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ABSTRACT

Context. Typically, interaction between user and mobile devices is realized by touchings. However, many situations, when to
implement such interaction is too awkward or impossible, exist. For example, with some diseases of musculoskeletal system, motility
of movements may be impaired. It leads to inability to use device efficiently. In that case, a task of looking for alternative ways of
person-device interaction becomes relevant. Voice interface development can be one of the most prospective tasks in that way.

Objective. The goal of the study is to develop a project of neural network architecture and internal components for voice-
controlled systems. Resulting interface have to be adapted for processing and recognition Ukrainian speech.

Method. An approach, based on audio signal analyzing by sound wave shape and spectrogram, is used for making got via micro-
phone data, appropriable for processing. Using neural network makes possible sounds classification by generated audio signal and
information of its transcription. The neural network structure is completely adapted to peculiarities of Ukrainian phonetics. It takes
into account the nature of the sound wave, generated during sound pronunciation, as well the number of sounds in Ukrainian
phonetics.

Results. Experiments were carried out aimed to choosing optimal neural network architecture and training sample dimension.
The root-mean-square deviation of neural network error was used as the main criterion in assessing its effectiveness. A comparative
analysis of effectiveness of the proposed neural network and existed on the market speech recognition tools showed improvement in

the relative measures of recognition by 9.26%.

Conclusions. Obtained in the research results can be used for full-featured voice interface implementation. Despite the fact that
the work is focused on recognition Ukrainian speech, the proposed ideas can be used during developing transcribing services for

other languages.

KEYWORDS: voice interface, audio signal, signal amplitude, spectrogram, neural network, training set, standard deviation.

NOMENCLATURE

A(?) is a dependence of sound signal amplitude from
time over a continuous time period;

A'(t,) are discrete values of audio signal amplitude;

e; is an experimental error of learning a neural net-
work a i-th iteration;

E is a permissible error of neural network learning;

f; is a function of converting the sound wave charac-
teristics at definite time moment to a sound reference,
which generates sound wave with corresponding charac-
teristics;

h is a neuron of a hidden layer of a neural network;

H is a set of hidden layer neurons;

H(?) is a dependence of sound signal frequency from
time during some continual time period;

H'(t,) are discrete values of sound wave frequencies;

i is a neuron of an input layer of a neural network;

I is a set of hidden layer neurons;

Jis an index of a word, sound, or speech fragment in a
predefined alphabet R;

L is a size of training sample;

n is a size of output alphabet;

N is a number of neurons in the neural network;

N; is a number of neurons in a input layer of the neu-
ral network;

Ny is a number of neurons in a hidden layer of the
neural network;

Ny is a number of neurons in a output layer of the neu-
ral network;

o is a neuron of an output layer of a neural network;
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O is a set of output layer neurons;

P is a training sample;

Dp; is probability of matching the sound wave to an el-
ement;

R is an alphabet of sounds and words;

r; is a single, predefined sound, word, or speech frag-
ment;

¢t is a time;

t, is a discrete time;

T is a test sample.

INTRODUCTION

Voice recognition methods in conjunction with
speech-to-text technologies is a very important tool for
creating voice interfaces. Quality voice interface can act
as a full-fledged alternative to traditional interactive one
for hands-free systems. Such services are especially use-
ful for users, suffering from musculoskeletal disorders.
Due to impaired movements coordination, it is difficult
and often almost impossible for them to interact device
touching screen. Other way for using voice interface is in
situations when user’s hands are busy with executing an-
other action.

The object of research is a is a process of speech -to-
text converting.

The subject of research is neural networks applica-
tion in development transcribation services adapted on
pronunciation features in Ukrainian, able to recognize
separate speech fragment.
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The purpose of the paper is to develop a method for
recognition voice commands and to implement based on it
service, which provides a voice interface for devices run-
ning Android. As a main mathematic tool is supposed
using neural networks. This service will let use phone,
tablet, etc. fully, without necessity to touch its screen by
fingers. The service will be represented as an additional
add-in, which can recognize voice commands in natural
human language and translate them into device control
commands.

To achieve the goal, it is necessary to solve a number
of tasks:

1) To analyze main characteristics of sound waves
generated when sounds and words are pronounced in
Ukrainian;

2) To consider existing approaches to recognizing
sounds by nature of their sound waves from the viewpoint
of possibility to adapt them for recognition voice com-
mands in Ukrainian;

3) To develop architecture of the neural network and
to carry out its training;

4) To test the proposed neural network and to com-
pare its efficiency in recognizing voice commands in
Ukrainian to existing voice transcribation tools efficiency.

1 PROBLEM STATEMENT

Let some alphabet R = {rl,rz,...,rn}, is given, each its
element 1; can correspond to a separate sound, word or
speech fragment.

As sound signal has arrived, sound wave is generated.
According to [1-3], dependences of sound wave ampli-
tude and frequency from time are main characteristics of
sound wave which identify uniquely the nature of sound.
It lets identify sounds basing on sound wave data and/or
spectrogram for a certain time period (1, 2), as well as
perform the inverse transformation digital data of the
sound wave into analog sound.

S () 1)~ 1, }n (1)
Fod(e) H'(1 ). 4r) > Ap; },, : 2)

The functions f; and f, implement determination prob-
ability of correspondence signal, which has generated the
investigated sound wave, and each sound from the alpha-
bet R. The first one uses only its amplitude during a
certain short time period, the second one has an extra
parameter, which let use extra information about the
signal frequency. The sound classification process is im-
plemented by artificial neural networks.

The final decision, whether the sound signal corre-
sponds to some element r; is taken based on correspond-
ing to it maximum p; (3):

rj_)pj:pj:pmax:max(pj)vpmax >>1= Prax - 3)
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Designing the set R, it is appropriate to include one
element corresponds to an empty result, i.e. to a situation,
when no one sound from set has been identified. Restric-
tion  Prax >>1— pmax at (3) let avoid false positives,

when found probability maximum isn’t quite large to clas-
sify sound generated sound wave to corresponding class.

2 REVIEW OF THE LITERATURE

The idea to develop a service, which is capable to rec-
ognize voice commands and speech in a natural language,
isn’t essentially new. Developments in speech recognition
and voice controlling have been ongoing for over 20
years.

The Dragon Dictate Naturally Speaking system [4]
was one of the first software systems capable to perform
human speech recognition. In some cases, its recognition
accuracy reached 95%. However, high recognition rates
were achieved only for speech in English with certain
pronunciation rate. In 1997, an attempt to adapt this sys-
tem for recognition speech in Russian was made. Thus,
the Gorynych system was developed [5]. The Gorynych
system supported possibility to dictate text and to control
some Windows functions with a voice. Meanwhile,
speech recognition quality rarely exceeded 30%, which
isn’t an acceptable result. No attempt to adapt this system
to speech recognition in Ukrainian has been made.

This direction of researches became especially popular
when mobile devices running on Android and IOs operat-
ing systems, appeared. Nowadays, next voice assistants
are the most popular: Siri (Apple) [6], Alexa (Amazon)
[7, 8], Google Voice Assistant [8], etc. However, they are
focused on voice input of text messages, which afterwards
usually send via standard messengers, and keywords,
which are used for searching information on the Internet.
These tools provide satisfactory results within declared
capabilities. Meanwhile, they are sensitive to pronuncia-
tion quality as well as to speech timbre. An essential dis-
advantage of these systems is necessity for permanent
Internet connection. This disadvantage is caused by ne-
cessity of voice processing on the server side of applica-
tion. In addition, in this case, whether confidentiality of
the transmitted information will be retained and possible
further ways of using it remain unclear. Another essential
disadvantage of these services is limited set of available
languages. So, for example, none of above mentioned
voice assistants is able to recognize voice commands in
Ukrainian. In addition, these systems are only voice
assistants. None of them is a fully-featured voice inter-
face.

The technologies of converting speech into a com-
mand or text used for developing voice assistants can also
be used for creation full-fledged voice interfaces. More-
over, developers provide complete API for this: Google
Speech API, YandexToolkit API etc. In addition, there
are specialized platforms, which main task is to convert
voice to text, for example, PocketSphinx. Development of
an original service based on these technologies will pro-
vide a full-fledged voice interface for devices managed by
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Android. However, it won’t provide to fix the rest disad-
vantages of existing voice recognition services. Therefore,
it is useful to develop an original application, which core
will be focused on linguistic features of Ukrainian.

As a result of review literature sources devoted to the
problem of converting speech into text [9-12], a number
of tasks, which have to be solved sequentually were iden-
tified, as well as results which have to be obtained in
course of solving each of them (Fig. 1).

At this stage the most interest represents the task of
recognizing voice signals and converting them to text.

There are 3 main approaches to speech recognition al-
gorithms implementation: hidden Markov models, dy-
namic programming, and artificial neural networks.

The approach based on hidden Markov models [13]
needs long-term system debugging on large sets of test
samples. This approach is quite simple from implementa-
tion viewpoint. In addition, enlargement set of recogniz-
able words does only a little effect to computational com-
plexity increase. However, it doesn’t guarantee high accu-
racy of result, because to estimate error value reliably
isn’t always possible

The approach based on using dynamic programming
[14] presupposes comparing two speech segments and
determination difference indicator between them. Known
in advance pattern is used as a first segment, identifiable —
as a second. Using dynamic programming in this ap-
proach lets perform optimization and determine the tem-
plate, which most accurately matches the recognized one.
This approach lets get good results for low time and com-
putational costs for small data samples, upon a condition,
if a recognizable pattern matches to one element is in set.
However, even slight increase of test data sample or out-
puts variants leads to significant complication of the cal-
culation model.

The most powerful tool for solving speech recognition
problem is artificial neural networks [15]. This approach
provides not only individual words and sounds recogni-
tion, but continuous speech. Using neural networks repre-
sents the most interest for development speaker-
independent speech recognition systems. Nevertheless, in
a cause of complexity of neural network structure deter-
mining and its proper training, using neural networks

would be recommended only if two previous approaches
proved ineffective.

Taking into account specifics of the project being de-
veloped (necessity for quick adaptation to specifics of
each person’s pronunciation and possible minor diction
disturbances characteristic for disabled), approach based
on using neural networks is the most prospective.

3 MATERIALS AND METHODS
Received from microphone sound signal is a sound
wave with continually changing frequency H(f) and am-
plitude A(f). Amplitude determines the sound volume, and
frequency — its tone. At the same time, digital sound proc-
essing and recognition can be performed only for discrete
data sets A'(t;), H'(z;). Thus, for further full-fledged

signal processing, it is necessary to perform transforma-
tions (4, 5):

All) - A1) (4)
H(t)> H'(1). (5)

The procedure to replace continuos dependence of
sound charasteristics to discrete ones, is called sampling,
in doing so sampling frequency determines quality of
result discrete signal. Usually the sampling rate is in range
of 8-48 kHz.

As patterns were used discretized sound signals,
gained in pronouncing all kinds of sounds and their typi-
cal combinations, characteristic for Ukrainian phonetic
(Table 1).

Fig. 2 shows typical fragments of sound waves gener-
ated while some sounds of Ukrainian phonetic are being
pronounced.

Shapes of sound waves, as well as spectrograms, make
it possible to come up with information about amplitude
A'(t}) and frequency H'(t; ) of sound wave at each point

of discrete time scale. This data can be used by the neural
network to classify sounds.

Nowadays, multilayer neural networks are the most
popular and efficient tool in speech recognition.

Raw voice signal

Removing parasite

Cleared voice signal>

Converting voice to text

Text

Device command

L .
noises
Device behavior
- algorithm Command
processing

Text parsing

Figure 1 — A structured scheme of a typical voice command recognition and procession system
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Table 1 — Transcriptions of some Ukrainian alphabet letters and its combinations

A A

= |
— |
e
B =0
—
—]
—— |
[
—
e
[ ——
[

No Letter Transcription
1 Aa /a/, fef

2 56 /b/

3 Bs fol. Iwl. s/, fw/
4 I'r 8/

5 Ir g/

6 oo /d/

7 Ee fel, le/

8 €e fiel, fief

9 Hox /3

/o |0/ n r

T
—
e
—_—
—_—
—_—
—
—
—

Figure 2 — Examples of sound waves shapes for some sounds of Ukrainian phonetic

To solve this task, it is assumed to use a three-layer
neural network, which contains an input layer, one hidden
layer and an output layer. Number of neurons are in input
layer is defined as N;, in output layer — Ny, in hidden
layer — Ny. Denote by | = {I}NI ,0= {O}NO, H= {h}NH

elements are in input, output, and hidden layers, respec-
tively. Number of all neurons in the neural network is
labeled as N, limit permissible learning error value as E.

Speech recognition will be performed based on the
sound waveform data. To the input of neural network,
data is provided sound wave frequency at each discrete
time instant.

This approach implementation will lead to necessity to
use input data vectors with length of 1000 or more ele-
ments. Algorithms used for the corresponding neural net-
work learning will be demanding on computing resources,
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and got neural network will not always be able to provide
result required accuracy.

To optimize neural network structure, the assumption
was made that it is appropriable to take in attention only
extreme values of the sound waves amplitudes A(t) and
time moments t, when they’re got detected (Fig. 3). Later,
information about sound wave amplitudes between ex-
treme values can be obtained by linear approximation.

Consequently, to inputs of the neural network, pairs
(t, A(t)) will be supplied, and its number will be reduced
to 20-30.

Number of output layer neurons corresponds to num-
ber of sounds which have to be recognized. Ukrainian
phonetics involves 38 different sounds. Thus, number of
neurons in the neural network output layer needed to rec-
ognizing every individual sound in Ukrainian phonetic is
38. As an activation function of the output layer a linear
function is chosen.
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Figure 3 — Linear approximation of sound wave sections between it’s extremums

Number of hidden layer neurons depends on some dif-
ferent factors: as training sample size, number of input
layer neurons, number of output layer neurons, etc. An
initial approximation of this value Ny o can be defined

as the average between number of input and output layers
neurons. Afterwards a learning error e; is calculated. Fur-

ther optimization of neural network structure is performed
by reducing (increasing) number hidden layer neurons
and constructing a learning curve. The most optimal is
considered solution, which provides learning error the
closest to acceptable neural network learning error.

_Ni+Ng

Ny, e =EWNy,),

NHi :NHH il, ei:E(NHi),

o

|e,- - e| — min. (6)

As an activation function of hidden layer neurons hy-
perbolic tangent is chosen.

Created neural network was trained by the direct error
propagation method. Each element in training sample P*
contains a vector, which dimension corresponds to num-
ber of neural network inputs, and a single integer value,
which determines corresponding output of the neural net-
work. Each element of training sample vector is repre-
sented as a pair of values (A4(?),7).

For three-layer neural network training sample size L
is determined by relationship (7):

2-(N; + Ny +Ng)<L<10-(N; + Ny +Ng).  (7)

Thus, a training sample P* is formalized by the ex-
pression

p{

Final assessment of developed neural network effi-
ciency is executed on test samples 7, which hasn’t been
used in neural network training. Test sample for the pro-
posed in this paper neural network is formalized by ex-
pression (9)

Aéfl)s n) (Al ) ).

y ] O R

NN, L
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It should be noted that during test process, the neural
network uses ready output values only to estimate error,
but not to improve result.

}ok coly, |- ©

4 EXPERIMENTS

Experiments on the developed neural network were
carried out using the original application Voicer, which
implements the neural network proposed in the paper. The
application is adapted for running on any devices man-
aged by Android. Android Studio was chosen as the de-
velopment environment, because of nowadays it is the
most popular tool for developing Android applications.
The neural network is implemented with TensorFlow
Mobile library.

The application Voicer has a friendly user interface
and let recognize the voice command received from the
device’s microphone without necessity to delve into the
structure and principles of the neural network.

During the experiment was being carried out, various
neural network architectures were analyzed, as well as
options for number of samples in training set. As deter-
mining criterion for choosing neural network structure
was admitted the standard deviation MSE. The module of
difference between its value and permissible neural net-
work error has to be minimal. It should be noted that we
shouldn’t try to minimize MSE to 0 value, in this case the
effect of retraining neural network is possible and as a
subsequent, incorrect result will be got on test samples.

5 RESULTS

Preliminary calculations have let limit number of neu-
rons in the hidden layer (6) in range from 20 to 38 and
training sample dimension (7) in range from 2XN to
10xN. However, not each of possible architectures lets
create a neural network efficient to solve assigned task.
As an indicator of the neural network efficiency mean-
squared error was used. We’ve tested each of available
architectures and estimated its efficiency. Results are as-
sembled in table 2. Table columns contain dimension of
test sample set, rows — number of hidden layer neurons
and in the cells are mean square error values for respec-
tive neural network and test sample set.
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Presented in Table 2 experimental results show that
the best quality in recognizing sounds in Ukrainian was
got if training sample set dimension was in range from
4 x N to 8 x N, and number of hidden layer neurons was
in range from 24 to 31. For illustrative purposes, this area
is highlighted in the table and data, contained in, are pre-
sented in diagram (Fig. 4). Separately, minimum mean
square error values for each number of elements in train-
ing sample set were highlighted.

Examined alternative tools for speech recognition and
compared their efficiency to efficiency of developed one.
To pursuit of testing process some commonly known
voice assistants as Siri, GoogleVoice Assistant, Alexa
were used. The initial sample of words is constructed in
such a way that it uses all sounds characteristic of pro-
nunciation in Ukrainian. Each word was pronounced 100
times by different voices, with different intonations and
timbre. Information about number of correct recognitions

is summarized in table 3.

Table 2 — Results of experiments

L 2xXN 3xXN 4xN SXN 6xN TxN 8xN IXN 10xN
Vi
20 7.39 4.56 1.90 10.27 15.4 15.78 16.34 18.23 23.98
21 5.62 421 1.76 9.81 12.1 15.26 17.39 20.35 2535
22 4.62 3.76 0.52 7.92 8.87 14.83 15.82 13.50 18.76
23 3.28 5.12 0.31 3.96 5.12 13.67 10.05 5.52 13.34
24 1.40 1.22 0.08 2.39 4.63 4.36 4.52 7.84 12.18
25 5.06 5.57 0.26 1.59 1.89 7.12 5.65 12.96 14.73
26 5.09 3.58 0.28 1.12 1.77 5.65 5.95 13.14 18.23
27 6.28 5.75 0.25 1.28 0.91 2.09 3.39 12.96 20.34
28 7.25 2.85 0.54 0.69 0.15 0.77 1.34 12.67 14.36
29 8.45 2.58 1.24 0.92 0.28 0.98 1.73 8.93 12.34
30 10.63 5.84 2.83 2.63 0.81 0.24 3.56 7.65 15.28
31 14.48 7.36 3.25 2.09 1.95 0.56 7.82 12.84 18.56
32 12.54 4.56 5.60 4.89 3.12 0.33 4.23 9.23 12.90
33 15.94 12.34 8.96 6.98 5.86 1.98 7.12 34.19 18.76
34 16.75 15.11 11.7 12.03 12.98 2.09 15.74 20.65 21.63
35 20.73 18.39 12.1 15.09 19.27 4.51 10.09 23.12 23.45
36 23.86 20.00 11.3 18.82 2143 10.94 9.33 8.95 28.32
37 23.12 21.98 14.0 16.31 20.60 12.25 17.52 12.51 20.52
38 15.94 16.93 14.2 18.59 21.85 23.15 25.12 23.18 18.74
.00
2].00
7.00
0]
d M i [N
]
< 3,00 %N
T=N
3,00 —p— T
‘. M Tium

Mumber of neurons in hidden layer, N,

Figure 4 — Dependence of mean square error of the neural network from number of neurons are in hidden layer and dimension of
training sample set

© Molchanova V. S., Mironenko D. S., 2020
DOI 10.15588/1607-3274-2020-3-9

104



e-ISSN 1607-3274 Papioenexrponika, inpopmaruka, ynpasainss. 2020. Ne 3
p-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2020. Ne 3

Table 3 — The number of correct recognition Ukrainian words got by various tools

\Word Transcription Siri Google VoicelAlexa Cortana  |[Proposed  [Relative improvement in|
|Assistant tool recognition quality
Ylomx [ 0 9] 70 77 65 68 91 15.38%
M’ sikuit [M i akuii] 73 75 54 66 88 14.77%
(Croroui [c'oronH i] 77 78 56 37 89 12.36%
[Ipukmera [mpukMeral 65 70 67 76 87 12.64%
ITinconomxysay [MinconomkyBau] 82 75 45 55 30 -2.50%
Mepexa [Mepexa] 77 90 57 46 90 0.00%
Bigmycrtka [B'iznycTkal 30 74 45 36 88 9.09%
IbopoTsba [6opon"6al 75 70 65 50 83 9.64%
Micsiub [M'ic'an'] 79 81 74 55 02 11.96%
|Average 75,33 76.67 58.67 54.33 87.56 9.26
6 DISCUSSION proximation. It reduced the training sample dimension

In accordance with table 2, we can conclude that there
are several cases, when the best result is achieved. So, for
example, for a neural network, which number of hidden
layer neurons is in range from 24 to 27 neurons, optimal
dimension of training sample is 4 x N. If number of hid-
den layer neurons is 28 or 29, as optimal dimension of
training sample set will be 6N, and if number of hidden
layer neurons is 30 or 31, as optimal dimension of train-
ing sample set will be 7xN. In addition, the minimum
values of the neural network mean square error 0.08, 0.15
and 0.24 are highlighted in the table 2.

Further experiments are reduced to comparing imple-
mented neural network efficiency to efficiency of ready-
made tools available on market. It should be noted that
any instruments, able to recognize Ukrainian phonetics,
are not currently available on market. However, an at-
tempt to adapt tools, used for recognizing sounds in Rus-
sian, for recognition in Ukrainian was carried out. Ready
tools usually recognize not individual sounds but whole
words. These words are being formed by a sequence of
sounds, therefore, the neural network proposed in the pa-
per is able to cope with this task successfully. A spoken
word is considered recognized incorrectly if its transcrip-
tion differs from sequence of sounds got by neural net-
work.

On the basis of comparing efficiency of attempts to
adapt ready-made speech recognition tools to phonetic
features in Ukrainian and tool, proposed in the paper, we
can conclude advantages of the last one. So, in considered
examples, relative improvement in quality of recognition
is 12.3%. This is due to the initial orientation developed
neural network to recognition speech in Ukrainian.

CONCLUSIONS

Got result is satisfactory, so neural network, proposed
for recognizing sounds in Ukrainian, can be used to de-
velop a full-fledged system for voice control on Android
devices.

The scientific novelty of the obtained results is that
the method for optimizing data of sound waves formed by
pronunciation of sounds and their combinations in
Ukrainian was firstly proposed. The proposed method is
based on using only extreme values of sound waves char-
acteristics and obtaining intermediate data by linear ap-
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and increased the data processing speed without losing
quality of the result.

The practical significance of obtained results is that
digitized sound waves, are generated during pronouncing
separate sounds in Ukrainian, can be subjected to further
intellectual analysis in order to search elements of certain
device commands and their parameters. It is undoubtedly
a very important element in building a full-fledged inter-
face with voice control. However, considering this prob-
lem isn’t within the scope of this study.

Prospects for further research are to train the pro-
posed neural network to recognize whole words and col-
locations in Ukrainian and in other national languages.
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VIK 004.934.8:004.52
APXITEKTYPA TA AJITOPUTM HABYAHHS HEMPOHHOI MEPEXI JJIs1 PO3III3HABAHHSI F'OJIOCOBUX
CUTHAJIIB

MoutuanoBa B. C. — xanx. TexH. Hayk, foueHT kadenpu inpopmaruku IBH3 «IIprazoBchkuii fep kaBHAI TEXHIYHUH yHIBEpCH-
TeT», Mapiymnons, Ykpaina.

Miponenko [I. C. — kanx. TexH. HayK, 3aBinyBad kadenpu inpopmaruku JIBH3 «IIpra3zoBchkuii nepkaBHUI TeXHIYHUH yHiBep-
cuter», Mapiynoins, YkpaiHa.

AHOTALIA

AKTYyaJbHicTb. 3a3BHYaii B3a€EMOJisl KOPUCTYyBaya 3 MOOUIBHUM MIPUCTPOEM, HAMIPUKIIA, TeIePOHOM abo IUIaHIIETOM peatisy-
€ThCA 32 JIOTIOMOTOI0 TOpKaHb. OTHAK MOKIMBHI LMKAN PAJ CUTYyalidd, KOJIH 3AIHCHEHHS TAKOTO CIOCO0Y JIOIMHO-MAIIMHHOI B3a€-
MOJii BUSBJISIETBCA CKPYTHHM a00 HaBiTh HeMOXJIMBHM. Hampukinan, npu fesKux 3aXBOPIOBAaHHIX ONOPHO-PYXOBOTO amapary MOX-
JMBEe MOPYIIEHHS MOTOPHUKHU PYXIB, [0 B CBOIO YEPTy NPHU3BOJUTH J0 HEMOXKIMBOCTI IIOBHOI[IHHO BUKOPHCTOBYBAaTH HPHCTPIii, 1M0-
MUJIOK, BTPATH 4Yacy. Y Takill CHTyauil akTyalbHHM CTa€ MOIIYK albTepPHATUBHUX LUIIXIB B3a€MOJIl KOpUCTYBaya 3 cucTeMoro. Po3-
poOKa roocoBux iHTEpQECiB € OJHUM 3 HallOUIBII MEPCIIEKTUBHUX HAIIPSMKIB JaHOT poOOTH.

Merta focnifpKeHHs HoJisirac B po3po0iii MeToIy ONTHMI3alii JaHUX 3BYKOBHX XBHIIb 1 X 3aCTOCYBaHHI IIPU HaBYaHHI HEHPOHHOT
Mepexi JUIst PO3ITi3HaBaHHS OJIOCOBUX CHT'HAJIIB, YTBOPEHUX BUMOBOIO 3BYKiB YKPaiHCBKOIO MOBOIO.

Merton. [l peanizamii IpoeKTy 3alpOIIOHOBAHOI Y pOOOTI CHCTEMH, BUKOPUCTOBYETHCS MiXiM, 3aCHOBAHUH Ha aHANI31 ayIioCH-
THaJy 32 OpMOI0 YTBOPEHOIO M 3BYKOBOI XBHMIIi 1 CIIEKTPOTPaMH, a TaKOK 3aCTOCYBaHHI IITYYHHX HEHPOHHHUX MEpPEX y MpoIeci
nopaneioi kracudikamii Ta BUAIIEHHS OKPEeMHUX, XapaKTepHHUX A YKpaiHChKOi MOBH, 3BYKiB. HelipoHHa Mepexa sBsie co00r0
TPUIIAPOBUH MEPCENTPOH, CTPYKTYpa SIKOTO ITOBHICTIO aaNTOBaHa IMiJ 0COOIMBOCTI yKpaiHCEKOI (hoHeTHKH. BpaxoByeThest Xxapak-
Tep 3BYKOBOT XBHJI, sIKa YTBOPIOETHCS Mijl YaC BUMOBH TOT'O UM iHILIOTO 3BYKY, & TAKOXK KUIBKICTh PI3HOMaHITHHX 3BYKIB B yKpaiHCh-
Kiif (hOHEeTHII.

PesyabraTu. [IpoBesieHO psii €KCIEPUMEHTIB, COPSIMOBAHUX Ha BHOIp ONTHMAlIbHOT apXiTEKTYpH HEHPOHHOI Mepexi i po3mip-
HICTh HaBYAJILHOT BUOIPKHU. B SIKOCTI OCHOBHOTO KPUTEPIIO IpH OLiHII e)eKTHUBHOCTI HEHPOHHOT Mepeki BUKOPUCTOBYBAJIOCS CePe-
HBOKBaJpaTHYHE BIIXWICHHS ii HOMIIKU. B mporeci TecTyBaHHA Oyii0 BH3HA4YEHO KiJIbKa BapiaHTIB KOMOIHAIlIi mapameTpiB HEi-
POHHOT Mepexi, IPH SKUX AOCATaTuCS Halkpamii pe3ynbratd. [lopiBHAIbHAN aHai3 eEeKTHBHOCTI 3alPOIIOHOBAHOI B pOOOTI HEWl-
PpOHHOI Mepesxi i iICHyI0UHX Ha PHHKY iHCTPYMEHTIB pO3Ii3HAaBaHHS T0J0OCY II0Ka3aB MOJIIIICHHS BiIHOCHUX MOKa3HUKIB PO3Ii3Ha-
BaHHA Ha 9,26%.

BucnoBku. OTpumaHi B poOOTi pe3ysIbTaTé IOCIIPKEHb 1 apXiTeKTypa HeHpOHHOI Mepexki MOXKXyTh OyTH BHKOPHCTaHI miJ 4ac
peanizauii MOBHOIIHHOTO T0JI0COBOro iHTepdeiicy Uit MOOIIBHUX IPHUCTPOIB i YIpaBIiHHAM onepauiiHol cuctemu Android. He-
3Ba)kaloyM Ha Te, L0 poOOTa Opi€HTOBaHA HAa PO3Ii3HABAHHS MOBJICHHS YKPaiHCHKOIO MOBOIO, /el sIKi BUKOPHUCTOBYIOThCS Ul 11
peanizauii MOXXyTh OyTH BUKOPHCTaHI IPH TPaHCKPiOallii rojIocy Ha iHIIUX MOBaXx..

KJIFOYOBI CJIOBA: ronocoBuii inTepdeiic, ayiocursai, aMIUTiTyJa CHTHAIY, CIIEKTpOrpaMMa, HeHpOHHa Mepe)ka, HaBYallb-
Ha BHOIpKa, CepeIHbOKBAIPATHYHE BiIXUICHHS.

YK 004.934.8:004.52
APXHUTEKTYPA U AJITOPUTM OBYYEHHS HEMPOHHOM CETH JIJIs1 PACIIO3HABAHHUSI I'OJIOCOBBIX
CUT'HAJIOB

MougyanoBa B. C. — kana. TexH. HayK, goueHT Kapenpsl nHpopmatuku ['BY3 «IIpnasoBckuii rocy1apCTBEHHBIH TEXHHYECKUI
yHUBEpPCUTET», Mapuynonb, Y KpauHa.

Muponenko [I. C. — kanja. TexH. HayK, 3aBenyromuii kadeapsl nunpopmaruku ['BY3 «IIpua3oBckuii rocy1apcTBeHHbBIH TEXHU-
YEeCKUIl yHUBEpCUTET», Mapuynoib, Y KpauHa.

AHHOTAIUA

AxTyanbHOCTh. OOBIYHO B3aMMOJICHCTBHE TIOJIB30BATEIISI C MOOMIIBHBIM YCTPOHCTBOM, HallpuMep, Teae()OHOM M IUIAHIIETOM

peanmsyeTcst nocpeacraM kacaHuil. OmHAKO BO3MOXKEH LEINBIH PsiJi CHTyalHid, KOTrJja OCyIIECTBIEHHE TaKOro CIIoco0a 4eIoBeKo-
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MAIIMHHOTO B3aMMOJICHCTBHUS OKa3bIBACTCS 3aTPyIHATEIBHBIM MM ke HEBO3MOXKHBIM. HampumMep, Ipyu HEKOTOPHIX 3a00IeBaHUIX
OIIOPHO-ABUTATENIFHOTO armnapara BO3MOXHO HapylIeHHEe MOTOPHKHU JBHXKEHHH, YTO B CBOIO OYepe]b IMPHBOJIUT K HEBO3MOKHOCTH
HOJIHOLIGHHO HCIIOJIb30BaTh YCTPOMCTBO, OMIMOKaM, MOTEPH BPEMEHH. B CIOXKUBIIEWCS CUTyaluy aKTyalbHBIM CTaHOBHTCS IOUCK
IBTEPHATUBHBIX MHTEP(EHCOB B3aMMOACHCTBHS [0JIb30BATENSI ¢ CHCTeMOM. Pa3paboTka rojaocoBbix HHTEP(EiicoB SBISETCS OJHUM
13 Haubosee MepCreKTUBHBIX HANpaBleHUH TaHHOH paboTHI.

Ieap mccienoBaHUS COCTOMT B pa3pabOTKe METOJA ONTHMHU3ALNM JAHHBIX 3BYKOBBIX BOJH M MX NPHMEHEHU HPH O0ydUCHUH
HEWPOHHOH CeTH IS PACIO3HABaHUS FOJIOCOBBIX CHTHANIOB, 00Pa30BaHHBIX IIPOM3HOLICHHEM 3BYKOB Ha YKPAHMHCKOM SI3BIKE.

Metona. [{yis peanu3anuy IpoeKTa MPEATIOKEHHOI B paboTe CHCTEMBI, HCIOJIB3YeTCs MTOAX0MA, OCHOBAHHBIN Ha aHAIIN3E ayauo-
curHaia no gopme odpasyeMoil UM 3ByKOBOI BOJIHBI M CIIEKTPOTPAMMBI, a TAaKXKe IIPIMEHEHNH HCKYCCTBEHHBIX HEHPOHHEIX ceTel B
Iporecce IMocieayronei Kiaccu(rKauy 1 BEIIEICHHN OTACNBHBIX, XapaKTepHBIX JUIs YKPanHCKOW peun, 3BykoB. HeliponHas ceth
IpEeJCTaBIACT COOOH TPEXCIIOMHBII IEPCEeNTPOH, CTPYKTypa KOTOPOrO IOJHOCTBIO aJaNTHPOBAaHA I10J OCOOCHHOCTH YKPAaMHCKOH
(oHETHKH. YUIUTBIBAETCS XapaKTep 3ByKOBOH BOJIHBI, 00pa3yeMoii MpH MPOU3HOMIEHUH TOTO MIIM MHOTO 3ByKa, & TAKXKe KOJTMIECTBO
pa3sHOOOpa3HBIX 3BYKOB B YKPAUHCKOH (POHETHKE.

PesyabTatsl [IpoBeneH pan SKCIEPUMEHTOB, HAINIPABJICH Ha BHIOOP ONTHUMAJBHOW apXUTEKTyphl HEHPOHHOW CETH U pa3Mep-
HOCTh OOydaromeil BeIOOpKH. B KadecTBE OCHOBHOTO KPUTEPHS MpPU OLEHKE 3(PPEKTHBHOCTH HEHPOHHON CETH HCIOIB30BAJIOCH
CpeIHEeKBaApaTHIECKOe OTKIOHEHHE ee omunOKy. B mporecce TectupoBanust ObUIN OIpeeIeHbl HeCKOIBKO BapUaHTOB KOMOMHAIINI
IapaMeTpoB HEHPOHHOW CETH, NPU KOTOPBIX JOCTHTAINCH HAWIydIIue pe3yabTaTsl. CpaBHUTEIBHBIN aHamu3 3 (QeKTUBHOCTH MIpe-
JIO)KEHHOW B pabOoTe HEHPOHHOM CETH M CyLIECTBYIOIIMX Ha PhIHKE MHCTPYMEHTOB PAcHO3HABAHMS MOKa3ajl YIIy4IIeHUE OTHOCH-
TeJIbHBIX [IOKa3aTeliel pacro3HaBaHus Ha 9.26 %.

BriBoabl. [lonyueHHsle B paboTe pe3ysIbTaThl UCCIECAOBAHUN M apXUTEKTypa HEHPOHHON CETH MOTYT ObITh MCIOJIb30BaHbI MIPU
peanu3aluy MOJHOLEHHOTO T0JI0COBOro HHTep(elca Uil MOOMIBHBIX yCTPOMICTB, pabOTAIOIMX 1I0]] YIIPABICHUEM ONEpalliOHHON
cucrembl Android. HecmoTps Ha TO, 94TO paboTa OpHeHTHPOBaHA Ha PACIIO3HABAHUE PEUH HA YKPAUHCKOM SI3BIKE, UCIIOJIB3yEeMbIE TIPH
ee pean3ay HAEH MOTyT OBITh UCIIONB30BAHBI IIPU TPAHCKPHOAIIMH PEIH Ha IPYTHX S3bIKAX.

KJIIOUEBBIE CJIOBA: ronocoBoii uaTepdeiic, ayMocuryai, aMIUINTyla CHTHAJIa, CIIEKTporpaMma, HeHpoHHas ceTb, 00Y-
YajoImas BEIOOpKa, CPeJHEKBA[PATHIECKOE OTKIOHCHHUE.
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