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Abstract

The grammarsof naturallanguagesnay be learnedby using geneticalgorithmsthat
reproduceand mutategrammaticatulesand part-of-speechags,improving the quality of
later generation®f grammaticacomponents Syntacticrulesarerandomlygeneratecnd
thenevolve; thoserulesresultingin improved parsingandoccasionallyimprovedretrieval
andfiltering performanceare allowed to further propagate.The LUST systemlearnsthe
characteristicsf thelanguager sublanguagesedin documengbstractdy learningfrom
the documentrankingsobtainedfrom the parsedabstracts.Unlike the applicationof tra-
ditional linguistic rulesto retrieval andfiltering applications LUST developsgrammatical
structuresandtagswithoutthe prior impositionof somecommongrammaticahssumptions
(e.g.,part-of-speeclassumptions)producinggrammarghatareempirically basecandare
optimizedfor this particularapplication.

*Theauthorwishesto thankStephaniddaasfor discussionsluringthe courseof thisresearch.



1 Introduction

A languagecontainsa setof termsandrulescapableof manipulatinghe terms,producingthe
“grammatical’statementpermittedby thelanguageUsingthe LUST (LinguisticsUsing Sex-
ual Techniquesyeneticalgorithmsystemwe have developedandevaluatedgrammardased,
notontheir degreeof similarity to grammarsntellectuallydevelopedby humangrammarians,
but, instead,on how well a systemperformsa taskusingthe geneticallydevelopedgrammar
The progressie improvementof the grammarmproducedby LUST will graduallyincreasethe
performancef theretrieval taskonwhich LUST wastrained.Thegrammatusedhereto parse
naturallanguagédext is representedsa “gene” that evolvesthrougha processsimilar to that
foundin naturalselectionwherethosecreaturesn anervironmentthathave anadvantageover
othercreaturesaremorelikely to survive andproliferate. LUST allows for rulesto be gener
ated,propagateor “die off,” dependingon how well theretrieval or filtering taskis performed
thatusesLUST’s grammaticakulesand part-of-speectassignmentsin a documentretrieval
orfiltering systemapplyinggrammaticatagsto thelist of termsrepresentingedocumenpro-
videsadditionalinformationaboutthe semantiaccontentand structureof the documenthatis
not presenin the untaggeddocument.One parsemay fail to distinguishbetweentwo differ-
entusesfor the sameterm, resultingin corventionalretrieval performancewhile animproved
parsemay notethe distinctionandproducebetterretrieval thanwould be producecdby thefirst
parse.

Informationretrieval andfiltering systemscanretrieve or predictthe usefulnes®f docu-
mentinformationgivenbibliographicdescriptionof the document.Theseretrieval andfilter-
ing systemsnay be studiedusingtraditionalretrieval andfiltering performanceneasuresuch
asprecisionandrecall (Salton& McGill, 1983; Van Rijsbegen, 1979)or measuresuchas
averagesearchength(Losee,1991).Eachretrieval performanceneasureansene asafitness
functionfor a geneticalgorithmsystem,suchasLUST, providing a measuréyy which gram-
maticalrulesdevelopedby LUST may be evaluated.Thoseruleswhoseapplicationresultsin
improveddisambiguatiorareexpectedo producamprovedretrieval andfiltering performance,
or, in theworstcasewe expectthatsuchknowledgewill nothurtretrieval performance.

Humangrammariansisually assumehat individual termsusedin naturallanguagemay
be groupednto categories,which we referto asparts-of-spedt, andthenlabeledwith gram-
maticaltags,andthatlinguistic rulescanbe usedto manipulateary term having certainchar
acteristics.Commonlyacceptedparts-of-speecimclude suchcategyoriesasverb, object and
noun amongmary others.Thebasisfor definingandusingthesegrammaticatomponentsas
alwaysbeenalooseone,basedn how well thegrammaticatatgoriesseemnto “fit” grammar
ians’ intuitionsaboutthe fundamentastructureof alanguage.

With the formalizationof syntacticrulesby Zellig Harris (Newmeyer, 1986) and Noam
Chomsly (1965),varioussetsof syntacticrulesandcriteriafor suchruleshave beenproposed
andcanseneasthebasisfor thegrammarslescribedelov. Onemayalsoexaminethe parsing
or understanding@f phrasesandsmall partsof sentencesdn lieu of parsingentire sentences.
Someapproacheslescribethe statisticalrelationshipsexisting betweentermsusing hidden
Markov models(Charniak,1993). Otherwork emphasizethe examinationof phrase®r term
clumpsboundedy termwindows (Haas& Losee1994;Losee 1994). Theresearcldescribed
belowv begins by viewing sentencef termsof their grammaticakcomponentsatherthan by
takingamorestatisticalapproachFutureresearchvill attempto studymorelimited structures
thatthe authorbelievesmaybelearnedandmodeledmorepreciselythancanwhole sentences.

Geneticalgorithmscanbeusedto learnthe characteristicsf awide varietyof phenomena,
bothinsideandoutsidelinguisticanddocumentetrieval domains In additionto beingapplied
in avariety of biologicalandindustrialervironmentsthey have beenusedto modelandstudy



the historicalchangesn a language(Clark & Roberts,1993). The natureof linguistic phe-
nomenamay be learnedthroughthe applicationof othertechniquessuchasneuralnetworks
capableof learningto associateventswith otherevents. Geneticalgorithmswere choserfor
thiswork becauseat eachstagein the evolutionaryprocessa full grammarandsetof part-of-
speechagsis provided by the gene,makingeasierthe qualitatve and quantitatve evaluation
of thederivedlanguage.

In this work, we empirically studyhow geneticalgorithmsmay be usedto assignparts-of-
speechtagsto a setof terms. Thesepart-of-speeclassignmentsare allowed to evolve, with
thosepart-of-speeclassignmentteadingto gainsin the valueof a fithessmeasurge.g. im-
provedretrieval results)contributingto a greaterchanceof the part-of-speeclassignmensur
viving. Thosepart-of-speeclassignmentsesultingin poorretrieval arelesslikely to survive
andareinsteadreplacedy otherpart-of-speeclassignments.

2 Syntactic Genes

A grammadescribingalanguagenaybeunderstoodsconsistingpf asetof grammaticatules
anda setof part-of-speeclhagsfor terms. Thesesyntacticrulesandthe relationshipdbetween
grammaticaltagsand termsmay be storedas alleles,individual elementswithin genes for
analysiswith a geneticalgorithm. A rule, suchas A — BC, may represengrammatical
componentd beingcomposedf grammaticakcomponentsB and C, in thatorder (Within
LUST, thereareprovisionsfor usingthe IDLP grammardescribedn (GazdayKlein, Pullum,
& Sag,1985),which usessomeunorderedulesunlike thoseusedin moretraditionalstudies
of syntaxandis attractingincreasingnterestin thelinguisticscommunity(Briscoe& Carroll,
1993;Chitrao& Grisham,1990)).

Forthepurpose®f the LUST systemgachgenecontainsa setof syntacticrules(aconstant
numberof rulesfor eachpossiblepart-of-speecbntheleft handsideof asyntacticrule). Each
non-terminakymbolon the left handside of a rule could have n. differentrulesdescribingits
directcompositionwheren = 5 is thedefaultvaluefor theexperimentsiescribedelov. Each
termhastwo (not necessarilylifferent)part-of-speeclassignmentsThus,the termrun might
evolveto beingtaggedasa verbor a nounor both. Note thatfor our purposespart-of-speech
labelsarearbitraryandhave no “meaning”to the system.The systemdoesnotlabelatermas
beinganoun,for example,or averl; insteadalabelnumbeiis attachedo severalterms.These
may be understoody a humanto be memberof a certaincateyory of term. For example,all
termsof category 5 mightbe understoodby a grammariario beverbs,but LUST doesnotneed
or usethisinformation.

Syntacticproductionrulesmay vary in the numberof termson theright handside of the
rule, or eachproductionrule may have a fixed numberof terminalandnon-terminaksymbols,
e.g.2. LUST featureamaybe producedy atruncatedPoissorprocessgeneratingan average
of 1.8 termsperrule (anarbitrarily chosemumber)andnever producing0 terms. Therefre-
quentlywill be1 or 2 termsperrule, andseldomover5 termsin arule. A similar distribution
hasbeenrecentlyproposedy Lankhorst(1994).

3 Parsing and the Retrieval Process

Theparsingandretrieval processn the LUST systenbeginswith the parsingof eachsentence
with achartparser(Charniak,1993).Givena setof grammaticalulesandpart-of-speeckags,
the chartparserproduceghe setof parseghat canproducethe sentence Disambiguationis



accomplishedy selectingthe parseproducedby applyingthe fewestnumberof rules. The
chart parserproducesfor eachterm the accompaping grammaticalttags, eachterm having
attachedo it all thosegrammaticaimarkersfound whenmaoving up a conceptuabparsetree
for n levels. Thusif n = 1, thetermdog in dog bitesmanmight be storedasthe unit dog—
nounwhile if n = 2 (the LUST default) it might be storedasdog—noun—subjecEachterm
complis treatedasa unit, anddog—noun—subjeds treatecasa differenttermcomplex than
dog—noun—objectn mostcasedelow, it is obviouswhetherwe aredescribinganindividual
termor atermcomple andthusreferto both asa term; whenconfusionmight arise,we will
useeitherthe expressions'term” or “term complex.” Notethatn = 0 providesessentially
untaggederms,suchasis foundin documentetrieval or filtering systemsaving nolinguistic
knowledge.

LUST usesdocumentabstractdor parsingandretrieval. In someexperimentsdescribed
below, only the first sentencef eachabstracts used,while in others,all sentenceareused.
Documentitles arenot currentlyused.Often, multiple parsesareobtainedfor eachgrammat-
ical componenanddisambiguations usedto selectoneof the parsesasthe parseto be used
for theremaindeiof theprocessing.

Documentsareweightedusinga traditionalprobabilisticweightingformula (Robertsor&
SparckJones,1976; Bookstein,1983; Losee,1988). Eachdocumentj is assigneda value
basedon the sumof termor term complex weights,basedon probabilitiesof termsoccurring
in agivenclassof documents:

NP/ —pi)
RSV; —izzldzlog /i)

wherep; is the probabilitythata binaryfeaturei is presentn relevantdocumentsandg; is the
probability that binary features is presenin non-rele/antdocuments Documentsareranked
for retrieval or examinationin orderof their retrieval statusvalue (RSV). The averagesearch
length(ASL), the averagenumberof documentsetrieved whenretrieving a documentin the
averagepositionof a relevantdocumentmay thenbe computedfrom this rankingand from
knowledgethe systemhasabouttherelevancevaluesfor eachdocumentgiventhequery).

Whenatermcomplex containgnorethanthesingleterm,thatis, it containsagrammatical
tag,the sametermmayoccurin differentcomplexes. Probabilitiesof term complexesmay be
difficult to estimateaccuratelysince for example theremaybetwo typesof dog occurrences,
oneassubjectandoneasobject,bothoccurringwith alowerfrequeng thantheuntaggederm
dog. In arealisticretrieval or filtering systemtheseprobabilitiesmustbeestimatedandhaving
fewer occurrencesf atermcomplex (ascomparedo whatwould be obtainedn corventional
systemsawithout tagging)will usuallyresultin lessaccurateestimatedecausef fewer data
pointsbeingincludedwhenmakingeachestimatelt remaingo beseenwvhethemakinglower
quality estimatesf probabilitiesof moreaccuratelytaggedext featureswill resultin improved
or possiblyevendiminishedperformancélLosee Bookstein& Yu, 1986).

4 EvaluativeCriteria

Whenmodelingevolutionaryprocessessinggeneticalgorithmsit is necessaryo useafitness
functionto evaluatethe performanceor “fitness” of anindividual gene. Thosegeneghatare
mostfit are mostlikely to survive, with lessfit genesdying off, beingreplacedby the fitter
genes. Several possiblefunctionsmay be usedin determiningthe fithessand efficacy of a
grammar Onefunctionthattheauthorhasusedpreviously (Losee, 1994)is theaveragesearch



length(ASL). Evaluatingthe performanceof a filtering or retrieval processwith the ASL sat-
isfiesmary of the needof retrieval researchersn thatit providesa singlenumbemeasuref
performancethe ASL is capableof beingpredictedanalytically (Losee,1995),andthe ASL

is easilyunderstoody a systems endusers.Thisis unlike mostof the otherretrieval andfil-

teringmeasurebasedn precisionandrecallthatareusedto evaluateretrieval systemsOther
measuremaybeusefulin determininghefitnessof agrammar Onemeasurés the numberof
rulesappliedduringthe parsingprocess Anotherfitnessfunctionis the average(over a setof
sentences)f thelargestnumberof termsin a parsefor eachsentencethe averagemaximum
parsdength(AMPL).

Becauseroperlyassigninghe part-of-speeclo atermis not expectedo improve greatly
retrieval andfiltering performancemeasuregombiningthe ASL anda secondmeasurehat
doesnot dependon retrieval performancemay be useful. In the work below, a usefulfitness
measuravasobtainedoy weightingthe ASL valueandthe AMPL sothatonehundredttof the
AMPL wasaddedo thenegationof the ASL. Thegreatetthevaluefor thiscombinedunction,
thefitter the genethatproducedt. It is commonfor differentgenego producethe sameASL
value,andaddingthe AMPL allows for a finer level of discriminationbetweengenes. The
modificationactsto breaktiesthat exist whenusing ASL aloneasthefitnessfunction. When
two geneswith identical ASLs arecomparedthe genewith thelarger AMPL is selectedThis
weightinghasthe sideeffect of selectinga new geneif thenew genehasaninferior ASL but a
muchsuperiormaximumparselength. This computationamethodis usefulwhenthe ASL is
notaverygoodmeasur®f thequality of parsingperformancelueto thelimited improvements
obtainedwith disambiguation.

5 TheLUST System

The LUST systemhasbeendevelopedasa rapid prototypingsystemthat canbe easilymodi-
fied asthe experimentergainsinsightsinto the applicationof geneticalgorithmtechniquego
linguistic analysis.All codewaswritten usingUnix Bourneshellscriptsandgawk, a version
of awk. Executiontime for programsvasslower thanwould have beenobtainedwith codein
alowerlevel languagesuchasC or C++. However, Unix shellscriptsare particularlyefficient
athandlingnaturallanguageext suchasthatstudiedhere,allowing the programso be easily
codedandmodifiedfor differenttests.

A databasef 108 abstractavasdevelopedcontaining988 sentencesTheseabstractare
in five groups,eachbeingan extractfrom oneof five larger databasesn psychologydevel-
opedby StephanieHaasfor sublanguaganalysis(Loseeand Haas,1994). Eachof the five
groupswasoriginally retrievedwith a singlequery thusall documentsn a grouparesimilar
in atopical sense.Documentsabstractsvere manuallyplacedinto a regular linguistic form,
with parentheticatommentgemovedin somecasesabbreviationsexpandedspellingsmade
consistentetc.

The approximatelytwenty documentsn eachof the five groups,for a total of 108, were
treatedas“relevant” to aninformationretrieval query Thus,documentsn groupl werecon-
sideredrelevant(anddocumentsn the othergroupsnon-releant)to a particularquery andthe
documentstankingswerethenmeasuredThis wasdoneiteratively for documentsn eachof
theotherfour groupsandtheperformancdiguresfor retrieving therelevantdocumentsn each
of thefive groupswasaveraged Performancevasmeasuredby the ASL.

Termsusedin theretrieval processarelabeledby LUST asto their part-of-speechLabels
are arbitrary indicating for examplethat two termssuchas run andwalk have a common
part-of-speechratherthanindicatingthata term hasa part-of-speecthatmight be foundin a



grammarext (e.g. verb). To simplify the grammay only ten parts-of-speeckvere used(and
twentynon-terminakymbolswereused).

Mutationstake placein LUST by producingnew rules,combiningfragmentgrom theright
handsideof “fit” ruleswith thesamdeft handsideastheruleit replacesaswell asoccasionally
producingfragmentswith randomcontents Those"fit” rulesthatcontritutefragmentgoward
producingthenew rule arereferredto hereasthe“parents; with thenew genebeingreferredo
asan“offspring”or “child.” Rulesthataremostusefulwhentheparentsgrammarseneasthe
basisfor the parsemaybeincludedwith greaterfrequeng in wholeor in partin the offspring,
while rulesthat are seldomusedmay be morelikely to be replacedwith a new, randomrule
(with the sameleft handside asthe rule it replaces).A similar proceduremay be usedfor
therulesgoverningtermsandtheir dominatingnon-terminakymbols(grammaticatags).This
would have the effect of weightingthe offspringby thosepartsof a parentthathave beenmost
usefulto the parent(Clark & Roberts1993).To simplify theinterpretatiorof genesn LUST,
theresultsdescribedelov werederivedfrom a systemwith a constanprobabilityassignedo
thepossibility of eachrule changing

Therearealwaysthreegenesn useby the LUST systemnumberedl, 2, and3. Genesl
and2 arealwaysparentsgenedoundpreviouslyto bethemostfit, while gene3 is theoffspring
producedy theparentsnating. Thefithessof gene3 is determinedy examiningthesentences
beingparsedthedocumentankingsandtheresultingperformance)After assigninga fithess
valueto Gene3, thethreegenesarethensortedin orderof the value of eachof their fithess
functionsto getan orderedsetof geneswith the fittesttwo becomingthe parentsof the next
generation.

Unlike someevolutionary systems,LUST only producesa single offspring. Eachgene
containsa setof alleles,or rules,andwhenoffspringareproducedthe offspringcontainsome
allelesfrom one parentandsomefrom another For example,a humanchild may inherit the
shapeof its earsfrom oneparentandhair color from anothemparent.In LUST, anoffspringhas
someof thecharacteristicef eachparentwith somecharacteristicbeingrandomlygenerated.
Theparsingfunctiontakesup thevastmajority of the LUST systemstime, andevaluatingthe
fitnessfunction(parsing)is to beminimizedbecausgarseraregenerallynotveryfast. Rather
thantwo parentshaving two offspring, eachof which would needto be fully evaluated,we
produceonly a singleoffspring,which hasthe capabilityto beincorporatednto the procesof
producingthenext offspringif it is afitter gene.Thisintroducesuperiorgenesnto theparsing
processnorequickly thanif two genesvereproduceceachgenerationThisincreasesherate
of learning,althoughvaluablerulesfrom oneof the parentscanbelostif thereareotherrules
in thechildrenthatare“better” thanthelostrule.

The initial grammaris madeusing randomprocesseshat producerules consistentwith
the proceduresabove andthe parametersf eachparticularexperiment. Copiesof this initial
grammaticalgenebecomeboth parentsandthe initial offspringwhenthe systembeginsrun-
ning. Theoffspringis thenevaluatedandthe mutation/reproductior parsing- retrieval cycle
begins.

6 Results

Resultdrom simulationausingthe LUST systenmsuggesthatthe systemcanlearninformation
aboutlinguistic structuresasevidencedby the consistenincreasen retrieval performances
syntacticgenesevolve. Eachsimulationrunsfor a particularnumberof generationswith the
probabilitythata syntacticrule will be changedduring a generatiorhaving a default value of
.20 andthe probabilitythata termwill be assigned new part-of-speectag having a default
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Figurel: Learningof syntacticrulesalone,part-of-speechagsalone,andbothtypesof rules.
The datafor learningsyntacticrules aloneruns concurrentlyfor much of this datasetwith
learningsyntacticrulesandtagstogether

valueof .20. Two part-of-speeckagsareassignedo eachtermand>5 rulesgovernthe possible
productionsor transformationshat cantake placefor eachnon-terminalsymbol. The default
numberof termson theright handsideof a syntacticrule was2.

Eachfigureshavsthesmoothed/aluesfor a datasetfrom thefirst generatiorup to thelast
usefulvalue obtainedin the simulation. Thesegraphscomparethe averagemaximumparse
length (AMPL) over the set of databaseandthe numberof generationghat have elapsed,
up to the last generatiorfor which we know thatall datais available. The last performance
valuethat was obtainedin eachsimulationmight (or might not) have beenthe valuefor the
next generatiorif the simulationhad beenallowed to continue. For this reasonthe average
generatiorfor a particularperformancdevel could not be determinedor the final generation
andthesevalueswerenot usedin determiningthe performancalatagraphedhere. This data
was truncated having the effect of making someplots appearshorterthan others,although
resultsarefrom the sameexperiment.

All the experimentalresultsmay bestbe viewed againsta baselineAMPL obtainedfrom
randomlygeneratedyenesof 3.9 to 4, with the variancebeing due to variationsin system
options.Similarly, the ASL obtainedvhenno parsings usedis 49.914. Thiscanbeinterpreted
assayingthattheuserwould needto examineanaverageof 49.914 documentsvhengettingto
theaveragerelevantdocumentn thistestdatabase.



6.1 Learning Syntactic Rulesand Part-of-Speech Tags

Figurel shavstheresultsfrom onesetof simulationswhereonly syntacticruleswerelearned
andallowedto mutate,thatis, wherethe tag valueswerekept constant. Anothersimulation
allowedonly thepart-of-speeckhomponento belearnedforcingthesyntactigproductiorrules
to remainconstant.A third experimentshavs whathappensvhenboth syntacticandtagging
rulesarelearned.Thefigure shavs thatlearningeitherthe taggingrulesor the syntacticrules
separatelydoesresultin improved parsing. Learningboth taggingrules and syntacticrules
togetheappearso addlittle to learningthesyntacticulesalonefor this caseput sincelearning
taggingrulesalonedoesimprove performanceit wasdecidedo learnbothsyntacticrulesand
tagsfor theexperimentdelow.

6.2 Partsof Speech

Thesexperimentsvereintendedo learngrammaticatomponentsfrom scratch, thatis, they

usevirtually no prior knowledgeaboutthe parts-of-speecbf individualtermsandthe syntactic
rulesof the language.Oneareaof interestis how muchassistancés providedto the parsing
processwhensomelimited prior informationis available. This wasdoneby labelingall the
following termson eachline belov asbeingof the samepart-of-speechvhenthefirst geneis

produced:

above belov onin nearthroughwith
orand

| you hesheit we they

aanthe

all numericdata

OO~ WNPF

The systemdoesnot tell the parserthat belowor near are prepositions;insteadtheseterms
areonly initially assignedhe samepart-of-speechThe parts-of-speecfor eachof theseterm
groupsmay changeduring the mutationprocess.Theseinitial similar part-of-speeclassign-
mentsmerelycoaxtheevolutionarysystemin adirectiongivensomeassumptionshatwe feel
won't betoo controversial.

An analysisof thelabelingof thesetermsaftera runinvolving fifty generationgoundthat
at leasthalf of the rulesfor term’s part-of-speectabel in eachof the catgyoriesabove were
still groupedtogetherwith the original label. That thesetermsremainedwith their original
labelis probablynot significant;whatis importantis thatthe similar termsremainclustered
together Given that 20% of the part-of-speechabels mutatedeachgeneration,one would
expectfar fewer of the termsto remainclumpedtogetheiinto similar parts-of-speechfterthe
fifty generations.

6.3 Mutation Rate

A separateetof simulationsexaminedwhathappensvhenthe mutationprobabilityfor either
asyntacticrule or ataggingrule is allowedto vary. Only thefirst sentencérom eachabstract
is usedfor theseteststo speedup the system producingresultsin thetime availablewith the
hardwareavailable.

Figure2 shaws how parsingperformancevariesasthe probabilitiesthata tag or syntactic
rule canmutateis allowedto vary from .005 to .20. The performanceéncreasednorerapidly
asthe probability of changewasallowedto increase suggestinghat asthe mutationratein-
creasesthe filtering resultsproducedby usingthe genesmorerapidly increaseandapproach
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Figure3: Performancémprovesasthe numberof rulesperleft handsideincreases.

their final values. Intermediatesalues,not shawvn in the figure, supportthis generalrend,al-
thoughtherearesituationswherethe performancdor oneprobability of mutationbreaksfrom
thistrendfor severalgenerationsThe generatrendwassomethingof a surpriseto theauthor
as anecdotakvidenceaboutother geneticalgorithm systemdesignerssuggestedhat much
smallerprobabilitiesworkedbetterin othertestedevolutionaryervironments.

6.4 Syntactic Rules

Figure3 shawvs how parsingperformancemprovesasthe numberof syntacticrulesfor which
aparticularpart-of-speeciks in theleft handsideof the productionrule is allowedto vary from
3 t0 9. Fifty generation®f mutationswereusedto producetheseresults. The probabilitythat
agivenrule or termtagwaschangediuringamutationwassetto .03. Thefigureshavsthatas
the numberof right handsidesperleft handsideincreasesthatis, the numberof productions
or transformationgernon-terminalsymbolincreasesthe performancemproves. Thisis due
in partto theincreasedumberof possibleruleswith which to parsea sentence.

The experimentsdescribedabove all usetwo non-terminakymbolson theright handside
of eachsyntacticrule, exceptfor thosethat involve a single non-terminalsymbolon the left
andatermontheright (taggingrules).While thesefixedrule formatsallow for somedegreeof
controlin experimentsmostgrammaticabystemgroposeddy linguistsusevaryingnumbers
of non-terminabymbolson theright handsidesof syntacticrules.

If thenumberof termsis allowedto vary, we may modelthe numberof non-terminakym-
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bolsasdescribedy the Poissordistribution. This wasan arbitrarydistribution choserby the
author Recentresearctby Lankhorst(1994)hasuseda similar modelfor the distribution of

non-terminaymbols.Our work hasproduceda setof non-terminakymbolswherethis num-
beris Poissordistributedwith the averagenumberof termsgeneratedbeing1.8. The Poisson
distribution producessomeinstancesvherezerotermswill be generatedTo avoid this prob-
lem, a new numberof termsis generatedf a 0 is producedby the Poissonrandomnumber
generatar The distribution is a truncatedPoissondistribution. Furtherresearchwill involve

testingthis distribution anddeterminingappropriatgparametewvalues.

6.5 FitnessMeasures

Therelative performanceof LUST wasexaminedusingdifferentfithnessmeasureso evaluate
thequality of agene.lt waserroneouslyexpectedhattheretrieval performancevould sene as
anadequatditnessfunction. Knowing the parts-of-speechndusingtheresultingdisambigua-
tion improvedretrieval performancea very small amount. For this reasonmeasuredesides
raw retrieval performancg¢ASL) wereused.

A seconditnessmeasuras the averagenumberof termsin thelargestphraseparsedrom
eachsentence.the avelage maximumparse length (AMPL). A third measurdas a weighted
combinationof the first two measuresyith theweightingeffectively choosingthe ASL alone
in mostcasesln thecaseof atie in ASLs, thegenethatproduceghelargerparserecevesthe
higherweight.

Experimentherebeganwith the samegene,andeachgenethenevolvedthrough100gen-
erations. Using the ASL aloneresultedin the geneprogressiorfrom an ASL of 49.92 to an
ASL of 49.90, arelatively smallimprovementin retrieval performanceAt the sametime, the
AMPL increasedrom 4.656 to 6.034. The ASL level of 49.90 wasreachedy generationt,
andno betterperformances obtainedwith additionalmutatedsyntacticrules.

Whenthe AMPL alonewasusedasthe fitnessfunction,the AMPL increasedrom 4.656
to 10.092, with thelatter beingreachedat generatior61. The ASL wentfrom 49.92 to 49.9,
with thelatterbeingobtainedrom generation$ to 14 andfrom generation27 to 100.

Whenthe ASL wascombinedwith the AMPL sothattiesin the ASL werebrokenby the
AMPL, the AMPL increasedrom 4.656 to 9.912 with the ASL moving from 49.92 down to
49.9 with a considerablemountof fluctuation.

Thenumberof successfubarsegNSP),thenumberof rulesthatwereappliedwhenparsing
asetof sentenceayasexaminedasafitnessfunction. It wasnoticedthatwhile usingthe AMPL
asafitnessfunction, a new valuewasoften obtainedfor the AMPL at the sametime thatone
of thehighestvalueswasobtainedor the NSP. This NSPvalueassociatedvith thebestAMPL
hadusuallyonly beenexceedednceor twice beforeandit is obviousthattherewasa strong
relationshipbetweenAMPL andNSR If this is the case,andan NSPthis high hadoccurred
previously, it wasreasonedhat perhapaisingNSPasthe fitnessfunctionwould resultin the
systemlearningfrom theseearlierhigh NSP genesratherthan from early geneswith lower
NSPsthathadthe (thenhighest)AMPL.

In asensetheNSPcanbeunderstoodshaving afinergrainthanthe AMPL, with theNSP
assigninga greaterangeof valuesto genesallowing fine degreesof differenceto berewarded
or discouragedthroughevolutionarytechniquesthatwould otherwisenot be detectedwith a
coarsergrainedmeasurdike AMPL. If the AMPL and NSP measuresre strongly (but not
perfectly) related,it is likely thatusingthe NSPwill resultin a more rapid developmentof
fitter genes.Usingthe AMPL asa fitnessfunctionresultsin thetwo parentsbeingessentially
randomlyselectedrom the moderatelysizedpool of geneswith this particularAMPL value.
UsingtheNSE however, resultsn morerapidchangesn parentdueto thesmaller(andbetter)
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pool of parentdrom which offspringareproduced.Parentsat ary point canbe expectedo be
slightly betterthanwouldbethecasewith AMPL, resultingin morefit offspringand,in general,
morerapidlearning.

Using the sameinitial parentgenesa samplerun producedserendifferentAMPL values
duringthefirst fifty generationsvhenAMPL wasusedasthefitnessfunction. However, when
using NSP as the fithessfunction, fifteen different AMPL were obsened. In addition, the
AMPL of 9.35223 wasobtainedafter the first hundredgenerationsvhen AMPL wasusedas
thefitnessfunction;abetterAMPL of 9.50202 wasachievedduringthesameperiodwhenNSP
wasusedasthefitnessfunction. This providessomepreliminaryevidencethatNSPmaybe a
betterfitnessfunctionfor LUST.

7 Derived Syntactic Rules

Theresultgpresentedh theprecedingsectionsuggesthattheLUST systenproducesinguistic
rulesthataresuperiorto therandomruleswith which eachrun begins. For example the AMPL
may be easilydoubledover thefirst onehundredgenerationsevidencethat superiorrulesare
beingproducedhroughthe applicationof evolutionaryprocessestHowever, therulesthatare
producedhfteroneor two hundredgenerationasaresultof mutationarenowvherenearasgood
asthosethatwould be producedby a human(or asmight be producedy a largersystemwith
moredataandwith accesdo greatercomputationapower).

Changesn the parsingability of the systemcan be obsened after evolution occurs,al-
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thoughthe improvementsaredifficult to characterizén a systematiovay becausehey areso
irregular. We hadoriginally expectedthatvery widely applicableruleswould be learnedfirst,

suchasthata sentencenay be constructedf a nounphraseanda verb phrasge.g. NP=The

girl VP=climbedthe tree), or that a prepositionalphrasemay be composef a preposition
followedby a nounphrasge.g.onthetable).

Instead,the rulesthat developedwere far lessgeneraland far more difficult to interpret.
Figure4 shaws a parsetreefor partof a sentenceafter onehundredgeneration®f mutation,
with an AMPL of about10. An examinationof this parsetree shows relatiely little that
correspondso the grammaticalulesthata rationalhumanwould produce! After anotherone
hundredgenerationsthe bestgeneto that point producedhe parseshown in Figure5 for the
samepartof a sentenceWhile the syntacticrulesareobviously very different,asis indicated
by the differentnumbersrepresentingrbitrary grammaticakomponentsthe structureshave
anobvioussimilarity.

TheseparsereessuggesthatLUST failsto producen oneor two hundredgenerationshe
quality of parseghatwould make usleave human-generateplarseso usemachine-generated
parseslt is likely thatrunningLUST for thousandef generationsvill producegrammarghat
arecloserto human-deelopedgrammarsor thatmay begin to approachan optimalgrammar
Producinganoptimalgrammamill requirea greatemmountof computingpower thanis com-
monly available. Betterresultsmight alsohave beenobtainedf learningwasbasedn a fully
taggedsetof terms,makingadditional(corventional)assumptiongboutparts-of-speech.

8 Conclusions

The performanceof systemdiltering documentsnto two groups,documentf probablein-
terestandthosethe userprobablydoesnot wantto see,may be improvedif documenttom-
ponentsarelabeledasto their grammaticaparts-of-speechThis will make moreprecisethe
relationshipdetweernterms,allowing statementbk e “boy bitesdog” and“dog bitesboy” to be
differentiatedvhensearchindor “boy” asbiter, “boy” asbitten,andsoforth. While scholars
have studieddisambiguatiorusinggrammaticatechniquegonsistentvith traditionallinguis-
tic parts-of-speechndsyntacticrules(Burgin & Dillon, 1992),the useof geneticalgorithms
suchasthe one provided by LUST producegrammarsoptimizedfor the particularfiltering
andretrieval applicationof interestaswell asfor aparticularsublanguagéBonzi, 1990;Dam-
erau,1990;Grishman& Kittredge,1986;Haas& He,1993;Losee& Haas1995).Learningthe
characteristicef asublanguaghasanobviousutility in supportinghediscriminatiorbetween
documentdrom differentdisciplinesor with differentstylistic characteristicge.g. academic
researclvs. generahon-fiction,or literaturereviews vs. moretraditionalresearclarticles).
The datapresentedhereshows thatthe LUST systemlearnsgrammaticakulesand part-
of-speechtags, improving the quality of the initial randomlygeneratedsyntacticrules and
part-of-speectabels. An original assumptiorof the author thatfiltering performancecould
be usedasa fitnessfunction,measuringhe quality of the parsingproducedy agrammayhas
provedto havelittle supportedAs with theearlierwork of Burgin andDillon (1992),relatively
little improvementwas notedwhenadditionallinguistic knowledgebecomesavailable about
documentomponentsalthoughary filtering or retrieval improvementis welcome,no matter
how small! While usingretrieval performancesa fithessfunctiondoeswork, we believe that
otherfunctionswill allow for morerapid learningof the characteristic®f naturallanguage.
AMPL appeargo be very usefulin producingthe desiredknowledge,allowing usto produce
geneghatresultin improvedretrieval andallow usto bettercapturetherulesof agrammar
Experimentalesultssuggesthatfurtherresearchmight wantto addresseveral consider
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ations.Futuregeneticalgorithmsystemssupportingnformationretrieval andfiltering needto

usemultiprocessingystemsor parallelprocessingarraysif they areto allow for the tensof

thousandsf generationmecessaryf bothsyntacticrulesandparts-of-speechreto bestudied
andaccuratelyearned.n addition,largerdatabaseseedto beusedn experimentdf agreater
variety of linguistic structuresareto beincorporatednto thegrammar This will requiremore
rapidparsing.

If oneis willing to assumehat parts-of-speechreknown accuratelythe learningof syn-
tacticrulescanoccurat a muchhigherratethanthat experiencechere. Thesetagsmight be
providedby existing taggers.A compromisevould be to acceptthe parts-of-speecfor mary
but notfor all terms.For example following thetechniquausedabove, mostor all termsmight
be forcedinto certainhumandevelopedcategoriesinitially, allowing the systenmto changehe
catagyoriesif it was“fit” to doso. Certaintermsmightbecateyorizedasbeingof thesamepart-
of-speechwithout placingary semantiaestrictionson the natureof this part-of-speechFor
example,run andjump have a certainsimilarity; suggestingo the systemthat this similarity
holdsmayprove a powerful form of prior knowledgewithoutimposingadditionalgrammatical
ideasof whata “verb” is onthesystem.

Formal analytictechniqueshave beendevelopedrelatingqueriesandfilter characteristics
to retrieval performanceLosee,1995). This modelneedsto be expandedo includethe for-
mal characteristice®f a grammarandthe effectsof grammaticataggingand disambiguation
on performance.A stochastianodelof the productionof the grammarthroughevolutionary
proceduresnayassistusin developingaformal modelof all aspect®f the LUST system.
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