction of information from documentsmachinetranslation
(which hasto find the correspondencbetweenthe structureof sentencen two languagespr the generatiorof
answersvhenconsultinga databaseBecausef syntacticambiguity, parsingis a comple problemthathasbeen
tackledwith probabilisticmethods AmongtheseprobabilisticapproacheareProbabilisticContext FreeGrammars
(PCFGs)theonesconsideredn thiswork. In a PCFGeachgrammarule is assigned probability proportionatlto
thefrequeng with whichtherule appeardn thetrainingtext in suchawaythattheprobabilitiesfor all therulesthat
expandthe samenon-terminaladdup to one. The capabilitiesof the parserdependon the probabilisticgrammaiit
uses.The probabilisticgrammaiis extractedfrom atree-bankj.e. atext with syntacticannotationsThetestsetis
formedby the sentenceto be parsedwhich canbealsoextractedfrom acorpus.

Traditionalparserg1] try to find grammarrulesto completea parsetreefor the sentenceFor instancethe main
basicoperationin abottom-upparseliis to takea sequencef symbolsandmatchthemto theright handsideof the
grammarrules. Accordingly, the parsercanbe simply formulatedasa searchprocessof the matchingoperation.
Theseparsersanbe easilymodifiedto takeinto accounthe probabilitiesof therules. Themainideaof a best-first
parselis to considetthe mostlikely constituentsirst.

Accordingto our schemeof constructionof the EA, the populationconsistof potentialparsedor the sentence
andgrammarconsideredTheseparsesarerepresentedh the classicalvay, i.e. astrees.Geneticoperatorsarethen
operationver thesetrees which exchangeor modify someof their subtrees.

We definea fithessfunction basedon a measurementf the “distance”betweenthe individual to evaluateand
a “feasible” and probableparsefor the sentence.The feasibility of the sentencés measuredy the numberof
grammarrulesthathave beencorrectlyappliedin the parsing.The probability of the parseis given by the product
of the probabilitiesof its grammarrules.

The compleity of this processnakesa parallelapproacH3] particularly suitableto speedup the convergence
of the algorithm. This parallelizationcanbe includedin the NLP-EA schemédor all problemswhosecompleity
requiredarge populationsandnumberof generations$o obtainresultsof quality.

Next, the elementof thealgorithmaredescribedalongwith assomeexperimentsandthe parallelimplementa-

tion.

A. Individual Repesentation

The individualsof our evolutionary algorithm represenpotential parsesfor an input sentenceaccordingto a
PCFG.Figure7 shavs somerulesand probabilitiesof the PCFGusedin the experiments. The input sentences
givenasa sequencef wordswhosesetof possiblecateoriesis obtainedfrom a dictionaryor “lexicon” in a pre-

processingtep.Let usconsidera simplerunningexample.For the sentencéthe mansingsa song”we canobtain
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Rul e Prob. | Rul e Pr ob.
S —- NP VP 1.
NP — Noun 0.1 VP — Verb 0. 05
NP — Pronoun 0.1 VP — Verb, AP 0.15
NP — Det, NP 0.2 VP — Verb, NP 0.3
NP — NP, PP 0.1
NP — NP, AP 0.1 VP — Verb, W 0.2
VP — Verb, S 0.1
PP — Prep, NP 0.2
AP — Adj 0.3
W — WH, S 0.3 AP — Adj, NP 0.

16

Fig. 7. PCFGrules. Pro standgfor pronoun,Det for determiney Ad; for adjectve, V' P for verbphrase, N P for nominalphrase,P P for

prepositionaphrase A P for adjectve phrase D P for adverbialphraseand W P for wh-phrase.

the(Det)man(Noun)kings(\érb) a(Det) song(Noun)

An individualis representedsa datastructurecontainingthe following information:

« Fitnessvalue.

« A list of genegepresentinghe parseof differentsetsof wordsin the sentence.

« Thenumberof genedn theindividual.

« Thedepthof the parsetree.

Eachgenerepresentshe parseof a consecutie setof wordsin the sentencelf this parseinvolvesnon-terminal

symbols,the parseof the subsequenpartitionsof the setof wordsis givenin later genes.Accordingly, the infor-

mationcontainedn a geneis thefollowing:

« Thesequencef wordsin the sentencanalyzedby the gene. It is describedby two data: the positionin the

sentencef thefirst word in the sequenceandthe numberof wordsin the sequence.

« Therule of thegrammarsedto parsethewordsin thegene.

« If theright handsideof therule containsnonterminalsymbols,the genealsostoresthe list of referenceso

the genesn which theanalysisof thesesymbolscontinues.

« Thedepthof the nodecorrespondingo thegenein the parsetree. It will be usedin the evaluationfunction.

Figure 8 exhibits somepossibleindividualsfor the sentencef the runningexample. The datastructureused

to representhe individual2 of Figure 8 appearsn Figure9. The first genetells us that the sequencef words

is sggmentedbetweenthe secondand third words, i.e., the first two words correspondo the main N P, andthe
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NP: The man

VP: sings a song

NP -> Det, NP:

Det: The

NP: nman

NP -> Noun
Noun: man

VP -> Verhb, NP:
Verb: sings

NP: a song

NP -> NP, AP
NP -> Noun
Noun: a
AP -> Adj
Adj: song

Individual 1

NP: The man

VP: sings a song

NP -> Adj, NP

Adj: The

NP: man

NP -> Noun
Noun: man

VP -> Verh, PP:
Verb: sings

PP: a song

PP -> Prep, NP

Prep: a
NP -> Noun
Noun: song
Individual 2

17

Fig.8. Possibldandividualsfor the sentenc&hemansingsa song

following threewordsto the main VP. The genealsotells us that the parseof the N P is given by gene2, and
the parseof the VP is given by the gene3. Sincetherule in gene2 hasonly terminalsymbolsin its right hand
side,thereis no subsequergenedecompositionOnthe contrary therule for gene3 presentsa N P symbolin its
right handside,whoseparseis donein gene4. The processontinuesn the samemanner The othergenesare
representedh a similar way.

1) Initial Population: Thefirst stepof anEA is thecreationof ainitial generatiorof P.S individuals,whereP S
is the populationsize. In our casethe individualsof this populationare generatedy a randomselectionof rules
weightedwith their probability.

Let us assumehe individualsof Figure 8 belongto the initial populationandlet us considertheir generation
process. The input sentencas randomlydivided in two partsassignedo main NP and VP, enforcingthat the

sequencef wordsassignedo the main V' P containsat leasta verh In individuall the rule choserat randomto
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(fitness):X
(numberof genes)4
(genes):
(geneid.) (rule) (genedecompoasition):
(firstword, numberof words,gene):
1) S— NP, VP NP:(1,2,2)
VP:(3,3,3)
(2) NP — Det, Noun Det:The
Noun: man
3) VP — Verb, NP  Verb:sings
NP:(4,2, 4)
(4) NP — NP, AP NP:(4,15)
AP:(5,1,6)
(5) NP — Noun Noun: a
(6) AP — Adj Adj: song

Fig.9. Datastructurewhichrepresentindividual 1 in Figure8.

parsethe NP is NP — Det, N P. Thereforethewordsassignedo N P arerandomlydividedin two sequences
assignedo Det and N P. In this casetheword “The” is assignedo Det andtheword “man” to N P. SinceN P
is anonterminalsymbolthe parsingprocesscontinuesandomlychoosinga N P-ruleto parsethe wordsassigned
to N P. The N P-ruleis randomlyselectedbut only amongthoserulesableto parsethe numberof wordsin the
correspondingequencegneword in this case.Therule chosenis N P — Noun. Noticethatawrongrule could
have beenchoseraswell. Theparsingprocesgproceedsn the sameway for the V P, aswell asfor theindividual
2.

Summarizingthe stepgfor creatingindividualsin theinitial populationarethefollowing:

» Thesetof wordsin the sentencés randomlypartitioned makingsurethatthereis atleastoneverbin thesec-
ond part,whichwill correspondo themainV’' P. This decisionhasbeentakento reducethe searctspaceand
improve the performance Notice that this kind of constraintscanbe introducedto improve the performance
without limiting the coverageof the systemif a study of the sentencepreviousto the parseis introducedto
determinghekind of componentshatcanbe safelyexcluded(notonly verbs,but alsoothertypesof compo-
nents).For example,a studypreviousto thegeneratiorof the populationcandeterminghatthe sentenceloes
not presentary prepositionrandthentheparseswill be generateavithout PPcomponentsetc.

« The setof wordscorrespondingo the N P is parsedby randomlygeneratingany of the possibleN P rules.
Thesamds donefor generatinghe parseof the V P with the V' P rules. Theprocesss improvedby enforcing

the applicationof just thoserulesableto parsetheright numberof wordsin thegene.
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« If therulesappliedcontainsomenonterminalsymbolin its right handside,the parsingprocesss appliedto
the setof wordswhich arenot yet assigned cateyory. Rulesareselectedaccordinglyto their probability.

« Theprocessontinuesuntil thereareno terminalsymbolsleft pendingto be parsed.

B. Fitness:Individual Evaluation

In eachcycle, every individualis testedfor its ability to parsethe targetsentencelndividualswith alargerthan
averageratio of correctlyappliedgrammarrulesshouldhave a higherprobability to survive for the next cycle. A
rule is correctlyappliedif eachcomponenbf its right-handside parsesa sub-treeof the kind of the component.
The precisedefinitionis given later asthe conceptof coheentgene. But the probability of the grammarrulesof
theindividual mustalsobe takeninto accountin this evaluation. Accordingly, thefitnessvaluewill be givenby a
coupleof values,f..r.-, Which measureshe ability of anindividualto parsethetargetsentenceand f,, ., which
measureshe probability of the rulesemployedn the parse.

feoner 1S basedon therelative numberof coheentgenes A genewill be considereadtoheentif

a) it corresponds$o a rule whoseright handsideis only composedf terminalsymbols,andthey correspondo
the catgyoriesof thewordsto be parsedoy therule, or

b) it correspondgo a rule with non-terminalsymbolsin its right handside and eachof themis parsedby a
coherengene.

Accordingly, f.oner iS cCOMputedas

. penalizatio
numberof coherengenes- Zielncoherengenes—de—mW

1
©8 total numberof genes

The formulatakesinto accountthe relative relevanceof the genes:the higherin the parsetreeis the nodecorre-
spondingto anincoherentgene the worseis the parse. Thusthefithessformulaintroducesa penalizationfactor
which decreasewith the depthof thegene.

fprob IS CcOMputedas

log(H Prob(g;))
i=1

whereProb(g;) is the probabilityassignedo the grammaticatule correspondingo geney; in theindividual.
Thefitnessis thencomputedasa linearcombinationof both:

Flitness = wfcoher + (1 - W)fprob

wherew(> 0) is a parametemwhich allows to tune the computationduring the evolution process. In the first
generations is higherin orderto produceindividualscorrespondingo valid parsetreeswhile later, w is lowered

in orderto selectthemostprobableindividuals.

C. GeneticOpemtors

The geneticoperatorsconsiderechereinare crossover which combinestwo parsedo generatea new one,and

mutation which createsa new parseby replacingarandomlyselectedyenein a previousindividual.
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function Crossover( Ci, C3, S ): Coff

begin
sel ected.word : = randomchoose(1..length( S))
genel : = identify_gene(Cy, sel ectedword, | ong_chro(Cy))
gene2 : = identify_gene(Cs, sel ectedword, | ong_chro(C3))

while (wor ds(genel) <> words(gene2)) and
(position(genel) <> MAIN.NP) and
(position(genel) <> MAIN.VP) and
(position(gene2) <> MAIN.NP) and
(position(gene2) <> MAIN.VP) do
genel : = identify_gene(C;, selectedword, genel)

i dentify_gene(C,;, selectedword, gene2)

gene2 :
end-while
if (words(genel) = words(gene2))
and (type(genel) = type(gene2)) then

Cauzy = exchange_gene(C;, Cs2, genel, gene2)
Cauzy : = exchange_gene(Cs:, Ci, gene2, genel)
C.ff .= select best(Cauzx,, Cauxs)
else
Cauzxy1 1= C1; Cauzqs = Chy;
erase_gene( Cauxi1, genel); erase_gene(Cauxiz, gene2)
gener at e_par se( Cauzy1, genel)
gener at e_par se( Cauzys, gene2)
Cauzxqyy 1= Cy; Cauzsgy 1= Cby;
erase gene( Cauzs;, genel); erase_gene(Cauzys, gene2)
gener at e_par se( Cauzy1, genel)
gener at e_par se( Cauzis, gene2)
C,ff := sel ect best(Cauxyy, Cauzqis, Cauxsy, Caursys)

end-if
return Cosy

end

20

Fig.10. Crossoveoperationalgorithm.C; andC'; aretheparentindividuals.C',; ; is the offspringindividual. Sis theinputsentence.
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1) Crossover: The crosseer operatorgenerates new individual which is addedto the populationin the nen
generation. The part undera randomlyselectedparents tree point is exchangedwith the correspondingpart of
the other parentto producetwo offsprings,subjectto the constraintthat the genesexchangedcorrespondo the
sametype of syntacticcategyory (NP, VP, etc). This avoids wrong reference®f previous genesn the individual.
Of coursethoseexchangeswhich produceparsednconsistentith the numberof wordsin the sentencanustbe
avoided. Thereforethe crosseer operation(Figure10) performsthe following steps:

» Selecttwo parents(y andCs.

« Randomlyselectaword (sel ect ed_wor d) from theinputsentencéline 1).

« ldentify theinnermostgene(i dent i f y_gen) to whichtheselectedvord correspondf eachparent(lines2

and3).

« If the genescorrespondo differentsetsof words, the next genein the inner mostorderis selected. This
processcontinuesuntil the sequencesf wordswhoseparsesareto be exchangedarethe same,or until the
mainNP or VP arereachedlines4to 7).

« If thetwo selectedyeneparsethe samesequencef wordsthe exchanges performedlines8to 11).

« If theprocesgo selectgenedeadsto the main NP or VP, andthe sequencef wordsdo not matchyet (lines
12 to 22), the exchangecannot be performed.In this casea new procedurds followed: in eachparentone
of thetwo halvesis maintainedwhile the otheroneis randomlygeneratedgener at e_par se) to producea
parseconsistentvith the numberof wordsin the sentenceThis producedour offsprings.

« Finally, thebestoffspringsel ect _best ) is addedto the population(line 23).

As an examplelet us considerthe individualsin Figure 8 andlet us assumethat the word selectedn the input
sentences the determinera. Figure11 shaws the new individualsresultingfrom the crosseer operation. The
selectedvord correspondso genesof differentkind in eachindividual (Noun and Preposition)andthereforecan
not be exchanged.The next genecontainingthe selectedvord in its sequencef wordsis now considered.This
correspondso the main'V P in bothindividualswhich now canbe exchanged.This exchangeproducedwo new
individuals(Figurel1). Thebestindividual out of thetwo offspringsis numberl, whichis addedo the population.

2) Mutation: Selectionfor mutationis donein inverseproportionto the fitnessof anindividual. Mutation
operationchangeshe parseof somerandomlychosersequencef words.

Themutationoperation(Figure12) performsthe following steps:

« A geneis randomlychoserfrom theindividual (lines1to 2).

« Theparseof theselectedyene,aswell asevery genecorrespondingo its decompositionareerasedline 3).

« A new parseis generatedor the selectedyene(line 4).

Let usconsiderthe individual 1 of Figure8, andlet usassumehe randomlychosengenefor mutationis the one
correspondindo the parseof the main VP. Thena new parseis generatedor the sequencef wordsof this gene,

producingtheindividual of Figure 13, which providesa correctparseof theinput sentence.
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NP: The man

VP: sings a song

NP -> Det, NP:

Det: The

NP: nman

NP -> Noun
Noun: man

VP -> Verb, PP:
Verb: sings

PP: a song

PP -> Prep, NP
Prep: a
NP -> Noun

Noun: song

Offspring 1

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

Offspring 2

Fig.11. Individualsproducedy acrossovepperationontheindividualsin Figure8.

begi n

A W N B

end

sel ect ed_gene :
erase_parse(C,

gener at e_parse(C,

function Mutation(C, S)

n : = nunber genes(C)
randomchoose(1..n)
sel ect ed_gene)

sel ect ed_gene)

Fig.12. Mutationoperationalgorithm.
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NP: The man

VP: sings a song

NP -> Det, NP:
Det: The

NP: man si ngs

NP -> Noun

Noun: man sings

VP -> Verb, NP
Verb: sings
NP -> Det, NP

Det: a
NP -> Noun

Noun: song

Fig. 13. Individual resultingfrom a mutationoperationof theindividual 1 in Figure8.

D. ExperimentaResults

Thealgorithmhasbeenimplementedn C++ languageandrun on a Pentiumll processarin generalthe prob-
abilistic grammaris extractedfrom atext syntacticallyannotated.However, the sentence®f real texts present
additionalproblems suchas punctuationsymbols,expressionf multiple words,anaphoragtc, which have not
beenconsideredn this implementation.Becauseof this, the grammarandthe sentencesisedin the experiments
presentedhereinareartificial, constructedo testthe system.In orderto evaluatethe performanceve have consid-
eredthe parsingsof the sentencesppearingn Tablel. The averagelengthof the sentencess around10 words.
However, they presentdifferentcompleities for the parsing,mainly arising from the lengthand the numberof
subordinatgphrases.

1) StudyoftheEAparameters: Experimentsncludethestudyof the performanceavith respecto the population
size. Figure 14 shavs the numberof generationgequiredto reacha correctparsefor eachsentenceversusthe
populationsize. The behaior is differentfor eachsentenceln generalthe higherthe “sentencecompleity”, i.e.
thelengthandthenumberof subordinatghrasesthe largerthe populationsizerequiredto reachthe correctparse
in areasonablaumberof steps.Accordingly, we canconsiderthatthe sentenceareapproximatelysortedby their
increasingcompleity. We canobsenre in the graphthat the simplestsentencesl and2, reachthe correctparse
in afew generationgvenfor smallpopulationswhile sentence requiresa large numberof generationgo reach

the solution for small populations. On the otherhand, sentenced and5 only reachthe correctparsefor large

February25,2003 DRAFT



24

1 | Jack(nounppoke(erb)with(prep)Sue(nounpbout(prepjhe(det)oook(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(ad))
thing(noun)

4 | The(det) man(noun)who(wh) gave(verb) Bill(noun) the(det) mone/(noun)
drives(\erb)a(det)big(adj)car(noun)

5 | The(det)iman(nounwho(wh)lives(werb)in(abv) the(detyed(adjhouse(noun)
sawv(verb) the(det)thieves(nounjn(abv) the(det)bank(noun)

TABLE |

SENTENCESUSED IN THE PARSING EXPERIMENTS.

500 ' \
\\ —— Sentence 1
\ -~ Sentence 2
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\- ~, —-— Sentence 5
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\ \
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\ \ \
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i T
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Population Size

Fig. 14. Numberof generationsequiredto reachthe correctparsefor differentinput sentencesyhenusinga crossoverate of 50% anda
mutationrateof 20%.

populations.But large populationseadto replicationof individualsandslow evolutions, so high percentagesf
geneticoperatorsaarerequiredto speedup the process.

In orderto illustratethe performanceof the evolution processfFigure 15 representshe fitnessof the bestindi-
vidual in the populationversusthe numberof generationgor sentence, with a populationof 50 individualsand
differentcrosse@er and mutationrates. The first obsenation is that the fithessgrows abruptly at certainnumber
of generationsWe canalsoobsenre thata minimum percentag®f applicationof geneticoperatorss requiredin
orderto reachthe correctparse.Thus,for the populationsize consideredyith a cross@er percentagef 10%and

one of mutationof 5% the solutionis not reachedn 500 generationswhile with percentagesf 30% and 10%
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respectiely the solutions reachedafter 450 generationsandwith percentagesf 50% and20% respectiely the

solutionis reachedhfter100generations.

1 ‘ :
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%X:10, %M: 5
06 ! -~ 9%X:30, %M:10 q
i - - -~ %X:50, %M:20
04 Il Il Il Il
0 100 200 300 400 500

Generations

Fig. 15. Performancef thesentence for differentparametesettingswith a populationsizeof 50 individuals.

E. Parallel Parsing

Despitethe ability of evolutionaryalgorithmsto find a “good” solution, thoughperhapsapproximateto opti-
mizationproblems;jf suchproblemsaretoo hardthey requireavery long time to givenananswer This hasled to
differentefforts to parallelizetheseprograms.Basically the approacheto this parallelizationcanbe classifiedin
two groups[13], [26]: global parallelizationandislandor coarse-gainedparallelization.In thefirst methodthere
is only one population,asin the sequentialmodel,andit is the evaluationof individuals,and the applicationof
geneticoperatoravhatis parallelized.Thus,thebehaior of the sequentiablgorithmdoesnotchange.This method
canobtainsignificantspeedupf the communicatioroverheads low, asit happensn sharedmemorymachines.

Theislandor coarsegrainmodelis probablythemostpopularapproactor parallelizatiorof EAsbecausé does
notrequirea high costin communicationsandit thereforeexhibits a high portability. In this model,the population
is dividedin subpopulatioror demeswhich usuallyevolve isolatedexceptfor the exchangeof someindividualsor
migrationsafteranumberof generationsln this casewe canexpectadifferentbehaior with respecto theparallel
model,both becausehis modelemploysdifferentparameter®f the algorithm (suchas populationsize,which is
smallerin eachdeme)andbecauséhe dynamicsis completelychangedy migrations. This canresultin a faster
convergence.Thoughsucha fastercornvergencemay; in principle, reducethe quality of the solutions resultsshov
[14] thatthe parallelmodelwith smallerpopulationsbut with migrationamongdemescanimprove the quality of

the sequentiabolutions andthatthereis anoptimalnumberof demeswvhich maximizesthe performance.
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Thecompleity of the parsingproblemmakest appropriatdor implementinga parallelversionof the EA. Both
thefitnessfunctionandthe geneticoperatorsareexpensve enoughto makethe evolutionaryprogramappropriate
for acoarsegrainparallelmodel. Accordingly, the parallelimplementatiorfollowsanislandmodel,in which, after
a numberof generationsgemesexchangesomeindividuals. The systemis composedf a numberof processes,
called coopentive parsers eachof which performs,by evolutionary programming,a parsefor the sameinput
sentenceThe seedin eachdeme(randomnumbergeneration)s differentin orderto obtaindifferentindividuals
in differentpopulations. Thereis a specialprocess known as main selector which selectsthe bestindividual
amongthe bestonesof eachdeme.In orderto reducethe communicationmigrationsarenot performedfrom one
demeto eachother, but only to the next demein around-robinmanner(Figure16). The N cooperatre parsersre
assignednarbitrarynumberetweer) andN — 1, andthe N — 1 parserconsidershatits next parsetis numbered).
Neverthelessthis policy hasbeencomparedo anall-to-all policy in orderto guarante¢hattheadoptedptiondoes

not implies a significantreductionof the solutionsquality. The modelis asynchronousandafter a fixed number

MS CP CP CpP CcpP

Fig.16. Migration Policy. CP standsfor Cooperatie parserMS for Main Selector

of generationsa parsersendsa fixed numberof individualsto the next parserandthencontinuesthe evolution

checkingin eachgeneratiorthe arrival of the samenumberof individualsfrom the previous parser The selection

of individualsto be sentin a migrationis donewith a probability proportionalto their fithess.
Differentexperimentshave beencarriedout in orderto tunethis basicmodel. Theseexperimentsaredescribed

in thenext section.

F. Experiments

Thealgorithmhasbeenimplementedn the C++languageon a SGI-CRAY ORIGIN 2000computemusingPVM
(Parallel Virtual Machine) [20], a softwarepackagewhich allows a heterogeneousetwork of parallelandserial
computergo appearasa single concurrencomputationatesource.In orderto evaluatethe performanceve have

consideredhe parsingof the mostcomplex sentenceappearingn Tablel.

Tablell shavs the improvementin performanceobtainedwhenincreasingthe numberof processorsThis ex-
perimenthasbeencarriedout with a populationsizeof 200 individuals,the minimum requiredfor the sequential
versionto reachthe correctparse a cross@er rate of 50%, a mutationrateof 20%, a size of migratedpopulation
of 40 andaninterval of migrationof 15 generations.We can obsenre thatthe parallel executionachie/es a sig-
nificantimprovementevenwith only 2 processorsWe canalsoobsene that performanceeachesaturatiorfor a
certainnumberof processorgaround8). However, thesefiguresare expectedto increasewith the compleity of
theanalyzedsentences.
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Sequential Parallel
Sentence 2Proc. | 4 Proc.| 6 Proc. | 8Proc. | 10Proc.
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
sentence§ 52.70 2540 | 22.71 | 19.34 | 1493 | 14.79
TABLE Il

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

V. CONCLUSIONS

Thiswork developsageneraframevork, the NLP-EA schemeéo designevolutionaryalgorithmsdevotedto tasks
concerningStatisticaNaturalLanguageProcessingNLP). Thestatisticaimeasuremenextractedby thestochastic
approacheso NLP provide anappropriatditnessfunctionfor the EA in a naturalway. Furthermorethe corpusor
training texts requiredfor the applicationof statisticalmethodsalsoprovide a perfectbenchmarkor adjustingthe
algorithmparameter§populationsize,cross@er andmutationgates etc),afundamentaissuefor the behaiour of
thealgorithm. On the otherhand,EAs provide their characteristiavay of performinga non-exhaustie searchfor
solvingNLP tasks.Accordingly, a naturalsymbiosishetweerthe statisticaNLP techniquesindthe EAs arises.

TheNLP-EA scheméiasbeenillustratedwith anevolutionaryalgorithmfor taggingthatworkswith apopulation
of potentialtaggingsfor eachinput sentencén the text. The evaluationof individualsis basedon a training table
composedf contets extractedfrom a setof training texts. Resultsindicatethatthe evolutionaryapproachs a
robustenoughapproacHor taggingtexts of naturallanguagepbtainingaccuraciexomparablédo otherstatistical
systems.Thetestsindicatethatthe lengthof the contets extractedfor the training is a determiningfactor for the
results.

Anotherexampleof applicationof the EA-NLP schemehasbeenan evolutionaryalgorithmfor parsing.In this
case,the algorithm works with a populationof potential parsesfor a given PCFG and an input sentence.The
appropriatedatastructureto represenpotential parseshasbeendesignedn orderto enablean easyevaluation
of individuals and applicationof geneticoperators. Again the resultsindicatethe validity of the EA approach
for parsingpositive examplesof naturallanguageandthus, the systemdevelopedherecanprovide a promising
starting point for parsingsentence®f realisticlength and complity. The testsshav that the EA parameters
needto be suitablefor the input sentenceompleity. The morecomplex the sentencdlengthandsubordination
degree),the larger the populationsize requiredto quickly reacha correctparse. Furthermoreasthe population
sizeincreaseshigherratesof crosseer andmutationarerequiredto maintainthe efficieng/ of thealgorithm. This
algorithmhasbeenparallelizedn theform of anislandmodel,in which processorsxchangemigratingpopulations
asynchronouslandin around-robinsequenceResultsobtainedfor theseexperimentsexhibit aclearimprovement
in the performancethusshawving thatthe problemhasenoughgranularityfor the parallelization.

Theseexperimentsindicatethe effectivenesf an evolutionaryapproacho taggingandparsing. The accurag
obtainedin taggingwith thesemethodss comparabldo that of otherprobabilisticapproachesn spitethatother
systemausealgorithmsspecificallydesignedor this problem. The evolutionaryapproachdoesnot guaranteghe
rightansweybut it alwaysproduces closeapproximatiorto it in areasonablamountof time. Ontheotherhand,it
canbea suitabletool for NLP becausaaturallanguagepossesomefeaturessuchassomekindsof ambiguities,
not even humanbeingsare able to resole. Furthermorethe resultobtainedfrom the EA canbe the input for
a classicmethod,which in this way will performa smallersearchwith methodssuchaslogic programmingor

February25,2003 DRAFT



28

constrainprogramming.

Other possiblefuture works are the unsupervisegrocessingof differentNLP tasks. For instance,we could
be interestedn performingunsupervisedaggingof texts becausave do not have an appropriatetaggedcorpus
availablefor training. In this casetherewould be no trainingtexts andall statisticalinformationwould have to be
extractedfrom thetext to betagged.EAs canbe appliedto performthis kind of tasks,usinggeneralization$or the
tagsuntil they getenoughinformationto decidethe mostappropriatdag.

EAs might alsoprovide new insightsanda new directionsto investigatethe statisticalnatureof thelanguageln
particular they cangive a new approacho naturallanguagegenerationfor which the spaceof the resultsis very
muchopen.
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