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Abstract. Despite the importance of automatic speech recognition 
(ASR), it is difficult to find freely available models, especially for languages with 

few speakers. This paper describes a method for training Kazakh models based 
on end-to-end ASR architecture using open-source data. We put the models to 

the test, and the results are promising. However, much more training data is 

required to perform well in noisy environments. We make available to the public 
our trained Kazakh models and training configurations. 
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Hokok 

AmnHotanns. HecMOTps Ha BaKHOCTB aBTOMATITYECKOTO PACIIO3HABAHIIA 
peunt (ASR), TpyaHO HaiiTH CBOOOIHO pacmpocTpaHseMble MOIeIH, 0COOeHHO 

JUIA A3BIKOB ¢ HeQOIBLINM KOMHYECTBOM HocHTeneil. B naHHOil cTaTse 
OIICHIBAeTCA MeTOX OOydYeHIs Ka3aXCKHX MoJelell Ha OCHOBE CKBO3HOII 
apxHTeKTypsl ASR ¢ HCTIOTB30BaHNEM JaHHEIX H3 OTKPHITHIX HCTOYHIKOB. Mbr 
TPOTECTHPOBAMI MOIeMI, H pe3ylIbTaThl OKA3aliCh MHOTOOOEIIAIONINMIIL 
OpHako U1 Xopoureil paboTsl B IIyMHOII cpeze TpeOyeTcs ropasio Golblie 

JAHHBIX U1 oOydyeHns. Mel BBIKIagbIBaeM B OTKPBITEIT JOCTYI HAIIH 
00yJeHHbIe Ka3aXCKHe MO H KOHGUIYPAIHH 1S 00yIeHHs. 

KuaroueBble c10Ba: ABTOMATHYeCKOE PAaCTIO3HABAHIIE PeUll, HelipOHHBIE 
CeTH, peKyppeHTHEIE HellpOHHBIE CETIL 

Hdok 

Angarna. Ceilteyni  aBTOMATTBl ~ TypAe  TaHYIBIH (ASR) 

MaHBI3IBITBIFBIHA KapaMacTaH, allbIK KOJTHI MOJeNbIep i Taly KIbIH, acipece 
aHa TUTIHIe ceilneliTiHAep a3 TiqTep YmIiH. Byn Makamaza ambIK KesleplaeH 

QIBIHFAH JepeKTepli KojlJaHa OTHIPHIL, ASR apXIHTeKTypacklHa HeTi3IelreH 
KAa3aKCTAHIBIK MOJIeNIbJIep I OKBITY 2J1ici cHnarTaxFas. bi3 Moxembuepi chiHam 

KOPIIK jKoHe HoTIIKeNep YMIT KYTTIpai. Anaiila IIyasr opTaa KaKChl JKYMBIC 

icTey YIIIH a7T7eKaiina Kem IAifbTHIBIK IepeKTepl KakeT. bi3 ambIk Kom 
JKeTIMIIKTe OKBITY YIIIH ©3IMi3MIiH OKBITBUIFaH Ka3aKCTAaHIBIK MOJIebIep MeH 

KOHQUIypaIIsIap/Ib! KapHAIaiiMEr3.
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Tyiiin cesxep: Ceilneyai aBTOMATTEl Typle TaHy, Kyilke iKeiTepi, 

KallTaTaHaTBIH JKYiIKe JKelIiIepi. 

1. Introduction 

Automatic Speech Recognition (ASR) is the translation of an audio 
recording or spoken language into a text transcript. It is a key component of voice 

assistants such as Siri, Alisa, Google, speech translation devices, or for automatic 

transcription of audio and video files. For any language except German, French, 

English, available pre-trained models are still rare. For Kazakh language [1] we 

know only models trained on HMM (Hidden Markov Model) [2]. [3] and 

Gaussian Mixture Model (GMM) [4]. For the recently introduced Mozilla 
DeepSpeech framework [5]. [6], the Kazakh model is still missing. This is a 

serious obstacle for applied research of Kazakh speech data, since there are no 

services available. Therefore, we use publicly available speech data to train the 
Kazakh DeepSpeech model. 

2. Methods and materials 

In this paper, we focused on Mozilla’s DeepSpeech framework because 
it is an end-to-end neural system that is fairly easy to train, unlike other 

frameworks that require more knowledge in their domain. Mozilla DeepSpeech 

(v0.9.3) was based on TensorFlow implementation of Baidu's end-to-end ASR 

architecture. Since it is under active development, the current architecture differs 

significantly from the original version. Figure 1 provides an overview of the 

v0.9.3 architecture. DeepSpeech is a deep recurrent neural network (RNN) [5], 

[6] at the symbol level, which can be trained end-to-end using supervised 

learning. It extracts Mel-Frequency Cepstral Coefficients as features and outputs 
the transcription directly, without the need for forced input alignment or any 

external knowledge source such as the Graphemeto Phoneme (G2P) converter. 

In general, the network consists of six layers: the speech features arrive at the 
three tightly coupled (dense) layers, followed by the unidirectional RNN layer, 

then the fully coupled (dense) layer, and finally the output layer, as shown in 

Figure 1. The RNN layer uses LSTM cells, and the hidden fully connected layers 
use the ReLU activation function. The network outputs a character probability 

matrix, 1.e., for each time step, the system outputs a probability for each character 

in the alphabet, which is the probability that that character matches a sound. 
Further, the CTC loss function is used to maximize the probability of a correct 

transcription.



SDU Bulletin: Natural and Technical Sciences 2021/3 (56) 

(o] A 

Bi 1 

) & 
N\ 7 

O 
(i) (im) 

(ra) ) 
- ) 

ks 

C () 
(FosrsExvoion) (Fesor Emcon) 

Figure 1: DeepSpeech architecture 

3. Model training 

In this section, we describe in detail our setup for training the Kazakh 

model in order to facilitate later attempts to train DeepSpeech models [7]. 

Datasets. We use publicly available datasets to train the Kazakh Deep 

Speech model. About 39 hours of audio recordings and transcriptions were used. 

‘wav_filename wav_filesize transcript 

0 5fa504fc60eb0.wav 305644 

1 5fa504bd775db.wav 236204 

2 5fa503abb5bag wav 127980 

3 5fa5018a756f5.wav 187884 

4 5fa5010db4950 wav 235884 

29994  5i4edf5de8di0 wav 210306 

29995  5f4edf549d43c wav 210306 

29996  5f4e414b43289 wav 139308 

20097 5t4edf422c80f wav 188460 

29998  5f4e4f39097ef wav 25399% 

Faiibin KyPaH MeH Tancipre CaiKec JiHu TaF3siM et 

¥exe Kanamrepnep apksinl Gonca 4a esre en aaedu. 

XaHHBIH KadbingaynapeiHa KaTsICkIN OTLIDFaH Aen Te a. 

TeaTPNaHALIDsINFaH KOMsINEIMAAPSIMEI3 KIPMEHKENepiMi 

Macenes CiHOeNiK Cy ¥ep KeIDTLICkIHbIHI XOFaDFLI Ka. . 

KelDa KYChl KBKTi Wapnan KaneIkTaraH Kynannaiie! 

en iwikge ken TaparaH Typnepi ansa nan cnaic 

ana ¥elNamaHsi3Wws! 830eDIHia aMaH ecencianep Me 

eciuaix TipwiniriHe KaXeTTi KyGbiNbICTIH Gipi cy. 

GynaipwiHaepai MexTenxe AediHri MexemeMeH KaMT.
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Figure 2: The input file format 

Preprocessing. For DeepSpeech [7], it is necessary to prepare audio and 

transcriptions in a certain format so that they can be read (Figure 2). We cleaned 
the transcriptions of unnecessary characters and converted everything to 

lowercase. We also checked that all audio clips were in.wav format. The data 

were divided into training data (60%), validation data (20%), and test data (20%). 

Hyperparameter Setup. We chose a training rate of 0.0001 and a 

training/test batch size of 1.0. The number of hidden layers in the network was 
set to 100. The number of epochs has also been set at 100. 

%cd /content/DeepSpeech/ 

! python3 DeepSpeech.py \ 

--train_files /content/kz/kz_3000@/clips/train.csv \ 

--dev_files /content/kz/kz_30000/clips/dev.csv \ 

--test_files /content/kz/kz_30008/clips/test.csv \ 

--train_batch_size 1 \ 

--test_batch_size 1 \ 

--n_hidden 1008 \ 
--epochs 100 \ 

--checkpoint_dir ../checkpoint \ 

--export_dir ../model \ 

--alphabet_config_path /content/kz/kz_3eeee/alphabet.txt \ 

--scorer data/lm/kenlm.scorer 

Figure 3: Hyperparameters used in the experiments 

Language Model. We use the KenLM-trained probabilistic language 
model on the pre-processed corpus provided by Dauren Chapaev [8]. The corpus 

was created for the Kazakh language based on the Wikipedia database. It consists 

of 21 million words. Almost 600 thousand words have different derivations. 

Server and Runtime. We trained and tested our model on a computing 

server with Tesla K80 Graphical Processors (GPUs). The environment that was 

chosen for this task is Jupyter Notebook(Python). 
4. Experiments and results 

Table 1 shows word error rate (WER) obtained by DeepSpeech training 

and testing on available Kazakh datasets. According to the results of language 
model testing, the accuracy of our model is 0.718301. Figure 4 shows that with 

each iteration of the model training, Loss decreases.



SDU Bulletin: Natural and Technical Sciences 2021/3 (56) 

Table 1: Results of Training 

WE |CER |Loss |Source Result 

0.71 |1 0.40 |91.59 

8301 | 4967 [ 0378 

Be [ 0.00 [0.00 |63.20 | repmanmns TepMaHmsL 

st | 0000 | 0000 | 2705 | exepatiBTik (enepaTiBTIK 
PecIyOIIKaCkIHBIH pecry6IIKaChIHEH 

Gagapris GaBapus JKepiHIe 

JKepiH/e OpHanTacKaH 

OpHATacKaH MYHHIHITaTHTET 

MYHHIIHITATHTET 

M [0.76 [0.38 |51.26 |Tek eH  KaKbIH | KeTKeH JKaKbIH 

ed | 9231 | 5714 [ 3573 | xyp6eim FaHa | KYPBUIFAaH  KOIBIMHAH 

ia KOJIBIMHAH  TapThin | TapTBII ecimai 

n eCiHI K Jlen Gaifek | KeTeKIi 
6o JKaTBIp 

W | 1.42 | 0.52 |130.7 | komaHIHpIEpre Kapa xepiep 1e Gata 

or | 8571|3810 [ 2903 [ GaTansoH GiTipreH Kapaxemicrep 

st 4 KOMaHIHpimisre ara  emueMece 

MyFasTiMIepiMisre GapIBIKTapETHA 

GapIBIKTapbIHA AFBICBIMEH 

AIFBICHIMBI3 IIEKCI3 
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Figure 4. Loss vs. number of Epochs graph 

5. Conclusion 

This paper presents the results of building a Kazakh speech recognition 

model using DeepSpeech. Our model achieved a WER of 0.71. Our results 
support the view that Mozilla Deep Speech can be easily adapted to new 

languages. On new datasets, the model can be easily retrained and optimized. 
The trained model does not require special hardware and can be run on an 

ordinary desktop or laptop computer. The model is also easily adaptable to the 

Android operating system. 

()
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