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Abstract

The grammarsof naturallanguagesmay be learnedby usinggeneticalgorithmsthat
reproduceandmutategrammaticalrulesandpart-of-speechtags,improving thequality of
latergenerationsof grammaticalcomponents.Syntacticrulesarerandomlygeneratedand
thenevolve; thoserulesresultingin improvedparsingandoccasionallyimprovedretrieval
andfiltering performanceareallowed to further propagate.The LUST systemlearnsthe
characteristicsof thelanguageor sublanguageusedin documentabstractsby learningfrom
the documentrankingsobtainedfrom the parsedabstracts.Unlike the applicationof tra-
ditional linguistic rulesto retrieval andfiltering applications,LUST developsgrammatical
structuresandtagswithout theprior impositionof somecommongrammaticalassumptions
(e.g.,part-of-speechassumptions),producinggrammarsthatareempiricallybasedandare
optimizedfor thisparticularapplication.

�
Theauthorwishesto thankStephanieHaasfor discussionsduringthecourseof this research.
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1 Introduction

A languagecontainsa setof termsandrulescapableof manipulatingtheterms,producingthe
“grammatical”statementspermittedby thelanguage.UsingtheLUST (LinguisticsUsingSex-
ual Techniques)geneticalgorithmsystem,we have developedandevaluatedgrammarsbased,
noton their degreeof similarity to grammarsintellectuallydevelopedby humangrammarians,
but, instead,on how well a systemperformsa taskusingthegeneticallydevelopedgrammar.
Theprogressive improvementof thegrammarproducedby LUST will graduallyincreasethe
performanceof theretrieval taskonwhichLUST wastrained.Thegrammarusedhereto parse
naturallanguagetext is representedasa “gene” thatevolvesthrougha processsimilar to that
foundin naturalselection,wherethosecreaturesin anenvironmentthathaveanadvantageover
othercreaturesaremorelikely to survive andproliferate.LUST allows for rulesto begener-
ated,propagate,or “die off,” dependingon how well theretrieval or filtering taskis performed
thatusesLUST’s grammaticalrulesandpart-of-speechassignments.In a documentretrieval
or filtering system,applyinggrammaticaltagsto thelist of termsrepresentingadocumentpro-
videsadditionalinformationaboutthesemanticcontentandstructureof thedocumentthat is
not presentin theuntaggeddocument.Oneparsemay fail to distinguishbetweentwo differ-
entusesfor thesameterm,resultingin conventionalretrieval performance,while animproved
parsemaynotethedistinctionandproducebetterretrieval thanwouldbeproducedby thefirst
parse.

Informationretrieval andfiltering systemscanretrieve or predictthe usefulnessof docu-
mentinformationgivenbibliographicdescriptionsof thedocument.Theseretrieval andfilter-
ing systemsmaybestudiedusingtraditionalretrieval andfiltering performancemeasuressuch
asprecisionandrecall (Salton& McGill, 1983; Van Rijsbergen,1979)or measuressuchas
averagesearchlength(Losee,1991).Eachretrieval performancemeasurecanserveasafitness
functionfor a geneticalgorithmsystem,suchasLUST, providing a measureby which gram-
maticalrulesdevelopedby LUST maybeevaluated.Thoseruleswhoseapplicationresultsin
improveddisambiguationareexpectedtoproduceimprovedretrievalandfilteringperformance,
or, in theworstcase,weexpectthatsuchknowledgewill nothurt retrieval performance.

Humangrammariansusuallyassumethat individual termsusedin naturallanguagemay
begroupedinto categories,which we referto asparts-of-speech, andthenlabeledwith gram-
matical tags,andthat linguistic rulescanbeusedto manipulateany termhaving certainchar-
acteristics.Commonlyacceptedparts-of-speechincludesuchcategoriesasverb, object, and
noun, amongmany others.Thebasisfor definingandusingthesegrammaticalcomponentshas
alwaysbeenalooseone,basedonhow well thegrammaticalcategoriesseemto “fit” grammar-
ians’ intuitionsaboutthefundamentalstructureof a language.

With the formalizationof syntacticrulesby Zellig Harris (Newmeyer, 1986)andNoam
Chomsky (1965),varioussetsof syntacticrulesandcriteriafor suchruleshavebeenproposed
andcanserveasthebasisfor thegrammarsdescribedbelow. Onemayalsoexaminetheparsing
or understandingof phrasesandsmall partsof sentences,in lieu of parsingentiresentences.
Someapproachesdescribethe statisticalrelationshipsexisting betweentermsusing hidden
Markov models(Charniak,1993).Otherwork emphasizestheexaminationof phrasesor term
clumpsboundedby termwindows(Haas& Losee,1994;Losee,1994).Theresearchdescribed
below beginsby viewing sentencesin termsof their grammaticalcomponentsratherthanby
takingamorestatisticalapproach.Futureresearchwill attemptto studymorelimited structures
thattheauthorbelievesmaybelearnedandmodeledmorepreciselythancanwholesentences.

Geneticalgorithmscanbeusedto learnthecharacteristicsof awidevarietyof phenomena,
bothinsideandoutsidelinguisticanddocumentretrieval domains.In additionto beingapplied
in a varietyof biologicalandindustrialenvironments,they havebeenusedto modelandstudy
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the historicalchangesin a language(Clark & Roberts,1993). The natureof linguistic phe-
nomenamaybe learnedthroughtheapplicationof othertechniques,suchasneuralnetworks
capableof learningto associateeventswith otherevents.Geneticalgorithmswerechosenfor
this work becauseat eachstagein theevolutionaryprocess,a full grammarandsetof part-of-
speechtagsis providedby thegene,makingeasierthequalitative andquantitative evaluation
of thederivedlanguage.

In this work, we empiricallystudyhow geneticalgorithmsmaybeusedto assignparts-of-
speechtagsto a setof terms. Thesepart-of-speechassignmentsareallowed to evolve, with
thosepart-of-speechassignmentsleadingto gainsin the valueof a fitnessmeasure(e.g. im-
provedretrieval results)contributing to a greaterchanceof thepart-of-speechassignmentsur-
viving. Thosepart-of-speechassignmentsresultingin poor retrieval arelesslikely to survive
andareinsteadreplacedby otherpart-of-speechassignments.

2 Syntactic Genes

A grammardescribingalanguagemaybeunderstoodasconsistingof asetof grammaticalrules
anda setof part-of-speechtagsfor terms.Thesesyntacticrulesandtherelationshipsbetween
grammaticaltagsand termsmay be storedas alleles,individual elementswithin genes,for
analysiswith a geneticalgorithm. A rule, suchas

��� ���	�
may representgrammatical

component
�

beingcomposedof grammaticalcomponents
�

and
�	�

in that order. (Within
LUST, thereareprovisionsfor usingtheIDLP grammardescribedin (Gazdar, Klein, Pullum,
& Sag,1985),which usessomeunorderedrulesunlike thoseusedin moretraditionalstudies
of syntaxandis attractingincreasinginterestin thelinguisticscommunity(Briscoe& Carroll,
1993;Chitrao& Grisham,1990)).

For thepurposesof theLUST system,eachgenecontainsasetof syntacticrules(aconstant
numberof rulesfor eachpossiblepart-of-speechontheleft handsideof asyntacticrule). Each
non-terminalsymbolon theleft handsideof a rule couldhave 
 differentrulesdescribingits
directcomposition,where
���
 is thedefaultvaluefor theexperimentsdescribedbelow. Each
termhastwo (not necessarilydifferent)part-of-speechassignments.Thus,thetermrun might
evolve to beingtaggedasa verbor a nounor both. Notethatfor our purposes,part-of-speech
labelsarearbitraryandhaveno “meaning”to thesystem.Thesystemdoesnot labela termas
beinganoun,for example,or averb; instead,a labelnumberis attachedto severalterms.These
maybeunderstoodby a humanto bemembersof a certaincategory of term. For example,all
termsof category 
 mightbeunderstoodby agrammarianto beverbs,but LUST doesnotneed
or usethis information.

Syntacticproductionrulesmayvary in the numberof termson the right handsideof the
rule, or eachproductionrule mayhave a fixednumberof terminalandnon-terminalsymbols,
e.g.2. LUST featuresmaybeproducedby a truncatedPoissonprocess,generatinganaverage
of ��� � termsper rule (anarbitrarily chosennumber)andnever producing� terms. Therefre-
quentlywill be � or � termsperrule,andseldomover5 termsin a rule. A similar distribution
hasbeenrecentlyproposedby Lankhorst(1994).

3 Parsing and the Retrieval Process

Theparsingandretrieval processin theLUST systembeginswith theparsingof eachsentence
with achartparser(Charniak,1993).Givenasetof grammaticalrulesandpart-of-speechtags,
the chartparserproducesthe setof parsesthat canproducethe sentence.Disambiguationis
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accomplishedby selectingthe parseproducedby applyingthe fewestnumberof rules. The
chart parserproducesfor eachterm the accompanying grammaticaltags,eachterm having
attachedto it all thosegrammaticalmarkersfound whenmoving up a conceptualparsetree
for 
 levels. Thusif 
���� , the termdog in dog bitesmanmight bestoredastheunit dog—
nounwhile if 
���� (theLUST default) it might bestoredasdog—noun—subject. Eachterm
complex is treatedasaunit, anddog—noun—subjectis treatedasadifferenttermcomplex than
dog—noun—object.In mostcasesbelow, it is obviouswhetherwearedescribinganindividual
termor a termcomplex andthusrefer to bothasa term;whenconfusionmight arise,we will
useeither the expressions“term” or “term complex.” Note that 
���� providesessentially
untaggedterms,suchasis foundin documentretrieval or filtering systemshaving no linguistic
knowledge.

LUST usesdocumentabstractsfor parsingandretrieval. In someexperimentsdescribed
below, only thefirst sentenceof eachabstractis used,while in others,all sentencesareused.
Documenttitles arenot currentlyused.Often,multiple parsesareobtainedfor eachgrammat-
ical componentanddisambiguationis usedto selectoneof theparsesastheparseto beused
for theremainderof theprocessing.

Documentsareweightedusinga traditionalprobabilisticweightingformula(Robertson&
SparckJones,1976; Bookstein,1983; Losee,1988). Eachdocument� is assigneda value
basedon thesumof termor termcomplex weights,basedon probabilitiesof termsoccurring
in a givenclassof documents:

��� �"! � #$ % &('*)
%,+.-�/10 %3254 �76 0 %389 % 254 �76 9 ' 8 �

where
0 %

is theprobabilitythatabinaryfeature: is presentin relevantdocuments,and 9 % is the
probability thatbinary feature: is presentin non-relevantdocuments.Documentsareranked
for retrieval or examinationin orderof their retrieval statusvalue(RSV). Theaveragesearch
length(ASL), theaveragenumberof documentsretrievedwhenretrieving a documentin the
averagepositionof a relevant document,may thenbe computedfrom this rankingandfrom
knowledgethesystemhasabouttherelevancevaluesfor eachdocument(giventhequery).

Whena termcomplex containsmorethanthesingleterm,thatis, it containsagrammatical
tag,thesametermmayoccurin differentcomplexes.Probabilitiesof termcomplexesmaybe
difficult to estimateaccurately, since,for example,theremaybetwo typesof dog occurrences,
oneassubject,andoneasobject,bothoccurringwith alowerfrequency thantheuntaggedterm
dog. In arealisticretrievalor filtering system,theseprobabilitiesmustbeestimated,andhaving
feweroccurrencesof a termcomplex (ascomparedto whatwouldbeobtainedin conventional
systemswithout tagging)will usuallyresult in lessaccurateestimatesbecauseof fewer data
pointsbeingincludedwhenmakingeachestimate.It remainsto beseenwhethermakinglower
qualityestimatesof probabilitiesof moreaccuratelytaggedtext featureswill resultin improved
or possiblyevendiminishedperformance(Losee,Bookstein,& Yu, 1986).

4 Evaluative Criteria

Whenmodelingevolutionaryprocessesusinggeneticalgorithms,it is necessaryto useafitness
function to evaluatetheperformanceor “fitness” of an individual gene.Thosegenesthatare
mostfit aremost likely to survive, with lessfit genesdying off, beingreplacedby the fitter
genes. Several possiblefunctionsmay be usedin determiningthe fitnessand efficacy of a
grammar. Onefunctionthattheauthorhasusedpreviously(Losee,1994)is theaveragesearch
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length(ASL). Evaluatingtheperformanceof a filtering or retrieval processwith theASL sat-
isfiesmany of theneedsof retrieval researchers,in thatit providesasinglenumbermeasureof
performance,theASL is capableof beingpredictedanalytically(Losee,1995),andtheASL
is easilyunderstoodby a system’s endusers.This is unlike mostof theotherretrieval andfil-
teringmeasuresbasedonprecisionandrecallthatareusedto evaluateretrieval systems.Other
measuresmaybeusefulin determiningthefitnessof agrammar. Onemeasureis thenumberof
rulesappliedduringtheparsingprocess.Anotherfitnessfunctionis theaverage(over a setof
sentences)of the largestnumberof termsin a parsefor eachsentence,theaveragemaximum
parselength(AMPL).

Becauseproperlyassigningthepart-of-speechto a termis notexpectedto improvegreatly
retrieval andfiltering performance,measurescombiningthe ASL anda secondmeasurethat
doesnot dependon retrieval performancemaybe useful. In the work below, a usefulfitness
measurewasobtainedby weightingtheASL valueandtheAMPL sothatonehundredthof the
AMPL wasaddedto thenegationof theASL. Thegreaterthevaluefor thiscombinedfunction,
thefitter thegenethatproducedit. It is commonfor differentgenesto producethesameASL
value,andaddingthe AMPL allows for a finer level of discriminationbetweengenes.The
modificationactsto breakties thatexist whenusingASL aloneasthefitnessfunction. When
two geneswith identicalASLsarecompared,thegenewith thelargerAMPL is selected.This
weightinghasthesideeffectof selectinga new geneif thenew genehasaninferior ASL but a
muchsuperiormaximumparselength. This computationalmethodis usefulwhentheASL is
notaverygoodmeasureof thequalityof parsingperformancedueto thelimited improvements
obtainedwith disambiguation.

5 The LUST System

TheLUST systemhasbeendevelopedasa rapidprototypingsystemthatcanbeeasilymodi-
fied astheexperimentergainsinsightsinto theapplicationof geneticalgorithmtechniquesto
linguistic analysis.All codewaswritten usingUnix Bourneshellscriptsandgawk, a version
of awk. Executiontime for programswasslower thanwould have beenobtainedwith codein
a lower level languagesuchasC or C++. However, Unix shellscriptsareparticularlyefficient
at handlingnaturallanguagetext suchasthatstudiedhere,allowing theprogramsto beeasily
codedandmodifiedfor differenttests.

A databaseof 108abstractswasdevelopedcontaining988sentences.Theseabstractsare
in five groups,eachbeingan extract from oneof five largerdatabaseson psychologydevel-
opedby StephanieHaasfor sublanguageanalysis(LoseeandHaas,1994). Eachof the five
groupswasoriginally retrievedwith a singlequery, thusall documentsin a grouparesimilar
in a topical sense.Documentsabstractsweremanuallyplacedinto a regular linguistic form,
with parentheticalcommentsremovedin somecases,abbreviationsexpanded,spellingsmade
consistent,etc.

The approximatelytwenty documentsin eachof the five groups,for a total of �;��� � were
treatedas“relevant” to aninformationretrieval query. Thus,documentsin group1 werecon-
sideredrelevant(anddocumentsin theothergroupsnon-relevant)to aparticularquery, andthe
documents’rankingswerethenmeasured.This wasdoneiteratively for documentsin eachof
theotherfour groups,andtheperformancefiguresfor retrieving therelevantdocumentsin each
of thefivegroupswasaveraged.Performancewasmeasuredby theASL.

Termsusedin theretrieval processarelabeledby LUST asto their part-of-speech.Labels
are arbitrary, indicating for examplethat two termssuchas run and walk have a common
part-of-speech,ratherthanindicatingthata termhasa part-of-speechthatmight befoundin a
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grammartext (e.g. verb). To simplify thegrammar, only tenparts-of-speechwereused(and
twentynon-terminalsymbolswereused).

Mutationstakeplacein LUST by producingnew rules,combiningfragmentsfrom theright
handsideof “fit” ruleswith thesameleft handsideastheruleit replaces,aswell asoccasionally
producingfragmentswith randomcontents.Those“fit” rulesthatcontributefragmentstoward
producingthenew rulearereferredto hereasthe“parents,” with thenew genebeingreferredto
asan“offspring”or “child.” Rulesthataremostusefulwhentheparents’grammarsserveasthe
basisfor theparsemaybeincludedwith greaterfrequency in wholeor in part in theoffspring,
while rulesthat areseldomusedmaybe morelikely to be replacedwith a new, randomrule
(with the sameleft handsideas the rule it replaces).A similar proceduremay be usedfor
therulesgoverningtermsandtheirdominatingnon-terminalsymbols(grammaticaltags).This
wouldhave theeffectof weightingtheoffspringby thosepartsof aparentthathavebeenmost
usefulto theparent(Clark& Roberts,1993).To simplify theinterpretationof genesin LUST,
theresultsdescribedbelow werederivedfrom asystemwith aconstantprobabilityassignedto
thepossibilityof eachrulechanging

Therearealwaysthreegenesin useby theLUST system,numbered� � � � and < . Genes�
and � arealwaysparents,genesfoundpreviouslyto bethemostfit, whilegene< is theoffspring
producedby theparentsmating.Thefitnessof gene< is determinedbyexaminingthesentences
beingparsed,thedocumentrankings,andtheresultingperformance).After assigninga fitness
valueto Gene3, the threegenesarethensortedin orderof the valueof eachof their fitness
functionsto getanorderedsetof genes,with thefittest two becomingtheparentsof thenext
generation.

Unlike someevolutionary systems,LUST only producesa singleoffspring. Eachgene
containsa setof alleles,or rules,andwhenoffspringareproduced,theoffspringcontainsome
allelesfrom oneparentandsomefrom another. For example,a humanchild may inherit the
shapeof its earsfrom oneparentandhaircolor from anotherparent.In LUST, anoffspringhas
someof thecharacteristicsof eachparent,with somecharacteristicsbeingrandomlygenerated.
Theparsingfunctiontakesup thevastmajorityof theLUST system’s time,andevaluatingthe
fitnessfunction(parsing)is to beminimizedbecauseparsersaregenerallynotveryfast.Rather
thantwo parentshaving two offspring, eachof which would needto be fully evaluated,we
produceonly asingleoffspring,whichhasthecapabilityto beincorporatedinto theprocessof
producingthenext offspringif it is afitter gene.This introducessuperiorgenesinto theparsing
processmorequickly thanif two geneswereproducedeachgeneration.This increasestherate
of learning,althoughvaluablerulesfrom oneof theparentscanbelost if thereareotherrules
in thechildrenthatare“better” thanthelost rule.

The initial grammaris madeusing randomprocessesthat producerulesconsistentwith
theproceduresabove andtheparametersof eachparticularexperiment.Copiesof this initial
grammaticalgenebecomebothparentsandthe initial offspringwhenthesystembegins run-
ning. Theoffspringis thenevaluatedandthemutation/reproduction– parsing– retrieval cycle
begins.

6 Results

Resultsfrom simulationsusingtheLUST systemsuggestthatthesystemcanlearninformation
aboutlinguistic structures,asevidencedby theconsistentincreasein retrieval performanceas
syntacticgenesevolve. Eachsimulationrunsfor a particularnumberof generations,with the
probabilitythata syntacticrule will bechangedduringa generationhaving a default valueof�=�,� andtheprobability thata termwill beassigneda new part-of-speechtaghaving a default
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Figure1: Learningof syntacticrulesalone,part-of-speechtagsalone,andbothtypesof rules.
The datafor learningsyntacticrulesalonerunsconcurrentlyfor muchof this datasetwith
learningsyntacticrulesandtagstogether.

valueof �=�,� . Two part-of-speechtagsareassignedto eachtermand5 rulesgovernthepossible
productionsor transformationsthatcantake placefor eachnon-terminalsymbol. Thedefault
numberof termson theright handsideof a syntacticrulewas � .

Eachfigureshowsthesmoothedvaluesfor adatasetfrom thefirst generationup to thelast
usefulvalueobtainedin the simulation. Thesegraphscomparethe averagemaximumparse
length (AMPL) over the set of databasesand the numberof generationsthat have elapsed,
up to the last generationfor which we know that all datais available. The last performance
valuethat wasobtainedin eachsimulationmight (or might not) have beenthe valuefor the
next generationif the simulationhadbeenallowed to continue. For this reason,the average
generationfor a particularperformancelevel couldnot bedeterminedfor thefinal generation
andthesevalueswerenot usedin determiningtheperformancedatagraphedhere. This data
was truncated,having the effect of makingsomeplots appearshorterthanothers,although
resultsarefrom thesameexperiment.

All the experimentalresultsmaybestbeviewedagainsta baselineAMPL obtainedfrom
randomlygeneratedgenesof <?� @ to A , with the variancebeing due to variationsin system
options.Similarly, theASL obtainedwhennoparsingis usedis AB@?� @?�CA . Thiscanbeinterpreted
assayingthattheuserwouldneedto examineanaverageof AD@5� @5�;A documentswhengettingto
theaveragerelevantdocumentin this testdatabase.
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6.1 Learning Syntactic Rules and Part-of-Speech Tags

Figure1 showstheresultsfrom onesetof simulationswhereonly syntacticruleswerelearned
andallowed to mutate,that is, wherethe tag valueswerekept constant.Anothersimulation
allowedonly thepart-of-speechcomponentto belearned,forcingthesyntacticproductionrules
to remainconstant.A third experimentshows whathappenswhenbothsyntacticandtagging
rulesarelearned.Thefigureshows that learningeitherthetaggingrulesor thesyntacticrules
separatelydoesresult in improved parsing. Learningboth taggingrulesandsyntacticrules
togetherappearstoaddlittle to learningthesyntacticrulesalonefor thiscase,but sincelearning
taggingrulesalonedoesimproveperformance,it wasdecidedto learnbothsyntacticrulesand
tagsfor theexperimentsbelow.

6.2 Parts of Speech

Theseexperimentswereintendedto learngrammaticalcomponents“from scratch,” thatis, they
usevirtually noprior knowledgeabouttheparts-of-speechof individualtermsandthesyntactic
rulesof the language.Oneareaof interestis how muchassistanceis providedto theparsing
processwhensomelimited prior informationis available. This wasdoneby labelingall the
following termson eachline below asbeingof thesamepart-of-speechwhenthefirst geneis
produced:

1 abovebelow on in nearthroughwith
2 or and
3 I youhesheit we they
4 aanthe
5 all numericdata

The systemdoesnot tell the parserthat belowor near areprepositions;insteadtheseterms
areonly initially assignedthesamepart-of-speech.Theparts-of-speechfor eachof theseterm
groupsmay changeduring the mutationprocess.Theseinitial similar part-of-speechassign-
mentsmerelycoaxtheevolutionarysystemin adirectiongivensomeassumptionsthatwe feel
won’t betoocontroversial.

An analysisof thelabelingof thesetermsaftera run involving fifty generationsfoundthat
at leasthalf of the rulesfor term’s part-of-speechlabel in eachof the categoriesabove were
still groupedtogetherwith the original label. That thesetermsremainedwith their original
label is probablynot significant;what is importantis that the similar termsremainclustered
together. Given that 20% of the part-of-speechlabelsmutatedeachgeneration,one would
expectfar fewer of thetermsto remainclumpedtogetherinto similar parts-of-speechafterthe
fifty generations.

6.3 Mutation Rate

A separatesetof simulationsexaminedwhathappenswhenthemutationprobabilityfor either
a syntacticrule or a taggingrule is allowedto vary. Only thefirst sentencefrom eachabstract
is usedfor theseteststo speedup thesystem,producingresultsin thetime availablewith the
hardwareavailable.

Figure2 shows how parsingperformancevariesastheprobabilitiesthata tagor syntactic
rule canmutateis allowedto vary from � �B�B
 to � ��� . Theperformanceincreasedmorerapidly
astheprobabilityof changewasallowed to increase,suggestingthatasthemutationratein-
creases,thefiltering resultsproducedby usingthegenesmorerapidly increaseandapproach
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Figure3: Performanceimprovesasthenumberof rulesperleft handsideincreases.

their final values.Intermediatevalues,not shown in thefigure,supportthis generaltrend,al-
thoughtherearesituationswheretheperformancefor oneprobabilityof mutationbreaksfrom
this trendfor severalgenerations.Thegeneraltrendwassomethingof a surpriseto theauthor,
as anecdotalevidenceaboutother geneticalgorithm systemdesignerssuggestedthat much
smallerprobabilitiesworkedbetterin othertestedevolutionaryenvironments.

6.4 Syntactic Rules

Figure3 shows how parsingperformanceimprovesasthenumberof syntacticrulesfor which
aparticularpart-of-speechis in theleft handsideof theproductionrule is allowedto varyfrom< to @ . Fifty generationsof mutationswereusedto producetheseresults.Theprobabilitythat
agivenruleor termtagwaschangedduringamutationwassetto � �B<5� Thefigureshowsthatas
thenumberof right handsidesper left handsideincreases,that is, thenumberof productions
or transformationspernon-terminalsymbolincreases,theperformanceimproves.This is due
in partto theincreasednumberof possibleruleswith which to parsea sentence.

Theexperimentsdescribedabove all usetwo non-terminalsymbolson theright handside
of eachsyntacticrule, exceptfor thosethat involve a singlenon-terminalsymbolon the left
andatermontheright (taggingrules).While thesefixedrule formatsallow for somedegreeof
control in experiments,mostgrammaticalsystemsproposedby linguistsusevaryingnumbers
of non-terminalsymbolson theright handsidesof syntacticrules.

If thenumberof termsis allowedto vary, wemaymodelthenumberof non-terminalsym-
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bolsasdescribedby thePoissondistribution. This wasanarbitrarydistributionchosenby the
author. Recentresearchby Lankhorst(1994)hasuseda similar modelfor thedistribution of
non-terminalsymbols.Our work hasproduceda setof non-terminalsymbolswherethis num-
ber is Poissondistributedwith theaveragenumberof termsgeneratedbeing �B� �?� ThePoisson
distribution producessomeinstanceswherezerotermswill begenerated.To avoid this prob-
lem, a new numberof termsis generatedif a � is producedby the Poissonrandomnumber
generator. The distribution is a truncatedPoissondistribution. Furtherresearchwill involve
testingthisdistributionanddeterminingappropriateparametervalues.

6.5 Fitness Measures

Therelative performanceof LUST wasexaminedusingdifferentfitnessmeasuresto evaluate
thequalityof agene.It waserroneouslyexpectedthattheretrieval performancewouldserveas
anadequatefitnessfunction.Knowing theparts-of-speechandusingtheresultingdisambigua-
tion improvedretrieval performancea very small amount. For this reason,measuresbesides
raw retrieval performance(ASL) wereused.

A secondfitnessmeasureis theaveragenumberof termsin thelargestphraseparsedfrom
eachsentence.the average maximumparse length (AMPL). A third measureis a weighted
combinationof thefirst two measures,with theweightingeffectively choosingtheASL alone
in mostcases.In thecaseof a tie in ASLs, thegenethatproducesthelargerparsereceivesthe
higherweight.

Experimentsherebeganwith thesamegene,andeachgenethenevolvedthrough100gen-
erations.Using the ASL aloneresultedin the geneprogressionfrom an ASL of AB@?� @D� to an
ASL of AD@5� @�� � a relatively small improvementin retrieval performance.At thesametime, the
AMPL increasedfrom AE� FD
,F to F5� ��<�A?� TheASL level of AD@5� @�� wasreachedby generationA ,
andnobetterperformanceis obtainedwith additionalmutatedsyntacticrules.

WhentheAMPL alonewasusedasthefitnessfunction,theAMPL increasedfrom A?� FB
�F
to �;�?� �B@B� , with the latterbeingreachedat generationF?� . TheASL went from AB@?� @D� to AB@5� @ �
with thelatterbeingobtainedfrom generationsF to �;A andfrom generations�DG to �H��� .

WhentheASL wascombinedwith theAMPL sothat ties in theASL werebrokenby the
AMPL, theAMPL increasedfrom A?� FB
�F to @5� @5�H� with theASL moving from AB@5� @B� down toAB@?� @ with a considerableamountof fluctuation.

Thenumberof successfulparses(NSP),thenumberof rulesthatwereappliedwhenparsing
asetof sentences,wasexaminedasafitnessfunction.It wasnoticedthatwhileusingtheAMPL
asa fitnessfunction,a new valuewasoftenobtainedfor theAMPL at thesametime thatone
of thehighestvalueswasobtainedfor theNSP. ThisNSPvalueassociatedwith thebestAMPL
hadusuallyonly beenexceededonceor twice beforeandit is obviousthat therewasa strong
relationshipbetweenAMPL andNSP. If this is the case,andan NSPthis high hadoccurred
previously, it wasreasonedthatperhapsusingNSPasthefitnessfunctionwould resultin the
systemlearningfrom theseearlierhigh NSPgenesratherthan from early geneswith lower
NSPsthathadthe(thenhighest)AMPL.

In asense,theNSPcanbeunderstoodashaving afinergrainthantheAMPL, with theNSP
assigningagreaterrangeof valuesto genes,allowing finedegreesof differenceto berewarded
or discouraged,throughevolutionarytechniques,thatwould otherwisenot bedetectedwith a
coarsergrainedmeasurelike AMPL. If the AMPL andNSPmeasuresarestrongly(but not
perfectly)related,it is likely that usingthe NSPwill result in a morerapid developmentof
fitter genes.UsingtheAMPL asa fitnessfunctionresultsin thetwo parentsbeingessentially
randomlyselectedfrom themoderatelysizedpool of geneswith this particularAMPL value.
UsingtheNSP, however, resultsin morerapidchangesin parentsdueto thesmaller(andbetter)
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Figure4: A parsetreefor partof asentence.Thiswasproducedafteronehundredgenerations.

poolof parentsfrom which offspringareproduced.Parentsat any point canbeexpectedto be
slightlybetterthanwouldbethecasewith AMPL, resultingin morefit offspringand,in general,
morerapidlearning.

Using thesameinitial parentgenes,a samplerun producedsevendifferentAMPL values
duringthefirst fifty generationswhenAMPL wasusedasthefitnessfunction.However, when
using NSP as the fitnessfunction, fifteen different AMPL were observed. In addition, the
AMPL of @5� <B
B����< wasobtainedafter thefirst hundredgenerationswhenAMPL wasusedas
thefitnessfunction;abetterAMPL of @5�=
,�D�,�D� wasachievedduringthesameperiodwhenNSP
wasusedasthefitnessfunction. This providessomepreliminaryevidencethatNSPmaybea
betterfitnessfunctionfor LUST.

7 Derived Syntactic Rules

Theresultspresentedin theprecedingsectionsuggestthattheLUST systemproduceslinguistic
rulesthataresuperiorto therandomruleswith whicheachrunbegins.For example,theAMPL
maybeeasilydoubledover thefirst onehundredgenerations,evidencethatsuperiorrulesare
beingproducedthroughtheapplicationof evolutionaryprocesses.However, therulesthatare
producedafteroneor two hundredgenerationsasaresultof mutationarenowherenearasgood
asthosethatwould beproducedby a human(or asmightbeproducedby a largersystemwith
moredataandwith accessto greatercomputationalpower).

Changesin the parsingability of the systemcanbe observed after evolution occurs,al-
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Figure5: A parsetreefor thepartof a sentenceshown in Figure4 afteranotheronehundred
generationshavepassed.
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thoughtheimprovementsaredifficult to characterizein a systematicway becausethey areso
irregular. We hadoriginally expectedthatvery widely applicableruleswould belearnedfirst,
suchasthata sentencemaybeconstructedof a nounphraseanda verbphrase(e.g. NP=The
girl VP=climbed the tree), or that a prepositionalphrasemay be composedof a preposition
followedby a nounphrase(e.g.on thetable).

Instead,the rulesthat developedwerefar lessgeneralandfar moredifficult to interpret.
Figure4 shows a parsetreefor partof a sentenceafteronehundredgenerationsof mutation,
with an AMPL of about �H� . An examinationof this parsetree shows relatively little that
correspondsto thegrammaticalrulesthata rationalhumanwould produce!After anotherone
hundredgenerations,thebestgeneto thatpoint producedtheparseshown in Figure5 for the
samepartof a sentence.While thesyntacticrulesareobviouslyvery different,asis indicated
by the differentnumbersrepresentingarbitrarygrammaticalcomponents,the structureshave
anobvioussimilarity.

TheseparsetreessuggestthatLUST fails to producein oneor two hundredgenerationsthe
quality of parsesthatwould make usleave human-generatedparsesto usemachine-generated
parses.It is likely thatrunningLUST for thousandsof generationswill producegrammarsthat
arecloserto human-developedgrammarsor thatmaybegin to approachanoptimalgrammar.
Producinganoptimalgrammarwill requireagreateramountof computingpower thanis com-
monly available.Betterresultsmight alsohave beenobtainedif learningwasbasedon a fully
taggedsetof terms,makingadditional(conventional)assumptionsaboutparts-of-speech.

8 Conclusions

Theperformanceof systemsfiltering documentsinto two groups,documentsof probablein-
terestandthosethe userprobablydoesnot want to see,maybe improved if documentcom-
ponentsarelabeledasto their grammaticalparts-of-speech.This will make moreprecisethe
relationshipsbetweenterms,allowing statementslike“boy bitesdog” and“dog bitesboy” to be
differentiatedwhensearchingfor “boy” asbiter, “boy” asbitten,andsoforth. While scholars
have studieddisambiguationusinggrammaticaltechniquesconsistentwith traditionallinguis-
tic parts-of-speechandsyntacticrules(Burgin & Dillon, 1992),theuseof geneticalgorithms
suchas the oneprovided by LUST producegrammarsoptimizedfor the particularfiltering
andretrieval applicationof interest,aswell asfor aparticularsublanguage(Bonzi,1990;Dam-
erau,1990;Grishman& Kittredge,1986;Haas& He,1993;Losee& Haas,1995).Learningthe
characteristicsof asublanguagehasanobviousutility in supportingthediscriminationbetween
documentsfrom differentdisciplinesor with differentstylistic characteristics(e.g. academic
researchvs. generalnon-fiction,or literaturereviewsvs. moretraditionalresearcharticles).

The datapresentedhereshows that the LUST systemlearnsgrammaticalrulesandpart-
of-speechtags, improving the quality of the initial randomlygeneratedsyntacticrules and
part-of-speechlabels. An original assumptionof the author, that filtering performancecould
beusedasa fitnessfunction,measuringthequalityof theparsingproducedby a grammar, has
provedto havelittle supported.As with theearlierwork of Burgin andDillon (1992),relatively
little improvementwasnotedwhenadditionallinguistic knowledgebecomesavailableabout
documentcomponents,althoughany filtering or retrieval improvementis welcome,no matter
how small! While usingretrieval performanceasa fitnessfunctiondoeswork, we believe that
other functionswill allow for morerapid learningof the characteristicsof naturallanguage.
AMPL appearsto bevery usefulin producingthedesiredknowledge,allowing us to produce
genesthatresultin improvedretrieval andallow usto bettercapturetherulesof a grammar.

Experimentalresultssuggestthat furtherresearchmight want to addressseveralconsider-
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ations.Futuregeneticalgorithmsystemssupportinginformationretrieval andfiltering needto
usemultiprocessingsystemsor parallelprocessingarraysif they areto allow for the tensof
thousandsof generationsnecessaryif bothsyntacticrulesandparts-of-speechareto bestudied
andaccuratelylearned.In addition,largerdatabasesneedto beusedin experimentsif agreater
varietyof linguistic structuresareto beincorporatedinto thegrammar. This will requiremore
rapidparsing.

If oneis willing to assumethatparts-of-speechareknown accurately, the learningof syn-
tactic rulescanoccurat a muchhigherratethanthat experiencedhere. Thesetagsmight be
providedby existing taggers.A compromisewould beto accepttheparts-of-speechfor many
but not for all terms.For example,following thetechniqueusedabove,mostor all termsmight
beforcedinto certainhumandevelopedcategoriesinitially, allowing thesystemto changethe
categoriesif it was“fit” to doso.Certaintermsmightbecategorizedasbeingof thesamepart-
of-speech,without placingany semanticrestrictionson thenatureof this part-of-speech.For
example,run and jumphave a certainsimilarity; suggestingto thesystemthat this similarity
holdsmayproveapowerful form of prior knowledgewithout imposingadditionalgrammatical
ideasof whata “verb” is on thesystem.

Formal analytictechniqueshave beendevelopedrelatingqueriesandfilter characteristics
to retrieval performance(Losee,1995). This modelneedsto beexpandedto includethe for-
mal characteristicsof a grammarandthe effectsof grammaticaltagginganddisambiguation
on performance.A stochasticmodelof the productionof the grammarthroughevolutionary
proceduresmayassistusin developinga formalmodelof all aspectsof theLUST system.
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