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I ntroduction

In this paperwe describethe componentsaand operationof a programthat inducesthe grammaticalstructureof a
sampleof naturallanguage.

Description of the problem

For a pieceof well-structureddata,it is possibleto programa computerto induce,or discover, a representatiomf
the structure.For languagethis structureis often representedsa context free grammar The programis trainedon
somesample®f thetext, thenevaluated.Generatechniquegor syntactidnductionaregivenin [3]. Thesetechniques
heavily rely onthepresencef ateachewho hasdetailedknowledgeof thelanguage.

The problembecomesvery difficult whenthe dataare samplesof naturallanguage.English, for instance presents
somegrammaticaktructureslik e relative clauseattachmentthat are highly ambiguous.Ambiguity in this instance
meanghatone’s understandin@f the syntacticstructureof a sentenceés informedby linguistic databeyond syntax.

Someexamplesof the problemsthatmustbe dealtwith canbefoundin [Barbaras paper].

Overview of the program

We proposethata geneticalgorithm,with someassistance;ansolve this problem. The programwill betrainedona
setof simpleexamples.Overtime, the samplewill increasan compleity. While structuralelementghathave been
previously seemnpersistin boththeinternalrepresentatioandthe sample nhew structureis introduced sothe program
mustcontinueto adaptthe representationNew structurewill be introducedslowly, so the algorithmhassuficient
timeto adjust.

Thealgorithmwill beinformedby a constituenguessingcomponent.This componentpver time, gathersstatistical
dataregardingknown syntacticstructure. Whenthe algorithmis facedwith a sentencahat hasunknown syntax, it
mustguess.This componenmakesthe guessa bit moreeducatedhanrandomchoice.

Previous work

Similar experimentshave beenperformed,but have limited scope. They prove the ability of geneticalgorithmsto
inducethe structureof mary kinds of well-formeddata,but only describesmall experimentswith naturallanguage.
Descriptionscanbefoundin [6] and[8]. Theauthorsof thesepiecesnotethatNL inductionis very difficult.



Experiment$iave beenperformedhatinfer rulesfor discretdinite automatawhich solve the sameproblemascontext
freegrammarsbut the authorshave notyet exploredtheliteraturein thisarea.

Context Free Grammars

Contet free grammarsarea mathematicalvay of modelingconstituenttructure[4]. Constituentsare groupingsof
wordsin a sentence Exampleconstituentsn Englishare nounphraseandrelative clause. A grammaris a 4-tuple
consistingof a setof non-terminalsa setof terminals,a setof productionsanda startsymbol. Theterminalsarethe
wordsin thelanguage Non-terminalsarelabelsgivento constituents.

A productionconsistsof a left handside,which is a non-terminalanda right handside. Theright handsideis alist
of oneor moreterminalsor non-terminalsProductionsarerulesthatdescribenow to translatea sentencef terminals
into atreeof non-terminalsandterminalsthatexpresseshe sentences structure this is calleda parsetree.

In contet free grammarsthe left handsideis guaranteedo have exactly one symbol. Thereare otherkinds of
grammarwith differentconstraints.Context sensitve grammarsallow morethanonesymbolon the left handside;
this meanghatwhetherandhow oneappliesproductionsdepend®on the surroundingsymbols.Productionsareoften
written astheleft handside,thenanarrow, thenthelist of right handside.For example:

S—->A
A—->AB
B—->0A

B->1

A grammarcanboth produceandparsesentencesA productve grammarbeggins at the startsymbol, S in this case.
It thenreplacesall the symbolsonits right handsidewith their right handsidesandcontinuesuntil all symbolshave
beentransformednto terminals.In our example,theterminalsare1 andO. If thereis morethanonerule for a given
symbol,aruleis choserrandomly

Parsingis the oppositeoperation. Given a sentencethe parserbuilds a treebasedon the rules of the grammarthat
describeghe syntaxof the sentence.lf no tree canbe made,the sentences declaredungrammatical.Parsersand
grammarsaredescribedn moredetailin [4].

A facetof context free grammarghat concernus is grammarequivalence. For ary contet free languagethereare
multiple grammars.Therearetwo kinds of equivalence:weakandstrong. Two grammarsare strongly equivalentif
they generatehe samesetof stringsandassignthe samephrasestructureto eachsentenceTwo grammarsareweakly
equivalentif they simply generatéhe samesetof strings.In this experimentthegrammarsepresentetly individuals
will be weakly equivalent. Strongequialenceis not requiredfor successfuparsing. The grammarthat a machine
induceswill likely be significantlydifferentthana grammarwe, ashumanswould derive. This doesnotimply that
the machines grammaris wrong; it is simply more suitableto the machines understandingf the syntacticqualities
of thetext. Our solutionto the grammarequivalenceproblemis presentedbelow.

Genetic Algorithms

Geneticalgorithms(GA) areatechniquefor searchindor solutionsto aproblemin anintelligentandefficientmanney
modelingaspect®f neo-Darwiniarevolution. Herewe will present simplifieddescriptionof how a GA works. The
readeris referredto [7] for amorecompletedescription.

Neo-Darwinianevolution explainsadaptve changeof speciesover time. Populationsof individualsaresubjectto a
processcalled naturalselection. This processfavors the groupthatis bestadaptedo its ervironmentalconditions.



Adaptationhasthreeaspectsheredity variation,andselection.

Individuals,from an evolutionary point of view, have onefunction: to reproduce.Reproductioris the transmission
of hereditarymaterialfrom parentto offspring. It is the mechanismby which the information a populationlearns
abouthow bestto survive persistovertime. Individualsthatarebettersuitedfor survival aremorelik ely to passheir

geneticmaterialon to the next generation.

Individualsaremadeup of setsof traits, calledgenes.Genesarethe unit of heredity Thetotal amountof hereditary
informationanindividual hasis calledits genotype. The mannerof responsén anervironmentandphysicalembod-
iment of the individual is the phenotypg1]. The phenotypés the collectionof expressedyenes;not necessarihall
genesareincludedin this set. This differentiationis important. Individualscarry someinformationthat may not at
themomentimprove their ability to survive, but theinformationis retainedn the populations memory perhapgo be
usedata latertime. Further the amountof informationa populationknows increasesver time, allowing individuals
to livein agreateramountof ervironmentalconditions.

The geneticmaterialrecevedby offspringdueto reproductionis a uniqueset. The phenotypevariesin small, seem-
ingly undirectedways. The differencesareimportantbecause¢hey may give the offspring somecritical advantageat
somepoint. Thisincreaseshe chancehatthe offspringwill survive andreproduce.

Selectionis an operationon the population. The individualsleastsuitedfor survival arelikely to perish,unableto
reproducelf the ervironmentis stable,andthe populationis well adaptedthe populationwill grow large. Therewill
bemoreindividualscompetingfor resourceslndividualswho arebetterableto exploit thoseresourceareselectedo
survive andreproduce.

A geneticalgorithmmodelsnaturalselection.A populationof individuals,representingolutionsto a givenproblem,
areevolvedover a discretenumberof time steps.All individualsin the populationat onetime stepareevaluatedand

givenscoresthisis calledthefitness. Thefitnessfunctionis the mostimportantrequiremenbf a geneticalgorithm:

it mustbeableto identify correct,incorrect,andpartially correctsolutions.Overtime, thereareanincreasinghumber
of individuals who have more correctpartial solutions. Thosewith the highestfitnessare selectedand reproduce
a numberof times proportionalto their fithess. During reproduction,two (or more) operationsare appliedto the

individual; usuallytheseare cross@er and mutation. Otheroperatorsaredescribedn [7] and[1]. Crosswer is the

swappingof piecesof informationbetweertwo differentindividuals. Mutationsarerandomchangesnadeto a single

individual. Cross@er andmutationonly occurto anindividual if certainprobabilitiesare met; someindividualsare

copiedinto the next populationwithout change.

Individualsaretypically represente@sbit strings. The positionof the bit in a stringis anencodingfor a partof the
solution. In afunctionoptimizationproblem for example,somefunctionmaytake eightdifferentparametersif three
bits couldencodeall possibleparameteralues,theneachindividual would be 24 bits long. Mutationandcrosseer
areeasyto implementwith this representation.

A commonway atlooking at whatkind of problema GA solwvesis afithnesslandscapeA landscapés a hyperplaneof
n dimensionswheren is the numberof parametersiFor someproblemsthis landscapés describedas“hilly”. More
fit solutionsarehigherup onthehills. Geneticalgorithmssearchhesehills for optimalsolutions.

Suitability of GAsto this problem

This problemis potentiallyvery difficult for a geneticalgorithm. The fithesslandscap®f solvingthe “parsea piece
of text” problemis viewedasalarge spike. Thisis trueif oneviews thefitnessfunctionasmerely“did theindividual
parsethetext, or not?” A geneticalgorithmperformspoorly in suchanernvironment.

We suggest differentview. While the fithesslandscapdor parsingsometext asa wholeis unsuitablefor GAs, the
fitnesslandscapdor building parsetreesfor one sentenceas not asintractable. Thereare mary treesthat could be
built from onesentenceThe notion of partial correctnesss critical in a GA. The algorithmmustbe ableto identify
individualswho solwe at leastpartof the problem.We have createda fitnessfunctionthatwill be ableto give higher
scorego individualsbasedon haw muchof a givensentencehey parse.SinceGAs implicitly searchmary possible



solutionsatthe sametime, we feel the GA would be ableto induceagrammargivenenoughtime.

Further we cannotexpectto be ableto startthe experimentby giving the algorithmfull-length complec sentencesit
is importantto train the algorithmslowly. With thisin mind, we will usesomeideasfrom developmentapsychology
Moreinformationcanbefoundin [Barbaras paper]. Thebasicideais thatchildrenlearnsyntaxslowly andin acertain
order We feel thatthealgorithmmustbeintroducedo syntacticfeaturesn asimilar, slow order

To easethedifficultly of finding andkeepinga correctgrammarwe introducea few extracomponentshatwe believe
will assisthe GA. Theseincludeanintelligentguessingstructure a methodof learningin eachgenerationa method
to transferwhatonehaslearnedo onesoffspring,andspecializedyeneticoperators.

Our Approach

Par ser and Tagger

Two componentsiecessaryo the experimentarethe parserandthetagger The parsergivena grammaydetermines
whethera givensentencés grammaticallycorrect. Therearemary kindsof parsersall with their respectie strengths
andweaknesses.

The simplestparseris top-dovn recursve. Beginning with the start symbol, the parsetree s built by recursvely
expandingsymbolsontheright handside.Searchusuallyis performedeft to right, i.e. thefirstinstanceof aleft hand
sideis searchedully beforeary otherrule for thesameeft handside. The problemwith top-davn recursve parsingis
thatthe sametreesareoftensearchedepeatedlySimplebottom-uprecursve parsingis similarto top-down; it begins
attheterminalsandrecursvely buildstrees.

More complex bottom-upparsing like LR, arecomputationallyexpensve. For eachgrammaya setof LR itemsare
created.LR parsingsearchesnorethanone pathat once. EachLR item consistsof a pointerto wherethe parseis
currentlysituatedwhatsymbolsarenext onthe input, andpossiblerulesthatcould apply.

For thefirst experimentwe will usehandtaggedsentencefor trainingandtesting.Oncewe provethatGAs canlearn
the syntacticstructureof a languagealbeit slowly, we will increasehe compleity of the tagsused. Comple tags
arenecessaryo createrulesfor moredifficult languagestructureslik e relative clauses At this point we would usea
taggingcomponentwhich likely will consistof a parser This parselis not necessarilghe sameparserasthe onethat
is usedto evaluateindividuals. The evaluatingparsemustbe simpleenoughto allow for relatively quick parsingof
sentencegivenanindividual'sgrammar The parserusedby the taggercanbearbitrarily complex.

Representation of Individuals

Eachindividualin a givengeneratiormustrepresentheruleswhich have come,over the evolution of thatindividual,
to producemaximalsuccessn parsing.Therulesmustberepresenteth a mannerconducveto the geneticoperators
at work aswell asto othercomponent®f the proposedsystem. This especiallyincludessupportfor the constituent
guessemwhichcreatesiew rules.Moreover, rule representationsiustsupportwhaterer mechanismareintroducedo
handlegrammaisomorphismsywhichcomplicatebothrepresentatiom generabndthegeneticoperatorsn particular
Thefollowing addressethegeneraproblemsof grammarequivalencesandisomorphisma&anddiscussesur proposed
solutions.Equivalent,in this descriptionmeansveakequivalence while isomorphicrefersto strongequivalence.

Grammarequivalencesoccur becausdor ary given languagethereis a potentially infinite setof grammarswhich
derive preciselythesamesetof sentencesGrammaisomorphism®ccurbecauseontet-freegrammarsareprocessed
strictly asproductionrules,without any regardto semanticsFor example,considetthe following individuals:

G1: (abc— > ghidef), (abc— > def), (def — > <nourt>), and(ghi — > <art>)
G2: (grs— > nmz),(qrs— > wlp nmz),(nmz — > <nourt>), and(wlp — > <art>)

" ou

Therulesfrom bothindividualsproducepreciselythe samefinite setof derivations, “ <art> <nour>", “<nourt>" ,



usingderivationtreesthatarestructurallyequivalent. Thesetwo grammarsareisomorphic.Additionally, considetthis
individual:

G3: (abc— > lym), (lym — > rgs),(lym — > wntrgs),(rqgs— > <nourt>), and(wnt — > <art>)

This grammarproduceghe samesetof sentenceghoughit useddifferently structurecdparsetrees.G3is equivalentto
but notisomorphicwith G1andG2.

In the caseof grammarequivalencenothing specialneedbe done. It is preciselythe point of a geneticalgorithm
to allow multiple individualsto develop very similar solutionsto a problem. The geneticalgorithm, using fitness
measuresselectswvhich individualsshouldpropagateo the next generationln the caseof the grammarequivalence
betweenthe G3 andthe isomorphicpair G1 and G2 the fithessmeasurdavoring smallergrammarswould tendto
causeG3 to die out of the populationafter a few generations.Hence,multiple grammarsthat successfullyparse
sentenceposeno problemsimply becausef the natureof the geneticalgorithm. Thefitnessfunctionreferredto will
bedescribedn moredetailbelow.

However, grammarisomorphismslo causesomeproblems.During the geneticoperatorof shallov crosseer, single
rulesaretakenfrom two individualsandswapped.This is donewithoutregardto the otherruleswith whichthechosen
rulesinteract.Sofor instancejf G1andG2wereselectedor shallov crosser, rule 1 of G1 might be swappedwith
rule 2 of G2 (selectedandomly).Without referenceo theinteractionof theseruleswith othersfrom the grammaiin
particularderivations,how canwe recognizethatthe two rulesindeeddo sene the samepurposein eachgrammar?
Taken alonethey merelyindicatethe replacemenbf one nonterminalwith two othernonterminalsall of which are
notknown to berelatedin arny way!

The problemis slightly more complicatedfor the geneticoperatorof deepcrosseer, in which an entire pathfrom

someroot of the grammarto a terminalis swappedbetweentwo individuals. In this casewe might be temptedto

asserthatisomorphicpaths(with the samestructurebut differentnames)orrespondo the samederivationsfor both

grammarslt is possiblefor a sequencef nonterminalgo have additionalreplacementulespresenin onegrammar
but absenfrom the other Thesewould be overlookedby the above assertion.

To solvetheproblemof isomorphiogrammarsye needsomeway to nameconstituengroupingsandthehierarchically
constructechonterminalghat are sharedamongall individuals. This canbe doneusinga mappingstructurethatis

globalin the geneticalgorithmand maintainedbetweengenerationsWheneer a new rule is to be constructedthe
tableis searchedor the symbolson the right handside. If sucha rule exists, thenthe namein thetablefor the left

handsideis usedfor the left handsideof therule in theindividual. If theruleis notthereit is addedto boththetable
andtheindividualwith whateszernameis generatedor it. Thisnameis guaranteetb beuniquein themap.Thissame
procedures appliedfor sequencesf nonterminalr bothterminalsandnonterminalsThis ensureshatwhenarule

like (abc— > ghi def) is copiedinto anindividual, thosenonterminalsanbe resolhedwith respecto theindividual's

currentsetof productions.

With thoseideasin mind, we canchoosearepresentatiofor theindividual'srules. We chosea pairwhosefirst element
is theleft handsideof therule andwhosesecondelemenis alist of all thesymbolson theright handsideof therule.
Operationon representationaredescribedelow.

Whenever a constituentgroupingoccursfor which thereareno rulesin anindividual, somepatternmatchingalgo-
rithm mustbe usedto choosea new rule to build. The detailsof this rule guessingnechanisnfollow shortly. We
cankeepcertaininformationwithin eachindividual to aid the rule guessein its task. This information consistsof
preferencevaluesfor existing rules. This informationis uniqueto eachindividual, but appliesto the ruleswhich are
storedin the global map. Thereforeeachindividual canstorepairswhosefirst elementis the mapindex for certain
constituent/nontermingroupingsandwhoseseconcelements a use-counfor thatrule within thatindividual. Thus,
oneindividual may have (abc— > <art> <nourt>) pairedwith a preferenceof 5 while anothemmay have the same
rule pairedwith a preferencef 3. This reflectsthattherule hasbeensuccessfullyappliedmorefrequentlyin thefirst
individualthanthesecond Suchinformation,asshallbe seencanmake therule-guessesignificantlymoreintelligent
andshouldleadto fastercorvergence. Thefirst diagramin the appendixdemonstratetheserepresentationathoices
in the context of the entirepopulation.

Alternatively, we cankeepdifferentvaluesin the preferencdist of theindividuals. Thesepreferencesredefinedwith



respecto the structureof the constituentsAs anexample,givena partially parsedsentencé <det> <nourt> vp,’ the
individual may have a high preferencdor groupingthefirst two elementdnto one constituentthengroupthis new
constituentwith thelast. Or the individual may groupthe lasttwo constituenttogether Preferencesyhencodedin
this fashionmaybe subjectedo geneticoperatorsaswell.

Fitness Function

Fitnessfunctionsareusedin geneticalgorithmsto evaluateeachindividual for inclusionin the next generation.The
fitnesslandscapeefersto the multidimensionakurfaceof thefitnessfunction over the possibleindividual configura-
tions. Normally geneticalgorithmsareonly effective if thereis somesmoothnes$o the fitnesslandscapepopulated
by mary local minimaandmaximaof whichthereis atleastonerelatively high maximum.Fitnessfunctionsareoften
composeaf aweightedcombinationof severaldifferentmeasuresf anindividual.

Someof the measureshat are usefulin this applicationinclude,in decreasingrderof significance the successful
parsingof a sentencaisinganindividual’s grammay a relatively small numberof rulesin anindividual’s grammar
anda relatively small averagelength of the right handsidesof anindividual’s rules. The only difficulty with these
measuress thatthe mostsignificantcontribution comesfrom an evaluationthatis binary. Successfuparsingof a
sentences a discrete,yes-orno question. This leadsto a fitnesslandscapevith a singlelarge spike in the center
Someindividual would have to startout very nearthis spike, which is unlikely with grammarinferenceunlessthe
priming of individualsincludesnearlycompletegrammarswhich contradictgheideaof usinga geneticalgorithmin
thefirst place.We needto developa meango smooththefitnesslandscapén orderto transformthe discretequestion
aboutsuccessfuparsinginto a continuousjuestioraboutthe quality of the parse.

Onetechniquédor achieving this transformatiorandsmoothingthefitnesslandscapdérom a spike to a smoothsurface
with multiple local extremamay be calledthe “AreaMethod”. As sentenceompleity growvs morerulesareneeded
for a successfuparse.If we countthe numberof differentrulesusedin a partial parseasa function of the number
of words parsedwe have a kind of areaformedby the productof the usedrule proportionandthe consumedvord

proportion. This givesarough“quality of parse’measureOf coursethis simpleevaluationcanbe misleading.Like

mostcontributorsto fitness,it is addedinto the evaluationin a weightedfashionasis, without concernfor its flaws.

The point of a combinedfitnessfunctionis to trustthe contribution of eachmeasureandits weight, allowing other
measureso make up for theflawsin oneparticularmeasureThisis probablynot sufiicientalone but doeshelpmove

theevaluationaway from the strictly discretequestionof “did it parse?”

Anothertechniquefor smoothingthefithesslandscapelerivesfrom the preferencestoredin eachindividual. If these
valuesare propagatedassuggestedyp throughthe grammarsothatwe have anindicatorof the frequeng of useof
eachrulein anindividual,thenwe canusethatinformationduringanevaluationparseto indicatewhetherthegrammar
wasusedin a fashioncommensuratavith its pastsuccessfulise. The ideais that someindividual’'s grammarmay
parsea sentencéout only by usingseveral obscurerulesrepeatediyandalmostnever usingmuchmorecommonand
generalules. Sometimeshis mightindicatethatthis individualis lesssuitedfor parsingthe sentencéhansomeother
individual might be. Again this heuristiccould also be misleading,which is why it is importantthatit is only one
contributor to the fitnessamongmary. Theright rule-usefrequeng relative to the preferencesn anindividual will
have to bedeterminedcempiricallyin the early developmenbf the geneticalgorithm.

Finally, we areinvestigatinga techniquewe call LR-smoothing. LR-parsingis a table-driven shift-reduceparsing
algorithm. To useit, onetakesa grammarfor alanguageandgeneratesin LR parsetable. Along the way onemust
producea hugecollection of datastructurescalledLR items. EachLR item representsessentially how far along
the currentparseis in eachof the rulesthat might apply. Our LR-smoothingtechniqueassignsa scoreto eachLR

item without actually constructingit (thusreducingthe computationaload so thatit is feasibleto do this for each
individual in eachgeneration).It asksthe questionsusedto constructthe itemsandusesthe answerdo assignthe
score. During parsing,whena rule is usedthe scorefor reductionby that rule at that point of the parseis addedto

theoverall measurdor the parse.Thefinal valueis normalizedandwe have essentiallya percentaggarse.We hope
this will significantly changethe discretespike in the fithesslandscape—nodnly to smoothit but alsoto introduce
additionalextremaandgive the geneticalgorithma betterchanceo succeedThis shouldaccelerateonvergence As



with ary geneticalgorithm,the designof successfufitnessfunctionsis a complex art. Furtherempiricalresultswill
no doubtguidethe continueddevelopmenbf fithessfunctionsfor grammaiinference.

Genetic Operators

We definetwo geneticoperatorgfor this experiment: shallov cross@er and deepcrossa@er. Normally in a genetic
algorithm one usesanotheroperator mutation. Mutation is difficult for this problem;this is dueto the useof the
mappingstructuredescribedearlier We cannotsimply changesymbolson theleft or right handsidesof rules,since
suchchangesvould violate theinformationfoundin the map. Experimentallymutationcould changehe orderingof
symbolsin theright handsideof somerandomlyselectedule. It is unclearwhetherthis operatomwill helpor hinder
thealgorithm.

Shallov crosswer is the copy of exactly one productionrule from one individual to anotherduring reproduction.
The major difficulty facedat this point is resolvingthe symbolspresentin the new rule with the remainderof an
individual's grammar We have two choicesat this point: extendedshallovness,or pureshallavness.The extended
shallav operatorperformsthe following actions: if all of the symbolsin the productionare unknawn, look up the
symbolsin themap.With thistable,anindividual shouldbeableto find a pathof symbolsthatleadfrom somealready
existing rule to somesymbolin the new rule. If thereis morethanoneway to join the new rule with the existing
grammaytheindividual choosest randoma connectingpath. The pureshallov operatoy on the otherhand,simply
attacheghenew rule to thegrammaywith no rule resolutioninvolved.

The deepcrosswer operatormovesan entirechunkof rulesbetweenindividuals. Beginning at the startsymbol,one
entirepathdown therule treeis choseratrandom.This entirepath,consistingof numerousules,is transferredo the
otherindividual. Duplicaterulesareremoved. Sincethereis an entirepathfrom startto terminals,no othersymbol
resolutionis necessary

The Guesser

Whenever anindividual is presentedvith an unknavn setof constituentsa new rule mustbe constructed.In early
generationtheseguessemayoccurrandomly A smallandrandomnumberof constituentsrechoserin sequencand
anew nonterminals generate@stheleft handsideof anew rulewhoseright handsideconsistof thechosersequence
of constituentsAs the individual matureshroughthe generationgertainpatternswill reoccur Suchrecurrencecan
give cluesaboutbetterguessedor new rules. Furthermorewe canuseBayesianinferencetechniques.Bayesian
inferenceis a methodby which uncertaintyvaluespropagateupward throughimplicationsin predicatecalculus. In
our situationproductionssene astheseimplications.Preferencavould be givento certaingroupingsof nonterminals
andterminalsaswell asto groupingscomposecentirely of terminals.

For exampleconsidetthefollowing sentence'The thief, whowe neversaw, tooksomepreciousstones. Onepossible
part-of-speeckaggingthatwe mightexpectto accompam thissentencés “ <art> <nour> <relpn> <nourt> <adv>

<verb> <verb> <adj> <adj> <nourt>." Note thatthe commaswereignored;if we useda taggerthatidentified
thosewe may usethemin the grammarsf individualsto producehigherquality parses.Assumethatthe individual

beingtrainedon this sentencéasalreadyseenthe rules(np — > <art> <nours>), (np — > <adjp>* <nour>), and
(vp — > <verb> np). Therule (np — > <adj>* <nourr>) is usingthe* for the Kleeneclosureoperationin regular
expressiongo indicateconciselythe moreverbosecontet-free form of the samepattern. Fromthoserulesa partial

parsetreecanbe built that coversall but therelative clause’'who we never saw”. The secondigurein the appendix
illustratesthis.

Sothe rule guessemustcomeup with new rulesto parsethe remainingtokens. Oneway the preferencestoredin
eachindividual canhelpis by indicatingwhatnotto choose For example ,supposé¢hata predecessaf thisindividual
in anearliergeneratiorhadrandomlychoserto pair the “<relpn> <nourt>" sequencasa constituent.Sucharule
would be unlikely to have a very high preferencguse-counfrom applicationin a successfuparse). Indeedit will

likely die out of theindividual’s progery in shortorder But atthe momentit is presenin theindividual with a very



low preference.Therule guessemight chooseto try any otherrandomcombinationbut this one becausef its low
value.

Anotherway the preferencestoredin eachindividual canhelptherule guessers by identifying relatedruleswhose
right handsidesmatchpart of the pattern. New rulescanbe madeby modifying the right handsidesof thoserules.
For example,in the sentencdrom the aboveillustration we have the subsequencé<nourt> <adv> <verb>" inside
therelative clausethathasno applicablerules. Supposeéhattherule (s17— > <nourt> <verb>) is in theindividual
with a high preferenceount. Therule guesseusespatternmatchingto identify thatthe tokensin theright handside
bracletthe notedsubsequencandgenerates new rule suchas(s17— > <nourt> <adv> <verb>). While thismay
notbeanidealrule, it andvariousotherslikeit will be generatedy differentindividualsandthenthe prowessof the
geneticalgorithmcanbetrustedto isolatethe grammamwith the mostusefulversion.

Intelligentrule-guessings justoneof severalaspect®f this geneticalgorithmthatessentiallyinvolve micro-evolution
of thegeneration®sf individualsinsidethelargerevolution thatis thework of the primarygeneticalgorithmitself. The
motivationfor thesedeviationsfrom standardjeneticalgorithmsis to provide fastercorvergencen ahigh-dimensional
fitnesslandscapdor generation®f individualswhoseevaluationis computationallyintensive to begin with.

The Process

Theexperimentshallproceedasfollows. First, aninitial populationof individualsis made.All have emptygrammars
and randomlyassignedpreferences.The entire populationmust be evaluatedso selectioncan occur Somefinite
numberof training sentenceare choserfrom the sampleset. This sampleset,in the beginning, will be handtagged
sentencesvith increasinglycomplex syntacticstructure. Somefinite numberof testsentencesre chosenaswell.
Thesesentenceshouldexhibit the samesyntacticstructureasthosein thetrainingset.

We mayseedheindividualswith simpleconceptof grammarlik e the structureof wh-questiorsentencesyrimpera-
tive sentencesDoing somaycausehepopulationto convergemorerapidly. Minimally it will allow someindividuals
to benearerthe majorcorrectlandscapespike.

Whenanindividual is evaluated first it is shavn the setof training sentenceandlearningcommencesDuring the
training period,ary time anindividual is parsinga sentencdut is unableto completethe parse(i.e. whena sentence
containsnew syntacticstructure)the individual is allowedto createnew productions.The decisionof whereto form
constituentss determinedn two ways. First, structuralsimilarities betweenthe test sentencesre searchedand
new rulesarecreatedo definethosesimilarities. Secondthe individual may simply have to guess.Using internal
preferencesthe individual usesthe processdescribedabore to createnew rules. Any new rulesarerecordedn the
symboltable.New symbolsfor theleft handsidesaregeneratedby the symboltablecomponentno clashesn symbols
will occut

Learningceasedor anindividual in a particulargenerationwhenit hassuccessfullyparsedthe training sentences,
or aftera certainnumberof tries have occurred. The testsentencesrethenappliedto the individual in conjunction
with thefitnessfunction. Theindividualis scoredandthe next individual is evaluatedwith the sametrainingandtest
sentences.

Overtime the entirepopulationwill learnanincreasingamountof the syntaxof the chosenanguage At somepoint
it shouldhave enoughknowledgeof the domainthatit canparseentiretexts.

Conclusion

In this paperwe have presentedhe componentsand procesf a machinethat, given somebits of naturallanguage,
shouldinducethe structureof the sample. Note that at this time no prototypical code hasbeenwritten. Please
understandhatthis is simply an experimentalproposal.We welcomeary feedbackhe reademay have concerning
thereality of the computationadifficulty of the problem.
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