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Abstract

Thispaperintroducesthedesignanduseof theSimpleLanguageGenerator(SLG). SLG allowstheuserto construct
small but interestingstochasticcontext-free languageswith relative ease.Althoughcontext-freegrammarsarecon-
venientfor representingnaturallanguagesyntax,they do not easilysupportthe semanticandpragmaticconstraints
thatmakecertaincombinationsof wordsor structuresmorelikely thanothers.Context-freegrammarsfor languages
involving many interactingconstraintscanbecomeextremely complex andcannotreasonablybe written by hand.
SLG allows the basicsyntaxof a grammarto be specifiedin context-free form andconstraintsto be appliedatop
this framework in a relatively naturalfashion.This combinationof grammarandconstraintsis thenconvertedinto a
standardstochasticcontext-free grammarfor usein generatingsentencesor in makingcontext dependentlikelihood
predictionsof thesequenceof wordsin a sentence.
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1 Intr oduction

A commongoal in the field of machinelearningis the developmentof modelsthatareableto capturethe structure
of a language,be it a natural,humanlanguageor somethingmoreabstract.For example,onemight wish to learn
therulesof grammaticalityor usethelanguageto comprehendandproducemessages.Althoughit is oftendesirable
to work directly with a completenatural language,in studyingthe behavior of a particularlearningmethodor in
comparingmultiple strategiesit is sometimesnecessaryto have at our disposallanguageswith well-understoodand
easilycontrolledproperties.

To producesucha language,we typically rely on a grammarwhich definesthe legal strings,or sentences,it
contains.A generativegrammaris onethatcanproducethosesentences.With mostreasonablelanguages,it is usually
not very difficult to write a programto generatethe language.However, oneof thegoalsof many researchersis to
traina neuralnetwork,hiddenmarkov model,or otherlearningmethodto predicteachword in asentence.In orderto
evaluatesuchamodel,wewouldneedthetheoreticallycorrectpredictions.Althoughtherearemany waysto generate
a language,mostof themdonotenabletherapidcalculationof word-by-wordpredictionsbasedon thegrammar.

A simpleyet fairly powerful form of grammaris the context-free grammar, or CFG (seeHopcroft & Ullman,
1979,for an introduction). By specifyingprobabilitiesthat eachpossibleproduction, or transition,in the grammar
is performed,we cancontrol the distribution of sentencesproducedby a CFG.Thuswe form a type of generative
grammarknown asa stochasticcontext-free grammar, or SCFG.Theadvantageof theSCFGis that it hasbeenthe
subjectof considerableanalysisandwe have reasonablyfastalgorithmsfor parsingandproducingword predictions
usingSCFGs.

Unfortunately, if oneis interestedin designingcomplex languagesby hand,theSCFGcanberathercumbersome.
In order to producea languageof significantcomplexity, wherecomplexity is usedin a non-technicalsense,the
requiredgrammarbecomeslong andcomplicated,involving considerableredundancy anda hostof symbols,which
often have ratherabstractrelationshipsto the final language.In the SCFG,probabilitiesmustbespecifiedfor each
productionin the grammar, but reasonableprobabilitiesaredifficult to determineby handif the symbolsinvolved
do not have clearmappingsto well-understoodpropertiesof the intendedlanguage.Therefore,designinginteresting
SCFGgrammarsby handbecomesquiteimpossible.

Thegoalof SLG or theSimpleLanguageGenerator, is to allow ahumanto specifyrelatively conciseandintuitive
grammarswhichneverthelessdefineinterestinglanguages.Thegrammarinterpretedby SLG is similar in basicform
to anSCFG,but it allows thedesignerto specifyadditionalconstraintsthatalter theresultinglanguage.Theability
to reuseconstraintshelpsto eliminateredundancy. SLG canthenconvert the user’s grammarto a standardSCFG.
Thisprocessis known asresolvingthegrammar. Oncewehave obtainedanSCFGwhich is equivalentto theoriginal
grammar, albeitmuchlongerandmorecomplex, wecaneasilygeneratesentencesin thelanguageor produceoptimal
wordpredictions.

Thisreportexplainstheuseof SLG andsomeof its innerworkings.Section2 describesthegrammarspecification
language.Section3 explainstheprocessby whichconstraintsareresolved.Section4 explainstheprocessof reducing
or minimizing the sizeof grammars.Section5 describesthe methodof converting grammarsto GreibachNormal
Form andhow this is usedto produceword predictions.Section6 mentionssomepossiblefutureextensionsto the
programandprovidestheaddressfor downloadingSLG. Finally, AppendixA explainsthecommand-linearguments
usedto controlSLG.

2 The grammar

Thegrammarinterpretedby SLG1 is a supersetof a standardSCFGgrammar. Therefore,any ordinarySCFG,and
henceany finite statemachine,canbehandledin a straightforwardmanner. Onecanview theprocessof generatinga
sentencewith anSCFGasthebranchingof an invertedtree.Eachnon-terminalsymbolbranchesinto thesymbolsin
its chosenproduction.Thegrammaris context-freebecausethebranchingof eachsymboldependsonly onthesymbol
itself andis unaffectedby context, or thesymbolsaroundit. While CFGsareaconvenientwayto capturethesyntaxof
many languages,andhavethusattractedtheattentionof linguists,if weareconcernedwith thefrequency of sentences,
we mustconsiderthesemanticsandpragmaticsof naturallanguages,which play an importantrole in the choiceof
productions.However, it is not possibleto introducethis typeof informationinto anSCFGwithout restructuringit,
whichwoulddestroythenice,simplemodelof syntax.

1This reportis basedon SLG version2.0.



Whatwe would like to beableto do is to constrainthebehavior of onesymbolgiventheproductionsof one,or
more,othersymbolsin thetree.For example,whenproducingnaturalsentences,wemightwantto constrainthechoice
of verbbasedthechoiceof subjector thechoiceof adjectivebasedon thenounit is describing.Givena grammarand
a list of suchconstraints,it is possible,althoughnot entirelystraightforward,to generatesentencesthatsatisfyboth
thegrammarandtheconstraintsaslongasthedependenciesaren’t circular. However, givensuchamodel,it wouldbe
next to impossibleto efficiently parseandgeneratewordpredictions.To do that,we would really like just a standard
SCFG.But aslong astheregion of the treeaffectedby eachconstraintis contained,we shouldbeableto eliminate
the needfor the constraintsby restructuringjust thoseportionsof the grammarso that the constraintis effectively
embeddedin thecontext-freeproductions.This is theroleof SLG.

Defining an SLG constraintinvolvestwo steps. First, a constraintfunction is definedwhich specifieshow the
choiceof productionsfrom theconstrainingsymbol,or thesource, affect thechoiceof productionsof theconstrained
symbol,or thegoal. Thentheconstraintmustbeappliedto eachappropriatepair of sourceandgoal. This is doneby
specifyingwhich sub-treeor sub-treesareaffectedby theconstraint.Thesub-treebeginsat the root, or the symbol
which is thelowestmutual-ancestorof thesourceandgoal.Typically, noun-phrasesandverb-phrasesappearin many
placesin a naturallanguagegrammar. The ability to reusea singlesubject-verb constraintfunction for eachpair
helpseliminateredundancy andsegregatesemantic/pragmaticinformationfrom syntacticinformationin thegrammar.
Becauseresolvinga constraintonly involvesalteringthepathsthroughthetreethatstartat theroot andextendto the
sourceor goal,theuseof constraintsdoesnot rendertheSLG grammarsuper-context-freein thetheoreticalsense.

2.1 Using the SL G grammar

S : NP VP "." |
{LegalIntVerb, NP N, VP VI} |
{LegalTrnVerb, NP N, VP VT};

VP : VI | VT OP (0.7) |
5 {LegalObject, VT, OP N} |

{LegalObject, VT, OP N2};
NP : the N;
OP : the N | the N and the N2 |

{DontRepeatObj, N, N2};
10 N | N2 : boy (0.3) | cat (0.3) | dog;

VI : barked | slept;
VT : bit | fed;

LegalIntVerb {
15 boy | cat : slept;

dog : barked (0.8) | slept;
}

LegalTrnVerb {
20 dog | cat ! fed;

}

LegalObject {
bit | fed : boy (0.6) | cat (0.2) | dog;

25 fed ! boy;
}

DontRepeatObj {
boy ! boy;

30 cat ! cat;
dog ! dog;

}

Figure1: A grammarfor producingsimplesentences.

Figure1 containsa sampleSLG grammar, illustrating the syntaxandmany of the availablefeatures.The first 12
linescontainsymboldefinitions.A symboldefinitionbeginswith a list of thesymbolsto bedefined,separatedby |
characters.It is convenientto readthe| characteras“or”. A symbolnamecanconsistof any string of characters
excluding white spaceandthe following specialcharacters:;|:,

���
()! Alternately, a symbolnamecanbe any

stringenclosedin doublequotes.Thisallowsmulti-wordsymbolsandsymbolsusingthespecialcharacters.Thefirst
symboldefinedbecomesthestartsymbol.

Eachof thesymbolsin thedefinitionlist will receive thesamedefinition. That is, they will have thesamesetof
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productionsandwill betheroot symbolfor thesamesetsof constraints.It maynot seemparticularlyusefulto have
equivalentsymbols,but it oftencomesin handywhenoneneedsto applydifferentconstraintsto otherwiseidentical
symbols,andit cansometimeshelpmakethegrammarmoreclear. An exampleof a shareddefinitionis thatof “N |

N2” on line 10 of thegrammar. Becausewe createdtwo differentnounsnon-terminals,we candistinguishbetween
themin theconstrainton line 9.

Following the definition list is a colon and then a list of productionsand constraints, separatedby |’s. The
definitionis terminatedwith a semicolon.A productionis a stringof symbols(separatedby whitespace)followedby
anoptionalprobability(prob.) enclosedin parentheses.Theprobabilitiesfor all possibleproductionsfrom a symbol
mustsumto ����� . Any productionswhoseprob. is not specifiedwill begiventhesameprob., which is calculatedsuch
that theoverall sumbecomes����� . Therefore,if threeproductionsaredefinedanda prob. of ����	 is specifiedfor the
first andnoprob. is specifiedfor theothers,theotherproductionswill defaultto ����
 .

Constraintsareenclosedin curly bracesandconsistof threeparts.Thefirst specifiestheconstraintfunction,which
mustbedefinedseparately. Thesecondspecifiesthesourcepathandthethird specifiesthegoalpath. Whenasentence
is generatedwith a CFG,wecanview theprocessasthebranchingof a tree,beginningwith thestartsymbol,whichis
S in thiscase.Figure2 illustratestheparsetreefor a sentencegeneratedby theexamplegrammar.

the N

bit the and the

OP

NP

N N2

boy

VT

VP

cat

dog

S

Figure2: Parsetreefrom thegrammarwith a sourcepathshown in whiteanda goalpathshown in black.

Whena constraintis given in a symboldefinition, the symbolcurrentlybeingdefinedis called the root of the
constraint.For example,theroot of theconstrainton line 9 is OP. Notethat theroot of a constraintneednot bethe
startsymbolof thegrammar. A constraintpathconsistsof a seriesof symbolsseparatedby whitespace.It matchesa
paththroughthestatesin theparsetreewhichbeginsat theroot symbol.Eachof thesymbolsin thepathmustmatch
asymbolin theparsetreeat thenext level down. If eitherthesourcepathor thegoalpathdoesnotmatcha pathin the
tree,theconstraintdoesnotapply.

In thecaseof thetreein Figure2, theconstraint“ � LegalTrnVerb, NP N, VP VT � ”, whichhasrootS, is applicable.
Thesourcepathis markedwith whiteovalsandthegoalpathwith blackovals. Thelastsymbolin thesourcepathis
calledthesource, becauseit will bethesourceof theconstraint.In this case,thesourceis N. Thelastsymbolin the
goalpath,VT, is calledthegoal. A constraintis only valid if thefirst symbolon thesourcepathis differentfrom the
first symbolon thegoal pathandthe two symbolsappeartogetherin at leastoneroot production.Additionally, the
rootsymbolitself maynot appearonthesourceor goalpathsexceptasthefirst symbol.

The choiceof productionout of the source,or the productionthat the sourcesymbolperforms,will constrain
thechoiceof productionout of thegoal. It doesthis usingthespecifiedconstraintfunction,which mustbedefined
separately. A function definition consistsof the nameof the function followedby a list of termsenclosedin curly
braces.Eachtermbeginswith a list of productionscalledthesourcelist. Thesemustbevalid productionsout of the
source,asgivenby the definitionof the sourcesymbol. Note that the elementsin this list areproductions, not just
symbolnames.In thecurrentexample,all of theseproductionshappento consistof a singlesymbol,but in generalit
is possiblefor constraintsto involvemorecomplex productionscomprisinga seriesof symbols.Following thesource
list is eithera colonor exclamationpoint andthenthegoal list, which is a list of possibleproductionsout of thegoal
symbol.

If thecharacterseparatingthesourceandgoal lists is anexclamationpoint, ratherthana colon,thenthegoal list
specifiesproductionswhichcannotbetakenfromthegoalsymbolif thesourcesymbolproducesoneof theproductions
in thesourcelist. This is a convenientwayto eliminateselectedproductions.For example,theLegalTrnVerb function
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saysthatif thesubjectis dog or cat thenthetransitiveverbcannotbe fed. Probabilitiesshouldnot bespecifiedwhen
usinganexclamationpoint.

On theotherhand,if thecharacterseparatingthesourceandgoal lists is a colon, thegoal list specifiestheonly
legal productionsfrom thegoalsymbolif the constrainttermapplies. In addition,probabilitiescanbespecifiedfor
thegoal list productionsthatwill modify thedistributionof productionsproducedby thegoal. Thenew distribution
doesnot replacetheold one.Rather, it filters thedistribution. Whenonedistributionfiltersanother, thecorresponding
termsaremultiplied andtheresultsre-normalized.For example,symbolN normallyproducesboy, cat, or dog with
respectiveprobabilitiesof ���� , �� � , and ��� � . Whenfilteredby thefirst termin theLegalObject function,whichspecifies
a distribution of ����	 , ���
 , ����
 , theresultingdistributionbecomes�� ��	�
�� , ����������� , ����
�� . Note that if a productionhas
prob. ����� in eitherdistribution, it will have prob. ����� in theresult.If noprobabilitiesarespecifiedin thegoal list, the
constraintwill eliminategoal productionsthatarenot listedbut will not changethe relative likelihood of the listed
productions.

Althoughit is usualfor eachsourceproductionto appearin atmostonetermin aconstraintfunction,it issometimes
usefulto definemultiple termsfor a production.For example,you might have oneterm thatrepresentsanimalsand
onethatrepresentsfiercethings,bothof which includedog. If a sourceproductionmatchesmorethanonetermthen
thegoalproductionsarefilteredby eachof thematchingterms.Theorderin whichfiltering occursdoesnotmatter.

Let us examinethe constraintsemployedin theexamplegrammar. LegalIntVerb is usedto constrainthe choices
of intransitive verbsgiventhe subjectof thesentence.Note that theconstrainingpathin this constraint,NP N, will
alwaysbematchedbecauseanS mustproduceanNP andanNP mustproduceanN. Theconstrainedpath,VP VI, may
not bematchedbecausea verbphrasemaycontaina transitiveverbratherthananintransitiveone.If theconstrained
pathdoesmatch,thenthis constraintwill affect the choicesof intransitive verbbasedon the choiceof nounfor the
subject.

Thedefinitionof theLegalIntVerb functionspecifiesthatif thesubjectis boy or cat thentheintransitiveverbmust
beslept. However, if thesubjectis dog, thentheintransitiveverbwill bebarked with prob. ����� andslept with prob.
����
 . TheLegalTrnVerb function is usedto constrainthe possibletransitive verbsgiven thesubject. If the subjectis
eitherdog or cat, the transitiveverbcannotbe fed. Therefore,it mustbebit. Note thatboy is not listed in any of the
termsin thedefinitionof LegalTrnVerb. Therefore,if thesubjectis boy, theconstrainthasnoeffect andthetransitive
verbwill bebit or fed with equallikelihood.

TheLegalObject function is usedto constrainthechoicesof objectgiven the transitive verb. Thefirst termsays
thatif theverbis bit or fed, all nounsarepossible,but theirprobabilitieshavebeenaltered.Thesecondterm,however,
specifiesthat if the verb is fed, the objectcannotbe boy. In this casethe prob. of the objectbecomingcat will be
����� andtheprob. of dog will be ����� . Finally, theDontRepeatObj constrainteliminatesthepossibilityof a compound
objectconsistingof thesamenountwice,suchas“ . . . the dog and the dog”.

Theamountor typeof whitespacedoesnot matterin theSLGgrammarfile, exceptthatany line startingwith a #
will betreatedasa comment.

2.2 Other features

Onefeaturethathasnot yet beenmentionedis theuseof constraintwild-cards.Thesymbolnamesin thesourceand
goalpathof a constraintmaybereplacedwith a *. Thiswill matchany symbolandallowsa singleconstraintto apply
to severalpaths.Whenresolvingthegrammar, theconstraintwill actuallybeturnedinto a setof constraintsin which
thewild cardshave beenreplacedby all possiblecombinationsof symbolvalues.

Anotherusefulfeatureis theepsilonproduction.A standardconceptin CFGs,theseareproductionsthatgenerate
nothingandthuseliminatethe currentsymbolfrom the tree. While thesedo not alter the theoreticalpower of the
grammar, their usecan simplify grammars.Considerthe two examplesshown in Figure3. Theseareequivalent
grammarsthatproducea noun-phrasecontaininganoptionalarticleandoptionaladjective beforethenoun.Thefirst
grammardoesnot useepsilonproductionsand thereforemustspecifyall four possibletypesof noun-phrase.The
secondgrammarusesepsilonproductions,which arewritten asanemptypair of double-quotes,to makethearticle
andadjective optionalwhile freeingtheuserfrom enumeratingevery possibility.

Finally, constraintsmaybegivena priority whichdeterminestheorderin whichthey will beresolved.By default,
if thereare no other dependencies,constraintsare handledin somearbitrary order when resolvingthe grammar.
However, sometimestheresolutionprocessgoesfasterif certainconstraintsareresolvedbeforeothers.Theusercan
influencetheorderof resolutionby giving constraintsapriority. By default,constraintshavepriority 0,but thepriority
canbechangedby placinga fourthfield in theconstraintspecification,asin � foo, NP N, VP VT, 3 � . Thepriority may

4



NP : N | ART N | ADJ N | ART ADJ N;
ART: the | a;
ADJ: green | putrid;

NP : ART ADJ N;
ART: "" | the | a;
ADJ: "" | green | putrid;

Figure3: Usingepsilonproductionsto simplify a grammar.

benegative. Higherpriority constraintswill beresolvedfirst. For mostgrammars,this will have no noticeableeffect
andis mostuseful if you would like to observe the intermediatestagesof the resolutionprocessundera particular
constraintordering.

2.3 Limited cross-dependency

A main attractionto CFGshasbeentheir ability to conveniently capturecenter-embedding,which is a common
featureof Englishandmostotherlanguages.A nestedcenter-embeddedsentencemighthave thegeneralstructureN1
N2 N3 V3 V2 V1, whereV1 dependson N1, V2 on N2, andso on. Theseareeasilycapturedby CFGs.However, of
considerableinterestandtroubleto thelinguisticcommunityhasbeentheexistenceof a few languages,mostnotably
DutchandSwissGerman,thatpermitcross-dependencies(Christiansen& Chater, in press),which have thegeneral
structureN1 N2 N3 V1 V2 V3. Thesecannotin generalbedescribedby a CFGand,evenif thedepthof theembedding
is limited, aredifficult to describeonceagreementandsemanticconstraintsareintroduced.

S: N1 N2 N3 V1 V2 V3 |
{N-V, N1, V1} | {N-V, N2, V2} | {N-V, N3, V3};

N1 : dog | dogs | cat | cats;
N2 | N3 : dog | dogs | cat | cats | "" (0.8);
V1 | V2 | V3 : barks | bark | purrs | purr | "";

N-V {dog:barks; dogs:bark; cat:purrs; cats:purr; "":"";}

S: N NP V VP | {N-V, N, V} |
{NP-VP, NP, VP} | {N-V, NP N, VP V} |
{NP-VP, NP NP, VP VP} | {N-V, NP NP N, VP VP V};

N: dog | dogs | cat | cats;
V: barks | bark | purrs | purr;
NP: N NP | "" (0.8);
VP: V VP | "";

N-V {dog:barks; dogs:bark; cat:purrs; cats:purr;}
NP-VP {"":""; N NP:V VP;}

Figure4: Two SLG grammarsfor limited cross-dependency.

However, cross-dependenciesof limited deptharenot too difficult to describeusinganSLG grammar. Figure4
showstwowaysin which,in rathersimplifiedform,onemightwrite suchagrammar. Thefirstusesaflat representation
to explicitly allow up to threepossiblepairs. Threeconstraintsarerequiredto implementagreement.The useof
the epsilonproductionallows N2 andN3 to be optional,andthe constraintsprevent the correspondingverbsfrom
appearingin theabsenceof thenouns.Whenresolvedinto anSCFG,this grammarrequires25non-terminalsymbols
and124productions.

Thesecondexampleusesanestedstructure,whichmaybemoreconvenientandmorelinguisticallyreasonablein a
full grammar. In thiscase,two constraintsareusedfor eachpossibledepthof embedding.However, thegrammarisn’t
entirelyadequatesinceit couldproduceembeddingsbeyonddepthtwo whichwouldnotbesubjectto theconstraints.
Themaximumdepthof embeddingcouldbeboundedby introducinga pathconstraint,asmentionedin Section6.

5



S : SP VI . (.25) | SP VT OP . |
{sub-intr, SP NP N, VI} | {sub-trns, SP NP N, VT} |
{trns-obj, VT, OP NP N} | {sub-obj, SP NP N, OP NP N} |
{intrans-ref, VI, SP RC VI};

SP | OP : NP | NP RC (.3) |
{sub-intr, NP N, RC VI} | {sub-trns, NP N, RC VT} |
{trns-obj, RC VT2, NP N};

RC : who VI | who VT OP | who SP VT2 |
{trns-obj, VT, OP NP N} | {sub-trns, SP NP N, VT2};

NP : ART ADJ N | {noun-art, N, ART} | {noun-adj, N, ADJ};

ART: "" | the | a;

ADJ: "" (0.6) | quick | happy | hungry | nasty | mangy | crazy | sleazy;

N : boy | boys | girl | girls | Mary | John | cat | cats | dog | dogs;

VI : walks | walk | bites | bite | eats | eat | barks | bark;

VT | VT2 : chases | chase | feeds | feed | sees | see | walks | walk | bites |
bite;

sub-intr {
boy | girl | Mary | John : walks | eats;
boys | girls : walk | eat;
cat | dog : walks | bites | eats | barks;
cats | dogs : walk | bite | eat | bark;
cat | cats ! bark | barks;

}

sub-trns {
boy | girl | Mary | John : chases | feeds | sees(.1) | walks;
boys | girls : chase | feed | see(.1) | walk;
cat | dog : chases | sees(.2) | bites;
cats | dogs : chase | see(.2) | bite;

}

trns-obj {
walk | walks : cat | cats | dog | dogs;
see | sees : cat | cats;

}

sub-obj {
Mary ! Mary;
John ! John;

}

intrans-ref {
walks | walk ! walks | walk;
bites | bite ! bites | bite;
eats | eat ! eats | eat;
barks | bark ! barks | bark;

}

noun-adj {
boy | boys | girl | girls | Mary | John ! mangy;
John | cat | cats | dog | dogs ! sleazy;

}

noun-art {
Mary | John : "";
boys | girls | cats | dogs ! a;
boy | girl | cat | dog ! "";

}

Figure5: A morecomplex SLG grammar.
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2.4 A larger example

Figure5 showsa muchmorecomplex SLG grammarwhichproducessomereasonablyinterestingEnglishsentences.
Onceit is resolved,this grammarproducesanSCFGwith 140non-terminalsand442productions,which is consider-
ably largerthantheoriginalgrammar. Somesentencesproducedwith thisgrammararelistedin Figure6.

a dog bites the happy boys .
dogs who chase the hungry cat bite nasty girls who walk .
the crazy cat walks .
the hungry cats who walk chase the hungry dog who chases the crazy girls .
the mangy dogs who walk bite the quick dog .
a nasty cat who sees the mangy cats bites .
girls chase the sleazy girls .
hungry cats eat .
the nasty cats bite Mary .
the nasty cat who a crazy girl chases bites the crazy boys .

Figure6: Sentencesgeneratedby thecomplex grammar.

3 Resolvingthe grammar

Thissectionexplainstheprocessby which SLG takesagrammarinvolving constraintsandtransformsit into a gram-
marin standardSCFGform. It doesthisby resolvingeachof theconstraints.Resolvingaconstraintis arathercomplex
process,but essentiallyinvolvessplittingeachof thesymbolsalongthesourceandgoalpathsinto sub-symbols,which
correspondto termsor conjunctionsof termsin theconstraintfunction.Thetrick is correctlycomputingtheproduction
probabilities.

3.1 Resolvinga simpleconstraint

S: A B | A C | {foo, A, B};
A: i (0.5) | j (0.3) | k (0.2);
B: x (0.6) | y (0.4);

foo {
i : x (0.2) | y (0.8);
j | k : x;

}

Figure7: An SLG grammarwith onesimpleconstraint.

Considerthegrammardepictedin Figure7. ThesourcesymbolproduceseitherA B or A C, A producesi, j, or k, and
B producesx or y. However, whenS producesA B, theproductionout of A shouldconstraintheproductionout of B.
Theconstraintfunction,foo, indicatesthatwhenA producesan i, B will produceanx with probability(prob.) ����
���
����
anda y with prob. ������
���
�� (afterfiltering thebaseB distribution).But if A producesa j or k, B mustproducex.

To resolvetheconstraint,westartatthesourcesymbol,A. A sub-symbolis createdfor eachtermor setof termsthat
couldbematchedby asourceproduction.In thiscase,noproductionscanmatchmorethanoneterm,but productioni
matchesterm1 andproductionsj andk matchterm2. Therefore,two new symbolsarecreated.A-1S0.1 only produces
i, thusmatchingterm1, andA-1S0.2 producesj or k, thusmatchingterm2. Therelativefrequency of j andk shouldnot
change,soA-1S0.1 will producej with prob. ����	 andk with prob. ��� � . Thesourcestrengthof eachof thesub-symbols
is theprob. thattheoriginalsymbol,A, wouldhave producedoneof theproductionsin thesub-symbol.For example,
thesourcestrengthof A-1S0.1 is theprob. thatA producesi, or ����� . Thesourcestrengthof A-1S0.2 will be �� 
�������� ,
or ����� aswell.

Now we takea stepup towardstheroot. In this simplecase,thesourcepathwasonly onesymbollong soweare
now at theroot. Eachrootproductionthatmatchestheconstraintwill besplit. A productionmatchesthisconstraintif
it containsat leastoneA andoneB, soonly thefirst constraintmatches.ProductionA B will bereplacedwith apairof
productions,A-1S0.1 B-1G0.1 andA-1S0.2 B-1G0.2. Theprob. thatA-1S0.1 B-1G0.1 is usedis equalto theproduct
of theoriginal prob. of A B, ����� , andthesourcestrengthof sub-symbolA-1S0.1, also ����� . This is theprob. that the
originalgrammarwouldhave producedan i, which is ����
�� . Theprob. thatA-1S0.2 B.1G0.2 is producedis theproduct
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of ����� andthesourcestrengthof A-1S0.2, which is also ���
�� . Notethattheoverall prob. of producinga j, ����� , hasnot
changed.

Whatremainsis to definethenew B sub-symbols,B-1G0.1 andB-1G0.2. B-1G0.1 is theversionof B thatshould
beproducedwhenterm1 of the constraintis satisfied.Thus,thedistribution for B-1G0.1 is thebaseB distribution,
( ����	������ � ), filtered by the first term of foo, ( ����
���� � ), which is be calledthe constraining distribution. The resulting
distributionis ( �� 
���
�������������
���
�� ). B-1G0.2 mustsatisfythesecondtermof foo, whichhasaconstrainingdistributionof
( ������������� ), andthereforeproducesonly x. BecausesymbolB itself is no longerused,thegrammarreductionprocedure
(Section4) eliminatesit. Figure8 shows theresultingfully-resolvedgrammar. For sucha simpleexample,theuseof
theconstraintdidn’t actuallyhelpreducethesizeof thegrammar.

S: A-1S0.1 B-1G0.1 (0.25) | A-1S0.2 B-1G0.2 (0.25) | A C (0.5);
A: i (0.5) | j (0.3) | k (0.2);
A-1S0.1: i;
A-1S0.2: j (0.6) | k (0.4);
B-1G0.1: x (0.27273) | y (0.72727);
B-1G0.2: x;

Figure8: Thesimplegrammarwith theconstraintresolved.

3.2 Resolvinga deeperconstraint

S: A B | A A B | E | {foo, A C, B D};
A: C | C C | E;
C: i | j | k;
B: D | E;
D: x | y;

foo {
i | j : x (0.2) | y (0.8);
j : x;}

Figure9: A grammarwith a moderatelycomplex constraint.

If we extendthesourceandgoalpathsandallow multiple referencesto a sourcepathsymbolin a singleproduction,
theprocessof resolvinga constraintbecomesmorecomplex. Considerthegrammarin Figure9. Thesourcepathand
goalpathof theconstraintnow have two symbolseach.Additionally, S canproducea productionwith two A’sandA
canproduceaproductionwith two C’s. Finally, theproductionj from C satisfiestwo constraints.Eachof thesefactors
makesresolvingtheconstraintmorecomplex.

As before,we begin at thesourcesymbol,C. Threesub-symbolswill becreated.C-1S0 producesonly k, which
doesnot matchany terms. C-1S0.1 producesi, which matchesterm 1. C-1S0.1.2 producesj, which matchesboth
terms. All threesub-symbolshave a sourcestrengthof ����� . Now we stepup the sourcepath to symbol A. We
will have to createsix sub-symbolsfor A to cover all possiblecombinationsof termsthat might be satisfiedby its
productions.The first sub-symbol,A-1S1 shouldsatisfyno terms. Therefore,its productionswill beC-1S0, C-1S0
C-1S0, andE. Thesourcestrengthof symbolA-1S1 is thesumof theproductionstrengthsfor thethreeproductions.
A productionstrengthis theoriginalprob. of theproductionmultipliedby thesourcestrengthsof any sub-symbolsin
theproduction.Thus,theproductionstrengthof E is just ����� . Theproductionstrengthof C-1S0 is ������� �����"!#�$��%
andtheproductionstrengthof C-1S0 C-1S0 will be �$��
�� . Thetotalsourcestrengthof A-1S1 will thereforebe �$����
�� .
This is theprob. thatthesymbolA wouldnot have producedan i or a j. Theprob. of eachproductionin A-1S1 will be
theproductionstrengthdividedby A-1S1’ssourcestrength.In otherwords,theproductionsarenormalized.

Thesecondsub-symbolproduced,A-1S1.1, shouldleadtoproductionsthatsatisfyterm1 of theconstraintfunction.
Thus,it shouldalwaysproducea C sub-symbolwhich itself producesexactly one i. The productionE is therefore
droppedbecauseit doesnot containa C. ProductionC becomesC-1S0.1 with productionstrength����% . ProductionC
C is split into two productions,C-1S0.1 C-1S0 andC-1S0 C-1S0.1, eachwith strength ����
�� . Thus,eitherA-1S1.1
producesi, i k, or k i. The overall sourcestrengthof A-1S1.1 is ����
�� . To takeonemoreexample,sub-symbolA-
1S1.2x1.2 shouldsatisfyterm1 in two waysandterm2 in oneway. Therefore,it musteitherproducei j or j i. It will
have two productions,C-1S0.1 C-1S0.1.2 andC-1S0.1.2 C-1S0.1, eachwith strength����
�� .

Now westepupto theroot level, S. For eachroot productionthatcontainsat leastoneA andaB, wewill createa
sub-productionfor eachcombinationof termsthatwe couldsatisfyby replacingtheA’swith variousA sub-symbols,
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plus oneproductionin which B is replacedby a sub-symbolthat doesn’t reachthe goal. ProductionE will remain
unchanged,but productionA B will bereplacedby sevenproductions.

The first of theseis A B-1N1, whereB-1N1 is a newly createdsub-symbolof B that doesnot completethe goal
pathandis thereforenot subjectto theconstraint.In this case,thegoalpathis B D soB-1N1 cannotproducea D and
thereforeproducesjust E. Thegoalprob. of symbolB is theprob. that B producesa pathreachingthegoal. In this
case,it is theprob. that it producesD, or �$��
 . Theprob. of productionA B-1N1 will beweightedby oneminusthe
goalprob. andwill thusbe �����&� ����
'!(����	 .

Theothersix sub-productionswill becreatedby replacingA with oneof its six sub-symbolsandreplacingB with
a sub-symbolthat is guaranteedto reachthe goaland,whenit does,producesa goal whoseproductionshave been
filtered by the constrainingdistribution determinedby the A’s. The prob. of eachproductionwill be equalto the
productof theoriginal productionprob., �$��� , theprob. thatB reachesthegoal, ����
 , andthesourcestrengthsof the
sub-A symbolsused. For example,productionA-1S1.2x1.2 B-1G1.2x1.2 hasprob. �$���)�*�$��
)�+�$��
��,!-��������	���� .
SymbolB-1G1.2x1.2 will becreatedsuchthat it producesa sub-symbolof D whosedistribution is filteredby term1
twice andterm2 once.However, becauseterm2 eliminatesy, the term1 filtering hasno effect andthis symboljust
producesx.

Thesub-productionsfor A A B will beevenmorecomplex becausetherearetwo A’s. In additionto theproduction
A A B-1N1 for whichB-1N1 doesn’t reachthegoal,wemustform anew productionfor every waythatwecanreplace
the A’s by sub-A’s. In this case,that will resultin �.�/	0� 	1!2��� productions.For each,a sub-B symbolwill be
createdthatis guaranteedto reachthegoalandis subjectto theappropriatetermfilters.

After having resolvedtheconstraintandreducedthegrammar, theresultingSCFGrequires25non-terminalsand
85productions.Therefore,assumingthattheresultinggrammaris whatweintended,theuseof theconstraintreduced
theoriginalgrammarby a factorof about6.

3.3 Resolvingmultiple constraints

The constraintresolutionprocessbecomesmorecomplicatedaswe introducemultiple constraints,especiallywhen
thoseconstraintssharemany of thesamesymbols.Multiple constraintsareresolvedoneata time. In mostcases,the
orderof resolutiondoesnot matter. As wesaw in thelastsection,whena constraintis resolvedit generatesa number
of sub-symbols.Whenwe resolve a secondconstraintthatusessomeof thosesamesymbols,thesecondconstraint
mustbeappliedto eachsub-symbolasit wouldbeappliedto theoriginalsymbols.As youmightwell imagine,thishas
thepotentialto resultin anexponentialgrowth in thenumberof symbols.Nevertheless,providedthattheconstraints
donot interacttoo much,fairly largegrammarswith hundredsof constraintscanstill beresolved.

The resolutionprocessnaturallyhandlesmany fairly difficult situationsthatcanarisewith multiple constraints.
For example,onemight wonderwhat happenswhenconstraintsarecircular. Considerthe grammarin Figure10.
ConstraintAB saysthatif A producesale thenB mustproducebed. ConstraintBC saysthatC mustthenbecat, which,
throughconstraintCA forcesA to beawl andsoon. A bit of thoughtshouldreveal thattheonly valid sentencein this
languageis ate big cow, which SLG correctlydiscovers. If we maketheconstraintstotally circularandaddtheterm
cow:ale to functionCA, SLG will complainthatthestartsymbolis over-constrainedandcannotproduceanything.

S: A B C | {AB, A, B} | {BC, B, C} | {CA, C, A};
A: ale | awl | ate;
B: bed | bus | big;
C: cat | cry | cow;
AB {ale:bed; awl:bus; ate:big;}
BC {bed:cat; bus:cry; big:cow;}
CA {cat:awl; cry:ate;}

Figure10: A grammarcontainingcircularconstraints.

Let usnow turn to theproblemof resolvingtwo interactingconstraints.Considerthegrammarin Figure11. This
containstwo constraints,� AB, A, B � and � DC, A D, B C � , which we will refer to asconstraints1 and2, respectively.
If constraint1 is resolvedfirst, we areleft with the intermediategrammarshown in Figure12. We cannow resolve
constraint2 as we did in the caseof a singleconstraint,provided we treat the sub-A symbolsas A and the sub-B
symbolsasB. A-1S0.2 doesnot producea D, so its productionwon’t beaffected. A-1S0.1 only producesD, so we
will split it into two sub-symbols,onethatproducesa sub-D thatalwaysproducesw andonethatproducesa sub-D
thatalwaysproducesx. TheproductionA-1S0.1 B-1G0.1 will besplit into threesub-productions,eachwith its own
sub-B-1G0.1, asdiscussedin Section3.2.
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S: A B | {AB, A, B} | {DC, A D, B C};
A | B: D | C;
D: w | x;
C: y | z;
AB {D: D (0.2) | C;

C: D (0.8) | C;}
DC {w: y (0.4) | z;

x: y (0.6) | z;}

Figure11: A grammarwith two interactingconstraints.

S: A-1S0.1 B-1G0.1 (0.5) | A-1S0.2 B-1G0.2 (0.5) | {DC, A D, B C};
A-1S0.1: D;
B-1G0.1: D (0.2) | C (0.8);
A-1S0.2: C;
B-1G0.2: D (0.8) | C (0.2);
D: w | x;
C: y | z;
DC {w: y (0.4) | z;

x: y (0.6) | z;}

Figure12: Thegrammarof Figure11afterresolvingconstraint1.

Figure13shows thefinal grammar, afterresolvingconstraint1 followedby constraint2, in a short-handnotation.
Eachof thefour linesrepresentsoneproductionfrom therootsymbol.Numbersprecedingcolonsareprobabilitiesand
bracketsrepresenttreedepth.For example,thesecondline indicatesthat,with 20%prob., a symbolwill beproduced
thatproducesanothersymbolthatproducesaw followedby asymbolthatwill producea symbolthatproducesy 40%
of thetimeandz otherwise.

However, thesituationwould bemoredifficult if we hadfirst resolvedconstraint2 beforeconstraint1. Starting
with thegrammarin Figure11 andresolvingconstraint2 wouldhave left usin thestateshown in Figure14. We can
begin asusualby creatingnew symbolsalongthesourcepath.However, wewill notbeableto simplycreatenew goal
pathsymbolswhoseproductionsreflecttheeffect of theconstrainingdistributionbecauseeachof thesub-B symbols
produceseithera C or a D. We will not beableto changetherelative frequency of C andD simply by modifying the
productionprobabilitiesof thegoalpathsymbols. In general,problemslike thesecanoccurall alongthegoal path
andcanbedueto theeffectsof many previousconstraints.

To explain how this situationis resolved,wewill have to bemoreexplicit aboutwhatreally goeson in resolving
the goal pathandroot of a constraint. We begin by defining two termsthat relateto the sub-symbolsthat will be
createdalongthegoalpath.Thegoal distributionof a symbolB on thegoalpathis theweightedsumof distributions
generatedby all goalsymbolsreachablefrom B. Thatis, if westartwith B andgenerateall possiblewaysof traveling
down thegoalpathto thegoal(wherewe might beusingsub-symbolscreatedin resolvingpreviousconstraints),the
goaldistributionwill betheaverageof theproductiondistributionsof thegoalandsub-goalsymbols,weightedby the
probabilitiesof reachingthosesymbols.Whenwecreatea new sub-B symbolthatis subjectto a certainconstraining
distribution,thenew goaldistribution of thesub-symbolshouldbeequivalentto theoriginalgoaldistributionfiltered
by theconstrainingdistribution.This is trueof all symbolson thegoalpath.Thegoalstrengthof thesub-B symbolis
thedot-productof theoriginalgoaldistribution andtheconstrainingdistribution.

As before,theprocessof resolvingconstraint1 startsby creatingthenew sourcepathsub-symbols,andcreating
sub-productionsin therootsymbol,S. Thesetof termsthataresatisfiedby thesub-A symbolsin eachof thenew root
productionsdeterminesthe constrainingdistribution for that production. For eachsub-production,we will createa
new sub-B symbolwhosegoaldistributionhasbeenfilteredby theconstrainingdistribution. Thenew rootproductions
will beasfollows:

0.5: [C] [0.8: D | 0.2: C]
0.2: [[w]] [[0.4: y | 0.6: z]]
0.2: [[x]] [[0.6: y | 0.4: z]]
0.1: [D] [D]

Figure13: Thegrammarof Figure11afterresolvingbothconstraints,in ashort-handnotation.
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S: A B-1N1 (0.5) | A-1S1 B-1G1 (0.25) | A-1S1.1 B-1G1.1 (0.125) |
A-1S1.2 B-1G1.2 (0.125) | {AB, A, B};

A | B: D | C;
B-1N1: D;
A-1S1 | B-1G1: C;
A-1S1.1: D-1S0.1; D-1S0.1: w;
B-1G1.1: C-1G0.1; C-1G0.1: y (0.4) | z (0.6);
A-1S1.2: D-1S0.2; D-1S0.2: x;
B-1G1.2: C-1G0.2; C-1G0.2: y (0.6) | z (0.4);
AB {D: D (0.2) | C;

C: D (0.8) | C;}

Figure14: Thegrammarof Figure11afterresolvingconstraint2.

A-2S0.1 B-1N1-2G0.1
A-2S0.2 B-1N1-2G0.2
A-1S1-2S0.2 B-1G1-2G0.2
A-1S1.1-2S0.1 B-1G1.1-2G0.1
A-1S1.2-2S0.1 B-1G1.2-2G0.1

If thegoalpathsymbol,B, is actuallythegoal,creatinga sub-symbolis easy. We just filter its distributionwith
theconstrainingdistribution. However, if B is not thegoalbut is furtherupon thegoalpath,producinga constrained
sub-symbolis morecomplex. Let’s imaginethat thesymbolfollowing B on thesourcepathis C. In orderto createa
sub-B, wefirst recursivelycreateasub-C for eachB productionthatusesaC andreplacetheold C with theconstrained
one. Theprob. of theproductionis scaledby thegoalstrengthof thesub-C. Onceall productionshave beenscaled,
their probabilitiesarerenormalizedasfollows. First, eachgroupof productionsthatderivedfrom thesameancestor
productionin theoriginalgrammaris normalizedamongstitself sothatthesumof probabilitiesin thegroupremains
thesame.If any groupswereeliminated,all productionprobabilitiesarethennormalizedacrosstheboard.

A similar processoccursin the root symbol. Oncethe new sub-B hasbeencreated,the prob. of the new root
productionusingit is scaledby thegoalstrengthof thesub-B. Whenthis hasbeendonefor eachnew production,the
productionprobabilitiesarerenormalizedwithin groups,whereagroupis asetof sub-productionsthatsharethesame
ancestorin theoriginal grammarandwhich have thesameconstrainingdistribution. If any groupsdiedoff because
they wereover-constrained,theproductionsarenormalizedoverall.

In the caseof our example,productionA B-1N1, with prob. �� � wasdivided into A-2S0.1 B-1N1-2G0.1 andA-
2S0.2 B-1N1-2G0.2. The constrainingdistribution for the former is ( �� 
 :D ���� :C) andfor the latter is ( �� � :D ����
 :C).
Theinitial goaldistributionfor B-1N1 was( ����� :D ����� :C). Therefore,thegoalstrengthof B-1N1-2G0.1 was ����
 andthe
goalstrengthof B-1N1-2G0.2 was ���� . As a result,thefinal prob. of productionA-2S0.1 B-1N1-2G0.1 is ����� andthe
final prob. of productionA-2S0.2 B-1N1-2G0.2 is �� � .

0.4: [C] [D]
0.1: [C] [C]
0.2: [[w]] [[0.4: y | 0.6: z]]
0.2: [[x]] [[0.6: y | 0.4: z]]
0.1: [D] [D]

Figure15: Thegrammarof Figure11afterresolvingconstraint2 followedby constraint1, in short-handnotation.

The resultinggrammar, after both constraintshave beenresolved, is shown in Figure15. It is equivalentto the
grammarin Figure13,whichwasobtainedby resolvingtheconstraintsin theoppositeorder, but doesnothaveexactly
the samestructure. If the first two productionsin Figure15 werecombined,they would be equivalentto the first
productionin Figure13.

3.4 Constraint conflicts

S: A B | {foo, A B, B};
A: C B | {foo, C, B};
B | C: i | j;
foo {i: i (0.99) | j;

j: i (0.01) | j;}

Figure16: A grammarcontaininga potentialconstraintconflict.
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S: A-1S1.1 B-1G0.1 (0.5) | A-1S1.2 B-1G0.2 (0.5);
A-1S1.1: C B-1S0.1 | {foo, C, B};
B-1S0.1: i;
B-1G0.1: i (0.99) | j (0.01);
A-1S1.2: C B-1S0.2 | {foo, C, B};
B-1S0.2: j;
B-1G0.2: i (0.01) | j (0.99);

Figure17: Thegrammarof Figure16afterconstraintY is resolved.

Althoughmostpairsof constraintsmayberesolvedin eitherorderto thesameeffect, thereis onesituationin which
this is not possible.If the root andgoal pathof constraintX falls on eitherthe sourceor goal pathof constraintY,
thenX mustberesolvedbeforeY. Thereasonis apparentif we considerthe examplein Figure16. We will refer to
constraint� foo, C, B � asX andto theotherconstraintasY. Thesourceof X, A, andits goalpath,B, fall on thesource
pathof Y.

If wewereto resolve Y first, we wouldbeleft with thegrammarshown in Figure17. Therearenow two sub-A’s,
eachwith its own copyof constraintX. But eachoneproducesa sub-B thateitherproducesi or j. We cannotfilter the
B’s goaldistributionsbecausethey only producea singlesymbol.Therefore,it is not possibleto resolve X. However,
if wewereto have resolvedX first, it wouldnothave seriouslyaffectedtheresolutionof Y.

Therefore,whenever thereis aconstraintconflictof this type,theconstraintsarereorderedsotheproperconstraint
is resolvedfirst. However, if theorderingdependenciesarecircular, thereis a problem.SLG givestheusertheoption
of ignoringsuchconflicts,but abettersolutionis to restructurethegrammarsotheconstraintorderingis well defined.

4 Minimizing the grammar

Theprocessof resolvingthegrammarcreatesmany new symbolsandproductions,someof whichmaybesuperfluous.
Therefore,afterresolution,thegrammaris minimizedto makeit morecompact.Becauseof thetradeoff betweenthe
numberof symbolsandthenumberof productions,thereis no cleardefinitionof a minimal CFG,asthereis with a
finite statemachine.Nevertheless,anumberof helpfulstepscanbetaken.

1. Eliminating epsilonproductions. Thefirst stepis to eliminateany epsilonproductionsfromthegrammar. This
usesa standardalgorithm,describedin HopcroftandUllman (1979),thathasbeenadaptedto properlyhandle
theprobabilitiesin aSCFG.It beginsby determining,for eachsymbol,theprob. thatthesymbolproducesonly
epsilon. This usesan iterative procedurethat terminatesoncethe valueshave adequatelysettled. Ordinarily
this only takesa few iterations,but it couldpotentiallysettleratherslowly. It might bepossibleto formulatea
closed-formsolutionto theepsilonprobabilities,but it mayinvolvea systemof non-linearequations.

Oncetheepsilonprobabilitieshave beendetermined,for eachproductionthatusesoneor moresymbolswith a
non-zeroprob. of producingepsilonandfor eachsubsetof theepsilon-producingsymbolsin theproduction,a
sub-productionis createdin which thosesymbolsareeliminated.Theprob. of thesub-productionis theproduct
of theoriginalproductionprob., theepsilonprobabilitiesof thesymbolsthatwereremoved,andtheprobabilities
thatthethesymbolsremainingdonot reachepsilon.

2. Combining Equivalent Productions. This is arelativelysimplestepin whichany pairof identicalproductions
in a symbolis combinedinto a singleproduction.Also, any productionswith ���� prob. areremoved.

3. RemovingUnit Productions. A unit productionis a productionthatcontainsjust onenon-terminal.That is,
onenon-terminalis simply replacedby anotherone. As shown in HopcroftandUllman (1979),if a grammar
usesunit productions,thereis alwaysanequivalentgrammarthatdoesnot. Becausethisprocesscanchangethe
structureof the grammar, it is only donewhenaggressiveminimizationis requested.AlthoughHopcroftand
Ullman(1979)mentionanalgorithmfor removing unit productionsin a CFG,it is notefficient for anSCFG.

The algorithmusedin SLG iteratesover the non-terminalsymbols.For eachsymbol,A, it first removesany
self-unitproductions,which arealwaysunnecessary, andrenormalizestheremainingproductionsin A. It then
searchesin other symbolsfor any unit productionsthat useA. Theseproductionsare removed andreplaced
with A’s productions,with their probabilitiesscaledby theprob. of theoriginalproduction.Any newly created
equivalentproductionsor self-productionsarethenremoved.Whenthisprocesscompletes,all unit productions
will have beenremoved.
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4. RemovingEquivalent Symbols. Thenext stepin minimizationis to remove any symbolsthathave identical
setsof productions. The reductionprocesstendsto createa lot of these. In order to do this efficiently, the
symbolsarefirst sortedbasedon their productions.Thenneighboringsymbolsarecomparedandduplicates
removed. Any referencesto the duplicatesymbolswithin productionsmust be changedto refer insteadto
the surviving symbol. Unlessaggressive minimizationis requested,two symbolswhich weregeneratedfrom
differentancestorsymbolsduringthereductionprocessarenot consideredequivalent.

Becausereplacingequivalentsymbolscancreateequivalentproductions,Step2 mustberepeated.This, in turn,
cancreatemoreequivalentsymbolssoStep4 is run again. This continuesuntil thereareno moreequivalent
symbols.This usuallytakesjust a few iterations.

5. RemovingUnreachableSymbols. Finally, any symbolsthatarenotreachablefrom thestartsymbol,andcould
thereforenotparticipatein thegrammar, areremoved.

5 Word prediction

Althoughit is easyto generatesentencesusingany form of SCFG,in orderto parsesentencesandgeneratenext-word
likelihood distributions, it is helpful to convert the grammarto a regular form. A numberof algorithmshave been
developedfor parsingcontext-freelanguages,mostnotablytheCYK algorithm(Hopcroft& Ullman,1979).Mostof
theserequirethegrammarto be in Chomsky normalform, in which eachproductioncaneitherconsistof a terminal
symbolor two non-terminalsymbols.Although they areefficient for parsingwholesentences,thesealgorithmsare
notwell-suitedto performingword-predictiongivenpartof asentence,particularlyif wewouldlike to doit iteratively
aftereachword in thesentence.

The methodusedby SLG relieson a grammarin Greibachnormalform, in which eachproductionmustbegin
with a terminal. With thegrammarin this form, it is relatively easyto performword prediction. As the sentenceis
processed,from left to right, theparserkeepsa list of every possiblecontinuationwith their associatedprobabilities.
The continuationsare in the form of a terminal followed by one or more other symbols. It is thereforeeasyto
generatea distribution of next words. Whenthe next word is processed,continuationsnot startingwith that word
arediscarded.The first word is droppedfrom eachremainingcontinuationand, if the new first symbol is a non-
terminal,new continuationsarecreatedwith the first symbolreplacedby eachof its productions.While, in theory,
thisalgorithmcouldgenerateanexponentiallylargelist of continuationsfor a highly ambiguousgrammar, in practice
it doesquite well on pseudo-naturallanguages.Natural languagestendto be only mildly ambiguous,especiallyif
semanticconstraintsareenforced.If thereweretoo muchambiguity, wewouldnot beableto understandthem.

5.1 Converting an SCFGto Greibachnormal form

In orderto convertanSCFGto Greibachnormalform (GNF),thealgorithmdescribedin HopcroftandUllman(1979)
wasadaptedto handleproductionprobabilities. The algorithmneednot startwith a grammarin Chomsky normal
form, but we will relaxtherestrictionthatall symbolsfollowing thefirst terminalin a GNF productionmustbenon-
terminals.Figure18 shows a modifiedversionof the first stepof thealgorithm,indicatinghow the probabilitiesof
new productionsshouldbecalculatedto maintainequivalence.Probabilitiesarelisted in parenthesesfollowing each
production.Thenotation354 refersto theprob. of production6 beinggeneratedby its parentsymbol.

Oncethis stepis complete,it will be thecasethat, for all productions,6 , of the form 798.:;7=<$> , ? will be less
than @ . Therefore,we caneliminateall suchproductionsby replacingthemwith all productionsformedby replacing
7=< with oneof its productions,A . Theprob. of thenew productionwill be 3 4 �B3DC . As long aswe startwith the
lastsymbolandwork to thefirst, we will never introducea new productionthatstartswith a non-terminal.A similar
processcanthenbeperformedto replaceall productionsof theform EF85:G7�<�> . Becausetherecanbeno E.8H:IEJ<�>
productions,all productionswill now begin with a terminalsymbol.

6 Discussion

SLG is intendedto help usersdesigninterestingcontext-free languages.It is especiallyuseful in creatingtraining
environmentsfor machinelearningexperiments.Withoutusingconstraints,it is still aconvenienttool for workingwith
stochasticcontext-freeandregular languages,andincludesa numberof new algorithmsfor transforminggrammars.
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1 for KMLN� to O do
2 for @PLN� to K&QR� do
3 for eachproduction,6 , of theform 7TSU:V7 <�W do
4 for eachproduction,A , of theform 7�<':VX do
5 addproduction7TSY:IX W-Z 3H4+�[3 C]\
6 remove production7TSY:G7 <�W
7 ^[L_�
8 for eachproduction,6 , of theform 79SY:G7TS W do
9 ^)LI^"�*3 4

10 for eachproduction,6 , of theform 79SY:G7TS W do
11 addproductionE.SY: W-Z 354`� Z ��Q ^ \ ��^ \
12 addproductionE S : W E S Z 3 4 \
13 remove production79SY:G7TS W
14 for eachproduction,6 , of theform 7 S :GX , whereX doesn’t begin with 7 S do
15 addproduction79SY:GXaE.S Z 354R�b^c� Z ��Q ^ \d\

Figure18: A modifiedversionof Figure4.9 of HopcroftandUllmann (1979)indicatinghow to handleproduction
probabilitiesin convertingto GNF.

However, theuseof constraintscangreatlysimplify thewriting of pseudo-naturallanguagesby separatingthesyntaxof
theunderlyinggrammarfrom semanticandpragmaticinfluencesandallowing importantcontingenciesto becarefully
controlled.

Althoughthemethodfor specifyingSLG constraintsis quitepowerful, it doeshavesomelimitationsandthereare
severalpossibleextensionsthatmayimprove it. Currently, all of theconstraintsfor a particularroot symbolmustbe
satisfied.Thereforethey essentiallyform a logical conjunction.Thegrammarcouldbemoreflexible if it allowedan
arbitrarybooleanformulaof constraintsto bespecifiedfor eachsymbol.For example,onemightspecifythatconstraint
A andconstraintB mustapplyor constraintC mayapply. If wehada languagewith adjectivesandcompoundnouns,
we might wish to producephrasessuchas“ the happy dog and the sad dog” or “ the happy dog and the happy boy”,
but not “ the happy dog and the happy dog”, which would be redundant.We coulddo this by specifyingthateither
the nounsmustdiffer or the adjectivesmustdiffer. In the currentimplementation,this is possible,but much less
convenient.

Another shorthandthat may be useful is the addition of single-pathconstraints. That is, one might filter the
productionsof a goalsymbolat the endof a particularpathout of the root symbol,but not in a way contingenton
context. Thesewouldbehelpful in simplifying many grammarsandcouldbeusedto boundthedepthof recursion.

SLG is written in C and shouldcompile on most systems. The sourcefor the latestversion is available at
http://www.cs.cmu.edu/˜dr/Projects/SLG/slg.tar.gz
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A SL G Usage

SLG handlestwo typesof files, grammarfiles andsymbolfiles. Grammarfiles typically have a .slg extensionand
containanSLGgrammar. Thesamplegrammarfiles describedin this reportareincludedwith thesourcedistribution
in theExamples/ directory.

In orderto useagrammar, it mustberesolved, or convertedto standardSCFGform. SLG canthenwrite asymbol
file, whichstoresthesymbolsandtransitionsin thegrammarin compressedcomputer-readableform. Thesymbolfile,
whichnormallyendswith extension.sym, canlaterbeloadedinto SLG to avoid repeatingtheconversionprocess.

Finally, if a grammaris to beusedto makeprobabilitypredictions,it mustbe in GreibachNormalForm. Oncea
grammarhasbeenconvertedto GNF, it is commonto give its symbolfile theextension.gnf to distinguishit from a
.symfile containinga grammarthatis not in GNF.

usage:slg [commands]

-h displaysthis message
-v num setstheverbositylevel. 0 = silent,3 = maximum,1 = default
-r num setstherandomnumbergeneratorseedvalue
-i seedstherandomnumbergeneratorbasedon thetime(doneautomaticallyat startup)
-d string setsthesymbolseparatorfor sentenceoutput

-c file loadsanSLG file andresolvesit to a SCFG
-a toggleswhethercleanupis aggressive. If so,thebasicparsetreemayberearrangedto compressthe

grammar. (default:false)
-j togglestheremoval of unusedterminalswhenconvertinganSLG file (default:true)
-y num setstheconstraintsensitivity. 2, thedefault,will causeanerrorif constraintsconflict. 1 will produce

a warningand0 will besilent.
-s printsthegrammarto stdoutin legible format
-l lists theterminalsymbolsin theorderin which their probabilitiesappear(alphabetical)
-o file savesthecurrentgrammarin a binarysymbolfile
-f file loadsa new grammarfrom abinarysymbolfile
-g convertsthegrammarto Greibachnormalform

-n num generatessentencesusingthecurrentgrammar
-k num generatessentencesandgivesthewordpredictions
-p file readssentencesandgivestheir wordpredictions
-m num setsthemaxnumberof wordspersentencefor -n and-k (-1)
-t toggleswhether-n with verbosity¿= 2 will produceparsetreesin long or short format (default:

short).
-w toggleswhether-p and-k displaythepredictionof thefirst word in eachsentence(default:yes)
-e toggleswhether-p and-k displaythepredictionfollowing the lastword in eachsentence(default:

no)
-x num calculatesthenumberof parsespossiblewith thisgrammarthatdon’t gobelow thespecifieddepth

15


