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Ebru Arısoy, Haşim Sak, and Murat Saraçlar
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Abstract
The aim of this study is to develop a speech recognition system
for Turkish broadcast news. State-of-the-art speech recognition
systems utilize statistical models. A large amount of data is re-
quired to reliably estimate these models. For this study, a large
Turkish Broadcast News database, consisting of the speech sig-
nal and corresponding transcriptions, is being collected. In this
paper, information about this database and experiments per-
formed using the system developed on the collected data are
presented. In addition to the baseline system, various sub-word
language models are investigated. Lexical stem-endings are
proposed as a novel unit for language modeling and are shown
to perform better than surface stem-endings and morphs. Cur-
rently, our best systems have lower than 20% error on clean
speech.
Index Terms: speech recognition, agglutinative languages,
sub-word units, language modeling.

1. Introduction
Turkish is an agglutinative language with a productive inflec-
tional and derivational morphology. Many new word forms
can be derived from a single stem by concatenation of suffixes.
Although there is not a one to one correlation between Turk-
ish suffixes and English words, one Turkish word may corre-
spond to a group of English words. Therefore, using an English
speech recognition setup for an agglutinative language does not
yield a comparable performance. Agglutinative languages need
a huge vocabulary to achieve the same coverage with an En-
glish system. In our system, Out-of-Vocabulary (OOV) rate is
9.3% for a 50K Turkish lexicon. Also for other agglutinative
languages, Finnish and Estonian, OOV rates are around 15%
for 69K lexicon and 10% for 60K lexicon respectively [1, 2].
However, for English, OOV rates are less than 1% for similar
vocabulary sizes. On the one hand, using a moderate vocabu-
lary size results in large number of OOV words and on the other
hand, using a huge vocabulary size suffers from non-robust lan-
guage model estimates. So sub-word units are essential to al-
leviate the data sparseness and OOV problem in agglutinative
languages. Stems and morphemes or their groupings are natu-
ral choices since they are capable of handling the OOV problem
with smaller units which are still meaningful for speech recog-
nition. Therefore, sub-word units like stem-endings, grammat-
ical morphemes, and statistical morphs are proposed for those
languages [3, 4, 5].

One of the drawbacks of sub-word units is that they may re-
sult in non-grammatical items. Although statistical morphs give
better performance than words for Turkish, Finnish, and Esto-
nian [2], they result in over generation. In [6], it was shown that
a simple mapping from concatenated morph sequences to gram-
matically correct words gives 1.1% absolute improvement over

the baseline. In addition, post-processing of sub-word recogni-
tion output for Turkish with vowel harmony rules, gave a sig-
nificant improvement [7].

In previous studies, using sub-word units in speech recog-
nition was investigated with surface form realizations. How-
ever, same stems and morphemes in lexical form may have
different phonetic realizations due to some phenomena such
as gemination and vowel harmony. If we consider these two
words; evler (houses) and kitaplar (books), they are de-
composed into their morphemes as ev-ler and kitap-lar
respectively. Although, both of the words have the same mor-
pheme in the lexical form, the vowel of the plural morpheme is
modified according to the last preceding vowel of the stem dur-
ing the suffixation process. Therefore, sub-word units in sur-
face form may reveal many units that correspond to the same
stem or morpheme groups in lexical form. In this work, in ad-
dition to surface form realizations of all proposed units, we also
experimented with stem plus lexical morpheme ending model.
The problem with using morphemes in lexical form in n-gram
based models is that they are relatively small and we have to use
longer unit histories to cover enough word histories to estimate
an accurate model.

The main difference of this study from previous sub-word
approaches are: i) all proposed techniques are compared in the
same and large acoustic and text database and ii) in addition to
surface form representations, lexical form sub-word recognition
units are used in recognition. Lexical to surface form mapping
ensures correct surface form alternations and gives better per-
formance than recognition with surface form representations.

This paper is organized as follows: In the next section de-
tails of the data collection and the statistics of the data are given.
Section 3 describes the morphological parser and Section 4 de-
scribes the word and sub-word systems. Section 5 explains the
experiments and discusses the results, and finally Section 6 con-
cludes the paper.

2. Data Collection
We have been collecting Turkish Broadcast News database in
Boğaziçi University. In our database, Broadcast News programs
are recorded daily from four different TV and a radio channel.
Next, these recordings are screened for content and audio qual-
ity and the remaining are segmented, transcribed, and verified.

The recordings are first processed by an automatic segmen-
tation program1. The output is manually corrected and topic,
speaker and background information is added. The segments to
be transcribed are also decided at this stage. The open source
Transcriber2 program is used for manual segmentation and an-

1SESTEK: http://www.sestek.com.tr
2Transcriber: http://trans.sourceforge.net



notation. This program is also used during the transcription
process. The transcription guidelines were adapted from Hub4
Broadcast News transcription guidelines.

Once the data is processed, the acoustic data is converted
to 16kHz 16-bit PCM WAV format, and segmentation, speaker
and text information is converted to the NIST STM format.

2.1. Statistics of the data

Approximately 100 hours of data has been collected for this
research. Out of this, 71 hours were selected for transcription.
This data was partitioned into training (68.6 hours) and test (2.5
hours) sets. The training data does not overlap with the data in
terms of selected dates.

Table 1 gives the breakdown of data in terms of acoustic
conditions. Here classical Hub4 classes are used: (f0) clean
speech, (f1) spontaneous speech, (f2) telephone speech, (f3)
background music, (f4) degraded acoustic conditions, and (f5)
other. Only 38% of the data is marked as clean.

Among the recorded programs is a program called “news
for the hearing impaired” which contains sign language videos
as well as clearly articulated slow speech. The data from this
program is 7.7 hours in duration. We mark this data as HI in the
experimental results and analysis.

Table 1: Amount of data for various acoustic conditions (in
hours)

Partition f0 f1 f2 f3 f4 fx Total
Train 25.9 7.0 1.8 6.2 26.4 1.3 68.6
Test 1.3 0.1 0.1 0.2 0.8 0.03 2.5

3. Morphological Analysis
To estimate a language model using morphological units, we
need a morphological parser. In this work, we used a morpho-
logical parser that one of the authors is currently developing for
speech recognition and other NLP applications. The parser is
based on the two level morphology [8]. The morphophonemic
rules and lexicon have been adapted from PC-Kimmo imple-
mentation of Kemal Oflazer [9]. The implementation currently
uses the AT&T FSM library for finite-state operations [10]. An
example output from the parser for the word çocukları is
given below. The English gloss is given in parenthesis for con-
venience.

çocuk+Noun-lAr+A3pl-SH+P3sg+Nom (her/his children)
çocuk+Noun-lAr+A3pl-SH+P3pl+Nom (their children)
çocuk+Noun-lAr+A3pl+Pnon-YH+Acc (the children)
çocuk+Noun+A3sg-lArH+P3pl+Nom (their child)

In the analysis, the first part is the stem, çocuk (child), and
morphological features like Noun is shown starting with a plus
sign. The morphemes like lAr (plural) start with minus sign.
The capital letters in the morphemes such as A, S and H are
used in two-level morphology to handle some phonetic modifi-
cations in suffixation process. For instance, A in lexical form of
the morpheme lAr can be converted to a or e in surface form
yielding lar or ler due to vowel harmony rule of Turkish.
In this work, we did not use the morphological features, so we
have three different parse results for this example.

çocuk-lAr-SH
çocuk-lAr-YH
çocuk-lArH

The morphological parsing of a word as shown in the exam-
ple above may result in multiple interpretations of that word due
to complex morphology. Although morphological disambigua-
tion is required for Turkish to find the correct morphological
parse of a word in a given context using a system such as in
[11], we selected the parse with the minimum number of mor-
phemes in this work.

We used a morphophonemic finite state transducer encod-
ing two-level rules for Turkish phonology to convert the lexical
forms to surface forms to get the pronunciations of the units in
the language model.

4. Language Modeling
Various language models are built with word and sub-word
recognition units. Statistical morphs, grammatical morphemes
and stem-endings with both surface and lexical form represen-
tations are used as sub-word units. The example below shows
the same sentence segmented into possible recognition units.
In order to easily recover words from sub-word sequences, a
word boundary symbol, #, is added between each sub-word
unit. Last line of the example shows the lexical stem-ending
model. We do not remove the morpheme boundaries for the
morphophonemic transducer.

Words: kesildiği andan itibaren
Morphs: kesil diği # a ndan # itibar en
Morphemes: kes il diğ i # an dan # itibaren
Stem-endings:
Surf: kes ildiği # an dan # itibaren
Lex: kes -Hl-DHk-SH # an -DAn # itibaren

4.1. Words

Using words as recognition units is a classical approach em-
ployed in most state-of-the-art recognition systems. These sys-
tems require limited vocabularies and it is not possible to use
all the words as vocabulary items. Therefore, most frequent
words are selected to balance the trade-off between OOV rate
and system complexity. In our system, using a 96.4M words
corpus, approximately 1.4M unique words are generated. The
most frequent 50K words are added to the recognition lexicon.
This gives an OOV rate of 9.3% over the test data.

4.2. Statistical morphs

The morph model is a statistical approach where a recursive
Minimum Description Length (MDL) algorithm learns a sub-
word lexicon in an unsupervised manner from a training lexi-
con of words [12]. Using the same 96.4M words text corpus,
34.7K morph types are generated. In order to eliminate huge
number of morph types, rare words (occuring less than 5 times)
are not used for morph generation. Later, they are seperated into
morphs or letter sequences with the Viterbi algorithm using the
generated morph types.

4.3. Grammatical morphemes

We also tried using grammatical morphemes to compare their
performance with statistical ones. For the generation of gram-
matical morphemes, we used our morphological parser contain-
ing 28602 stems. In order to obtain a full coverage with the
same vocabulary size of morphs using grammatical morphemes,
we split unparsed rare words into their letters. Since our parser
does not have a huge lexicon of stems, unparsed words occur-
ing less than 75 times in the corpus are split into their letters



and 34.7K morpheme types are obtained from the same corpus.
However, only 46% of the word types in our corpus are split
into their morphemes and this technique introduced too many
letter sequences which are not meaningful as recognition units.

4.4. Stem-endings

In this model, the same morphological parser is used to obtain
the stems and endings. Both surface and lexical form realiza-
tions of endings are used to generate language models. The
advantage of lexical forms to surface forms is that surface form
may reveal many units that correspond to the same stem or mor-
pheme groups in lexical form. Therefore, in statistical language
models, lexical forms can capture the suffixation process bet-
ter. Also, in lexical to surface mapping, compatibility of vow-
els in terms of vowel harmony is enforced. However, note that
using the stems followed by endings, the language model can
produce morphotactically invalid sequences and the recognition
results may also contain invalid sequences. In the case of lexi-
cal stem-endings, we produce the surface forms of these invalid
sequences using the morphophonemic regardless of morphotac-
tics. In order to make this model comparable with the word
based model, we select the most frequent 50K units from the
corpus. For the surface stem-ending model, this corresponds
to the most frequent 40.4K roots and 9.6K endings. The OOV
rates in terms of words are around 2% for training and 2.5%
for the test data. For the lexical stem-ending model, the most
frequent 45K roots and 5K lexical endings are enrolled in the
lexicon. The word OOV rates are 1.7% and 2.2% for training
and test data. The advantage of these units compared to the
other sub-words is that we have longer recognition units with
an acceptable OOV rate.

5. Experiments
In this section, recognition results with the baseline and channel
adapted acoustic models are given for different language mod-
elling units in terms of Word Error Rate (WER).

5.1. Experimental Setup

In this research, we have used a text corpus of 96.4M words
which was collected from the web. The corpus contains text
from various sources: online books, newspapers, journals, mag-
azines, etc. For the acoustic models, we used Broadcast News
data with acoustic signals and their transcriptions. The details of
the acoustic data is given in Section 2. Statistical language mod-
els are generated using SRI Language Modelling toolkit [13].
The recognition tasks are performed using the AT&T Decoder
[10]. We use decision-tree state clustered cross-word triphone
models with approximately 7500 HMM states. Instead of us-
ing letter to phoneme rules, the acoustic models are based di-
rectly on letters. Each state of the speaker independent HMMs
has a GMM with 11 mixture components. The baseline acous-
tic models are adapted to each TV/Radio channel using super-
vised MAP adaptation on the training data, giving us the chan-
nel adapted acoustic models.

In order to reduce the effect of out-of-domain data in lan-
guage modelling, transcriptions of acoustic training data are
used in addition to the text corpus. A simple linear interpo-
lation approach is applied for domain adaptation. This gives an
absolute reduction of 2.8% in the error rate for word models. In
all of the experiments, adapted language models are generated
with the same interpolation constant and same acoustic models
are used.

For the word-based model, 3-gram language models give
the best performance. However, for sub-word-based approaches
higher order n-grams are required to track the n-gram word
statistics and this results in more complicated language models.
To be able to handle computational limitations, entropy-based
pruning [14] is applied to all the language models.

5.2. Results

The recognition results for the experiments are given in Table
2. In this study, experiments were performed without any time
constraints.

Four different experiment scenarios were performed. First
is the baseline recognition experiment for each recognition unit
with the same acoustic model and unit specific language mod-
els. The size of the language models is set with entropy-based
pruning according to the computational limitations.

The second scenario is the re-scoring strategy, which is only
applied to sub-word units since pruning effects sub-word mod-
els more than words, and previous experiments showed that
re-scoring does not improve the results for word models. In
this framework, lattice output of the recognizer is rescored with
a same order n-gram language model pruned with a smaller
pruning constant. Experiments with rescoring are labeled with
“ rescore” in the table.

As was mentioned in Section 2, acoustic training data are
collected from 4 different channels. Since the acoustic con-
ditions of the channels are different from each other, acoustic
models are adapted for each channel. Supervised MAP tech-
nique is used for channel adaptation. Experiments with the
channel adapted acoustic models are labeled with “ map sup”
in the table.

Not included in the table is the experiment with grammat-
ical morphemes. This model yields 43% WER with baseline
acoustic models with lattice rescoring. Since this is worse than
the word model, no further experiments were performed.

For the stem-ending models, since the output may contain
invalid sequences, a simple restriction is applied. It is not pos-
sible to handle those sequences without a detailed grammatical
and semantic analysis. However, our aim in this restriction is
just to enforce the decoder not to generate consecutive ending
sequences. This restriction is implemented as a finite-state ac-
ceptor that is intersected with the lattices. This restriction does
not yield any improvement for the surface stem-ending model.
However, for the lexical stem-ending model, the restriction de-
creases the error rate by 0.1-0.2% for the baseline and adapted
acoustic models respectively. For this experiment, re-scoring
results are reported after composing with the restriction accep-
tor.

In Table 2, the first group of rows shows the experiments us-
ing the baseline acoustic models and the second group of rows
shows the experiments with channel adapted acoustic models. It
is clear that adapted acoustic models perform better than base-
line acoustic models. However, the improvement is most pro-
nounced for telephone speech. This is expected since we do not
yet have special acoustic models for telephone speech in our
system.

As can be seen in the table, the best results are obtained by
the lexical stem-ending models. The WER rate is improved by
0.8% over the previous best model using statistical morphs. The
improvement is statistically significant at p=0.02 as measured
by the NIST MAPSSWE significance test.



Table 2: Recognition Results

Experiments f0 f1 f2 f3 f4 fx Avg. HI

Words 27.7 66.9 75.4 45.9 49.4 76.2 41.4 20.4

Morphs resc 22.4 67.4 76.9 41.6 47.2 75.6 37.9 16.6

Stem-ending rescore 24.7 63.4 75.9 41.8 47.3 78.0 38.8 15.9

Stem-ending-lexical rescore 21.1 66.7 74.7 40.8 47.0 74.4 37.0 13.0

Words map sup 26.3 65.1 64.4 43.2 48.4 77.4 39.6 20.8

Morphs map sup rescore 19.9 63.1 63.2 38.3 46.6 74.4 35.4 13.1

Stem-ending map sup rescore 23.1 62.2 62.2 37.9 45.8 75.0 36.5 15.5

Stem-ending-lexical map sup rescore 19.4 64.0 60.7 36.2 45.8 75.6 34.6 12.4

6. Conclusions
In this research, a Turkish Broadcast News transcription sys-
tem is developed. To be able to generate reliable acoustic and
language models, broadcast news programs are collected and
transcribed by untrained native speakers according to the guide-
lines. In addition to the baseline word model, sub-word ap-
proaches like statistical morphs, stem-endings are used as lan-
guage modelling units. Those units solve the data sparsenes
and large number of OOV problem caused by the agglutina-
tive structure of Turkish with a reasonable vocabulary size. As
a novel approach, lexical representations of endings are intro-
duced in the stem-ending model. Since, vowel harmony deter-
mines the rule in suffixation process, lexical stem-ending model
reduces the number of endings significantly and improves lan-
guage model estimation. This approach is shown to improve
the system performance over our previous best approach using
statistical morphs.
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simäki, J. Pylkkönen, T. Alumäe, and M. Saraçlar, “Un-
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