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Abstract. This paper has been discussed the CTC-based approach of the E2E
model is used in speech recognition. The article discusses the steps of speech recognition
based on the CTC approach. It also reviews the types of problems encountered in speech
recognition and possible solutions when usinga CTC-based approach.
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I. INTRODUCTION

However, the creation of a speech
recognition system is a complex process
that requires a lot of professional
knowledge. In recent vyears, various
attempts have been made to reduce the
complexity of ASR in the hope of directly
displaying tagged speech. End-to-end
speech recognition is proposed. The end-
to-end technology has been applied in
many ways and has achieved remarkable
results.

End-to-end is a system that directly
maps a sequence of input acoustic features
into a sequence of phoneme or words. A
system that is trained to optimize criteria
that are related to the final evaluation
metric that we are interested in (typically,
word error rate).

CTC was proposed by Graves et al. [1]
as a way to train an acoustic model
without the need for frame-level
alignment. CTC allows you to train an
acoustic model without the need for
frame-level alignment between acoustics
and transcripts. CTC is superior to other
types of approaches in decoding speed.
But decoding accuracy remains directly
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dependent on the
pronunciation model.

1. MAIN PART

When using the CTC-based approach
of the End-To-End model in speech
recognition, it is necessary to use linear,
convolution, and recurrent neural
networks from direct deep learning
algorithms. Below are the steps to perform
speech recognition based on this
approach.

Step 1. Creating a property map from
the unwanted property  vector.
Convolution neural network uses, in order
to solve this problem. This architecture
serves to highlight the most useful of the
unwanted features. The working principle
of the CNN network architecture is fully
described in [4,6] literatures. There are
several layers in architecture, each of them
consists of its own filter core. The core of
the convolution processes the previous
layers along the fragment. The weight
coefficients of the filter core are not
predetermined (unknown) before, they are
set during the training process. The
scaling process is calculated using the
following formula (1):

language and
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a} = f (Ziem @l + ki +bf) (1)

Here a is the output value of the input
layer, k is the filter core, [ is the number
of output layers determined by the number
of filter core, i is the pitch of the core
movement at each calculation stage, M; is
the characteristic of the j card created on
the basis of different nuclei, b is bias and
f is the activation function in the formula
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(1). Usually a sigmoid or ReL.U uses as an
activation function.

A simple convolution network consists
of several residual CNN layers that
process input spectrogram images and
output feature maps. Usually, 2D type
CNN uses. We can see the location of the
CNN layers in the network, the visual
appearance of the input and output data in
Figure 1:

Feature maps

~
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Fig. 1. Creating a feature map using CNN

Step 2. The problem of continuity
(time dependence) of a point signal is
solved by using recurrent neural networks
that process feature maps that correspond
to the desired sequence of output
characters, a sequence of exact times, or
as "frames".

The recursive neural network takes
feature maps that are continuous images
of speech and converts them into discrete
values. If we describe this process
visually, it is as follows.

Bidirectional recurent neural networks
(BRNN, BLSTM) connect two hidden
layers in opposite directions to the same
output. Using this form of in-depth study,
the output layer can simultaneously
receive information from past (backward)
and future (forward) states. BRNN and
BLSTM use the pre- and post-context
data for each time step in the input
sequence to compute the output sequence
(Figure 2). This network will have two
separate hidden layers in the forward and
backward position.

Output layer

Hidden layers

Bidirectional LSTM fwv ”—P

Input layer

Fig. 2. Creating outputs over a recurrent network
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They calculate the values of the
forward layer util t = 1...N the iteration
and the hidden layer nodes t = N...1 the
iteration. The actions performed in the
reverse position are the same as in the
forward position. In BRNN, forward and
backward hidden cases are calculated and
combined using the following equations:

W= U(thfxt + Wrnrhe_sr + byr)
hPt = O'(thbxt + Wybpph, b + bhb)
Ve = softmax(h{thy +h? Wby, + by)

where h/t and h?¢ represent the position of
the hidden forward and backward layers,

Fully connected neural
network

function

Softmax activation

respectively, while W, and W
represent the weights in the forward and
reverse directions, respectively. The
output is generated from the sum of the
parameterized latent states at each time
step.

Step 3. Fully connected neural
networks use to produce the probabilities
characteristic for each time of LSTM
outputs. Neurons of optional size can be
used in the hidden layers of a two-layer
fully connected network.

The probability of a character at

each time moment
A |0.12]0.58 1003

M B |0.05| 0.82 —
Z [075 -

Fig. 3. Creating probability of characters

However, a neuron must be selected for
the maximum number of characters for the
existing language in the output layer (for
example, in Uzbek language there are 29
outputs. 26 of them are alphabetical
characters, three are special characters)

[8].

The created model takes speech
spectogram images and produces the
characteristic probabilities for each time
or “frame”.

Step 4. In each frame, the probability
of all the possible output characters is
quoted. The probability of meeting the
characters at each moment of time can be
seen in the following table (1).

In this step, CTC decoding operations
are performed. That is, the most probable
characters in each frame separates, one of
the repeated characters will be left, and a
special ‘-’ that separates the two
characters will be removed. If the model
defines the most probable sequence output
at each time moment, for example, “- -ka-
tt-t-o <b> <b> --uu-y”, where <b> is the
space representation symbol.

In the decoding process, after the first
operation, "-ka-t-t-o <b> -u-y", after the
second operation, the output sequence
"katto <b> uy" is formed. The correct
label did not appear after decoding. This
problem can be solved using the language
model [5].
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Table 1

The probability that characters will meet in each frame
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0.0

0000 00[00|00|00]00]00]0.0]O00

01]/00]00)00]|00]00)00]0.0]O00

0.0

00|00 /00]00|00|00]00]O00]|O00]DO0

00]00/00[00[{00|00]00]00]01

0.0

0000 00[00|00|00]00]00]0.0]O00

000000 00|00]00)01]0.0]00

0.0

00|00 /00]00|00|00]00]O00]O00]DO0

00]00]09 00|00]00)00]00]O00

0.0

00|00 /00]00|00|00]00]O00]|O00]DO0

00]/00/00[00{01]00]00]0.0]0.0

0.0

0000 00[00|00|00]00]00]0.0]O00

01]00]00)00]|00]00)00]0.0]O00

0.0

00|00/ 00]00|00|01]00]00]00]DO.0

00]/00/00[00[{00|00]|00]00]0.0

0.0

0000 00[00|00|00]00]01]0.0]00

000000 00|00]00)00]0.0]O00

0.0

06 | 00| 00)|00)|00)|00]00]|00]|00]0.0

00][00/00[00[00|00]|00]0.0]0.0

0.0

00]/0000[00|00|00]00]00]0.0]O00

00][00/00[00[00|00]00]00]0.0

0.0

00]/0000[00|00|00]00]00]0.0]O00

00,00 |00|00)|00|00]|]00]00]O0.0

0.0
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We can list the overall execution

sequence of this step as follows:

Leaving the characters with the greatest
probability at each time moment

CTC-

decoding Transcript

—

E:?‘

Fig. 4. Decoding sequence

The CTC layer is used in the training
process as well as in the decoding
function. This process is a bit difficult. We
will try to understand it below. First, let’s
look at how CTC can help solve problems.

The complexity of choosing a single
unit of frame length(or the difficulty of
setting frame boundaries) in order to
equate the length of the incoming data to
the length of the output values.
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In  speech recognition  systems,
incoming information is longer than
output. The main task of the CTC is to
maximize the input and output sequence.
If there are no clear limits for comparing
the input values with the values of the
output sequence, the difficulty of
calculating the error arises. This problem
can be solved using the CTC Loss
function [2,3,7].

The unique feature of CTC is that it
performs this automatically. It calculates
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the probability error of the network to
predict the correct label sequence. To do
this, the network looks at all the
predictable sequences and separates them
into subgroups that correspond to the
target transcript. The implementation of
this process can be illustrated in Figure 4.
To make it easier to understand from the
picture, we select the small-time moments
(number of frames). For example, if the
phrase “katta uy” is a target tag, we’ll look
at how CTC chooses paths based on the
number of frames as 11.

We can see this from the table above. It
is possible to re-adjust the network
parameters during training on the basis of

approaching 1 the probability that the
signs laying on the possible roads will
meet at the same time moment. It should
be noted that in the teaching of the
network are used sentences of different
lengths, consisting of different characters.
This makes it difficult for the CTC to
select possible mitigation pathways
during training.

The estimated paths should be the same
as the target label after the CTC decoding
operations. The CTC knows exactly the
lower and upper bounds of the paths that
can be pushed to the target label when
selecting paths.

CharaTI | o t t t t ts t t; tg tg | to
- OO~
Kk O *C ON
a O
- ‘O‘ O\
t e,
- O L ®) O~
t Q
- k
a
<b>
= R
u
y o W
N O—1»0
Upper
boundary k a t t a <b> u u
Under
boundary k a i ) ! a <b>| u y

Fig. 5. Shorten the paths in CTC decoding

The CTC therefore selects paths that
can be customized to the target label for
each unwanted information. To do this,
only the sequence of characters available
on the target label is added. Characters
that do not occur on the label are not
considered.

CTC Loss (error) is calculated during
network training. Proper operation of the

network is ensured by minimizing the
error. The calculation of the CTC error is
given in formula 2.

The CTC error for the unwanted x =
Xq,...,Xp acoustic properties and the

target word transcript o =ay,...,m\; is
described as follows.

Lere (6.@,%) =—log( . py(SK) =—log( . [Tps(SK ), @

§€SE)

SeS;t=1
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Here are the 6 model parameters. Paths
that can be bridged with S"-W. Itincludes
all scaling paths allowed by CTC, such as
s = s4,...,Sy. Each step here can be a st
class symbol or a blank character for t.
The correct path in the CTC topology for
a given configuration is the path that will
be the same as the actual shortcut after all
blank and sequential characters have been
deleted.

I11. CONCLUSION

In conclusion, CTC-based approach to
speech recognition is more efficient than
other types of E2E models in terms of
simplicity and decoding speed. CTC is
used as a basic acoustic model for modern
hybrid speech recognition approaches.

Currently, speech recognition tech-
nology based on end-to-end has achieved
remarkable results, but CTC-based end-
to-end speech recognition still needs a
language model to get better results.
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NCHOJb30OBAHME ITOAXOAA HA OCHOBE CTC MOAEJIN
END-TO-END 1JIs1 PACIIO3HABAHU S PEUN

Ouunos M.M.*
! TamkenTcKuii yHUBEpCHTET HHMOPMAIMOHHBIX TEXHOIOI N nMeHn MyxamMmaa
an-Xope3mu, TamkeHt, Y30ekuctan
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AHHOTaNUA. B smoii cmamve o6cysicoaemcs nooxoo ocnoganuwiii Ha CTC modenu
E2E, ucnonvzyemwiii 6 pacnosnaséanuu peuyu. B pabome paccmompenvl smanvi
pacnosnasanus peuu Ha ocrose CTC-nooxoda. Taxowce paccmampuearomcs munvl
npobniem, BO3HUKAOWUX NPU PACNOZHABAHUU peuU, U BO3MOJCHbIE PeueHUs C
ucnonvzosanuem nooxooa na ochose CTC.

KiarueBbie cioBa: End-to-End, nooxoo CTC, CNN, RNN, BRNN, CTC -

dekoouposatiue.

NUTOQNI ANIQLASHDA END-TO-END MODELINING CTC
ASOSIDAGI YONDASHUVIDAN FOYDALANISH

Ochilov M.M.%,
1 Muhammad al Xorazmiy nomidagi Toshkent axborot texnologiyalari universiteti,
Toshkent, O‘zbekiston
ochilov.mannon@mail.ru

Annotatsiya. Ushbu magolada nutgni aniglashda ishlatiladigan E2E modelining
CTC-ga asoslangan yondashuvi muhokama qilingan. Ishda CTC yondashuviga
asoslangan nutgni aniglash bosqichlari ko ‘rib o ‘tilgani. Shuningdek, nutgni aniglashda
duch keladigan muammolar turlarini va CTCga asoslangan yondashuvdan
foydalanishda mumkin bo ‘Igan echimlarni ko'rib chigalgan.

Kalit so‘zlar: End-to-End, CTC-asosida, CNN, RNN, BRNN, CTC-dekodlash.
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