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Introduction

In this paperwe describethe componentsandoperationof 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 representationof
thestructure.For language,this structureis oftenrepresentedasa context freegrammar. Theprogramis trainedon
somesamplesof thetext, thenevaluated.Generaltechniquesfor syntacticinductionaregivenin [3]. Thesetechniques
heavily rely on thepresenceof a teacherwho hasdetailedknowledgeof thelanguage.

The problembecomesvery difficult whenthe dataaresamplesof naturallanguage.English,for instance,presents
somegrammaticalstructures,like relative clauseattachment,thatarehighly ambiguous.Ambiguity in this instance
meansthatone’s understandingof thesyntacticstructureof a sentenceis informedby linguistic databeyondsyntax.
Someexamplesof theproblemsthatmustbedealtwith canbefoundin [Barbara’spaper].

Overview of the program

We proposethata geneticalgorithm,with someassistance,cansolve this problem.Theprogramwill betrainedon a
setof simpleexamples.Over time, thesampleswill increasein complexity. While structuralelementsthathavebeen
previouslyseenpersistin boththeinternalrepresentationandthesample,new structureis introduced,sotheprogram
mustcontinueto adaptthe representation.New structurewill be introducedslowly, so the algorithmhassufficient
time to adjust.

Thealgorithmwill be informedby a constituentguessingcomponent.This component,over time, gathersstatistical
dataregardingknown syntacticstructure.Whenthe algorithmis facedwith a sentencethat hasunknown syntax,it
mustguess.This componentmakestheguessabit moreeducatedthanrandomchoice.

Previous work

Similar experimentshave beenperformed,but have limited scope. They prove the ability of geneticalgorithmsto
inducethestructureof many kindsof well-formeddata,but only describesmall experimentswith naturallanguage.
Descriptionscanbefoundin [6] and[8]. Theauthorsof thesepiecesnotethatNL inductionis verydifficult.
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Experimentshavebeenperformedthatinfer rulesfor discretefinite automata,whichsolvethesameproblemascontext
freegrammars,but theauthorshavenot yet exploredtheliteraturein thisarea.

Context Free Grammars

Context freegrammarsarea mathematicalway of modelingconstituentstructure[4]. Constituentsaregroupingsof
wordsin a sentence.Exampleconstituentsin Englisharenounphraseandrelative clause.A grammaris a 4-tuple
consistingof a setof non-terminals,a setof terminals,a setof productions,anda startsymbol.Theterminalsarethe
wordsin thelanguage.Non-terminalsarelabelsgivento constituents.

A productionconsistsof a left handside,which is a non-terminal,anda right handside.Theright handsideis a list
of oneor moreterminalsor non-terminals.Productionsarerulesthatdescribehow to translateasentenceof terminals
into a treeof non-terminalsandterminalsthatexpressesthesentence’sstructure;this is calleda parsetree.

In context free grammars,the left handside is guaranteedto have exactly one symbol. Thereare other kinds of
grammarwith differentconstraints.Context sensitive grammarsallow morethanonesymbolon the left handside;
this meansthatwhetherandhow oneappliesproductionsdependson thesurroundingsymbols.Productionsareoften
writtenastheleft handside,thenanarrow, thenthelist of right handside.For example:

S � � A
A � � AB
B � � 0A
B � � 1

A grammarcanbothproduceandparsesentences.A productive grammarbeginsat thestartsymbol,S in this case.
It thenreplacesall thesymbolson its right handsidewith their right handsidesandcontinuesuntil all symbolshave
beentransformedinto terminals.In our example,theterminalsare1 and0. If thereis morethanonerule for a given
symbol,a rule is chosenrandomly.

Parsingis the oppositeoperation.Given a sentence,the parserbuilds a treebasedon the rulesof the grammarthat
describesthe syntaxof the sentence.If no treecanbe made,the sentenceis declaredungrammatical.Parsersand
grammarsaredescribedin moredetail in [4].

A facetof context free grammarsthat concernus is grammarequivalence.For any context free languagethereare
multiple grammars.Therearetwo kindsof equivalence:weakandstrong.Two grammarsarestronglyequivalentif
they generatethesamesetof stringsandassignthesamephrasestructureto eachsentence.Two grammarsareweakly
equivalentif they simplygeneratethesamesetof strings.In thisexperiment,thegrammarsrepresentedby individuals
will be weakly equivalent. Strongequivalenceis not requiredfor successfulparsing. The grammarthat a machine
induceswill likely besignificantlydifferentthana grammarwe, ashumans,would derive. This doesnot imply that
themachine’sgrammaris wrong; it is simply moresuitableto themachine’s understandingof thesyntacticqualities
of thetext. Our solutionto thegrammarequivalenceproblemis presentedbelow.

Genetic Algorithms

Geneticalgorithms(GA) areatechniquefor searchingfor solutionsto aproblemin anintelligentandefficientmanner,
modelingaspectsof neo-Darwinianevolution. Herewe will presenta simplifieddescriptionof how aGA works.The
readeris referredto [7] for a morecompletedescription.

Neo-Darwinianevolution explainsadaptive changeof speciesover time. Populationsof individualsaresubjectto a
processcallednaturalselection.This processfavors the groupthat is bestadaptedto its environmentalconditions.
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Adaptationhasthreeaspects:heredity, variation,andselection.

Individuals,from an evolutionarypoint of view, have onefunction: to reproduce.Reproductionis the transmission
of hereditarymaterialfrom parentto offspring. It is the mechanismby which the informationa populationlearns
abouthow bestto survivepersistsover time. Individualsthatarebettersuitedfor survival aremorelikely to passtheir
geneticmaterialon to thenext generation.

Individualsaremadeup of setsof traits,calledgenes.Genesaretheunit of heredity. Thetotal amountof hereditary
informationanindividual hasis calledits genotype.Themannerof responsein anenvironmentandphysicalembod-
imentof the individual is thephenotype[1]. Thephenotypeis the collectionof expressedgenes;not necessarilyall
genesareincludedin this set. This differentiationis important. Individualscarrysomeinformationthatmaynot at
themomentimprovetheirability to survive,but theinformationis retainedin thepopulation’smemory, perhapsto be
usedat a latertime. Further, theamountof informationa populationknows increasesover time,allowing individuals
to live in agreateramountof environmentalconditions.

Thegeneticmaterialreceivedby offspringdueto reproductionis a uniqueset.Thephenotypevariesin small,seem-
ingly undirectedways. Thedifferencesareimportantbecausethey maygive theoffspringsomecritical advantageat
somepoint. This increasesthechancethattheoffspringwill surviveandreproduce.

Selectionis an operationon the population. The individualsleastsuitedfor survival arelikely to perish,unableto
reproduce.If theenvironmentis stable,andthepopulationis well adapted,thepopulationwill grow large.Therewill
bemoreindividualscompetingfor resources.Individualswhoarebetterableto exploit thoseresourcesareselectedto
surviveandreproduce.

A geneticalgorithmmodelsnaturalselection.A populationof individuals,representingsolutionsto a givenproblem,
areevolvedovera discretenumberof time steps.All individualsin thepopulationat onetime stepareevaluatedand
givenscores;this is calledthefitness.Thefitnessfunction is themostimportantrequirementof a geneticalgorithm:
it mustbeableto identify correct,incorrect,andpartiallycorrectsolutions.Over time, thereareanincreasingnumber
of individuals who have more correctpartial solutions. Thosewith the highestfitnessareselectedand reproduce
a numberof times proportionalto their fitness. During reproduction,two (or more) operationsare appliedto the
individual; usuallythesearecrossover andmutation. Otheroperatorsaredescribedin [7] and[1]. Crossover is the
swappingof piecesof informationbetweentwo differentindividuals.Mutationsarerandomchangesmadeto a single
individual. Crossover andmutationonly occurto an individual if certainprobabilitiesaremet; someindividualsare
copiedinto thenext populationwithoutchange.

Individualsaretypically representedasbit strings.Thepositionof thebit in a string is anencodingfor a partof the
solution.In a functionoptimizationproblem,for example,somefunctionmaytakeeightdifferentparameters.If three
bits couldencodeall possibleparametervalues,theneachindividual would be24 bits long. Mutationandcrossover
areeasyto implementwith this representation.

A commonwayat lookingatwhatkind of problemaGA solvesis afitnesslandscape.A landscapeis ahyperplaneof
n dimensions,wheren is thenumberof parameters.For someproblems,this landscapeis describedas“hilly”. More
fit solutionsarehigherupon thehills. Geneticalgorithmssearchthesehills for optimalsolutions.

Suitability of GAs to this problem

This problemis potentiallyvery difficult for a geneticalgorithm. Thefitnesslandscapeof solvingthe“parsea piece
of text” problemis viewedasa largespike. This is trueif oneviews thefitnessfunctionasmerely“did theindividual
parsethetext, or not?” A geneticalgorithmperformspoorly in suchanenvironment.

We suggesta differentview. While thefitnesslandscapefor parsingsometext asa whole is unsuitablefor GAs, the
fitnesslandscapefor building parsetreesfor onesentenceis not asintractable.Therearemany treesthat could be
built from onesentence.Thenotionof partialcorrectnessis critical in a GA. Thealgorithmmustbeableto identify
individualswho solve at leastpartof theproblem.We have createda fitnessfunctionthatwill beableto give higher
scoresto individualsbasedon how muchof a givensentencethey parse.SinceGAs implicitly searchmany possible
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solutionsat thesametime,we feel theGA wouldbeableto induceagrammar, givenenoughtime.

Further, we cannotexpectto beableto starttheexperimentby giving thealgorithmfull-length complex sentences.It
is importantto train thealgorithmslowly. With this in mind,wewill usesomeideasfrom developmentalpsychology.
Moreinformationcanbefoundin [Barbara’spaper].Thebasicideais thatchildrenlearnsyntaxslowly andin acertain
order. We feel thatthealgorithmmustbeintroducedto syntacticfeaturesin a similar, slow order.

To easethedifficultly of findingandkeepingacorrectgrammar, we introducea few extracomponentsthatwebelieve
will assisttheGA. Theseincludeanintelligentguessingstructure,a methodof learningin eachgeneration,a method
to transferwhatonehaslearnedto onesoffspring,andspecializedgeneticoperators.

Our Approach

Parser and Tagger

Two componentsnecessaryto theexperimentaretheparserandthetagger. Theparser, givena grammar, determines
whetheragivensentenceis grammaticallycorrect.Therearemany kindsof parsers,all with their respectivestrengths
andweaknesses.

The simplestparseris top-down recursive. Beginning with the start symbol, the parsetree is built by recursively
expandingsymbolson theright handside.Searchusuallyis performedleft to right, i.e. thefirst instanceof a left hand
sideis searchedfully beforeany otherrulefor thesameleft handside.Theproblemwith top-downrecursiveparsingis
thatthesametreesareoftensearchedrepeatedly. Simplebottom-uprecursiveparsingis similar to top-down; it begins
at theterminalsandrecursively builds trees.

More complex bottom-upparsing,like LR, arecomputationallyexpensive. For eachgrammar, a setof LR itemsare
created.LR parsingsearchesmorethanonepathat once. EachLR item consistsof a pointerto wherethe parseis
currentlysituated,whatsymbolsarenext on theinput,andpossiblerulesthatcouldapply.

For thefirst experimentwewill usehandtaggedsentencesfor trainingandtesting.OnceweprovethatGAscanlearn
the syntacticstructureof a language,albeit slowly, we will increasethe complexity of the tagsused.Complex tags
arenecessaryto createrulesfor moredifficult languagestructures,like relativeclauses.At this point we would usea
taggingcomponent,which likely will consistof a parser. Thisparseris not necessarilythesameparserastheonethat
is usedto evaluateindividuals. Theevaluatingparsermustbesimpleenoughto allow for relatively quick parsingof
sentencesgivenanindividual’sgrammar. Theparserusedby thetaggercanbearbitrarily complex.

Representation of Individuals

Eachindividual in agivengenerationmustrepresenttheruleswhichhavecome,over theevolutionof thatindividual,
to producemaximalsuccessin parsing.Therulesmustberepresentedin a mannerconduciveto thegeneticoperators
at work aswell asto othercomponentsof theproposedsystem.This especiallyincludessupportfor the constituent
guesser, whichcreatesnew rules.Moreover, rulerepresentationsmustsupportwhatevermechanismsareintroducedto
handlegrammarisomorphisms,whichcomplicatebothrepresentationin generalandthegeneticoperatorsin particular.
Thefollowing addressesthegeneralproblemsof grammarequivalencesandisomorphismsanddiscussesourproposed
solutions.Equivalent,in this description,meansweakequivalence,while isomorphicrefersto strongequivalence.

Grammarequivalencesoccurbecausefor any given languagethereis a potentially infinite setof grammarswhich
derivepreciselythesamesetof sentences.Grammarisomorphismsoccurbecausecontext-freegrammarsareprocessed
strictly asproductionrules,withoutany regardto semantics.For example,considerthefollowing individuals:

G1: (abc � � ghi def), (abc � � def), (def � ��� noun� ), and(ghi � ��� art� )
G2: (qrs � � nmz),(qrs � � wlp nmz),(nmz � ��� noun� ), and(wlp � ��� art� )

Therulesfrom bothindividualsproducepreciselythesamefinite setof derivations, “ � art��� noun� ”, “ � noun� ” ,
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usingderivationtreesthatarestructurallyequivalent.Thesetwo grammarsareisomorphic.Additionally, considerthis
individual:

G3: (abc � � lym), (lym � � rqs),(lym � � wnt rqs),(rqs � ��� noun� ), and(wnt � ��� art� )

Thisgrammarproducesthesamesetof sentences,thoughit usesdifferentlystructuredparsetrees.G3 is equivalentto
but not isomorphicwith G1andG2.

In the caseof grammarequivalencenothingspecialneedbe done. It is preciselythe point of a geneticalgorithm
to allow multiple individuals to develop very similar solutionsto a problem. The geneticalgorithm,usingfitness
measures,selectswhich individualsshouldpropagateto thenext generation.In thecaseof thegrammarequivalence
betweenthe G3 and the isomorphicpair G1 andG2 the fitnessmeasurefavoring smallergrammarswould tendto
causeG3 to die out of the populationafter a few generations.Hence,multiple grammarsthat successfullyparse
sentencesposeno problemsimply becauseof thenatureof thegeneticalgorithm.Thefitnessfunctionreferredto will
bedescribedin moredetailbelow.

However, grammarisomorphismsdo causesomeproblems.During thegeneticoperatorof shallow crossover, single
rulesaretakenfrom two individualsandswapped.This is donewithoutregardto theotherruleswith whichthechosen
rulesinteract.Sofor instance,if G1andG2wereselectedfor shallow crossover, rule 1 of G1 might beswappedwith
rule 2 of G2 (selectedrandomly).Without referenceto theinteractionof theseruleswith othersfrom thegrammarin
particularderivations,how canwe recognizethat the two rulesindeeddo serve thesamepurposein eachgrammar?
Taken alonethey merelyindicatethe replacementof onenonterminalwith two othernonterminals,all of which are
not known to berelatedin any way!

The problemis slightly morecomplicatedfor the geneticoperatorof deepcrossover, in which an entirepathfrom
someroot of the grammarto a terminal is swappedbetweentwo individuals. In this casewe might be temptedto
assertthatisomorphicpaths(with thesamestructurebut differentnames)correspondto thesamederivationsfor both
grammars.It is possiblefor a sequenceof nonterminalsto have additionalreplacementrulespresentin onegrammar
but absentfrom theother. Thesewouldbeoverlookedby theaboveassertion.

To solvetheproblemof isomorphicgrammars,weneedsomewayto nameconstituentgroupingsandthehierarchically
constructednonterminalsthat aresharedamongall individuals. This canbe doneusinga mappingstructurethat is
global in the geneticalgorithmandmaintainedbetweengenerations.Whenever a new rule is to be constructed,the
tableis searchedfor the symbolson the right handside. If sucha rule exists, thenthe namein the tablefor the left
handsideis usedfor theleft handsideof therule in theindividual. If therule is not thereit is addedto boththetable
andtheindividualwith whatevernameis generatedfor it. Thisnameis guaranteedto beuniquein themap.Thissame
procedureis appliedfor sequencesof nonterminalsor bothterminalsandnonterminals.This ensuresthatwhena rule
like (abc � � ghi def) is copiedinto anindividual, thosenonterminalscanberesolvedwith respectto theindividual’s
currentsetof productions.

With thoseideasin mind,wecanchoosearepresentationfor theindividual’srules.Wechoseapairwhosefirst element
is theleft handsideof therule andwhosesecondelementis a list of all thesymbolson theright handsideof therule.
Operationson representationsaredescribedbelow.

Whenever a constituentgroupingoccursfor which thereareno rulesin an individual, somepatternmatchingalgo-
rithm mustbe usedto choosea new rule to build. The detailsof this rule guessingmechanismfollow shortly. We
cankeepcertaininformationwithin eachindividual to aid the rule guesserin its task. This informationconsistsof
preferencevaluesfor existing rules. This informationis uniqueto eachindividual, but appliesto theruleswhich are
storedin the globalmap. Thereforeeachindividual canstorepairswhosefirst elementis the mapindex for certain
constituent/nonterminalgroupingsandwhosesecondelementis a use-countfor thatrulewithin thatindividual. Thus,
oneindividual mayhave (abc � ��� art��� noun� ) pairedwith a preferenceof 5 while anothermayhave thesame
rule pairedwith a preferenceof 3. This reflectsthattherule hasbeensuccessfullyappliedmorefrequentlyin thefirst
individualthanthesecond.Suchinformation,asshallbeseen,canmaketherule-guessersignificantlymoreintelligent
andshouldleadto fasterconvergence.Thefirst diagramin theappendixdemonstratestheserepresentationalchoices
in thecontext of theentirepopulation.

Alternatively, wecankeepdifferentvaluesin thepreferencelist of theindividuals.Thesepreferencesaredefinedwith
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respectto thestructureof theconstituents.As anexample,givenapartiallyparsedsentence“ � det��� noun� vp,” the
individual may have a high preferencefor groupingthe first two elementsinto oneconstituent,thengroupthis new
constituentwith the last. Or theindividual maygroupthe last two constituentstogether. Preferences,whencodedin
this fashion,maybesubjectedto geneticoperatorsaswell.

Fitness Function

Fitnessfunctionsareusedin geneticalgorithmsto evaluateeachindividual for inclusionin thenext generation.The
fitnesslandscaperefersto themultidimensionalsurfaceof thefitnessfunctionover thepossibleindividual configura-
tions. Normally geneticalgorithmsareonly effective if thereis somesmoothnessto thefitnesslandscape,populated
by many localminimaandmaximaof which thereis at leastonerelatively highmaximum.Fitnessfunctionsareoften
composedof a weightedcombinationof severaldifferentmeasuresof anindividual.

Someof the measuresthat areuseful in this applicationinclude,in decreasingorderof significance,the successful
parsingof a sentenceusingan individual’s grammar, a relatively small numberof rulesin an individual’s grammar,
anda relatively small averagelengthof the right handsidesof an individual’s rules. The only difficulty with these
measuresis that the mostsignificantcontribution comesfrom an evaluationthat is binary. Successfulparsingof a
sentenceis a discrete,yes-or-no question. This leadsto a fitnesslandscapewith a single large spike in the center.
Someindividual would have to startout very nearthis spike, which is unlikely with grammarinferenceunlessthe
priming of individualsincludesnearlycompletegrammars,which contradictstheideaof usinga geneticalgorithmin
thefirst place.We needto developa meansto smooththefitnesslandscapein orderto transformthediscretequestion
aboutsuccessfulparsinginto a continuousquestionaboutthequalityof theparse.

Onetechniquefor achieving this transformationandsmoothingthefitnesslandscapefrom aspike to asmoothsurface
with multiple local extremamaybecalledthe“AreaMethod”. As sentencecomplexity grows morerulesareneeded
for a successfulparse.If we countthe numberof differentrulesusedin a partial parseasa functionof the number
of wordsparsed,we have a kind of areaformedby the productof the usedrule proportionandthe consumedword
proportion.This givesa rough“quality of parse”measure.Of course,this simpleevaluationcanbemisleading.Like
mostcontributorsto fitness,it is addedinto theevaluationin a weightedfashionasis, without concernfor its flaws.
The point of a combinedfitnessfunction is to trust the contribution of eachmeasureandits weight, allowing other
measuresto makeup for theflawsin oneparticularmeasure.This is probablynotsufficientalone,but doeshelpmove
theevaluationaway from thestrictly discretequestionof “did it parse?”

Anothertechniquefor smoothingthefitnesslandscapederivesfrom thepreferencesstoredin eachindividual. If these
valuesarepropagated,assuggested,up throughthegrammarsothatwe have an indicatorof thefrequency of useof
eachrule in anindividual,thenwecanusethatinformationduringanevaluationparseto indicatewhetherthegrammar
wasusedin a fashioncommensuratewith its pastsuccessfuluse. The ideais that someindividual’s grammarmay
parsea sentencebut only by usingseveralobscurerulesrepeatedlyandalmostnever usingmuchmorecommonand
generalrules.Sometimesthismight indicatethatthis individual is lesssuitedfor parsingthesentencethansomeother
individual might be. Again this heuristiccould alsobe misleading,which is why it is importantthat it is only one
contributor to thefitnessamongmany. The right rule-usefrequency relative to thepreferencesin an individual will
have to bedeterminedempiricallyin theearlydevelopmentof thegeneticalgorithm.

Finally, we are investigatinga techniquewe call LR-smoothing. LR-parsingis a table-driven shift-reduceparsing
algorithm. To useit, onetakesa grammarfor a languageandgeneratesanLR parsetable. Along theway onemust
producea hugecollectionof datastructurescalledLR items. EachLR item represents,essentially, how far along
the currentparseis in eachof the rulesthat might apply. Our LR-smoothingtechniqueassignsa scoreto eachLR
item without actuallyconstructingit (thusreducingthe computationalload so that it is feasibleto do this for each
individual in eachgeneration).It asksthe questionsusedto constructthe itemsandusesthe answersto assignthe
score.During parsing,whena rule is usedthe scorefor reductionby that rule at thatpoint of the parseis addedto
theoverall measurefor theparse.Thefinal valueis normalizedandwe have essentiallya percentageparse.We hope
this will significantlychangethe discretespike in the fitnesslandscape–notonly to smoothit but alsoto introduce
additionalextremaandgive thegeneticalgorithmabetterchanceto succeed.This shouldaccelerateconvergence.As
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with any geneticalgorithm,thedesignof successfulfitnessfunctionsis a complex art. Furtherempiricalresultswill
no doubtguidethecontinueddevelopmentof fitnessfunctionsfor grammarinference.

Genetic Operators

We definetwo geneticoperatorsfor this experiment:shallow crossover anddeepcrossover. Normally in a genetic
algorithmoneusesanotheroperator, mutation. Mutation is difficult for this problem;this is dueto the useof the
mappingstructuredescribedearlier. We cannotsimply changesymbolson the left or right handsidesof rules,since
suchchangeswould violatetheinformationfoundin themap.Experimentally, mutationcouldchangetheorderingof
symbolsin theright handsideof somerandomlyselectedrule. It is unclearwhetherthis operatorwill helpor hinder
thealgorithm.

Shallow crossover is the copy of exactly oneproductionrule 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: extendedshallowness,or pureshallowness.Theextended
shallow operatorperformsthe following actions: if all of the symbolsin the productionareunknown, look up the
symbolsin themap.With this table,anindividualshouldbeableto find apathof symbolsthatleadfrom somealready
existing rule to somesymbol in the new rule. If thereis morethanoneway to join the new rule with the existing
grammar, the individual choosesat randoma connectingpath. Thepureshallow operator, on theotherhand,simply
attachesthenew rule to thegrammar, with no rule resolutioninvolved.

Thedeepcrossover operatormovesanentirechunkof rulesbetweenindividuals.Beginningat thestartsymbol,one
entirepathdown therule treeis chosenat random.Thisentirepath,consistingof numerousrules,is transferredto the
otherindividual. Duplicaterulesareremoved. Sincethereis anentirepathfrom startto terminals,no othersymbol
resolutionis necessary.

The Guesser

Whenever an individual is presentedwith an unknown setof constituentsa new rule mustbe constructed.In early
generationstheseguessesmayoccurrandomly. A smallandrandomnumberof constituentsarechosenin sequenceand
anew nonterminalis generatedastheleft handsideof anew rulewhoserighthandsideconsistsof thechosensequence
of constituents.As theindividual maturesthroughthegenerationscertainpatternswill reoccur. Suchrecurrencecan
give cluesaboutbetterguessesfor new rules. Furthermore,we canuseBayesianinferencetechniques.Bayesian
inferenceis a methodby which uncertaintyvaluespropagateupward throughimplicationsin predicatecalculus. In
our situationproductionsserveastheseimplications.Preferencewouldbegivento certaingroupingsof nonterminals
andterminalsaswell asto groupingscomposedentirelyof terminals.

For example,considerthefollowingsentence.“The thief,whoweneversaw, tooksomepreciousstones.” Onepossible
part-of-speechtaggingthatwemightexpectto accompany thissentenceis “ � art��� noun�	� relpn�	� noun�
� adv�
� verb��� verb��� adj��� adj��� noun� .” Note that the commaswereignored;if we useda taggerthat identified
thosewe mayusethemin thegrammarsof individualsto producehigherquality parses.Assumethat the individual
beingtrainedon this sentencehasalreadyseentherules(np � ��� art��� noun� ), (np � �
� adj� * � noun� ), and
(vp � ��� verb� np). Therule (np � ��� adj� * � noun� ) is usingthe* for theKleeneclosureoperationin regular
expressionsto indicateconciselythemoreverbosecontext-freeform of thesamepattern.Fromthoserulesa partial
parsetreecanbebuilt thatcoversall but therelative clause”who we never saw”. Thesecondfigure in theappendix
illustratesthis.

So the rule guessermustcomeup with new rulesto parsethe remainingtokens. Oneway the preferencesstoredin
eachindividualcanhelpis by indicatingwhatnot to choose.For example,supposethatapredecessorof thisindividual
in anearliergenerationhadrandomlychosento pair the“ � relpn��� noun� ” sequenceasa constituent.Sucha rule
would be unlikely to have a very high preference(use-countfrom applicationin a successfulparse). Indeedit will
likely die out of the individual’s progeny in shortorder. But at themomentit is presentin theindividual with a very
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low preference.The rule guessermight chooseto try any otherrandomcombinationbut this onebecauseof its low
value.

Anotherway thepreferencesstoredin eachindividual canhelptherule guesseris by identifying relatedruleswhose
right handsidesmatchpartof the pattern.New rulescanbemadeby modifying the right handsidesof thoserules.
For example,in thesentencefrom theabove illustrationwe have thesubsequence“ � noun��� adv��� verb� ” inside
therelative clausethathasno applicablerules.Supposethat therule (s17 � ��� noun��� verb� ) is in theindividual
with a high preferencecount.Therule guesserusespatternmatchingto identify that thetokensin theright handside
bracket thenotedsubsequenceandgeneratesanew rulesuchas(s17 � ��� noun��� adv��� verb� ). While thismay
not beanidealrule, it andvariousotherslike it will begeneratedby differentindividualsandthentheprowessof the
geneticalgorithmcanbetrustedto isolatethegrammarwith themostusefulversion.

Intelligentrule-guessingis justoneof severalaspectsof thisgeneticalgorithmthatessentiallyinvolvemicro-evolution
of thegenerationsof individualsinsidethelargerevolutionthatis thework of theprimarygeneticalgorithmitself. The
motivationfor thesedeviationsfrom standardgeneticalgorithmsis to providefasterconvergencein ahigh-dimensional
fitnesslandscapefor generationsof individualswhoseevaluationis computationallyintensive to begin with.

The Process

Theexperimentshallproceedasfollows. First,aninitial populationof individualsis made.All haveemptygrammars
and randomlyassignedpreferences.The entire populationmust be evaluatedso selectioncanoccur. Somefinite
numberof trainingsentencesarechosenfrom thesampleset. This sampleset,in thebeginning,will behandtagged
sentenceswith increasinglycomplex syntacticstructure. Somefinite numberof testsentencesarechosenaswell.
Thesesentencesshouldexhibit thesamesyntacticstructureasthosein thetrainingset.

Wemayseedtheindividualswith simpleconceptsof grammar, likethestructureof wh-questionsentences,or impera-
tivesentences.Doingsomaycausethepopulationto convergemorerapidly. Minimally it will allow someindividuals
to benearerthemajorcorrectlandscapespike.

Whenan individual is evaluated,first it is shown thesetof trainingsentencesandlearningcommences.During the
trainingperiod,any time anindividual is parsinga sentencebut is unableto completetheparse(i.e. whena sentence
containsnew syntacticstructure)the individual is allowedto createnew productions.Thedecisionof whereto form
constituentsis determinedin two ways. First, structuralsimilarities betweenthe test sentencesare searched,and
new rulesarecreatedto definethosesimilarities. Second,the individual may simply have to guess.Using internal
preferences,the individual usesthe processdescribedabove to createnew rules. Any new rulesarerecordedin the
symboltable.New symbolsfor theleft handsidesaregeneratedby thesymboltablecomponent;noclashesin symbols
will occur.

Learningceasesfor an individual in a particulargenerationwhenit hassuccessfullyparsedthe training sentences,
or aftera certainnumberof trieshave occurred.The testsentencesarethenappliedto the individual in conjunction
with thefitnessfunction. Theindividual is scoredandthenext individual is evaluatedwith thesametrainingandtest
sentences.

Over time theentirepopulationwill learnanincreasingamountof thesyntaxof thechosenlanguage.At somepoint
it shouldhaveenoughknowledgeof thedomainthatit canparseentiretexts.

Conclusion

In this paperwe have presentedthecomponentsandprocessof a machinethat,givensomebits of naturallanguage,
should inducethe structureof the sample. Note that at this time no prototypicalcodehasbeenwritten. Please
understandthat this is simply anexperimentalproposal.We welcomeany feedbackthe readermayhave concerning
thereality of thecomputationaldifficulty of theproblem.
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Appendix

Representationof Individuals
SampleGuessing


