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Abstract

Turkishlanguagés an agglutinati’e languagelt is pos-

sible to producea very high numberof words from the

sameroot with suffixes[1]. Languagemodelingfor ag-

glutinative languageseedsto be differentthan model-

ing of languagedik e English.Suchlanguageslsohave

inflectionsbut not asmary asanagglutinatie language.
Techniquesvhich canbeusedfor modelingagglutinatve

languagesirepresentedn this work.

Turkishis oneof theleaststudiedanguagdor speech
recognition. For this reasonthe first step for Turkish
speectrecognitionis preparinga databaseThe texts to
recordthe databasevere selectedfrom television pro-
gramsandnewspaperarticles.Selectioncriterion wasto
cover various subjectand to createa phoneticallybal-
ancedcorpus.Additionally it is importantto include as
mary differentword as possible.The SpeechTraining
and RecognitionUnified Tool (STRUT)! hasbeenused
for training andtestingsystemdor preliminaryrecogni-
tion experiments.

1. Introduction

Speechrecognition has beenone of the most studied
fields in the pastdecadesSince currentspeechrecog-
nition systemdor Large Vocahulary ContinuousSpeech
Recognition(LVCSR) tasksare not very accuratethere
is anincreasingnterestandresearcho improve the ac-
curag of thesystems.

Researche®n speechrecognition are very differ-
ent from eachother Someresearcherare interestedn
acousticanalysiswhile othersareinterestedn language
modeling. The ultimate objectie is to corvert speech
acousticsignalto the correspondingvord sequence.

The best results for automatic speechrecognition

areobtainedby applyingstatisticaimodelingtechniques.

Statisticalmodelingcan be usedfor both acousticanal-
ysis and languagemodelingin speechrecognition.For
modelingthe speeclacousticsignalit is commonto use
HiddenMarkov Models(HMM) [8].

A typical HMM-based speechrecognition system
usestypically HMMs for each phonemeor for each

lhttp://tcts. fpns. ac. be/ asr/strut. htm

word. The main problemis to train thesemodelsfor

bettermatchingbetweerspeechext andacousticsignal.
If we have a sequenceof acousticvectorsX for some
acousticdata, the speechrecognitionproblem consists
in finding the bestmodelM which maximizesP(M|X)

(Probability that the model M createdthe sequenceof

acousticvectorsX). The aim of training is to maximize
this probability for correctmatchesbetweenthe model
M and acousticdata X. SinceHMM is unableto give

directly this probability (it givesP(X | M), probability of

amodelM createdheacousticdataX), by usingBayes’
law, it canbedecomposeds[9]:

P(X|M).P(M)
PM|X) = P(X)
whereP(X|M) isthelikelihoodof acoustiddataX given
model M, P(M) is the prior probability of the model
which canby obtainedby a LanguageModel (LM) and
P(X) is the prior probability of the acousticdatawhich
canbe calculatedrom trainingdata.

To createa languagemodelwe needa large text in-
cluding ideally all possibleword sequence# the lan-
guage.A classicaln-gramlanguagemodeltries to find
the probability of a word sequenceof length n for the
languagq10]. For agglutinatve languagedt is very dif-
ficult to obtaina sufficiently largetext becausef the ex-
tremelylargenumberof words.Thelanguagemodelwill
suffer from datasparsenesandwill notbereliable.Soit
is necessaryo find amethodmoresuitablethanclassical
n-gramlanguagemodeling.

The paperis organizedas follows: section2 de-
scribesthe Turkish morphology Section3 describeghe
Turkish databaseve collected.Section4 givessomere-
sults obtainedusing the SpeechTraining and Recogni-
tion Unified Toolkit (STRUT) on the Turkish database
we preparedSection5 gives someconclusionsand fu-
tureworks.

2. Turkish Morphology

Turkishhasanagglutinatve morphologywith productive
inflectionalandderivationalsuffixations. It is a member



of the Altaic family of languagesThe numberof words
is very high becausef productive suffixations. Accord-
ing to [1] the numberof distinct wordsin a corpusof
10 million wordsis greaterthan400,000.This work also
mentionedthe datasparsenesproblemfor sucha large
corpus.

Sincethere are so mary words in the language,if
we usea large vocahulary continuousspeectrecognition
systemfor Turkish languageijt is unlikely that the lexi-
confor speechrecognitioncontainsall thewords.Conse-
qguently the numberof Out of Vocalulary (OOV) words
will belarge. Therearesomewordsthatmay not be ap-
pearin averylargetext becausef rareusage An exam-
plefor suchawordis [2]:

OSMAN LILAS TIRAMAYABILECEKLERI-
MiZDENMIiSSINiZCESINE

andits productionobtainedby breakingit down into its
rootandmorphemes:

OSMAN +LI+LAS+TIR+AMA+Y ABIL+ECEK+LER+MI1Z

+DEN+MIS+SINIZ+CESINE

The meaningof this word is “as if you were of those
whom we might considernot corverting into an Ot-
toman”.As canbeseernit is possibleto saya sentencdy
a singleword. The sufixeshave derivationalandinflec-
tional effectson the root words. For the exampleabove,
the derivationalsuffixeschangethe meaningof theword
asfollows:

OSMAN :Name
OSMANLI : (theregion)in which thereare
OsmansPttoman

OSMANLILASMAK : Being Ottoman (-MAK for
infinitive form of theverb)

OSMANLILASTIRMAK : Corvertinginto anOttoman.

For moreinformationon Turkishmorphologythereis
a studyfor the descriptionof Turkish morphologyby fi-
nite stateapproacH2]. In this work morphologicakules
of Turkishlanguageareredefinedwith a finite stateap-
proach.
The phonemesn the Turkish languageare equivalentto
letters.Thatmeandor eachof theletters:

Vowels raeriodud
Consonantsbcgcdfgghjklmnprsstvyz

thereis aphoneme.

Turkishmorphologyexhibits vowel harmory. Suffix-
ationis subjectto vowel harmory. Thefirst vowel of the
suffix dependon thelastvowel of the stem.Stemis the
word without the suffix. Stemis differentthanthe root

word while stemsmay include suffixes. A stemending
with a backvowel (a, 1, 0, u) takesa suffix startingwith
abackvowel, a stemendingwith afront vowel (e, i, 6,0)
takesasuffix startingwith a front vowel.

2.1. Morphology based language modeling

Languagemodelingfor agglutinatve languagesieedto
be different than languagemodeling of languagedike
English. Suchlanguageslsohave inflectionsbut not as
mary as an agglutinatve language.Using the part-of-
speechtags [6] that can be assignedo the words for
languagemodelingmight be a solution.But it is notuse-
ful sinceit causedoss of information for intermediate
derivations.Becausehesederivationscancontainmark-
ersfor syntacticrelationshipbetweernwords.

Oneapproachfor modelingagglutinatve languages
is proposedy [3]. In thiswork, therootsandtheendings
of wordsare consideredaslanguagemodelentries.The
procedurés:

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

2. Extracttheendingdrom all dictionarywords.This
canbe doneeitherby usinga dictionaryin which
endingsand stemsare alreadydefinedor by pro-
cessinghetext to find endingsandstems.

3. Take a sufficiently large text and by using the
methodin step 2, generatea text composedof
stemsandendingsseparatedby white spaces.

4. Constructthe vocahulary to be usedfor LM from
thetext generatedn step3.

5. For eachstem,calculatea setof probabilityfor the
endings.

6. Generatean n-gramlanguagemodelfor ary com-
binationof stemsandendings.

For Turkish, it is more easyto determinethe root
words, so in step1, the root words are identified using
adictionaryof rootwords.

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

In step3 from alargetext, the stemsandendingscan
be determinedcand separatedby white spacesThenit is
possibleto createann-gramlanguagenodelfrom thetext
obtained.

For the reasonof the vowel harmory someendings
areconsideredsequialent,for example:-dimin geldim
(I came)and -dum in buldum (I found) have the same
function(first persornpasttime). In implementatiorthese
suffixes canbe representeés-dHm in which H means
harmonizewith thelastvowel [2].



Another methodfor languagemodeling of aggluti-
native languagess proposedby [1]. This methodis
basedon morphologicalstructure of the Turkish lan-
guage.The methodis differentthan a classicaln-gram
languagemodelsinceit tries to estimatethe probability
of theword from its compositionIt doesnot usethe his-
tory to find the probability of theword.

The aim is to modelthe distribution of morphologi-
cal parsegyiventhe wordsandto seeka variableT', the
sequencef morphologicalparseof a word, that maxi-
mizesthe probability of the morphologicalparsegiven
theword, P(T|W):

P(TYP(W|T)
arg}nax W{l)

= arg%nax P(T)P(W|T)2)

arg%nax P(T\W) =

Since P(W), the probability of the occurrenceof the
word, is acceptedasconstantandis ignored.T" includes
therootform of word andall morphosyntactifeatureso
determineheword sothe probability of aword givenits
morphologicalparses:

PWIT)=1
andtheequation(2) canbewritten as:

arg,}nax P(T\W) = argjrgax P(T) 3

Thenastrigramtag model P(T') canbedefinedas;

n

P(T) = [] P(tilti-2, ti-1) 4)

i=1
where

P(ti[t_1,t0) = P(t1)

P(ta|to, t1) = P(ta|t1)

Eacht is a morphologicalstructureandcancontainone
root word and a numberof inflectional groups(l1G). An
examplefor IGs:

salam+las-tir+mak

sajlam+Adj” DB+Verb+BecomeDB+Verb+
Caus+PosDB+Noun+Inf+A3sg+Pnon+Nom

to cause (something) to become strong /

to strengthen (something)

Theinflectionalgroupsin theexamplearenamedac-
cordingto their function.” DB is the derivationalbound-
ary. Theinflectionalgroupsthatwill beusedin language
modelcouldbe:

1. salam

2. Adj

3. Verb+Become

4. Verb+Caus+Pos

5. Noun+Inf+A3sg+Pnon+Nom

+Become:becomeverb, +Caus: causatie verb, +Pos:
positive polarity, +Inf: infinitive form of the verb, A3sg:
3rd singular personagreement+Pnon: no possessie
agreement-Nom: nominatie case.

Therearealsosomeothersimplificationsto alleviate
thedatasparsenegsroblem ik e:rootword dependsnly
on the otherroot words. In this casetherewill be ann-
gramlanguagemodelfor the occurrencef asequencef
arootword sequencelhelanguagemodelprobability of
rootword sequencesanbe usedin conjunctionwith the
probability of the occurrenceof aword from aroot word
andIGs.

3. Database Preparations

Turkish is one of the leaststudiedlanguagefor speech
recognition For thisreasorthefirst of ourwork consisted
in collecting a Turkish databaseThe texts to record
the databasewere selectedfrom television programs
and newspaperarticles.Selectioncriterion wasto cover
as mary different subjectas possibleand to createa
phoneticallybalancedcorpus.

Text Selection

For an efficient sgmentation procedure,we needed
two differenttypesof data:isolatedwordsand continu-
ous speechFor isolatedwordsthe 100 mostfrequently
used words are selected[4]. For continuous speech
215 sentencesre 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

University?. To include as mary words as possibleand
to obtainan easyto readtext werethe objectveswhen
choosingthe sentenceandthe subjects.

Recording

For recording 20 native spealers were selected, 10
male and 10 female. Spealers were asled to read the
preparedtexts. Normal recordingtime for one spealer
wasabout25 minutes,22 minutesfor continuousspeech
and 3 minutesfor isolatedwords. If thereis an error
in reading, spealers were asled to readit again. The
erroneouartswereremoved from the databaseluring
thepost-processingrocedure.

2ftp://cs. bil kent.edu. tr/pub/ Turkl ang/ corpus



Numberof
utterancegcontinuousspeech) 215
isolatedwords 100

wordsin continuousspeech 2160

differentwordsin continuousspeech| 1564

differentwordsin all recording 1618
malespealers 10
femalespealers 10

Tablel: Text Statistics.

Speechwas recordedin a quite room for each
spealer. Recording materials were a portable Sory
DAT-recorder TDC-8 and a close talking Sennheiser
microphoneMD-441-U. Speectwasdigitally recordedat
32kHz samplingratein stereoguality. It wastransferred
to acomputewith a Zefiro digital soundcard.

Data Processing

The recorded speechwas down-sampledto 16kHz
with 16 bit resolutionin mono quality. Finally there
were 215 utterancesand 100 isolatedwords saved as a
separateWAV file for eachof 20 spealers.

The isolatedwords for 10 of the spealers (5 male,
5 female) were manually sgmentedand phonetically
labeled.The phonemelabels are selectedas the letters
usedin written Turkishtexts:

a,b,c,CdefgGhliijk]l mno,O,p,
r,s,S,t,u,U,v,y,z

The letters which differ from the letters of English
alphabetare changedio the most similar English letter
but they are presentedin uppercaseThis is done to
simplify the processingf texts. 8 new phonemeswvere
addedo labelthe phonemesvith a stop:

bl,c1,C1,d1,g1,k1, pl,tl.

The total number of phonemesused for labeling
was 38 including the silence.The original letters con-
vertedto uppercastettersare:

¢:C,9:G,1:1,06:0,s:S,u:U.

The manual segmentation of isolated words was
then usedfor the automaticseggmentationof continuous
speech. The sound file processingprogram snorri3
was usedfor phoneticlabeling of data.The labeling of
remaining data was done automatically by using the
SpeeclhirainingandRecognitionUnified Tool (STRUT).

Shtt p: // ww. babel t ech. conf wi nsno/ wi nsno. ht m

4. Training and Recognition Results

STRUT software is usedfor speechanalysis,acoustic
model training and speechrecognitionpurposesThere
areindependenprogramsfor eachstepof training and
recognitionprocessesSTRUT includesthe programdor

hybrid HMM/ANN (Artificial Neural Network) speech
recognition[9], [5]. The experiencesxplainedhereare
basedon this techniqueThe ANN usedis a Multi-layer

Perceptron{MLP). MLP outputsarephonemea posteri-
ori probabilitiesfor a given acousticfeaturevector Fea-
turevectorsareRASTA [14] featurevectors Recognition
is performedby Viterbi [15] decoding.

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

Therecognitionperformanceof the systemis calcu-
latedby countingthe correctlyrecognizedvords.

For the experiments the Turkish databaselescribed
in sectionlll was used.The resultsare shavn in Ta-
ble 2. The first resultsare obtainedby training a MLP
with phoneticallabeledsolatedwordsfrom 10spealer.
Therewere 100 words for eachspealers. Thenthe iso-
lated words speechfrom 10 other spealerswas usedto
testthe speechrecognitionsystem.The resultsare not
asgoodasexpectedthis is becausef not usingenough
datato train the MLP. Recognitionaccurag for continu-
ousspeectshouldbe betteraftersomemoretrainingand
introducingawell definedanguagemodel.

Word Error Rate
Training Data 0.6%
TestData 6.6%

Table2: Resultsfor isolatedword recognition.

5. Conclusions and Future Works

Sincethe languagesre very different from eachother
it is importantto use languagespecific propertiesin a
speechrecognitionsystem.This propertiescan be used
to selecta training databaseto createa languagemodel
which usesthe specific morphologicalstructureof the
language.

In this paperwe have presentedwo differentlan-
guagemodelingtechniquedor agglutinatve languages.
They arepromisingto give betterresultsfor Turkishlarge
vocahulary speechrecognition.We have also described
thecollectionof Turkishdatabase.

We are also planningto usethe languagemodeling
techniquestudiedin this paperto improvetheefficiency
of confidencemeasureq13] [12] definedon acoustic
modelsof speech.
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