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Abstract. This paper considers end-to-end speech recognition systems based on
deep neural networks (DNN). The studies used different types of neural networks,
CTC model and attention-based encoder-decoder models. As a result of the study,
it was proved that the CTC model works without language models directly for
agglutinative languages, but the best is ResNet with 11.52% of CER and 19.57%
of WER of using the language model. An experiment with the BLSTM neural net-
work using the attention-based encoder-decoder models showed 8.01% of CER of
and 17.91% of WER. Using the experiment, it was proved that without integrating
language models, good results can be achieved. The best result showed ResNet.

Keywords: Speech recognition - Agglutinative languages - End-to-End models -
Deep learning - CTC

1 Introduction

Speech is a system of human-used audio signals, written signs and symbols to represent,
process, store and transmit information. It is also a tool for human-machine interac-
tion [1]. To implement the voice interface requires the participation of a wide range of
specialists, namely a computer linguist, DNN programmer, etc. The traditional speech
recognition system can be divided into several modules, such as acoustic models, lan-
guage models and decoding [2]. The modularity design is based on many independent
assumptions, and even the traditional acoustic model is trained from frames that depend
on the Markov model. In automated speech recognition systems, hidden Markov mod-
els (HMM) were popular models to represent the temporal dynamics of speech signals
and Gaussian mixture models (GMM) probability density function to represent signal
distributions over a stationary short period of time that typically corresponds to a unit of
pronunciation. The HMM-GMM model dominated research on automatic speech recog-
nition for several years. Today, the neural network is widely used in the field of speech
recognition. Many studies have shown that the use of neural networks at each step of the
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script of the standard speech recognition system improves the quality of its work. The
most popular deep learning approach for automatic speech recognition is the so-called
HMM-DNN hybrid architecture, where the HMM structure is preserved and the GMM
is replaced by a deep neural network (DNN) to model the dynamic characteristics of
speech signals. For example, in studies [3], language models were trained using RNN,
in [4] the dictionary was obtained using LSTM networks, in [5] deep neural networks
showed high results for constructing acoustic models, in [6] the method of feature extrac-
tion using limited Boltzmann machines was presented. Consequently, the idea of using
artificial neural networks at all stages of speech recognition appeared.

Deep learning methods using high-performance GPUs in speech recognition have
been successfully implemented and this approach has been called the end-to-end method.
In the end-to-end approach, when learning a neural network, only one model can produce
the desired result without the use of other components and such a model is called an
end-to-end. End-to-end networks can be created by adding several convolutional neural
network (CNN) and recurrent neural network (RNN) layers, which act as acoustic and
language models, and directly correlate speech data at the input with transcription. At
the moment, there are several methods of implementing end-to-end models, namely, the
connection time classification (CTC) and the attention-based encoder-decoder models,
conditional random fields (CRF). In speech recognition problems, special attention is
still paid to end-to-end approaches than to traditional methods [7]. Many published
works have proved that the success of the results of the end-to-end approach depends on
an increase in the amount of data for neural network training. There are applications in
the world that work on the basis of an end-to-end approach: Baidu Deep Speech, Google
Listen, Attend, Spell, Speech to Translator TTS, Voice to Text Messenger. The main
reason for this conclusion is that current end-to-end models are trained based on data.
From the above analysis we can see the main problem, it concerns the recognition of a
few resource languages, such as Kazakh, Kyrgyz, Azerbaijani, Uighur, Tatar, Turkish,
etc. These listed languages are included in the group of agglutinative languages. For
agglutinative languages, there are no large corps of training data. Other languages have
TIMIT, WSJ, LibriSpeech, AMI and Switchboard which have thousands of hours of
training data.

To improve the end-to-end approach in CTC and encoder-decoder models based
on the attention mechanism, different variants of networks were introduced. Complex
encoders consisting of convolutional neural networks (CNN) were introduced to use
local correlations in speech signals. These models take advantage of each submodel and
introduce more explicit and strict limitations to the entire model. The above studies in this
area significantly improve the performance of end-to-end speech recognition systems.
Introducing complex computational layers into a model can use better correlations in
both the time and frequency domain, but a model with much more parameters is harder
to train. In previous studies, it was determined that deep learning models in different
languages are successful, and multitask learning (MTL) is better suited for integrated
learning [8, 9].

In the end-to-end speech recognition approach, all signal parameters are determined
by calculating gradients that are easily influenced by neural network structures. However,
the end-to-end recognition systems of agglutinative languages still do not reach the
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modern level of research and are not trained. During the analysis, it was determined
that the end-to-end models for recognizing agglutinative languages are not sufficiently
trained.

In this paper, we propose the recognition of agglutinative languages, which is aimed
at solving the problem with a limited speech resource within the framework of the end-
to-end architecture. This study is organized as follows. Section 2 describes research in
the relevant scientific field. Section 3 describes the principles of the CTC model and the
attention-based encoder-decoder models. Below we present our experimental data and
describe the equipment for the experiment. Section 4 analyzes the experimental results.
The final section provides conclusions.

2 Related Work

Models based on connective time classification (CTC) for speech recognition work
without initial alignment of input and output sequences. CTC was designed to decode the
language. Hannun et al. [10] and his team used the Baidu model for speech recognition,
which implements a parallel network learning algorithm using CTC.

The use of deep recurrent convolutional networks and deep residual networks in
conjunction with CTC was proposed in [11]. The best result was obtained with the
use of residual networks with batch normalization. Thus, a PER result of 17.33% was
obtained on the TIMIT speech corpus.

An alternative to CTC for end-to-end speech recognition is the Sequence to Sequence
(Sec2Sec) models with attention [12]. Such models consist of an encoder and a decoder.
The encoder compresses audio frame information into a more compact vector represen-
tation by reducing the number of neurons from layer to layer, and the decoder recovers a
sequence of symbols, phonemes, or even words based on this compressed representation
and recurrent neural network.

In [13], a CTC model was proposed using deep convolutional networks instead of
recurrent networks. The best model based on convolutional networks had 10 convolu-
tional layers and 3 fully connected layers. The best PER was 18.2%, while the best PER
for bidirectional LSTM networks was 18.3%. Tests were conducted on the TIMIT case.
It was also concluded that convolutional networks can increase the speed of learning and
are more suitable for learning on phoneme sequences.

In a CTC network, the output values of a neural network themselves represent tran-
sition probabilities. Bidirectional LSTM networks were chosen as the architecture of the
neural network. Three models were compared: the RNN-CTC model, the RNN-CTC
model (RNN-WER), the retrained minimized WER, and the basic hybrid model written
using Kaldi tools [14].

Soltau et al. [15] performed context-sensitive phoneme recognition by training a
CTC-based model in the task of signing a video on YouTube. Sequence-to-sequence
models lack recognition by 13—-35% compared to base systems.

Graves et al. [16] trained the end-to-end model the CTC criterion without apply-
ing frame-level alignment. The Sequence-to-sequence model simplified the problem
of automatic speech recognition by training and optimizing the neural network for the
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acoustic model, pronunciation model, and language model. These models also work as
multi dialectic systems, since they are jointly modeled in different dialects.

The RNN-CTC model without a language model showed 30.1%, of WER, although
the basic model cannot be trained without LM. But even when using trigram LM, the
basic model showed 7.8% of WER, RNN-CTC - 8.7%, and RNN-WER - 82%. A
combination of RNN-CTC and the base model was also tested, which showed the best
result, equal to 6.7%. The Wall Street Journal corpus [17] was used as a speech corpus.

There is a “generalization” of CTC models - the RNN Transducer, which combines
two RNNs into a serial Converter system [18]. One of the networks is similar to a
CTC network and processes the same moment of time as the input sequence, and the
second RNN models the probabilities of the following labels under the condition of the
previous one. As in CTC networks, dynamic programming is used for calculations and
the forward-backward algorithm, but taking into account the limitations of both RNNss.
Unlike CTC networks, the RNN Transducer allows to generate output sequences longer
than input ones. RNN Transducers showed good results in recognition of phonemes with
17.7% of PER on the TIMIT corpus.

In [19, 20] three models with CTC were considered: ResNet, BLSTM and combi-
nation of LSTM and CNN. A method for combining models similar to ROVER has also
been proposed. So, the result was obtained on the WSJ speech data set using ResNet
with 8.99% of WER, and using a combination of the three models mentioned above is
7.65%.

Beyond speech recognition, the neural network achieves success in other fields such
as natural language processing [21, 22]. In [21], the author presented a deep learning-
based model for Kazakh named entity recognition by projecting the word, root and entity
label into a vector space. In [22], a neural network for morphological disambiguation was
proposed, which learns context embedding from characters by double-layer of BLSTM
and compute the similarity score between context and the corresponding morphological
analyses. The idea was that the correct analysis should be the most similar to the context.

3 Proposed Automatic Speech Recognition System

The methodology of our work is as follows:

3.1 CTC

To train a neural network, the CTC function is used as a loss function. The output
sequence of a neural network can be described as follows: y = f;, (x). The output layer
of the neural network contains one block for each symbol of the output sequence and
one more for the additional “blank” symbol. Each element of the output sequence is
a probability distribution vector for each symbol G’ at time t. Thus, the element yf(
is the probability that at time t in the input sequence the symbol k from the set G’ is
pronounced (Fig. 1 (a)).

Let, o be a sequence of blanks indices and symbols of length T, according to x.
The probability P(«|x) can be represented as the product of the probabilities of the
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Fig. 1. The matrix predicted by the acoustic model.

appearance of symbols at each moment of time:

T
P(a|x) = l_Lzl yét,Va eGT e))

Let B be the operator that removes symbol repeats and blanks.
PO =30 o, Pl by

The above formula is calculated using dynamic programming, and the neural network
will be trained to minimize the CTC function:

CTC(x) = —In(P(y|x)) 3)
Decoding is based on the following assumption:

argmax P(y|x) ~ B(a*) “4)

where o* = arg max, P («|x). The results of the assumption can be seen in Fig. 1 (b).

3.2 Attention-Based Model

Attention is an Encoder-Decoder mechanism designed to improve RNN performance
in speech recognition. Encoder is a neural network, such as: DNN, BLSTM, CNN;
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transforms the input sequence x = (x1,...,xy/) for feature extraction in some
intermediate representation of 4 = (hy, ..., hp).
h = Encoder(xy, ...,x1/) (®)]

Decoder is aregular RNN that uses an intermediate representation to generate output
sequences:

P(y|x) = AttentionDecoder(h, y) (6)

As a decoder, we used an attention-based Recurrent Sequence Generator.

Dataset

The data for the analysis was provided by the laboratory of Computer engineering of
intelligent systems. To do this, we used a soundproofing, professional recording studio
from Vocalbooth.com.

As speakers, people were selected without any problems with the pronunciation of
speech. 380 speakers of different ages (age from 18 to 50 years) and genders were used
for recording. Scoring and recording of one speaker took an average of 40—50 min. For
each speaker was prepared text consisting of 100 sentences, which were recorded in
separate files. Each sentence consists of an average of 6—8 words. Sentences are selected
with the most rich phoneme of words. Text data was collected from news sites in the
Kazakh language, and other materials were used in electronic form. A total of 123 h of
audio data were recorded. During recording, transcriptions were created - a description
of each audio file in a text file. The created corpus allows, firstly, to work with large
volumes of databases, to check the proposed characteristics of the system and, secondly,
to study the impact of database expansion on the recognition speed.

All audio materials have the same characteristics:

file extension: .wav;

method of converting to digital form: PCM
discrete frequency: 44.1 kHz;

— bit capacity: 16 bits;

— number of audio channels: one (mono).

To train the end-to-end recognition system of agglutinative languages, we have
chosen 2 corpora:

— Turkish language corpus (9 million words and audio): http://www.tnc.org.tr/
— Tatar language corpus (10 million words and audio): http://www.corpus.antat.ru.

Implementation
End-to-end speech recognition system using CTC function was implemented using Ten-
sorFlow. In this system, we used the Eesen toolkit in TensorFlow. This system allows to
use language models built in the Kaldi format without additional conversion. We used
Tensor2Tensor5 to conduct experiments with attention-based models.

All experiments were carried out using the SuperMicro SYS-7049GP-TRT server.
The server configuration has a high-performance NVIDIA TESLA P100 graphics card.
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4 Experiments and Results

In the feature extraction experiments, we used the Mel-frequency cepstral coefficients
(MFCC) with the first 13 coefficients computed. All training data was divided into
training (90%) and cross-validation (10%).

At the second stage of the experiment, we will describe the model results based on
the CTC loss function. The results of the corresponding CTC models are presented in
Table 1. In our studies, we used several types of neural networks: ResNet, LSTM, MLP,
Bidirectional LSTM. Pre-configuration of neural networks without a language model
gave us the best results:

Table 1. CTC model results.

Model CER% WER% Decode Train
Models that do not use language
models

MLP 48.11 |59.26 |0.2032 |131.2

LSTM 36.43 |46.51 |0.2152 |421.3

Conv+LSTM [34.92 3931 |0.2688 |465.2

BLSTM 33.61 |37.66 |0.2722 |491.7

ResNet 32.52 [36.57 |0.2657 |192.6
Models using language models
and MFCC

MLP 39.11 [63.26 0.0192 |146.2

LSTM 2443 |46.51 |0.0152 |521.3

Conv+LSTM | 22.92 |39.31 |0.0088 |465.2

BLSTM 13.61 |20.66 |0.0022 |591.7

ResNet 11.52 | 19.57 |0.0051 |242.6

MLP: MLP: there were 6 hidden layers with 1,024 nodes using the ReL.U activation

function with an initial learning rate of 0.007 and a damping factor of 1.5.

LSTM: there were 6 layers with 1024 units each with a dropout of 0.5 s, an initial

learning rate of 0.001, and a damping factor of 1.5.

ConvLSTM: one two-dimensional convolutional layer with 8 filters was used, with

ReLU activation function. Then it drops out with a retention probability of 0.5.

— BLSTM: used 6 layers with 1,024 units and dropped with a retention probability of
0.5.

— ResNet had 9 residual blocks with batch-normalization.

In the first experiment for the attention-based encoder-decoder models, we used the
MFCC algorithm to extract features, and the CTC function was used to train the neural
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Fig. 3. CTC model results by WER. The blue line is the result of models that do not use language
models, and the red line is the result of models that use language models and MFCC. (Color figure
online)

network. We did not use language models in this model. In the second experiment, we
used MFCC and language models. The results of the experiment can be seen in Figs. 2
and 3.



End-to-End Speech Recognition in Agglutinative Languages 399

Table 2. Results of the attention-based encoder-decoder models.

Model |CER% | WER% | Decode | Train
LSTM |8,61 17,58 10,468 |476,7
BLSTM | 8,01 1791 10,496 |5443

In the next experiment, we used neural networks LSTM and BLSTM. In our model,
6 layers of 256 units were used with an initial decrease in dropout with a probability
of saving in the encoder of 0.7. As a decoder, we used LSTM and an attention-based
encoder-decoder models. The results can be seen in Table 2.

Our experiments proved that the CTC model works without language models directly
for agglutinative languages, but still the best is ResNet with 11.52% of CER and 19.57%
of WER using the language model. Thus, it can be seen that the language model is an
important part of speech recognition.

The CTC model makes mistakes in constructing words and sentences from recog-
nized characters, but the resulting phonemic transcription is very similar to the origi-
nal. But after the experiment, we found that the use of an attention-based encryptor-
decoder models for agglutinative languages without integrating language models
allows to achieve good results. The BLSTM neural network using the attention-based
encoder-decoder models showed 8.01% of CER and 17.91% of WER.

5 Conclusion

In this paper, we consider the problem of recognition of agglutinative languages using an
end-to-end approach, such as the CTC model and the attention-based encoder-decoder
models. During the experiment we used different types of neural network architectures:
MLP, LSTM and their modifications, as well as ResNet. As a result of the experiment,
we proved that good results can be achieved without the integration of language models.
ResNet showed the best result. In this experiment, good performance was achieved,
better than the basic hybrid models.

In the future it is planned to conduct experiments using other types of models for
feature extraction and speech recognition. The Conditional Random File model will be
applied.

Acknowledgments. This work was supported by the Ministry of Education and Science of
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