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Abstract

In spiteof recentadvancesin statisticalalgorithmsandincreasedavailability of large text corpora,
statisticallanguagemodelingremainsa challengingtask, in particularfor morphologicallyrich lan-
guages.Recently, new approachesbasedon factoredlanguagemodelshave beendevelopedto address
this problem.Whereasstandardlanguagemodelsonly conditiononprecedingwords,thesemodelspro-
videprincipledwaysof includingadditionalconditioningvariablesotherthantheprecedingwords,such
asmorphologicalor syntacticfeatures.However, thenumberof possiblechoicesfor modelparameters
createsa large spaceof modelsthat cannotbe searchedexhaustively. This paperpresentsan entirely
data-driven model selectionprocedurebasedon geneticsearch,which is shown to outperformboth
knowledge-basedandrandomselectionprocedureson two different languagemodelingtasks(Arabic
andTurkish). 1

1 Intr oduction

In spiteof novel algorithmicdevelopmentsandthe increasedavailability of large text corpora,statistical
languagemodelingremainsa dif�cult problem,particularly for languageswith rich morphology. Such
languagestypically exhibit a large numberof word typesin relationto word tokensin a given text, which
leadsto high perplexity anda largenumberof unseenword contexts. As a result,probabilityestimatesare
oftenunreliable,evenwhenusingstandardsmoothingandparameterreductiontechniques.

Recently, a new languagemodelingapproach,calledfactored language models(FLMs), hasbeende-
veloped[34, 4]. FLMs area generalizationof standardlanguagemodelsin that they allow a larger setof
conditioningvariablesfor predictingthecurrentword. In additionto theprecedingwords,any numberof
additionalvariablescanbeincluded,to represente.g.morphological,syntactic,or semanticword features.
Sincesuchfeaturesaretypically sharedacrossmultiplewords,they canbeusedto obtainedbettersmoothed
probabilityestimateswhentrainingdatais sparse.

However, the spaceof possiblemodelsis extremely large, due to many different ways of choosing
subsetsof conditioningword features,backoff procedures,anddiscountingmethods.Usually, this space
cannotbesearchedexhaustively, andoptimizingmodelsby a knowledge-inspiredmanualsearchprocedure
usuallyleadsto suboptimalresults,sinceonly asmallportionof thesearchspacecanbeexplored.

1This paperis anextendedversionof thepaperthatappearedin Coling-2004
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In this paperwe investigatethe possibility of determiningthe structureof factoredlanguagemodels
(i.e.thesetof conditioningvariables,thebackoff procedureandthediscountingparameters)by adata-driven
searchprocedure,viz. GeneticAlgorithms(GAs). We applythis techniqueto two differenttasks(language
modelingfor Arabic andTurkish)andshow thatGAs leadto bettermodelsthaneitherknowledge-inspired
manualsearchor randomsearch.

Theremainderof this paperis structuredasfollows: Section2 describesthedetailsof thefactoredlan-
guagemodelingapproach.Theapplicationof GAs to theproblemof determininglanguagemodelstructure
is explainedin Section3. Thecorporausedin thepresentstudyaredescribedin Section4 andexperiments
andresultsarepresentedin Section5. Section6 comparesthepresentstudyto relatedwork andSection7
concludes.

2 FactoredLanguageModels

A standardstatisticallanguagemodelcomputestheprobabilityof a word sequence6 7%8*9;:<8
=>:@?A?A?A:<8CB as
a productof conditionalprobabilitiesof eachword 8�D givenits history, which is typically approximatedby
just oneor two precedingwords(leadingto bigrams,andtrigrams,respectively). Thus,a trigramlanguage
modelis describedby

E3F

8�9@:@?A?A?A:<8CB�GIH

B

J

DLKNM

E3F

8/DPO 8/D�QR9;:<8/DSQT=UG (1)

Even with this limitation, theestimationof the requiredprobabilitiesis challenging:many word contexts
may be observed infrequentlyor not at all, leadingto unreliableprobability estimatesundermaximum
likelihoodestimation[28]. Several techniqueshave beendevelopedto addressthis problem,in particular
smoothingtechniques[8] andclass-basedlanguagemodels[5]. Smoothingmethodsincludediscounting
themaximumlikelihoodestimates[16, 53], linearly interpolatingwith lower-ordern-grams[29], andrecur-
sively backingoff to lower-ordern-grams[32]. Class-basedmodelsalleviate theproblemof datasparsity
by clusteringthevocabulary. Let V/D betheclassthatword 8�D is assignedto, thenthejoint probabilitycan
bedescribedby a hiddenMarkov model(HMM) with wordsasobservationsandclassesashiddenstates.
Assuminga deterministicmappingof 8

D to V
D , abigramwouldbe:

WYX

F

8
=ZO 8�9[GI7

WYX

F

8
=\O]V^=UG

WYX

F

V^=ZO]V�9[G (2)

The word classescan be derived either using linguistic knowledgeor data-driven clusteringtechniques
[5, 42].

In spiteof suchparameterreductiontechniques,languagemodelingremainsadif�cult task,in particular
for morphologicallyrich languages,e.g.Turkish,Russian,or Arabic. Suchlanguageshave a largenumber
of wordtypesin relationto thenumberof wordtokensin agiventext, ashasbeendemonstratedin anumber
of previous studies[17, 33, 23, 43]. This in turn resultsin a high perplexity and in a large numberof
out-of-vocabulary (OOV) wordswhenapplyinga trainedlanguagemodelto anew unseentext.

An illustrationof themorphologically-richnatureof Arabic is shown in Figures2 and2. Figure2 plots
thevocabulary growth ratesof theEnglishandArabic CallHomecorpora,displayingthenumberof unique
wordsasthe corpussize(i.e. numberof word tokens)is increased.From Figure2, we observed that the
vocabulary growth rateof Arabic words is substantiallyhigher thanthat of English. Figure2 shows the
vocabulary growth ratefrom thestemmedversionof thesamecorpora.The Arabic text wasstemmedby
looking up the stemfor eachword in the CallHomelexicon; the Englishtext wasstemmedby the Porter
stemmer[48]. As expected,weobservedareductionin vocabulary growth ratein bothlanguagesrelative to
Figure2. However, thereductionin Arabicis muchgreaterthanthereductionin English.Thisdemonstrates

UWEETR-2004-0014 2
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Figure1: Vocabulary growth rateof EnglishandArabic, full word forms.

thatmostof thevocabulary growth in Arabic is indeedcausedby themultiplicationof word formsdueto
morphologicalaf�xation.

Given the dif�culties in languagemodelingbasedon full word forms it would be desirableto �nd a
way of decomposingword formsinto theirmorphologicalcomponentsandto build a morerobust language
modelbasedonprobabilitiesinvolving individual morphologicalcomponents.

2.1 Factored Word Representations

A recentlydevelopedapproachthat addressesthis problemis that of Factored Language Models(FLMs)
[34, 4], whosebasicideais to decomposewordsinto setsof features(or factors) insteadof viewing themas
unanalyzablewholes.Probabilisticlanguagemodelscanthenbeconstructedover(sub)setsof wordfeatures
insteadof, or in additionto, the word variablesthemselves. For instance,wordscanbe decomposedinto
stems/lexemesandPOStagsindicatingtheir morphologicalfeatures,asshown below:

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

Sucha representationserves to expresslexical andsyntacticgeneralizations,which would otherwise
remainobscured.It is comparableto class-basedrepresentationsemployedin class-basedmodels;however,
in FLMs severalsimultaneousclassassignmentsareallowedinsteadof asingleone.In general,weassume
that a word is equivalent to a �x ednumber( _ ) of factors,i.e. 6 `ba

9<c d . The taskthenis to producea
statisticalmodelover theresultingrepresentation- usinga trigramapproximation,theresultingprobability
modelis asfollows:

E3F

a

9<c d

9

:ea

9<c d

=

:@?A?A?A:ea

9<c d

B

GIH

B

J

f

KNM

EgF

a

9<c d

f

O a

9<c d

f

QR9

:ea

9<c d

f

QT=

G (3)

Thus,eachword is dependentnotonly on asinglestreamof temporallyorderedwordvariables,but alsoon
additionalparallel(i.e. simultaneouslyoccurring)features.This factoredrepresentationcanbeusedin two
differentwaysto improve overstandardLMs, eitherby usingaproductmodelor abackoff model.

UWEETR-2004-0014 3
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Figure2: Vocabularygrowth rateof EnglishandArabic,stemmedwords.

Theproductmodelusesconditionalindependencestatementsto write thewordprobabilitiesin factored
form. Considera factoredrepresentationconsistingof theword 6 , its stemmedversion h , andits part-of-
speech(POS)tag V . Whenmakingthefollowing assumptions

1. thecurrentword is independentof all previousfactorsgiventhecurrentstemandPOStag

2. thecurrentstem,giventhepreviousstem,is independentof all otherpreviousfactors,and

3. thecurrentPOStag,giventhepreviousPOStag,is alsoindependentof all otherpreviousfactors

theproductmodel(in termsof abigram)will have thefollowing form:

E3F

8

f

O i

f

:Pj

f

G

E3F

i

f

O i

f

QR9
G

EgF

j

f

O j

f

QR9
G (4)

We canexpectlow perplexity for the �rst term EgF

8

f

O i

f

:Pj

f

G sinceknowledgeof boththestemandPOStag
givesmuchinformationabouttheword itself. Therefore,if both E3F

i

f

O i

f

QR9�G andE3F

j

f

O j

f

QR9kG have low enough
perplexity, thenit is possiblefor theproductmodelto achieveanoverallperplexity thatis lower thanthatof
astandardwordbigram.

In contrast,the backoff modelapproachobtainsword probabilitiesby only conditioningon factorsat
previous time-stepsandbackingoff to subsetsof thesefactorsin caseof insuf�cient data. For instance,
usingthefactoredrepresentationabove,abigrammodelcouldbeformulatedas:

E3F

8

f

O 8

f

QR9
:ei

f

QR9
:Pj

f

QR9
G (5)

If thecountsF

8

f

:<8

f

QR9
:ei

f

QR9
:Pj

f

QR9
G is insuf�cient duringtraining,alowerordermodelsuchasE3F

8

f

O i

f

QR9
:Pj

f

QR9
G

canbeusedto obtainprobabilities.It shouldbenotedthataddingi

f

QR9 and j

f

QR9 to thestandardwordbigram
model E3F

8

f

O 8

f

QR9
G to get E3F

8

f

O 8

f

QR9
:ei

f

QR9
:Pj

f

QR9
G givesno informationgain sincethe stemsandPOStags

areoftendeterministicfunctionsof theword. Nevertheless,this methodachievesmorerobustestimationin
caseswherethestandardword bigramsoccurinfrequently. For instance,if a word bigramdoesnot occur
in trainingdata,but thestemandPOStagsdo occur, thenbackoff achievesmorerobustestimation.This is
oftenthecasefor morphologically-richlanguages.Therefore,we focuson backoff modelsin thispaper.

UWEETR-2004-0014 4



Finally, it shouldbe notedthat the factoredrepresentationis quite general. Although we useonly
linguistically-motivated factorsin this work, any knowledge-engineeredor data-drivenword classescanbe
usedasfactors.

2.2 GeneralizedParallel Backoff

A particularissuethat ariseswith the backoff model is the orderof backoff. In standardword n-grams,
backoff usuallyproceedsby droppingthemostdistantword �rst. Theassumptionis thatdistantwordshave
lesspredictive power than closewords. In the factoredrepresentation,many factorsmay occurparallel
in time, so it is not immediatelyobvious which factorsshouldbe dropped�rst. For example,to backoff
from themodelE3F

8

f

O i

f

QR9;:Pj

f

QR9�G , either i

f

QR9 or j

f

QR9 couldbedropped,but we do not know a priori which
oneleadsto morerobustestimates.This sectionintroducesGeneralizedParallel Backoff, whichsolvesthis
problemin a �e xible manner.

Backoff [32] is acommonsmoothingtechniquein languagemodeling.It is appliedwhenever thecount
for a given n-gramin the training data falls below a certain threshold l . In that case,the maximum-
likelihoodestimateof the n-gramprobability is replacedwith a probability derived from the probability
of the lower-order( mon%p )-gramanda backoff weight. N-gramswhosecountsareabove the thresholdre-
tain their maximum-likelihoodestimates,discountedby a factorthat re-distributesprobabilitymassto the
lower-orderdistribution:

Erqts/F

8

f

O 8

f

QR9;:<8

f

QT=UGu7wvyxZz

Er{}|3F

8

f

O 8

f

QR9;:<8

f

QT=~G if jY•€l@M

•�F

8

f

QR9
:<8

f

QT=
G

E
qts

F

8

f

O 8

f

QR9
G otherwise

(6)

Herej is thecountof F

8

f

:<8

f

QR9;:<8

f

QT=~G in thetrainingdata,probabilityE‚{}| denotesthemaximum-likelihood
estimateand

x
z

is adiscountingfactorthatis appliedto thehigher-orderdistribution. Theway in which the
discountingfactor is estimateddeterminesthe actualsmoothingmethod(e.g.Good-Turing, Kneser-Ney,
etc.) Thenormalizationfactor •�F

8

f

QR9;:<8

f

QT=~G ensuresthat theentiredistribution sumsto one. (See[8] for
anoverview.) Duringstandardbackoff, themostdistantconditioningvariable(in thiscase8

f

QT= ) is dropped
�rst, thenthe secondmostdistantvariableetc. until the unigramis reached.This canbe visualizedasa
backoff path (Figure3(a)). If theonly variablesin themodelarewords,sucha backoff procedureis rea-

tW 1tW- 2tW- 3tW-

tW 1tW- 2tW-

tW 1tW-

tW

(a)

F 1F 2F 3F

F

F 1F 2F F 1F 3F F 2F 3F

F 1F F 3FF 2F

(b)

Figure3: Standardbackoff pathfor a 4-gramlanguagemodelover words(left) andbackoff graphfor 4-gramover
factors(right).
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sonable.However, if variablesoccurin parallel,i.e. do not form a temporalsequence,it is not immediately
obvious in which orderthey shouldbedropped.In this case,severalbackoff pathsarepossible,which can
be summarizedin a backoff graph (Figure3(b)). In the example,thenodeE3F„ƒ

O

ƒ

9;:

ƒ

=…:

ƒ

MUG hasthreeop-
tions,thosecorrespondingto droppingany oneof thethreeparents.ThenodesE3F„ƒ

O

ƒ

9;:

ƒ

=UG , EgF„ƒ

O

ƒ

9U:

ƒ

MUG ,
andEgF„ƒ

O

ƒ

= :

ƒ

M G eachhave two options,andthenodesE3F„ƒ

O

ƒ

9 G , E3F„ƒ

O

ƒ

= G , andE3F„ƒ

O

ƒ

M G eachhave only one
option.

In principle,thereareseveraldifferentwaysof choosingamongdifferentpathsin thisgraph:

1. Choosea�x ed,predeterminedbackoff pathbasedonlinguisticknowledge,e.g.alwaysdropsyntactic
beforemorphologicalvariables.

2. Choosethepathat run-timebasedonstatisticalcriteria(e.g.countsof n-gramin trainingdata).

3. Choosemultiplepathsandcombinetheirprobabilityestimates.

Thelastoption,referredto asparallel backoff, is implementedvia anew, generalizedbackoff function(here
shown for a4-gram):

Er†Rqts/F

aIO a‡9@:ea>=ˆ:ea>M;GI7wv‰xZz

EN{}|‚F

aIO a‡9@:ea>=~:ea>MUG if jY•Šlk‹

•^F

a
9

:ea
=

:ea
M

G•Œ

F

ar:ea
9

:ea
=

:ea
M

G otherwise
(7)

where j is thecountof F

ar:ea09@:ea>=>:ea>M;G , EN{}|ŽF

aIO a‡9@:ea>=ˆ:ea>M@G is themaximumlikelihooddistribution, l~‹ is the
countthreshold,and •�F

a•9@:ea>=>:ea>M;G is thenormalizationfactor. Thefunction Œ

F

ar:ea•9@:ea>=>:ea>M;G determinesthe
backoff strategy. In atypicalbackoff procedureŒ

F

ar:ea
9

:ea
=

:ea
M

G equalsE
q‚s

F

aIO a
9

:ea
=

G . In generalizedparallel
backoff, however, Œ canbeanynon-negativefunctionof ar:eaT9k:ea>=>:ea>M . In our implementationof FLMs [43]
we considerseveral different Œ functions,including the mean,weightedmean,product,andmaximumof
thesmoothedprobabilitydistributionsover all subsetsof theconditioningfactors. In additionto different
choicesfor Œ , differentdiscountingparameterscanbe chosenat differentlevels in thebackoff graph. For
instance,at the topmostnode,Kneser-Ney discountingmight be chosenwhereasat a lower nodeGood-
Turingmightbeapplied.

FLMs havebeenimplementedasanadd-onto thewidely-usedSRILM toolkit [50, 4] andhavebeenused
successfullyfor thepurposeof morpheme-basedlanguagemodeling[4], multi-speaker languagemodeling
[30], languageidenti�cation [47] andspeechrecognition[43].

3 Learning FLM Structure

In order to usean FLM, threetypesof parametersneedto speci�ed: the initial conditioningfactors,the
backoff graph,andthesmoothingoptions.The initial conditioningfactorsspeci�eswhich factorsshallbe
usedin estimatingn-gramprobabilities.Thebackoff graphandsmoothingoptionsindicatetheprocedures
for robustestimationin thecaseof insuf�cient data.Thegoalof structurelearningis to �nd theparameter
combinationsthatcreateFLMs thatachieve a low perplexity on unseentestdata.

The resultingmodelspaceis extremely large: given a factoredword representationwith a total of ‘

factors,thereare ’%“

”

KŽ9u•

“”…–
possiblesubsetsof initial conditioningfactors. For a setof — conditioning

factors,thereareup to —™˜ backoff paths,eachwith its own smoothingoptions. Unless — is very small,
exhaustive searchis infeasible.

Moreover, nonlinearinteractionsbetweenparametersmake it dif�cult to guidethesearchinto a partic-
ular direction. For instance,a particularbackoff pathmaywork well with Kneser-Ney smoothing,while a
slightly differentpathmay �nd poor performanceusingthe samemethod.Goodstructuresareultimately
dependenton thedata,so parametersetsthat work well for onecorpuscannotnecessarilybe expectedto
performwell onanother.

UWEETR-2004-0014 6



In thefollowing section,wedescribeanautomaticstructurelearningtechnique,basedonGeneticAlgo-
rithms,thatperformswell despitethesearchspacechallenges.

3.1 GeneticAlgorithms

GeneticAlgorithms(GAs) [27] area classof evolution-inspiredsearch/optimizationtechniques.They per-
form particularlywell in problemswith complex, poorlyunderstoodsearchspaces.

Thefundamentalideaof GAsis to encodeproblemsolutionsasstrings(genes),andto evolvesuccessive
populationsof solutionsthroughtheuseof geneticoperators.Solutionsareevaluatedaccordingto a �tness
functionwhich representsthedesiredoptimizationcriterion.

Theindividual stepsin thealgorithmareasfollows:

Initialize: Randomlygenerateaset(population)of strings(genes).
While average�tness of populationimprovesby a certainthreshold:

Evaluate �tness: calculateeachstring's �tness
Apply operators: applythefollowing geneticoperatorsto createa new population.

-SelectionProbabilisticallyselectgenesto populatethenext generationbasedon the�tness value.
-Crossover Exchangesubstringsof two genesto generatenew solutions.
-MutationWith someprobability, randomlyalterasubstringin thegeneto createpopulationdiversity.

Figure4 illustratestheapplicationof geneticoperatorsto a populationof four binarystrings.First, the
�tness of eachstringis evaluatedusingthe�tness function.Then,stringsareselectedto thenew genepool
by probabilisticselection.Finally, crossover andmutationaltertheselectedstringsto createthepopulation
for thenext generation.Thisprocessiteratesuntil convergence.

1011

0000

0110

11118 7

3 5

FitnessEvaluation

1111

0000 0000

0110

Selection

0100

0011

1100

0010

1100 0100

00100111

Mutation Crossover

Figure4: Illustrationof GeneticOperatorsin GA search.Thepopulationconsistsof four genes,eachafour-bit binary
string.Populationsof solutionsevolveby repeatedlyevaluating�tnessandapplyingselection,crossover, andmutation
to thegenes.

Although GAs provide no guaranteeof �nding the optimal solution, they often �nd good solutions
quickly. Their successis attributed to several characteristics:First, by maintaininga populationof so-
lutions ratherthana singlesolution,GA searchis robust againstprematureconvergenceto local optima.
Second,by optimizing solutionsbasedon a task-speci�c�tness function, andapplyinggeneticoperators
probabilistically, GA helpsdirect searchtowardspromisingregionsof thesearchspace.In particular, the

UWEETR-2004-0014 7



crossover operatordistinguishesGA searchfrom otherstochasticsearchtechniques.For a moretheoretical
explanationof why GAswork, referto [20, 45].

GAs have beenappliedto a wide variety of �elds, but they can be roughly divided into two broad
categories[45]. Onecategory utilizes GA's search/optimizationability asproblemsolvers; theseinclude
applicationsin automaticprogramming[10], learningclassi�er systems[26], VLSI layout [9], time-series
prediction[44], molecularbiology[49], job scheduling[13], andergonomickeyboarddesign[12]. Thesec-
ondcategory usesGAs to modelandsimulatenaturalsystems;applicationsincludemodelsfor ecosystems
[14], for effectsof learningon evolution [25], for competitive games,[1], andfor immunesystems[15]. In
the�eld of speechandlanguageprocessing,GAs have beenusedin text classi�cation[39], hiddenMarkov
model(HMM) training [38], phonotactics[3], andgrammarinduction[40]. [36] containsa survey of GA
applicationsin naturallanguageprocessing.GA's widespreadapplicability is dueto the fact that they can
betailoredto any problemaslong asa �tness functionandencodingmethodarespeci�ed. In thefollowing
section,wedescribehow we tailor GAs to ourspeci�c problemof FLM structuresearch.

3.2 Structure Search Using GA

To apply GA searchto the problemof optimizing FLM parameters,we de�ne a �tness function andan
encoding/decodingschemethatmapsbetweenaFLM andastring(gene).The�tness valueof eachgeneis
de�ned astheinverseof its perplexity, sothatgeneswith low perplexity will receive ahigherprobabilityof
selection.In aGA run,mostcomputationwill bespentontrainingFLMs andevaluatingtheircorresponding
perplexity. Figure5 illustratesthehigh-level operationof a GA searchfor FLM structures.Themainchal-

FLM FLMFLM FLM

Crossover & Mutation

New Population 

10010101 01101110

1000110000100000

String to FLM
Conversion

FLM Training
Perplexity Eval

String Selection
based on perplexity

Population of Strings

Figure5: Overall program�o w of GA searchfor FLM structure.

lengesin thisoperationis thedesignof theencodingmethod,or themappingof FLM parametersto strings.
Sincegeneticoperatorsaredirectly appliedto the encodedstrings,an appropriaterepresentationof FLM
parametersthat is amenableto theapplicationof geneticoperatorsis important. Ideally, substringsshould
consistof meaningfulsubpartsof a FLM so that thecrossover operationcancombinegoodsub-solutions.
Moreover, crossover andmutationoperatorsshouldcreatenew stringsthatarevalid FLM structures.Filters
canbeusedto disallow invalid strings,yet this would becomeinef�cient if invalid stringsareproducedtoo
often.

Variousencodingmethodsexist, andappropriateencodingmethodsareoftenproblem-speci�c.A �x ed-
lengthbinary string encodingis oneof the mostcommonencodingschemesdueto its simplicity. In this
encoding,solutionparameterscaneitherberepresentedby individual bits or multiple bits. In caseswhere

UWEETR-2004-0014 8



multiple-bit encodingsareunwieldy (e.g.leadingto long strings),k-ary characteror real-valueencodings
maybe usedinstead.More complex problemsmay requirealternative methodsthatallow representations
that aremoreexpressive than�x ed-lengthstrings. For instance,treeencoding[37] encodesthegeneasa
treestructureandallows genesto grow in anopen-endedmanner(i.e. new subtreesmaybeattachedto the
original tree). Treeencodingis now its own �eld calledGeneticProgramming.Diploid encodings[24]
usestwo parallelstringsasgenes,therebyachieving theeffectsof dominanceandrecessive genebehavior
in genetics.MessyGAs [19] allow genesof differentlengthsto beover-speci�ed or under-speci�ed. It is
motivatedby the biological ideathat a complex organism's lengthygenesevolved graduallyfrom shorter
genesof more simple organisms. Therefore,MessyGAs allow variablegenelengthsin the population
and provide mappingsto solutionseven when the geneis too short (under-speci�ed) or too long (over-
speci�ced).Further, it allows for combinationsof shortergenesto form longergenes.

Due to the heterogeneousnatureof FLM parameters,we designa separateencodingmethodfor each
typeof parameter. Thegeneis thereforetheconcatenationof thethreesubstringsrepresentingconditioning
factors,backoff graph,andsmoothingoptions.We explaineachencodingschemein detail in thefollowing
subsections.

3.2.1 Conditioning FactorsEncoding

The initial factors ƒ areencodedasbinarystrings,with 0 meaningabsenceand1 meaningpresenceof a
factor. For example,supposeaFLM trigramhas3 factors(A,B,C) perword. Thenthefull factorset h is:

šU›

QR9;:Pœ'QR9;:[V�QR9;:

›

QT=>:Pœ•QT=ˆ:[V�QT=ˆž

wherethesubscriptindicatesthetime positionof eachfactor. Thesetof initial factorsƒ is a (sub)setof h

andcanberepresentedasa6 bit binarystring,where1 ata positionindicatestheinclusionof thatfactorin
ƒ . For instance,thestring10011 wouldmeanthat ƒ is:

šU›

QR9;:Pœ'QT=ˆ:[V�QT=ˆž

This impliesa trigramFLM thatis describedby:

E3F

a

9<c M

9

:ea

9<c M

=

:@?A?A?A:ea

9<c M

B

GŸH

B

J

f

KNM

E3F

a

9<c M

f

O

›

f

QR9;:Pœ

f

QR9;:[V

f

QR9;:

›

f

QT=…:Pœ

f

QT=>:[V

f

QT=UG (8)

H

B

J

f

KNM

E3F

a

9<c M

f

O

›

f

QR9;:Pœ

f

QT=>:[V

f

QT=UG (9)

In general,a stringhaslength _ for _ potentialconditioningfactors.By manipulatingthebits in this
string,geneticoperatorscreatedifferentconditioningfactorsubsetsƒ

9;:

ƒ

=>:@?@?@?;:

ƒ

” , where m 7
’

d

DLKŽ9
•

d

D

–

is the numberof possiblecombinations.In theory, the orderingof factorsin h affectsperformancesince
undercrossover operation,factorsthatareclosetogetherin positionremaintogetherwith higherprobability
thanfactorsthatarefar apart. In practice,theorderingof factorsin h caneasilybepermutedfor various
GA runs. Nevertheless,experimentswith FLM structuresearchhasshown little differencefor different
orderingsof conditioningfactors.

3.2.2 Backoff Graph Encoding

Theencodingof thebackoff graphis moredif�cult becauseof thelargenumberof possiblepaths.A direct
approachencodingevery edgeasa bit would resultin overly long strings,renderingthesearchinef�cient.
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Thereare —™˜ possiblebackoff pathsfor an initial setof — conditioningfactors,so direct encodingis not
scalablefor anything but thesmallestnumbersof factors.

Our solutionis to encodea backoff graphin termsof graphgrammarrulesandusethesecompactrules
to generatethebackoff graph.This methodis similar in approachto [35, 21, 2], which useddifferenttypes
of grammarsto representandevolve neuralnetworks.

Graphgrammarrulesareusedto encodethegraphregularitythatanodewith — factorscanonlybackoff
to childrennodeswith —¡n¢p factors.For instance,for —£7¥¤ , thechoicesfor proceedingto thenext-lower
level in thebackoff graphcanbedescribedby only threegrammarrules:

RULE 1:
š;¦

9 :

¦

= :

¦

M žY§

š;¦

9 :

¦

= ž

RULE 2:
š;¦

9;:

¦

=>:

¦

MUžY§

š;¦

9;:

¦

Mˆž

RULE 3:
š;¦

9;:

¦

=>:

¦

MUžY§

š;¦

=>:

¦

Mˆž

Here
¦

D correspondsto thefactorat the ¨ th positionin theparentnode.Rule1 indicatesabackoff thatdrops
thethird factor, Rule2 dropsthesecondfactor, andRule3 dropsthe�rst factor.

To describethe backoff from
šU›

QR9@:Pœ'QT=>:[V�QT=ˆž to
šU›

QR9;:[V�QT=~ž , for instance,we would indicatethat
Rule2 wasactivated(thesecondnodewasdropped).This impliesthebackoff function:

Er†Rq‚s/F

aIO a

9

QR9

:ea

=

QT=

:ea

M

QT=

GI7wv
x‡z

Er{}|ŽF

aIO a

9

QR9

:ea

=

QT=

:ea

M

QT=

G if j�•€l@M

•^F

a

9

QR9

:ea

M

QT=

G•Œ

F

ar:ea

9

QR9

:ea

M

QT=

G otherwise
(10)

In addition,to describeaparallelbackoff from
šU›

QR9;:Pœ'QT=>:[V�QT=ˆž to both
šU›

QR9;:[V�QT=ˆž and
š

œ'QT=>:[V�QT=ˆž

we would indicatethatbothRule2 andRule3 areactivated.In this case,thebackoff functionis similar to
equation10,but thefunction Œ

F

G wouldbesomecombinationof Œ

F

ar:ea

9

QR9

:ea

M

QT=

G and Œ

F

ar:ea

=

QT=

:ea

M

QT=

G .
In thecasewhereno rulesarespeci�ed, “skipping” occurs.Skippingis thesimultaneousdroppingof

two conditioningvariablesandmay be desiredwhenboth variablesdo not give robust estimates.It is so
namedbecauseit correspondsto skippingan entire level of nodesin the backoff graph. For instance,a
backoff from

šU›

QR9;:Pœ'QT=~:[V�QT=ˆž to
šU›

QR9@ž is anexampleof skipping,whereboth œ2QT= and V�QT= aredropped
simultaneouslyif thereareinsuf�cient countsfor F

›

QR9;:Pœ'QT=>:[V�QT=;G .
Thechoiceof rulesusedto generatethebackoff graphis encodedin a binarystring,with 1 indicating

theuseand0 indicatingthenon-useof a rule. Thebackoff graphgrows accordingto therulesspeci�edby
thegene,asshown schematicallyin Figure6.

1. {X1, X2,X3} {X 1,X2}

{X 1}
{X 2}{X 1,X2}

{X 1,X2}

©

©ª

ª

«

«¬

¬­

­®

®

1, X2,X3}
2. {X1, X2,X3}
3. {X {X 2,X3}

{X ,X3}1

4.
5.

PRODUCTION RULES:

10110
GENE:

(a)

AB

ABC

AB

ABC

BC AB

ABC

BC

A B

AB

ABC

BC

A B

0

1

4 4

3

(b)

Figure6: Geneactivatesgraphgrammarproductionrules(a); Generationof Backoff graphby activatedrules1, 3, 4
(b).

In this example,we generatea backoff graphfrom initial conditioningfactorsƒ

7

šU›

QR9;:Pœ'QT=>:[V�QT=ˆž

usingtheinformationrepresentedin thegene11001 . First,all rulesareenumeratedandthegenespeci�es
which rulesareactivated.Thebits1 in the�rst, second,andlastpositionof thegeneindicatesthatRules1,
2, and5 areactivated.Then,for all nodesthatapply, anactivatedgrammarrule producesbackoff children.
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In the�rst production,bothRules1 and3 areappliedto createtwo children(parallelbackoff). In thesecond
production,Rule5 canbeappliedto bothAB andBC, therebyproducing1-factornodesA andB. This is
donerecursively until we reachonefactor, whichautomaticallybacksoff to theunigram.

If norulesapply, skippingoccurs.For instance,if thegenewere00010 , noneof theruleswith 3 factors
on the left-hand-sideareactivated. Therefore,two factorsaredroppedsimultaneouslyandwe proceedto
decodeusingthenext lower-level rules. In practice,this algorithmworksby applyingall 3-factorrulesbut
alsonoting that the generatednodeswould not be consideredin the backoff sequence.This ensuresthe
applicabilityof thenext lower-level rulessothatgraphgenerationwill continueuntil theunigramnode.

In total,thisencodingschemerequiresageneof length ’%¯

DAKŽ9

¨ ratherthan—™˜ . Thisallowsustoencodea
graphusingfew bitsbut doesnotrepresentall possiblegraphs.Wecannotselectively applydifferentrulesto
differentnodesat thesamelevel – thiswould essentiallyrequireacontext-sensitive grammar, which would
in turnincreasethelengthof theencodedstrings.Figure7 illustratesthekind of graphstructuresthatcannot
berepresented.We thereforehave a fundamentaltradeoff betweenthemostgeneralrepresentationandan
encodingthatis tractable.Ourexperimentalresultsdescribedbelow con�rm, however, thatsuf�ciently good
resultscanbeobtainedin spiteof theabove limitation.

0

A B B

0

A C

BC

ABC

AB BCAB

ABC

rules
Different Different

number of
rules

Figure7: Two examplesof backoff graphsthatcannotberepresentedwith acontext-freegrammarsincerulescannot
beselectively appliedto nodesat thesamelevel.

3.2.3 SmoothingOptions Encoding

Smoothingoptionsareencodedas tuplesof integers. The �rst integer speci�es the discountingmethod
(e.g.Kneser-Ney, Witten-Bell, absolutediscounting)andthe secondinteger speci�es the minimum count
for then-gramto beincludedin thelanguagemodel.Theintegerstringconsistsof successive concatenated
tuples,eachrepresentingthe smoothingoption at a nodein the graph. More smoothingoptions,suchas
parallelbackoff options,maybeencoded.However, this will increasethe lengthof thegene,socaremust
betaken.

The GA operatorsare appliedto concatenationsof all threesubstringsdescribingthe setof factors,
backoff graph,and smoothingoptions,suchthat all parametersare optimizedjointly. In the following
sections,weexplain thedataandexperimentalresultsfor ourGA searchalgorithm.

4 Data

Wetestedour languagemodelingalgorithmsontwo differentdatasetsfrom two differentlanguages,Arabic
andTurkish.

TheArabicdatasetwasdrawn from theCallHomeEgyptianConversationalArabic (ECA) corpus[41].
Thetraining,development,andevaluationsetscontainapproximately170K,32K, and18K words,respec-
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tively. Thecorpuswascollectedfor thepurposeof speechrecognizerdevelopmentfor conversationalAra-
bic, which is mostly dialectalanddoesnot have a written standard.No additionaltext materialbeyond
transcriptionsis availablein this case;it is thereforeimportantto uselanguagemodelsthatperformwell in
sparsedataconditions.

The factoredrepresentationwasconstructedusing linguistic information from the corpuslexicon, in
combinationwith automaticmorphologicalanalysistools. It includes,in additionto theword, thestem,a
morphologicaltag,theroot,andthepattern.Thelattertwo arecomponentswhichwhencombinedform the
stem.An exampleof this factoredword representationis shown below:

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

For our Turkishexperimentswe useda morphologicallyannotatedcorpusof Turkish[22]. Theannotation
wasperformedby applyingamorphologicalanalyzer, followedby automaticmorphologicaldisambiguation
asdescribedin [23]. Themorphologicaltagsconsistof the initial root, followed by a sequenceof in�ec-
tional groupsdelimitedby derivation boundaries(ˆDB). A sampleannotation(for the word yararlanmak,
consistingof therootyarar plusthreein�ectional groups)is shown below:

yararmanlak:
yarar+Noun+A3sg+Pnon+Nom/ ˆDB+Verb+Acquire+Pos/ ˆDB+Noun+Inf+A3sg+Pnon+Nom

We removedsegmentationmarks(for titles andparagraphboundaries)from thecorpusbut includedpunc-
tuation. Wordsmay have different numbersof in�ectional groups,but the FLM representationrequires
the samenumberof factorsfor eachword; we thereforehadto mapthe original morphologicaltagsto a
�x ed-lengthfactoredrepresentation.This wasdoneusinglinguistic knowledge:accordingto [46], the�nal
in�ectional groupin eachdependentword hasa specialstatussinceit determinesin�ectional markingson
headwordsfollowing thedependentword. The�nal in�ectional groupwasthereforeanalyzedinto separate
factorsindicatingthenumber(N), case(C), part-of-speech(P)andall otherinformation(O).

Additional factorsfor the word arethe root (R) andall remaininginformationin the original tag not
subsumedby theotherfactors(G). Theword itself is usedasanotherfactor(W). Thus,theabove example
wouldbefactorizedasfollows:

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

Otherfactorizationsarecertainlypossible;however, ourprimarygoalis not to �nd thebestpossibleencod-
ing for our databut to demonstratethe effectivenessof the FLM approach,which is largely independent
of thechoiceof factors.For our experimentswe usedsubsetsof 400K wordsfor training,102K wordsfor
developmentand90K wordsfor evaluation.

5 Experimentsand Results

In our applicationof GAs to languagemodelstructuresearch,theperplexity of modelswith respectto the
developmentdatawasusedasan optimizationcriterion. The perplexity of the bestmodelsfound by the
GA werecomparedto the bestmodelsidenti�ed by a lengthymanualsearchprocedureusing linguistic
knowledgeaboutdependenciesbetweenthewordfactorsinvolved,andto arandomsearchprocedurewhich
evaluatedthesamenumberof stringsastheGA.

Table1 shows thevariousGA optionswe tried. (See[20, 45] for explanationsof thevariousGA op-
tions.) Thefollowing optionsgave goodresults:populationsize30-50,crossover probability0.9,mutation
population0.01,StochasticUniversalSamplingas the selectionoperator, 2-point crossover. We alsoex-
perimentedwith re-initializing theGA searchwith thebestmodelfoundin previousruns. This is doneby
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Figure8: Illustration of �tness optimizationin two sampleGA runs. (a) is a conventionalGA searchfor Turkish
bigrams. (b) usesan elitist GA searchfor Turkish trigrams. The elitist strategy guaranteesthat the best-�t gene
remainsin thepopulation.

“seeding”oneor two of thecurrentbestmodelsin theinitial population.Thismethodconsistentlyimproved
theperformanceof normalGA searchandweusedit asthebasisfor theresultsreportedbelow.

Figures8(a)and8(b) show two exampleplotsof GA runs,which illustratethedecreasein averageand
bestperplexity asthegenerationincrease.The bestperplexity is taken asthebestsingleperplexity value
up to thecurrentgeneration.Theaverageperplexity is themeanof all perplexity valuesin thepopulation.
Whenthe two perplexity valuesconverge, the GA searchis terminated.Note that the averageperplexity
curve is non-monotonicin Figure8(a) but monotonicin Figure8(b). The differenceis that the GA run
in Figure8(b) usesan additional“elitist selectionstrategy” [31]. In elitist selection,the best-�t geneof
eachgenerationis guaranteedto be selectedfor thenext generation.Suchstrategy improvesthespeedto
convergencebut increasesthe risk of saturationat local optima. In our experiments,both non-elitistand
elitist strategieshave beentried, but little differencehave beenobserved. The resultsbelow arebasedon
elitist strategies.

Typesof GA Options

PopulationSize 10-200stringspergeneration
Max Generation 10-100
Crossover Probability .70- .99
MutationProbability .01- .10
SelectionOperator RouletteWheel,StochasticUni-

versalSampling,TournamentSe-
lection

Crossover Operator 1-point,2-point,uniform

Table1: SeveralGA 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: Perplexity for Turkish languagemodels. N = n-gramorder, Word = word-basedmodels,Hand= manual
search,Rand= randomsearch,GA = geneticsearch,GAseed= GA with seeding. ± = relative improvementof
GAseedover thebestof manualandrandomsearch.

Due to the large numberof factorsin the Turkish word representation,modelswereonly optimized
for conditioningvariablesandbackoff paths,but not for smoothingoptions. Table2 comparesthe best
perplexity resultsfor standardword-basedmodelsand for FLMs obtainedusing manualsearch(Hand),
randomsearch(Rand),GA search(GA), andGA searchwith seeding(GAseed).Thelastcolumnshows the
relativechangein perplexity for theGA comparedto thebetterof themanualor randomsearchmodels.For
testson boththedevelopmentsetandevaluationset,GA searchgave thelowestperplexity.

5.2 Perplexity Resultsfor Arabic

In the caseof Arabic, the GA searchwas performedover conditioningfactors,the backoff graph,and
smoothingoptions. The resultsin Table3 wereobtainedby training andtestingwithout considerationof
out-of-vocabulary (OOV) words.Our ultimategoal is to usetheselanguagemodelsin a speechrecognizer
with a �x edvocabulary, which cannotrecognizeOOV wordsbut requiresa low perplexity for otherword
combinations.In a secondexperiment,we trainedthesameFLMs from Table3 with OOV wordsincluded
astheunknown word token.Table4 shows theresults.Again,weseethattheGA outperformsothersearch
methods.This impliesthatGA optimizationdoesnotover�t andgeneralizesquitewell.

Thebestlanguagemodelsall usedparallelbackoff anddifferentsmoothingoptionsat differentbackoff
graphnodes.The Arabic modelsmadeuseof all conditioningvariables(Word, Stem,Root, Pattern,and
Morph) whereastheTurkishmodelsusedonly theW, P, C, andR variables(seeabove Section4). Referto
theAppendixfor examplesof thediscoveredlanguagemodelsin theSRILM FLM �le format.

6 RelatedWork

Variouspreviousstudieshaveinvestigatedthefeasibilityof usingunitsotherthanwordsfor languagemodel-
ing (e.g.[17, 7, 33, 52, 6]). However, in all of thesestudieswordsweredecomposedinto linearsequencesof
morphsor morph-like units,usingeitherlinguisticknowledgeor data-driventechniques.Standardlanguage
modelswere then trainedon the decomposedrepresentations.The resultingmodelsessentiallyexpress
statisticalrelationshipsbetweenmorphs,suchasstemsandaf�x es. For this reason,a context larger than
that provided by a trigram is typically required,which quickly leadsto data-sparsity. In contrastto these
approaches,factoredlanguagemodelsencodemorphologicalknowledgenot by alteringthelinearsegmen-
tationof wordsbut by encodingwordsasparallelbundlesof features.
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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
3 285.4 217.1 224.3 210.5 206.2 -5.0

Table3: Perplexity for Arabic languagemodels(w/o unknown 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 -5.5

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: Perplexity for Arabic languagemodels(with unknown words).

Thegeneralpossibilityof usingmultiple conditioningvariables(includingvariablesotherthanwords)
hasalsobeeninvestigatedby [11, 18, 51, 54]. In [11] and[54], the additionalconditioningvariablesare
word classesderived by data-driven clusteringprocedures,which arethenarrangedin a backoff latticeor
graphsimilar to the our procedure.Gildea[18] determinesthe conditionalprobability of semanticroles
givenmultiple heterogeneousfeaturesof syntacticconstituents,e.g.position,voice,etc. All of thesestud-
ies assumea �x ed path throughthe graph,which is usuallyobtainedby an orderingfrom morespeci�c
probabilitydistributionsto moregeneraldistributions. Someschemesalsoallow two or morepathsto be
combinedby weightedinterpolation. FLMs, by contrast,allow differentpathsto be chosenat run-time.
They supportawider rangeof combinationmethodsfor probabilityestimatesfrom differentpaths,andthey
offer a choiceof differentdiscountingoptionsat every nodein thebackoff graph.Most importantly, none
of thesestudiesproposea data-drivenmethodfor optimizingthebackoff pathor initial setof conditioning
variables.

Theapplicationof graphgrammartogeneencodingswas�rst attemptedin thecontext of evolving neural
networks[35, 21, 2]. Researchersin this communitywereinterestedin simulatingtherelationshipbetween
learning(asmodeledby the neuralnetwork) andevolution (asmodeledby the GA). Grammarencoding
wasa solutionto theproblemof inscalabilitywhendirectly encodinglarge neuralnetwork asgenes.[35]
observedthatregularstructuresexist within neuralnetworksandthereforede�ned grammarrulesfor them.
[21] further extendedthe approachby incorporatingideasfrom cellular automatatheory. Our approach
for grammarencodingof backoff graphsarosefrom thesameneedsasthesework, but differ signi�cantly
in termsof theactualencodingscheme.This is simply dueto thedifferencebetweenneuralnetwork and
backoff graphstructures.For instance,whereas[35] explicitly encodesboth grammarrulesandterminal
nodesin thegene,ourapproachusesgrammarrulesto generatebackoff nodes.

Most importantly, however, thepresentstudyis to our knowledgethe�rst to describeanentirelydata-
drivenprocedurefor identifying thebestcombinationof parameterchoicesfor languagestructurelearning.
Thesuccessof thismethodwill facilitatetherapiddevelopmentof FLMs for differenttasksin thefuture.
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7 Conclusions

We have presenteda data-driven approachto the selectionof parametersdeterminingthe structureand
performanceof factoredlanguagemodels,a classof modelswhich generalizesstandardlanguagemodels
by includingadditionalconditioningvariablesin a principledway. In additionto reductionsin perplexity
obtainedby FLMs vs. standardlanguagemodels,the data-driven modelsectionmethodfurther improved
perplexity andoutperformedbothknowledge-basedmanualsearchandrandomsearch.
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Appendix: FLM Examples

TheSRILM FLM �le format indicatesall threetypesof parametersrequiredfor specifyinga givenFLM.
As a brief summary, we usethefollowing bigramFLM speci�cationfor Arabic asanexample.This FLM
is theonefoundby theGA to give goodperplexity resultsreportedin 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)

indicatesthat5 conditioningfactors
š

6
QR9

:

W

QR9
:[h

QR9
:P²

QR9
:e³

QR9
ž areusedto estimatethecurrentword 6 .

Thelastnumber28 indicatesthat28 backoff pathsareto follow. Eachof thefollowing 28 linesrepresents
onebackoff pathandspeci�esinformationaboutthecurrentconditioningfactors,the factorsavailablefor
backoff, andthesmoothingoption.For example,theline

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

indicatesthat
š

6
QR9

:

W

QR9
:[h

QR9
:P²

QR9
:e³

QR9
ž arethecurrentconditioningfactorsandthat

š

6
QR9

:[h
QR9

:P²
QR9

ž

arethefactorsthatcanbeindividually droppedin thecasewhenbackoff is required.Theremainingportion
speci�es the smoothingmethodfor backoff. In this case,modi�ed Kneser-Ney discounting(kndiscount)
is used,minimum countrequiredfor including the n-gramis 3 (gtmin ), andthe Œ

F

G function that com-
binesthreeparallelbackoff pathsfor droppingfactors

š

6ŠQR9;:[hŽQR9@:P²'QR9@ž arecombinedby takingtheirmean
(combine mean). For all thefollowing exampleFLM �les, interpolate refersto theinterpolationof
thecurrentnodewith thevaluereturnedby thebackoff pathsŒ

F

G . Thesmoothingoptionsukndiscount ,
cdiscount , andwbdiscount refer to unmodi�ed Kneser-Ney discounting,absolutediscounting,and
Witten-Belldiscounting,respectively. Referto [34] for amoredetailexplanationonFLM �le speci�cation.

The full setof factorsfor the Arabic FLM �les arewords(W), patterns(P), stems(S), roots(R), and
morphologicalclasses(M). The full factorsetfor TurkishFLMs arewords(W), roots(R), part-of-speech
(P),number(N), case(C), otherinformation(O), andremainingfactors(G). (Seesection4).

Thefollowing is anexamplebigramFLM for Arabicdiscoveredby GA search.Figure9 showsthecorresponding
backoff graph.

W: 5 W(-1) P(-1) S(-1) R(-1) M(-1) arabic-bigram.count.gz arabic-bigram.lm.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 W1,P1,M1 kndiscount gtmin 3 combine mean
W1,P1,R1 W1,P1,R1 kndiscount gtmin 5 combine mean
W1,S1,M1 W1,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
S1,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
W1,M1 W1 wbdiscount 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.Figure10 shows thecorresponding
backoff graph

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

W1P1N1R1C1 W1 kndiscount gtmin 1 interpolate
P1N1R1C1 P1N1R1C1 kndiscount gtmin 1000000 combine mean
N1R1C1 R1 kndiscount gtmin 1 interpolate
P1R1C1 R1 kndiscount gtmin 1 interpolate
P1N1C1 N1 kndiscount gtmin 1 interpolate
P1N1R1 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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Figure9: Backoff graphof theArabicbigramspeci�ed in theFLM �le. ThecharactersW, P, S,R, M representsthe
previousword,pattern,stem,root,andmorphologicalclassfactors,respectively.
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Figure 10: Backoff graphof Turkish bigram speci�ed in the FLM �le. The charactersW, P, N, R, C represent
the previous word, part-of-speech,number, root, andcase,respectively. The dashednodecorrespondsto skipping
a level. If not enoughcountsexist for ´�µ·¶<¸¹µº¶„»,¼k¸¹½T¶„»•¼@¸¹¾
¶„»•¼k¸À¿�¶„»,¼@¸¹ÁŽ¶„»,¼eÂ (root node), then both µÃ¶„»,¼ and an
additionalfactoraredropped.Due to thecombine mean speci�cation,theactualprobabilityestimatewill be the
averageof the estimatesfrom ½Y´�µÃ¶eÄ ¾
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