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Abstract

In spiteof recentadvancesn statisticalalgorithmsandincreasedvailability of large text corpora,
statisticallanguagemodelingremainsa challengingtask, in particularfor morphologicallyrich lan-
guages.Recently new approachebasedon factoredanguagemodelshave beendevelopedto address
this problem.Whereastandardanguagemodelsonly conditionon precedingvords,thesemodelspro-
vide principledwaysof includingadditionalconditioningvariablesotherthanthe precedingvords,such
asmorphologicalor syntacticfeatures.However, the numberof possiblechoicesfor modelparameters
createsa large spaceof modelsthat cannotbe searchedxhaustvely. This paperpresentsan entirely
data-drven model selectionprocedurebasedon geneticsearch,which is shavn to outperformboth
knowledge-base@nd randomselectionproceduresn two differentlanguagemodelingtasks(Arabic
andTurkish).!

1 Intr oduction

In spite of novel algorithmic developmentsandthe increasedavailability of large text corpora,statistical
languagemodelingremainsa dif cult problem, particularly for languageswith rich morphology Such
languagegypically exhibit a large numberof word typesin relationto word tokensin a giventext, which
leadsto high perplity andalarge numberof unseenword contexts. As aresult,probability estimatesre
oftenunreliable evenwhenusingstandardsmoothingandparametereductiontechniques.

Recently a new languagemodelingapproachgcalledfactored languaye models(FLMs), hasbeende-
veloped[34, 4]. FLMs area generalizatiorof standardanguagemodelsin thatthey allow alarger setof
conditioningvariablesfor predictingthe currentword. In additionto the precedingwords,ary numberof
additionalvariablescanbeincluded,to represene.g.morphological syntactic,or semantiovord features.
Sincesuchfeaturesaretypically sharedacrossmultiple words,they canbeusedto obtainedbettersmoothed
probability estimatesvhentrainingdatais sparse.

However, the spaceof possiblemodelsis extremelylarge, dueto mary different ways of choosing
subsetof conditioningword features bacloff proceduresanddiscountingmethods. Usually this space
cannotbe searchedxhaustvely, andoptimizingmodelsby a knowledge-inspirednanualsearchprocedure
usuallyleadsto suboptimakesults sinceonly a smallportionof thesearchspacecanbe explored.

1This paperis anextendedversionof the paperthatappearedn Coling-2004



In this paperwe investigatethe possibility of determiningthe structureof factoredlanguagemodels
(i.e.thesetof conditioningvariablesthebacloff procedureandthediscountingparameterddy adata-drven
searchprocedureyiz. GeneticAlgorithms(GAs). We applythis techniqueo two differenttasks(language
modelingfor Arabic andTurkish)andshav that GAs leadto bettermodelsthaneitherknowledge-inspired
manualsearchor randomsearch.

Theremaindetrof this paperis structuredasfollows: Section2 describesghe detailsof thefactoredan-
guagemodelingapproachTheapplicationof GAsto the problemof determininganguageanodelstructure
is explainedin Section3. The corporausedin the presenstudyaredescribedn Sectiond andexperiments
andresultsarepresentedn Section5. Section6 compareshe presentstudyto relatedwork and Section7
concludes.

2 Factored LanguageModels

A standardstatisticallanguaganodelcomputeghe probability of aword sequence as
a productof conditionalprobabilitiesof eachword  givenits history whichis typically approximatedy

just oneor two precedingvords(leadingto bigrams,andtrigrams,respectiely). Thus,atrigramlanguage
modelis describedy

(1)

Evenwith this limitation, the estimationof the requiredprobabilitiesis challenging:mary word contexts
may be obsered infrequentlyor not at all, leadingto unreliableprobability estimatesunder maximum
likelihoodestimation[28]. Severaltechniqueshave beendevelopedto addresghis problem,in particular
smoothingtechniqued8] andclass-basethnguagemodels[5]. Smoothingmethodsinclude discounting
themaximumlikelihoodestimate$16, 53], linearly interpolatingwith lower-ordern-gramg29], andrecur
sively backingoff to lowerordern-grams[32]. Class-basedodelsalleviate the problemof datasparsity
by clusteringthevocahlulary. Let  betheclassthatword s assignedo, thenthejoint probability can
be describedby a hiddenMarkov model(HMM) with wordsasobserationsandclassesshiddenstates.
Assuminga deterministionappingof to , abigramwould be:

(2)

The word classescan be derived either using linguistic knowledge or data-diven clusteringtechniques
[5,42.

In spiteof suchparametereductiontechnigueslanguagenodelingremainsadif cult task,in particular
for morphologicallyrich languagese.g. Turkish, Russianor Arabic. Suchlanguage$iave alarge number
of wordtypesin relationto thenumberof wordtokensin agiventext, ashasbeendemonstrateth anumber
of previous studies[17, 33, 23, 43]. This in turn resultsin a high perpleity andin a large numberof
out-of-vocahlulary (OOV) wordswhenapplyingatrainedlanguagaemodelto a nenv unseertext.

An illustration of the morphologically-richnatureof Arabicis shavn in Figures2 and2. Figure?2 plots
thevocalulary growth ratesof the EnglishandArabic CallHomecorporadisplayingthe numberof unique
wordsasthe corpussize (i.e. numberof word tokens)is increased.From Figure 2, we obsered thatthe
vocalulary growth rate of Arabic wordsis substantiallyhigherthanthat of English. Figure 2 shavs the
vocaklulary growth ratefrom the stemmedversionof the samecorpora. The Arabic text wasstemmedoy
looking up the stemfor eachword in the CallHomelexicon; the Englishtext wasstemmedby the Porter
stemmef48]. As expectedwe obseredareductionin vocalulary growth ratein bothlanguageselative to
Figure2. However, thereductionin Arabicis muchgreatethanthereductionin English. Thisdemonstrates
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Figurel: Vocahuilary gronth rateof EnglishandArabic, full word forms.

thatmostof the vocalulary growth in Arabic is indeedcausedy the multiplication of word formsdueto
morphologicakf xation.

Given the dif culties in languagemodelingbasedon full word forms it would be desirableto nd a
way of decomposingvord formsinto their morphologicakkomponentsndto build a morerobustlanguage
modelbasedn probabilitiesinvolving individual morphologicacomponents.

2.1 Factored Word Representations

A recentlydevelopedapproactthat addressethis problemis that of Factored Language Models(FLMS)

[34, 4], whosebasicideais to decompose&vordsinto setsof featureqor factors) insteadof viewing themas
unanalyzablevholes.Probabilistidanguagenodelscanthenbeconstructeaver (sub)set®f word features
insteadof, or in additionto, the word variablesthemseles. For instance wordscanbe decomposedhto

stems/legemesandPOStagsindicatingtheir morphologicafeaturesasshavn below:

Word: Stock prices are  rising
Stem: Stock price be rise
Tag: Nsg N3pl V3pl Vpart

Sucha representatiosenesto expresslexical and syntacticgeneralizationsyhich would otherwise
remainobscuredlt is comparabléo class-basetepresentationsmplo/edin class-basethodelshowever,
in FLMs severalsimultaneouglassassignmentareallowedinsteadof asingleone.In generalwe assume
thataword is equivalentto a x ednumber( ) of factors,i.e. . Thetaskthenis to producea
statisticalmodelover theresultingrepresentation usingatrigramapproximationthe resultingprobability
modelis asfollows:

3)

Thus,eachword is dependentot only on a singlestreamof temporallyorderedword variables put alsoon
additionalparallel(i.e. simultaneouslpccurring)features.This factoredrepresentationanbe usedin two
differentwaysto improve over standard_Ms, eitherby usinga productmodelor a bacloff model.

UWEETR-2004-0014 3
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Figure2: Vocahulary growth rateof EnglishandArabic, stemmedvords.

Theproductmodelusesconditionalindependencstatementso write theword probabilitiesin factored
form. Considerafactoredrepresentatiosonsistingof theword , its stemmedrersion , andits part-of-
speech(POS)tag . Whenmakingthefollowing assumptions

1. thecurrentword is independenof all previousfactorsgiventhe currentstemandPOStag
2. thecurrentstem,giventhe previous stem,is independenof all otherpreviousfactors,and
3. thecurrentPOStag, giventhe previous POStag, is alsoindependenof all otherpreviousfactors

the productmodel(in termsof a bigram)will have thefollowing form:

(4)
We canexpectlow perpleity for the rst term sinceknowledgeof boththe stemandPOStag
givesmuchinformationabouttheworditself. Thereforejf both and have low enough

perpleity, thenit is possiblefor the productmodelto achieve anoverall perpleity thatis lower thanthatof
astandardvord bigram.

In contrastthe bacloff modelapproactobtainsword probabilitiesby only conditioningon factorsat
previous time-stepsand backingoff to subsetof thesefactorsin caseof insufcient data. For instance,
usingthefactoredrepresentatioabove, a bigrammodelcould beformulatedas:

(5)
If thecounts isinsufcient duringtraining,alowerordermodelsuchas
canbeusedto obtainprobabilities.It shouldbenotedthatadding and to thestandardvord bigram
model to get gives no informationgain sincethe stemsand POStags

areoftendeterministidunctionsof theword. Neverthelessthis methodachievesmorerobustestimationin
casesvherethe standardvord bigramsoccurinfrequently For instancejf a word bigramdoesnot occur
in training data,but the stemandPOStagsdo occur thenbacloff achiezesmorerobustestimation.Thisis
oftenthecasefor morphologically-ricHanguagesThereforewe focuson bacloff modelsin this paper

UWEETR-2004-0014 4



Finally, it should be notedthat the factoredrepresentationms quite general. Although we useonly
linguistically-motvated factorsin this work, any knowledge-engineeredr data-drvenword classexanbe
usedasfactors.

2.2 GeneralizedParallel Backoff

A particularissuethat ariseswith the bacloff modelis the orderof bacloff. In standardword n-grams,
bacloff usuallyproceed$y droppingthemostdistantword rst. Theassumptions thatdistantwordshave
lesspredictive power than closewords. In the factoredrepresentationmary factorsmay occur parallel
in time, soit is not immediatelyolvious which factorsshouldbe dropped rst. For example,to backoff
from the model , either or couldbedroppedbut we do not know a priori which
oneleadsto morerohustestimatesThis sectionintroducesGeneanlizedParallel Badoff, which solvesthis
problemin a e xible manner

Bacloff [32] is acommonsmoothingtechniquan languagemodeling.lt is appliedwhen&er the count
for a given n-gramin the training datafalls belov a certainthreshold . In that case,the maximum-
likelihood estimateof the n-gramprobability is replacedwith a probability derved from the probability
of the lower-order( )-gramanda bacloff weight. N-gramswhosecountsareabove the thresholdre-
tain their maximum-likelihood estimatesdiscountedoy a factorthatre-distritutesprobability massto the
lower-orderdistribution:

otherwise (6)
Here isthecountof in thetrainingdata probability denoteshemaximum-likelihood
estimateand is adiscountingfactorthatis appliedto thehigherorderdistribution. Theway in whichthe
discountingfactoris estimateddetermineghe actualsmoothingmethod(e.g. Good-Turing, KnesefNey,
etc.) The normalizationfactor ensureghatthe entiredistribution sumsto one. (See[8] for
anovervien.) During standardacloff, themostdistantconditioningvariable(in this case ) is dropped
rst, thenthe secondmostdistantvariableetc. until the unigramis reached.This canbe visualizedasa
bacloff path (Figure3(a)). If the only variablesin the modelarewords, sucha bacloff procedurds rea-

Figure 3: Standardvackoff pathfor a 4-gramlanguagemodelover words (left) andbacloff graphfor 4-gramover
factors(right).

UWEETR-2004-0014 5



sonable However, if variablesoccurin parallel,i.e. do notform atemporalsequencet is notimmediately
ohbviousin which orderthey shouldbe dropped.In this case severalbacloff pathsarepossible which can

be summarizedn a bacloff graph (Figure3(b)). In the example,the node hasthreeop-
tions, thosecorrespondingo droppingary oneof the threeparents.The nodes , ,
and eachhave two options,andthenodes , , and eachhave only one
option.

In principle,thereareseveral differentwaysof choosingamongdifferentpathsin this graph:

1. Choosea x ed,predeterminethacloff pathbasednlinguisticknowledge,e.g.alwaysdropsyntactic
beforemorphologicalariables.

2. Choosehe pathat run-timebasedon statisticalcriteria(e.g.countsof n-gramin training data).
3. Choosanultiple pathsandcombinetheir probability estimates.

Thelastoption,referredto asparallel bacloff, isimplementedria anew, generalizedacloff function(here
shawvn for a4-gram):

otherwise (7)
where is the countof , is the maximumlikelihooddistribution, is the
countthreshold,and is the normalizationfactor Thefunction determineghe
bacloff stratgy. In atypicalbacloff procedure equals . Ingeneralizegbarallel
bacloff, howvever, canbeanynon-ngativefunctionof . In ourimplementatiorof FLMs [43]
we considersereral different  functions,including the mean,weightedmean,product,and maximumof
the smoothedorobability distributions over all subsetof the conditioningfactors. In additionto different
choicesfor , differentdiscountingparameterganbe chosenat differentlevelsin the bacloff graph. For
instance,at the topmostnode, KnesefNey discountingmight be chosenwhereasat a lower node Good-
Turing mightbe applied.

FLMs have beenimplementecisanadd-onto thewidely-usedSRILM toolkit [50, 4] andhave beerused
successfullyfor the purposeof morpheme-basddnguagemodeling[4], multi-speakr languaganodeling
[30], languageadenti cation [47] andspeechrecognition43].

3 Learning FLM Structure

In orderto usean FLM, threetypesof parametersieedto speci ed: the initial conditioningfactors,the
bacloff graph,andthe smoothingoptions. Theinitial conditioningfactorsspeci eswhich factorsshallbe
usedin estimatingn-gramprobabilities. The bacloff graphandsmoothingoptionsindicatethe procedures
for robustestimationin the caseof insufcient data. Thegoalof structurelearningis to nd the parameter
combinationghatcreate-LMs thatachiare alow perplity onunseenestdata.

The resultingmodel spaceis extremely large: given a factoredword representationvith a total of
factors,thereare possiblesubsetof initial conditioningfactors. For a setof  conditioning
factors,thereareup to bacloff paths,eachwith its own smoothingoptions. Unless is very small,
exhaustve searchs infeasible.

Moreover, nonlinearinteractionsbetweerparametersnake it dif cult to guidethe searchinto a partic-
ular direction. For instancea particularbacloff pathmaywork well with KneserNey smoothingwhile a
slightly differentpathmay nd poor performanceausingthe samemethod. Goodstructuresare ultimately
dependenbn the data,so parametesetsthat work well for one corpuscannotnecessarilyjpe expectedto
performwell onanother

UWEETR-2004-0014 6



In thefollowing sectionwe describeanautomaticstructurdearningtechniquepasedn GeneticAlgo-
rithms,thatperformswell despitethe searchspacechallenges.

3.1 GeneticAlgorithms

GeneticAlgorithms (GAs) [27] area classof evolution-inspiredsearch/optimizatiotechniquesThey per
form particularlywell in problemswith comple, poorly understoogearchspaces.
Thefundamentaldeaof GAsis to encoderoblemsolutionsasstrings(genes)andto evolve successie
populationsof solutionsthroughthe useof geneticoperators Solutionsareevaluatedaccordingto a tness
functionwhich representghe desiredoptimizationcriterion.
Theindividual stepsin the algorithmareasfollows:

Initialize: Randomlygeneratea set(population)of strings(genes).
While average tness of populationimprovesby a certainthreshold:
Evaluate tness: calculateeachstring's tness
Apply operators: applythefollowing geneticoperatorgo createa new population.
-SelectiorProbabilisticallyselectgenego populatethe next generatiorbasednthe tness value.
-Crosswer Exchangesubstringof two genego generatenew solutions.
-MutationWith someprobability randomlyalterasubstringn thegeneto creategpopulationdiversity

Figure4 illustratesthe applicationof geneticoperatorgo a populationof four binary strings. First, the
tness of eachstringis evaluatedusingthe tness function. Then,stringsareselectedo the nev genepool
by probabilisticselection.Finally, crosseer andmutationalterthe selectedstringsto createthe population
for the next generationThis processteratesuntil corvergence.

Fitness Evaluation Selection

ko puds
ohd pood

Mutation Crossover

Figure4: lllustrationof GeneticOperatorsn GA search.Thepopulationconsistof four geneseachafour-bit binary
string. Population®f solutionsevolve by repeatedlyevaluating tness andapplyingselectioncross@er, andmutation
tothegenes.

Although GAs provide no guaranteeof nding the optimal solution, they often nd good solutions
quickly. Their successs attributed to several characteristicsFirst, by maintaininga populationof so-
lutions ratherthana single solution, GA searchis robust againstprematurecornvergenceto local optima.
Second by optimizing solutionsbasedon a task-speci ¢ thess function, and applying geneticoperators
probabilistically GA helpsdirectsearchtowardspromisingregionsof the searchspace.In particular the

UWEETR-2004-0014 7



crosseoer operatordistinguishessA searchifrom otherstochasticearchechniquesFor a moretheoretical
explanationof why GAswork, referto [20, 45].

GAs have beenappliedto a wide variety of elds, but they canbe roughly divided into two broad
catgyories[45]. Onecatagory utilizes GA's search/optimizatiombility asproblemsolers;theseinclude
applicationgn automaticprogramming10], learningclassi er systemd26], VLSI layout[9], time-series
prediction[44], moleculamiology [49], job schedulind13], andergonomickeyboarddesign[12]. Thesec-
ond catgory usesGAs to modelandsimulatenaturalsystemsapplicationsancludemodelsfor ecosystems
[14], for effectsof learningon evolution [25], for competitve games[1], andfor immunesystemg15]. In
the eld of speeclandlanguageprocessingGAs have beenusedin text classi cation[39], hiddenMarkov
model(HMM) training [38], phonotacticg§3], andgrammarinduction[40]. [36] containsa suney of GA
applicationsn naturallanguageprocessing.GA's widespreadapplicability is dueto the factthatthey can
betailoredto ary problemaslongasa tness functionandencodingmethodarespeci ed. In thefollowing
sectionwe describehow we tailor GAsto our speci ¢ problemof FLM structuresearch.

3.2 Structure Search Using GA

To apply GA searchto the problemof optimizing FLM parameterswe de ne a tness functionandan
encoding/decodingchemeahatmapsbetweera FLM anda string(gene).The tness valueof eachgeneis
de ned astheinverseof its perplity, sothatgeneswith low perpleity will receve a higherprobability of
selectionIn aGA run,mostcomputatiorwill bespentntrainingFLMs andevaluatingtheircorresponding
perplity. Figure5 illustratesthe high-level operationof a GA searchfor FLM structures The mainchal-

Population of Strings
10010101 01101110
00100000 | 10001100,
String to FLM
6—@ Conversion

FLM Training
Perplexity Eva

String Selection
based on perplexity

(Crossover & Mutation

(__ New Population )

Figure5: Overallprogram o w of GA searcHor FLM structure.

lengesn this operationis the designof theencodingmethod,or the mappingof FLM parameterso strings.
Sincegeneticoperatorsare directly appliedto the encodedstrings,an appropriaterepresentatiof FLM
parametershatis amenabldo the applicationof geneticoperatorgs important. Ideally, substringshould
consistof meaningfulsubpartof a FLM sothatthe crosseer operationcancombinegoodsub-solutions.
Moreover, crosseer andmutationoperatorshouldcreatenew stringsthatarevalid FLM structuresFilters
canbeusedto disallov invalid strings,yet this would becoménef cient if invalid stringsareproducedoo
often.

Variousencodingmethodsxist, andappropriateencodingmethodsareoftenproblem-speci c.A x ed-
lengthbinary string encodingis one of the mostcommonencodingschemeslueto its simplicity. In this
encodingsolutionparameterganeitherbe representedy individual bits or multiple bits. In caseswvhere

UWEETR-2004-0014 8



multiple-bit encodingsare unwieldy (e.g.leadingto long strings),k-ary characteiwor real-value encodings
may be usedinstead.More comple problemsmay requirealternatve methodsthatallow representations
thatare more expressie than x ed-lengthstrings. For instancefreeencoding[37] encodeshe geneasa
treestructureandallows genedo grow in anopen-endednanner(i.e. new subtreesnay be attachedo the
original tree). Treeencodingis now its own eld called GeneticProgramming.Diploid encodingq24]
usestwo parallelstringsasgenestherebyachieving the effectsof dominanceandrecessie genebehaior
in genetics.MessyGAs [19] allow genesof differentlengthsto be overspeci ed or underspeci ed. It is
motivatedby the biologicalideathata comple organisms lengthy genesavolved graduallyfrom shorter
genesof more simple organisms. Therefore,Messy GAs allow variable genelengthsin the population
and provide mappingsto solutionseven whenthe geneis too short (underspeci ed) or too long (over
speci ced).Further it allows for combinationf shortergenego form longergenes.

Due to the heterogeneousatureof FLM parametersye designa separateencodingmethodfor each
typeof parameterThegeneis thereforethe concatenationf thethreesubstringsepresentingonditioning
factorsbacloff graph,andsmoothingoptions.We explain eachencodingschemen detailin thefollowing
subsections.

3.2.1 Conditioning Factors Encoding

Theinitial factors areencodedasbinary strings,with 0 meaningabsenceand 1 meaningpresencef a
factor For example,supposa@ FLM trigramhas3 factors(A,B,C) perword. Thenthefull factorset is:

wherethe subscriptindicatesthe time positionof eachfactor The setof initial factors is a (sub)sebf
andcanberepresentedsa 6 bit binarystring,wherel ata positionindicatesheinclusionof thatfactorin
. Forinstancethestring10011 would meanthat is:

ThisimpliesatrigramFLM thatis describedy:

(8)

(9)

In generalastringhaslength  for  potentialconditioningfactors.By manipulatingthe bits in this
string, geneticoperatorsreatedifferentconditioningfactorsubsets , Where
is the numberof possiblecombinations.In theory the orderingof factorsin  affects performancesince
undercrosseer operationfactorsthatareclosetogetheiin positionremaintogethemvith higherprobability
thanfactorsthatarefar apart. In practice,the orderingof factorsin  caneasilybe permutedfor various
GA runs. Neverthelessgxperimentswith FLM structuresearchhasshawn little differencefor different
orderingsof conditioningfactors.

3.2.2 Backoff Graph Encoding

Theencodingof the bacloff graphis moredif cult becaus®f the large numberof possiblepaths.A direct
approachencodingevery edgeasa bit would resultin overly long strings,renderingthe searchnef cient.

UWEETR-2004-0014 9



Thereare  possiblebacloff pathsfor aninitial setof  conditioningfactors,so direct encodingis not
scalableor anything but the smallesthumberof factors.

Our solutionis to encodea bacloff graphin termsof graphgrammarulesandusethesecompactules
to generatehe bacloff graph.This methodis similarin approacho [35, 21, 2], which useddifferenttypes
of grammargo represenandevolve neuralnetworks.

Graphgrammarulesareusedio encoddghegraphregularitythatanodewith  factorscanonly backoff
to childrennodeswith factors.For instancefor , thechoicedor proceedingo the next-lower
level in the bacloff graphcanbedescribedy only threegrammarules:

RULE 1:
RULE 2:
RULE 3:

Here correspondsothefactoratthe th positionin the parentnode.Rule 1 indicatesa bacloff thatdrops
thethird factor Rule 2 dropsthe secondactor andRule 3 dropsthe rst factor

To describethe bacloff from to , for instance we would indicatethat
Rule 2 wasactiated(the seconchodewasdropped).This impliesthe bacloff function:

if

otherwise (10)
In addition,to describea parallelbacloff from to both and
we would indicatethatboth Rule 2 andRule 3 areactivated. In this case the bacloff functionis similarto
equationl0, but thefunction  would be somecombinationof and

In the casewhereno rulesare speci ed, “skipping” occurs. Skippingis the&multaneousﬂropplngof
two conditioningvariablesand may be desiredwhenboth variablesdo not give robust estimates.It is so
namedbecausat correspondso skippingan entire level of nodesin the bacloff graph. For instancea
bacloff from to is anexampleof skipping,whereboth and aredropped
simultaneouslyf thereareinsufcient countsfor

The choiceof rulesusedto generatehe bacloff graphis encodedn a binary string, with 1 indicating
theuseandO indicatingthe non-useof arule. The bacloff graphgrows accordingto therulesspeci ed by
thegene,asshavn schematicallyn Figure6.

PRODUCTION RULES: .
GENE: (aec)  (nBC)
1 {Xp, XpXgh —= (X3 %} O~ 1?» ze ~
2. Xy, X Xgh —= {X 1. X3} 1011C
3. {Xp, Xp X} —= (XX} O=—"
4. K X} =X} O PR
5. {X X} —= {X,}

(@) (b)

Figure6: Geneactivatesgraphgrammarproductionrules(a); Generatiorof Bacloff graphby activatedrules1, 3, 4

(b).

In this example,we generatea bacloff graphfrom initial conditioningfactors
usingtheinformationrepresentedh thegenel1001 . First, all rulesareenumerate@ndthe genespeci es
whichrulesareactvated.Thebits 1 in the rst, secondandlastpositionof thegeneindicatesghatRulesl,
2, and5 areactivated. Then,for all nodesthatapply anactivatedgrammarule producesacloff children.

UWEETR-2004-0014 10



In the rst productionpothRulesl and3 areappliedto createtwo children(parallelbacloff). In thesecond
production,Rule 5 canbe appliedto bothAB andBC, therebyproducingl-factornodesA andB. Thisis
donerecursvely until we reachonefactor which automaticallybacksoff to theunigram.

If norulesapply skippingoccurs.Forinstanceif thegenewere00010 , noneof theruleswith 3 factors
on the left-hand-sideare actvated. Therefore two factorsare droppedsimultaneoushandwe proceedo
decodeusingthe next lowerlevel rules. In practice this algorithmworks by applyingall 3-factorrulesbut
alsonoting that the generatedhodeswould not be consideredn the bacloff sequence.This ensureghe
applicabilityof the next lowerlevel rulessothatgraphgeneratiorwill continueuntil theunigramnode.

In total, thisencodingschemeequiresageneof length ratherthan . Thisallowsustoencodea
graphusingfew bits but doesnotrepresenall possiblegraphs We cannotselectvely applydifferentrulesto
differentnodesat the samedevel — this would essentiallyrequirea context-sensitve grammaywhich would
in turnincreasdhelengthof theencodedstrings.Figure? illustratesthekind of graphstructureghatcannot
be representedWe thereforehave a fundamentatradeof betweernthe mostgeneralrepresentatiomandan
encodinghatis tractable Our experimentatesultsdescribedelov con rm, however, thatsufciently good
resultscanbe obtainedn spiteof theabore limitation.

Figure7: Two examplesof bacloff graphshatcannotberepresentewith a context-freegrammarsincerulescannot
beselectvely appliedto nodesatthe sameevel.

3.2.3 SmoothingOptions Encoding

Smoothingoptionsare encodedas tuplesof integers. The rst integer speci es the discountingmethod
(e.g.KneserNey, Witten-Bell, absolutediscounting)andthe secondnteger speci esthe minimum count
for then-gramto beincludedin thelanguagemodel. Theinteger string consistof successe concatenated
tuples,eachrepresentinghe smoothingoption at a nodein the graph. More smoothingoptions,suchas
parallelbacloff options,maybeencoded However, thiswill increasehelengthof the gene,so caremust
betaken.

The GA operatorsare appliedto concatenationsf all three substringsdescribingthe setof factors,
bacloff graph,and smoothingoptions, suchthat all parametersare optimizedjointly. In the following
sectionswe explain the dataandexperimentakesultsfor our GA searchalgorithm.

4 Data

Wetestedourlanguagamodelingalgorithmsontwo differentdatasetsfrom two differentlanguagesArabic
andTurkish.

TheArabic datasetwasdravn from the CallHomeEgyptianConversationalArabic (ECA) corpus[41].
Thetraining, development.andevaluationsetscontainapproximatelyl 70K, 32K, and 18K words,respec-
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tively. The corpuswascollectedfor the purposeof speechrecognizerdevelopmentfor corversationalAra-
bic, which is mostly dialectaland doesnot have a written standard. No additionaltext materialbeyond
transcriptionss availablein this casejt is thereforeimportantto uselanguagemodelsthatperformwell in
sparsalataconditions.

The factoredrepresentationvas constructedusing linguistic information from the corpuslexicon, in
combinationwith automaticmorphologicalanalysistools. It includes,in additionto the word, the stem,a
morphologicatag,theroot, andthe pattern.The lattertwo arecomponentsvhichwhencombinedorm the
stem.An exampleof this factoredword representatiois shavn below:

Word: il+dOr / Morph: noun+masc-sg+articleé Stem:dOr / Root:dwr / Pattern: CCC

For our Turkish experimentsve useda morphologicallyannotatedorpusof Turkish[22]. Theannotation
wasperformedoy applyingamorphologicabnalyzerfollowedby automatianorphologicablisambiguation
asdescribedn [23]. The morphologicaltagsconsistof theinitial root, followed by a sequencef in ec-
tional groupsdelimited by derivation boundarie"DB). A sampleannotation(for the word yararlanmak
consistingof therootyarar plusthreein ectional groups)is shavn below:

yararmanlak
yarar+Noun+A3sg+Pnon+Norm "DB+Verb+Acquire+Pos "DB+Noun+Inf+A3sg+Pnon+Nom

We removed sggmentatiomrmarks(for titles andparagraptboundariesjrom the corpusbut includedpunc-
tuation. Words may have differentnumbersof in ectional groups,but the FLM representatiomequires
the samenumberof factorsfor eachword; we thereforehadto mapthe original morphologicaltagsto a
x ed-lengthfactoredrepresentationThis wasdoneusinglinguistic knowledge:accordingo [46], the nal
in ectional groupin eachdependentvord hasa specialstatussinceit determinesn ectional markingson
headwordsfollowing thedependenivord. The nal in ectional groupwasthereforeanalyzednto separate
factorsindicatingthenumber(N), case(C), part-of-speecliP) andall otherinformation(O).

Additional factorsfor the word are the root (R) andall remaininginformationin the original tag not
subsumedby the otherfactors(G). Theword itself is usedasanotherfactor(W). Thus,the abore example
would befactorizedasfollows:

W: yararlanmak/ R: yarar/ P:NounInf-N:A3sg/ C: Nom / O: Pnon/ G:
NounA3sgPnonNom+afb+Acquire+Pos

Otherfactorizationsarecertainlypossiblehowever, our primarygoalis notto nd thebestpossibleencod-
ing for our databut to demonstratehe effectivenessof the FLM approachwhich is largely independent
of the choiceof factors.For our experimentsve usedsubsetof 400K wordsfor training, 102K wordsfor
developmentand90K wordsfor evaluation.

5 Experimentsand Results

In our applicationof GAs to languagemodelstructuresearchthe perpleity of modelswith respecto the
developmentdatawas usedas an optimizationcriterion. The perplity of the bestmodelsfound by the
GA were comparedo the bestmodelsidenti ed by a lengthy manualsearchprocedureusing linguistic
knowledgeaboutdependencielsetweertheword factorsinvolved, andto arandomsearchprocedurevhich
evaluatedthe samenumberof stringsasthe GA.

Table 1 shaws the variousGA optionswe tried. (See[20, 45] for explanationsof the variousGA op-
tions.) Thefollowing optionsgave goodresults:populationsize 30-50,crosseer probability 0.9, mutation
population0.01, StochastidJniversal Samplingas the selectionoperator 2-point crosseer. We also ex-
perimentedwith re-initializing the GA searchwith the bestmodelfoundin previousruns. This is doneby
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Figure8: lllustrationof tness optimizationin two sampleGA runs. (a) is a corventionalGA searchfor Turkish
bigrams. (b) usesan elitist GA searchfor Turkish trigrams. The elitist stratggy guaranteeshat the best-t gene
remainsn the population.

“seeding”oneor two of thecurrentbestmodelsin theinitial population.This methodconsistentlymproved
the performancef normalGA searchandwe usedit asthe basisfor theresultsreportedbelow.

Figures8(a)and8(b) shav two exampleplotsof GA runs,whichillustratethe decreasén averageand
bestperplity asthe generatiorincrease.The bestperpleity is taken asthe bestsingle perpl«ity value
up to the currentgeneration.The averageperpleity is the meanof all perplity valuesin the population.
Whenthe two perpl«ity valuesconverge, the GA searchis terminated. Note that the averageperpleity
curve is non-monotonidn Figure 8(a) but monotonicin Figure 8(b). The differenceis that the GA run
in Figure 8(b) usesan additional“elitist selectionstratgy” [31]. In elitist selection,the best- t geneof
eachgenerations guaranteedo be selectedor the next generation.Suchstratgy improvesthe speedo
cornvergencebut increaseghe risk of saturationat local optima. In our experiments both non-elitistand
elitist stratgies have beentried, but little differencehave beenobsered. The resultsbelov arebasedon
elitist stratgies.

\ Typesof GA Options \
PopulationSize 10-200stringspergeneration
Max Generation 10-100

Crosseer Probability | .70- .99

MutationProbability | .01-.10

SelectionOperator RouletteWheel, StochastidJni-
versalSampling,TournamenSe-
lection

Crosseer Operator | 1-point,2-point,uniform

Tablel: Several GA Optionstried in experiments.
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5.1 Perplexity Resultsfor Turkish

| N | Word | Hand | Rand | GA | GAseed| (%) |
Dev Set

2 | 593.8| 555.0| 556.4| 542.6 | 539.2 -2.9
3 | 534.9| 533.5| 497.1| 469.7| 444.5 -10.6
4 | 534.8| 549.7| 566.5| 551.2| 522.2 -5.0

Eval Set
2 | 609.8| 558.7| 525.5| 493.4| 487.8 -7.2
3 | 545.4| 583.5| 509.8 | 478.5| 452.7 -11.2
4 | 543.9| 559.8| 574.6 | 560.5| 527.6 -5.8

Table2: Perplity for Turkish languagemodels. N = n-gramorder, Word = word-basednodels,Hand= manual
search,Rand= randomsearch,GA = geneticsearch,GAseed= GA with seeding. = relative improvementof
GAseedoverthe bestof manualandrandomsearch.

Due to the large numberof factorsin the Turkish word representationmodelswere only optimized
for conditioningvariablesand bacloff paths,but not for smoothingoptions. Table 2 compareghe best
perplity resultsfor standardword-basedmodelsand for FLMs obtainedusing manualsearch(Hand),
randomsearchRand),GA searchHGA), andGA searchwith seeding GAseed).Thelastcolumnshavs the
relative changdn perpl«ity for the GA comparedo the betterof themanualor randomsearchmodels.For
testson boththe developmentsetandevaluationset,GA searctgave thelowestperpleity.

5.2 Perplexity Resultsfor Arabic

In the caseof Arabic, the GA searchwas performedover conditioningfactors,the bacloff graph,and
smoothingoptions. The resultsin Table 3 wereobtainedby training and testingwithout consideratiorof
out-of-vocaklulary (OOV) words. Our ultimategoalis to usetheselanguagemodelsin a speechrecognizer
with a x edvocalulary, which cannotrecognizeOOV wordsbut requiresa low perpleity for otherword
combinationsIn a secondexperimentwe trainedthe sameFLMs from Table3 with OOV wordsincluded
astheunknavn wordtoken. Table4 shavs theresults.Again, we seethatthe GA outperformsothersearch
methodsThisimpliesthatGA optimizationdoesnot over t andgeneralizegjuitewell.

Thebestlanguagemodelsall usedparallelbacloff anddifferentsmoothingoptionsat differentbacloff
graphnodes. The Arabic modelsmadeuseof all conditioningvariables(Word, Stem,Root, Pattern,and
Morph) whereaghe Turkishmodelsusedonly theW, P, C, andR variables(seeabore Section4). Referto
the Appendixfor examplesof thediscoreredlanguagemodelsin the SRILM FLM le format.

6 RelatedWork

Variouspreviousstudieshave investigatedhefeasibility of usingunitsotherthanwordsfor languaganodel-
ing (e.q.[17, 7, 33, 52, 6]). However, in all of thesestudiesvordsweredecomposedhto linearsequencesf
morphsor morph-like units,usingeitherlinguistic knowledgeor data-diwentechniquesStandardanguage
modelswere then trained on the decomposedepresentations.The resultingmodelsessentiallyexpress
statisticalrelationshipshetweenmorphs,suchas stemsandaf x es. For this reasona contet larger than
that provided by a trigram s typically required,which quickly leadsto data-sparsityIn contrastto these
approachedactoredanguagenodelsencodanorphologicaknowledgenot by alteringthelinear segmen-
tationof wordsbut by encodingwordsasparallelbundlesof features.

UWEETR-2004-0014 14



| N | Word | Hand | Rand | GA | GAseed| (%) |
Dev Set

2 | 229.9| 229.6| 229.9| 223.6| 222.9 -2.9
3 | 229.3| 226.1| 230.3| 217.3| 212.6 -6.0
Eval Set
2 | 249.9| 230.1| 239.2| 227.2| 223.6 -2.8
3 (1285.4|217.1| 224.3| 210.5]| 206.2 -5.0

Table3: Perpleity for Arabic languagemodels(w/o unknowvn words).

| N | Word | Hand | Rand | GA | GAseed| (%) |
Dev Set

2 | 236.0| 195.5| 198.5| 193.9| 193.3 -1.1
3 | 237.0| 199.0| 202.0| 192.3| 188.1 -55
Eval Set
2 | 235.2| 234.1| 247.7| 230.9| 233.4 -0.7
3 | 253.9| 229.2| 219.0| 217.4| 212.2 -3.1

Table4: Perpleity for Arabic languagemodels(with unknavn words).

The generalpossibility of usingmultiple conditioningvariables(including variablesotherthanwords)
hasalsobeeninvestigatedby [11, 18, 51, 54]. In [11] and[54], the additionalconditioningvariablesare
word classeslerived by data-drven clusteringprocedureswhich arethenarrangedn a bacloff lattice or
graphsimilar to the our procedure.Gildea[18] determineghe conditionalprobability of semanticroles
givenmultiple heterogeneoueaturesof syntacticconstituentse.g.position,voice, etc. All of thesestud-
ies assumea x ed paththroughthe graph,which is usually obtainedby an orderingfrom more specic
probability distributionsto more generaldistributions. Someschemeslsoallow two or more pathsto be
combinedby weightedinterpolation. FLMs, by contrast,allow different pathsto be chosenat run-time.
They supportawider rangeof combinatiormethoddor probability estimate$rom differentpathsandthey
offer a choiceof differentdiscountingoptionsat every nodein the bacloff graph. Most importantly none
of thesestudiesproposea data-drven methodfor optimizingthe bacloff pathor initial setof conditioning
variables.

Theapplicationof graphgrammato geneencodingsvas rst attemptedn thecontext of evolving neural
networks[35, 21, 2]. Researchers this communitywereinterestedn simulatingtherelationshipbetween
learning(as modeledby the neuralnetwork) and evolution (as modeledby the GA). Grammarencoding
wasa solutionto the problemof inscalabilitywhendirectly encodinglarge neuralnetwork asgenes.[35]
obseredthatregular structuresxist within neuralnetworks andthereforede ned grammarrulesfor them.
[21] further extendedthe approachby incorporatingideasfrom cellular automatatheory Our approach
for grammarencodingof bacloff graphsarosefrom the sameneedsasthesework, but differ signi cantly
in termsof the actualencodingscheme.This is simply dueto the differencebetweemeuralnetwork and
bacloff graphstructures.For instance whereaqd35] explicitly encodedoth grammarrulesandterminal
nodesn thegene ourapproachusesgrammarulesto generatdacloff nodes.

Most importantly however, the presentstudyis to our knowledgethe rst to describeanentirely data-
driven procedurdor identifying the bestcombinationof parametechoicesfor languagestructurdearning.
Thesuccessf thismethodwill facilitatetherapiddevelopmentof FLMs for differenttasksin thefuture.
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7 Conclusions

We have presentedh data-drven approachto the selectionof parametergleterminingthe structureand
performanceof factoredlanguaganodels,a classof modelswhich generalizestandardanguagemodels
by including additionalconditioningvariablesin a principledway. In additionto reductionsin perpleity

obtainedby FLMs vs. standardanguagemodels,the data-drven model sectionmethodfurtherimproved
perplity andoutperformedothknowledge-basethanualsearcrandrandomsearch.
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Appendix: FLM Examples

The SRILM FLM le formatindicatesall threetypesof parametersequiredfor specifyinga given FLM.
As abrief summarywe usethe following bigramFLM speci cationfor Arabic asanexample. This FLM
is theonefoundby the GA to give goodperpl&ity resultsreportedn section5.

The rst line of theFLM le speci estheinitial setof conditioningfactors.In thisexample,

W: 5 W(-1) P(-1) S(1) R(-1) M(-1)

indicateghat5 conditioningfactors areusedto estimatehecurrentword
Thelastnumber28 indicatesthat28 bacloff pathsareto follow. Eachof thefollowing 28 linesrepresents
onebacloff pathandspeci esinformationaboutthe currentconditioningfactors,the factorsavailablefor
bacloff, andthe smoothingoption. For example theline

W1,P1,S1,R1,M1 W1,S1,R1 kndiscount gtmin 3 combine mean

indicategthat arethe currentconditioningfactorsandthat
arethefactorsthatcanbeindividually droppedn the casewhenbacloff is required.Theremainingportion
speci esthe smoothingmethodfor bacloff. In this case,modi ed KnesefNey discounting(kndiscount)
is used,minimum countrequiredfor including the n-gramis 3 (gtmin ), andthe  function that com-
binesthreeparallelbacloff pathsfor droppingfactors arecombinedoy takingtheirmean
(combine mean). For all thefollowing exampleFLM les, interpolate refersto theinterpolationof
the currentnodewith thevaluereturnedby thebacloff paths . Thesmoothingoptionsukndiscount
cdiscount , andwbdiscount referto unmodi ed KnesefNey discounting,absolutediscounting,and
Witten-Bell discountingrespectiely. Referto [34] for amoredetailexplanationon FLM le speci cation.

Thefull setof factorsfor the Arabic FLM les arewords (W), patterng(P), stems(S), roots(R), and
morphologicalclassegM). Thefull factorsetfor Turkish FLMs arewords (W), roots(R), part-of-speech
(P),number(N), casg(C), otherinformation(O), andremainingfactors(G). (Seesectiord).

Thefollowing is anexamplebigramFLM for Arabic discoreredby GA searchFigure9 shavsthecorresponding
bacloff graph.

W: 5 W(-1) P(-1) S(-1) R(-1) M(-1) arabic-bigram.count.gz arabic-bigram.Im.gz 28
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W1,P1,S1,R1,M1 W1,S1,R1 kndiscount  gtmin 3 combine mean
P1,S1,R1,M1 P1,S1,R1,M1 kndiscount  gtmin 5 combine mean
W1,P1,R1,M1 W1,P1,R1,M1  ukndiscount gtmin 2 combine mean
W1,P1,S1,M1 W1,P1,S1,M1  ukndiscount gtmin 2 combine mean
S1,R1,M1 S1,R1,M1 ukndiscount gtmin 2 combine mean
P1,R1,M1 P1,R1,M1 ukndiscount gtmin 2 combine mean
P1,S1,M1 P1,S1,M1 ukndiscount gtmin 2 combine mean
P1,S1,R1 P1,S1,R1 kndiscount  gtmin 5 combine mean
W1,R1,M1 W1,R1,M1 cdiscount 1 gtmin 4 combine mean
W1,P1,M1 wW1,P1,M1 kndiscount  gtmin 3 combine mean
W1,P1,R1 W1,P1,R1 kndiscount  gtmin 5 combine mean
W1,S1,M1 wW1,S1,M1 kndiscount  gtmin 3 combine mean
W1,P1,S1 W1,P1,S1 ukndiscount gtmin 2 combine mean
R1,M1 R1 ukndiscount gtmin 2 interpolate
Si,M1 S1 ukndiscount gtmin 2 interpolate
S1,R1 S1 ukndiscount gtmin 2 interpolate
P1,M1 P1 cdiscount 1 gtmin 4 interpolate
P1,R1 P1 cdiscount 1 gtmin 4 interpolate
P1,S1 P1 ukndiscount gtmin 2 interpolate
wi,mM1 wi whbdiscount  gtmin 1 interpolate
W1,R1 w1 cdiscount 1 gtmin 4 interpolate
W1,P1 w1 wbdiscount  gtmin 1 interpolate
W1,S1 w1 cdiscount 1 gtmin 4 interpolate

M1 M1 ukndiscount gtmin 2 interpolate

R1 R1 cdiscount 1 gtmin 4 interpolate

S1 S1 wbdiscount  gtmin 1 interpolate

P1 P1 cdiscount 1 gtmin 4 interpolate

0 0 kndiscount  gtmin 1

Thefollowing is anexamplebigramFLM for Turkishdiscoveredby GA search.Figure 10 shavs the corresponding
bacloff graph

W: 5 W(-1) P(-1) N(-1) R(-1) C(-1) turkish-bigram.count.gz turkish-bigram.Im.gz
15

W1P1N1R1C1 W1 kndiscount  gtmin 1 interpolate

PIN1R1C1 PIN1R1C1 kndiscount gtmin 1000000 combine mean
N1R1C1 R1 kndiscount  gtmin 1 interpolate

P1R1C1 R1 kndiscount  gtmin 1 interpolate

P1IN1C1 N1 kndiscount  gtmin 1 interpolate

PIN1R1 N1 kndiscount  gtmin 1 interpolate

N1C1 N1C1 kndiscount  gtmin 1 combine mean

P1C1 P1C1 kndiscount  gtmin 1 combine mean

P1R1 P1R1 kndiscount  gtmin 1 combine mean

N1 N1 kndiscount  gtmin 1 interpolate

C1 C1 kndiscount  gtmin 1 interpolate

P1 P1 kndiscount  gtmin 1 interpolate

R1 R1 kndiscount  gtmin 1 interpolate

0 0 kndiscount  gtmin 1
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