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Abstract

Turkish languageis an agglutinative language.It is pos-
sible to producea very high numberof words from the
sameroot with suffixes[1]. Languagemodelingfor ag-
glutinative languagesneedsto be different than model-
ing of languageslike English.Suchlanguagesalsohave
inflectionsbut not asmany asanagglutinative language.
Techniqueswhichcanbeusedfor modelingagglutinative
languagesarepresentedin this work.

Turkishis oneof theleaststudiedlanguagefor speech
recognition.For this reasonthe first step for Turkish
speechrecognitionis preparinga database.The texts to
record the databasewere selectedfrom television pro-
gramsandnewspaperarticles.Selectioncriterionwasto
cover varioussubjectand to createa phoneticallybal-
ancedcorpus.Additionally it is importantto includeas
many different word as possible.The SpeechTraining
andRecognitionUnified Tool (STRUT)1 hasbeenused
for trainingandtestingsystemsfor preliminaryrecogni-
tion experiments.

1. Introduction

Speechrecognitionhas beenone of the most studied
fields in the pastdecades.Sincecurrentspeechrecog-
nition systemsfor LargeVocabulary ContinuousSpeech
Recognition(LVCSR) tasksarenot very accurate,there
is an increasinginterestandresearchto improve the ac-
curacy of thesystems.

Researcheson speechrecognition are very differ-
ent from eachother. Someresearchersare interestedin
acousticanalysiswhile othersareinterestedin language
modeling. The ultimate objective is to convert speech
acousticsignalto thecorrespondingword sequence.

The best results for automaticspeechrecognition
areobtainedby applyingstatisticalmodelingtechniques.
Statisticalmodelingcanbe usedfor both acousticanal-
ysis and languagemodelingin speechrecognition.For
modelingthespeechacousticsignalit is commonto use
HiddenMarkov Models(HMM) [8].

A typical HMM-based speechrecognition system
uses typically HMMs for each phonemeor for each

1http://tcts.fpms.ac.be/asr/strut.html

word. The main problem is to train thesemodels for
bettermatchingbetweenspeechtext andacousticsignal.
If we have a sequenceof acousticvectorsX for some
acousticdata, the speechrecognitionproblem consists
in finding thebestmodelM which maximizes������� 	�

(Probability that the model M createdthe sequenceof
acousticvectorsX). The aim of training is to maximize
this probability for correctmatchesbetweenthe model
M and acousticdataX. SinceHMM is unableto give
directly thisprobability(it gives ����	
� ��
 , probabilityof
a modelM createdtheacousticdataX), by usingBayes’
law, it canbedecomposedas[9]:
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where����	
� ��
 is thelikelihoodof acousticdataX given
model M, ������
 is the prior probability of the model
which canby obtainedby a LanguageModel (LM) and
����	�
 is theprior probabilityof theacousticdatawhich
canbecalculatedfrom trainingdata.

To createa languagemodelwe needa large text in-
cluding ideally all possibleword sequencesin the lan-
guage.A classicaln-gramlanguagemodel tries to find
the probability of a word sequenceof length n for the
language[10]. For agglutinative languagesit is very dif-
ficult to obtaina sufficiently largetext becauseof theex-
tremelylargenumberof words.Thelanguagemodelwill
suffer from datasparsenessandwill not bereliable.Soit
is necessaryto find amethodmoresuitablethanclassical
n-gramlanguagemodeling.

The paper is organizedas follows: section 2 de-
scribesthe Turkish morphology. Section3 describesthe
Turkish databasewe collected.Section4 givessomere-
sults obtainedusing the SpeechTraining and Recogni-
tion Unified Toolkit (STRUT) on the Turkish database
we prepared.Section5 givessomeconclusionsand fu-
tureworks.

2. Turkish Morphology

Turkishhasanagglutinativemorphologywith productive
inflectionalandderivationalsuffixations.It is a member



of theAltaic family of languages.Thenumberof words
is very high becauseof productive suffixations.Accord-
ing to [1] the numberof distinct words in a corpusof
10 million wordsis greaterthan400,000.This work also
mentionedthe datasparsenessproblemfor sucha large
corpus.

Since there are so many words in the language,if
we usea largevocabularycontinuousspeechrecognition
systemfor Turkish language,it is unlikely that the lexi-
confor speechrecognitioncontainsall thewords.Conse-
quently, the numberof Out of Vocabulary (OOV) words
will be large.Therearesomewordsthatmaynot beap-
pearin a very largetext becauseof rareusage.An exam-
ple for suchaword is [2]:

OSMAN LILAŞTIRAMAYABİLECEKLERİ-
MİZDENMİŞṠINİZCEṠINE

andits productionobtainedby breakingit down into its
root andmorphemes:

OSMAN +LI+LAŞ+TIR+AMA+YABİL+ECEK+LER+̇IM İZ
+DEN+MİŞ+ṠINİZ+CEṠINE

The meaningof this word is “as if you were of those
whom we might considernot converting into an Ot-
toman”.As canbeseenit is possibleto sayasentenceby
a singleword. The suffixeshave derivationalandinflec-
tional effectson the root words.For the exampleabove,
thederivationalsuffixeschangethemeaningof theword
asfollows:

OSMAN :Name
OSMANLI : (theregion) in which thereare

Osmans,Ottoman
OSMANLILAŞMAK : BeingOttoman.(-MAK for

infinitive form of theverb)
OSMANLILAŞTIRMAK : Convertinginto anOttoman.
...

For moreinformationonTurkishmorphologythereis
a studyfor thedescriptionof Turkishmorphologyby fi-
nite stateapproach[2]. In this work morphologicalrules
of Turkish languageareredefinedwith a finite stateap-
proach.
Thephonemesin theTurkish languageareequivalentto
letters.Thatmeansfor eachof theletters:

Vowels : a e ı i o ö u ü
Consonants: b c ç d f g ğ h j k l m n p r s ş t v y z

thereis aphoneme.
Turkishmorphologyexhibits vowel harmony. Suffix-

ation is subjectto vowel harmony. Thefirst vowel of the
suffix dependson the lastvowel of thestem.Stemis the
word without the suffix. Stemis different than the root

word while stemsmay includesuffixes.A stemending
with a backvowel (a, ı, o, u) takesa suffix startingwith
a backvowel, a stemendingwith a front vowel (e, i, ö,ü)
takesasuffix startingwith a front vowel.

2.1. Morphology based language modeling

Languagemodelingfor agglutinative languagesneedto
be different than languagemodelingof languageslike
English.Suchlanguagesalsohave inflectionsbut not as
many as an agglutinative language.Using the part-of-
speechtags [6] that can be assignedto the words for
languagemodelingmight bea solution.But it is not use-
ful since it causesloss of information for intermediate
derivations.Becausethesederivationscancontainmark-
ersfor syntacticrelationshipbetweenwords.

Oneapproachfor modelingagglutinative languages
is proposedby [3]. In thiswork, therootsandtheendings
of wordsareconsideredaslanguagemodelentries.The
procedureis:

1. Identify all possibleendingsfor a languageby us-
ing a vocabulary.

2. Extracttheendingsfrom all dictionarywords.This
canbe doneeitherby usinga dictionaryin which
endingsandstemsarealreadydefinedor by pro-
cessingthetext to find endingsandstems.

3. Take a sufficiently large text and by using the
method in step 2, generatea text composedof
stemsandendingsseparatedby whitespaces.

4. Constructthe vocabulary to be usedfor LM from
thetext generatedin step3.

5. For eachstem,calculatea setof probabilityfor the
endings.

6. Generateann-gramlanguagemodelfor any com-
binationof stemsandendings.

For Turkish, it is more easyto determinethe root
words,so in step1, the root wordsare identified using
a dictionaryof rootwords.

In step2 the possiblelist of endingswill be deter-
mined.With the help of the morphologicalanalyzer[2]
thepossibleendingsandstemscanbefoundfor a dictio-
nary.

In step3 from a largetext, thestemsandendingscan
be determinedandseparatedby white spaces.Thenit is
possibleto createann-gramlanguagemodelfromthetext
obtained.

For the reasonof the vowel harmony someendings
areconsideredasequivalent,for example:-dim in geldim
(I came)and -dum in buldum (I found) have the same
function(first personpasttime). In implementationthese
suffixescanbe representedas -dHm in which H means
harmonizewith thelastvowel [2].



Another methodfor languagemodelingof aggluti-
native languagesis proposedby [1]. This method is
basedon morphologicalstructureof the Turkish lan-
guage.The methodis different than a classicaln-gram
languagemodelsinceit tries to estimatethe probability
of theword from its composition.It doesnot usethehis-
tory to find theprobabilityof theword.

The aim is to modelthe distribution of morphologi-
cal parsesgiven the wordsandto seeka variable � , the
sequenceof morphologicalparseof a word, that maxi-
mizesthe probability of the morphologicalparsegiven
theword, ������� ��
 :
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Since ������
 , the probability of the occurrenceof the
word, is acceptedasconstantandis ignored. � includes
theroot form of wordandall morphosyntacticfeaturesto
determinetheword sotheprobabilityof a word givenits
morphologicalparses:

������� �&
(��)
andtheequation(2) canbewrittenas:
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Thenastrigramtagmodel �����&
 canbedefinedas;
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where
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Each 3 is a morphologicalstructureandcancontainone
root word anda numberof inflectionalgroups(IG). An
examplefor IGs:

săglam+laş+tır+mak
săglam+AdjˆDB+Verb+BecomeD̂B+Verb+

Caus+PosD̂B+Noun+Inf+A3sg+Pnon+Nom
to cause (something) to become strong /
to strengthen (something)

Theinflectionalgroupsin theexamplearenamedac-
cordingto their function.ˆ DB is thederivationalbound-
ary. Theinflectionalgroupsthatwill beusedin language
modelcouldbe:

1. săglam

2. Adj

3. Verb+Become

4. Verb+Caus+Pos

5. Noun+Inf+A3sg+Pnon+Nom

+Become:becomeverb, +Caus: causative verb, +Pos:
positive polarity, +Inf: infinitive form of theverb,A3sg:
3rd singular personagreement,+Pnon: no possessive
agreement,+Nom:nominativecase.

Therearealsosomeothersimplificationsto alleviate
thedatasparsenessproblem,like:rootworddependsonly
on the otherroot words.In this casetherewill be an n-
gramlanguagemodelfor theoccurrenceof asequenceof
arootwordsequence.Thelanguagemodelprobabilityof
root word sequencescanbeusedin conjunctionwith the
probabilityof theoccurrenceof a word from a root word
andIGs.

3. Database Preparations

Turkish is oneof the leaststudiedlanguagefor speech
recognition.For thisreasonthefirst of ourwork consisted
in collecting a Turkish database.The texts to record
the databasewere selectedfrom television programs
andnewspaperarticles.Selectioncriterion wasto cover
as many different subject as possibleand to createa
phoneticallybalancedcorpus.

Text Selection

For an efficient segmentation procedure,we needed
two differenttypesof data:isolatedwordsandcontinu-
ousspeech.For isolatedwordsthe 100 most frequently
used words are selected[4]. For continuous speech
215 sentencesare selectedfrom 50 different subjects
(Table 1). The subjectsare chosenfrom the television
news of Turkish nationaltelevision TRT andfrom some
newspaperarticles. The text is available from Bilkent
University2. To includeas many words aspossibleand
to obtainan easyto readtext were the objectiveswhen
choosingthesentencesandthesubjects.

Recording

For recording 20 native speakers were selected,10
male and 10 female.Speakers were asked to read the
preparedtexts. Normal recordingtime for one speaker
wasabout25 minutes,22 minutesfor continuousspeech
and 3 minutesfor isolatedwords. If there is an error
in reading,speakers were asked to read it again. The
erroneouspartswereremovedfrom the databaseduring
thepost-processingprocedure.

2ftp://cs.bilkent.edu.tr/pub/Turklang/corpus



Numberof
utterances(continuousspeech) 215

isolatedwords 100
wordsin continuousspeech 2160

differentwordsin continuousspeech 1564
differentwordsin all recording 1618

malespeakers 10
femalespeakers 10

Table1: Text Statistics.

Speechwas recorded in a quite room for each
speaker. Recording materials were a portable Sony
DAT-recorder TDC-8 and a close talking Sennheiser
microphoneMD-441-U.Speechwasdigitally recordedat
32kHzsamplingratein stereoquality. It wastransferred
to a computerwith aZefiro digital soundcard.

Data Processing

The recorded speech was down-sampled to 16kHz
with 16 bit resolution in mono quality. Finally there
were215 utterancesand100 isolatedwords saved asa
separate.WAV file for eachof 20speakers.

The isolatedwords for 10 of the speakers (5 male,
5 female) were manually segmentedand phonetically
labeled.The phonemelabelsare selectedas the letters
usedin writtenTurkishtexts:

a, b, c, C, d, e, f, g, G, h, I, i, j, k, l, m, n, o, O, p,
r, s,S, t, u, U, v, y, z.

The letters which differ from the letters of English
alphabetare changedto the most similar English letter
but they are presentedin uppercase.This is done to
simplify the processingof texts. 8 new phonemeswere
addedto labelthephonemeswith a stop:

b1,c1,C1,d1,g1,k1, p1, t1.

The total number of phonemesused for labeling
was 38 including the silence.The original letterscon-
vertedto uppercaselettersare:

ç : C, ğ : G, ı : I, ö : O, ş : S, ü : U.

The manual segmentation of isolated words was
thenusedfor the automaticsegmentationof continuous
speech.The sound file processingprogram snorri3

wasusedfor phoneticlabelingof data.The labelingof
remaining data was done automaticallyby using the
SpeechTrainingandRecognitionUnifiedTool (STRUT).

3http://www.babeltech.com/winsno/winsno.html

4. Training and Recognition Results

STRUT software is usedfor speechanalysis,acoustic
model training and speechrecognitionpurposes.There
are independentprogramsfor eachstepof training and
recognitionprocesses.STRUT includestheprogramsfor
hybrid HMM/ANN (Artificial Neural Network) speech
recognition[9], [5]. Theexperiencesexplainedhereare
basedon this technique.TheANN usedis a Multi-layer
Perceptron(MLP). MLP outputsarephonemea posteri-
ori probabilitiesfor a givenacousticfeaturevector. Fea-
turevectorsareRASTA [14] featurevectors.Recognition
is performedby Viterbi [15] decoding.

TherearealsosomeSTRUT programsto make seg-
mentationand phonetic labeling of speechdata given
somelabeleddata.Theresultinglabeleddatacanbeused
to labelnew data.

The recognitionperformanceof the systemis calcu-
latedby countingthecorrectlyrecognizedwords.

For the experiments,the Turkish databasedescribed
in sectionIII was used.The resultsare shown in Ta-
ble 2. The first resultsare obtainedby training a MLP
with phoneticallylabeledisolatedwordsfrom 10speaker.
Therewere100 words for eachspeakers.Thenthe iso-
latedwordsspeechfrom 10 otherspeakerswasusedto
test the speechrecognitionsystem.The resultsare not
asgoodasexpected,this is becauseof not usingenough
datato train theMLP. Recognitionaccuracy for continu-
ousspeechshouldbebetteraftersomemoretrainingand
introducingawell definedlanguagemodel.

Word ErrorRate
TrainingData 0.6%

TestData 6.6%

Table2: Resultsfor isolatedword recognition.

5. Conclusions and Future Works

Sincethe languagesare very different from eachother
it is important to use languagespecificpropertiesin a
speechrecognitionsystem.This propertiescanbe used
to selecta training database,to createa languagemodel
which usesthe specificmorphologicalstructureof the
language.

In this paperwe have presentedtwo different lan-
guagemodelingtechniquesfor agglutinative languages.
They arepromisingto givebetterresultsfor Turkishlarge
vocabulary speechrecognition.We have also described
thecollectionof Turkishdatabase.

We are also planningto usethe languagemodeling
techniquesstudiedin thispaper, to improvetheefficiency
of confidencemeasures[13] [12] defined on acoustic
modelsof speech.
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