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REALIZATION OF ONLINE SYSTEMS FOR AUTOMATIC SPEECH RECOGNITION

Abstract. Automatic speech recognition is a rapidly growing field in machine learning. Conventional
automatic speech recognition systems were built on the basis of independent components, that is an acoustic
model, a language model and a vocabulary, which were tuned and trained separately. The acoustic model is
used to predict the context-dependent states of phonemes, the language model and lexicon determine the most
possible sequences of spoken phrases. The development of deep learning technologies has contributed to the
improvement of other scientific areas, which includes speech recognition. Today, the most popular speech
recognition systems are systems based on an end-to-end (E2E) structure, which trains the components of a
traditional model simultaneously without isolating individual elements, representing the system as a single
neural network. The E2E structure represents the system as one whole element, in contrast to the traditional
one, which has several independent elements. The E2E system provides a direct mapping of acoustic signals
in a sequence of labels without intermediate states, without the need for post-processing at the output,
which makes it easy to implement. Today, the popular models are those that directly output the sequence
of words based on the input sound in real time, which are online end-to-end models. This article provides a
detailed overview of popular online-based models for E2Esystems such as RNN-T, Neural Transducer (NT),
Monotonic Chunkwise Attention (MoChA). Systems based on these models have been trained to recognize
Kazakh speech. The results obtained showed that all three models work well for recognizing Kazakh speech
without the use of external additions.

Key words: automatic speech recognition, end-to-end, RNN-T, neural transducer, monotonic chunkwise
attention.

Introduction. The creation of natural language human-machine interfaces and, in particular, automatic
speech recognition systems has recently become one of the main directions and tasks in the field of
artificial intelligence. Speech technologies provide a more natural user interaction with computing and
telecommunication systems compared to a standard graphical interface. Initially, automatic speech recognition
systems were developed for people with physical disabilities that face the difficulty of typing by hand.
However, at present, these systems are especially used in the everyday life of an ordinary person who wants
to make his life easier and eliminate the routine work of typing dictation, or writing a letter just by voicing
commands.

Converting sound into text for a person does not pose any difficulty and is a simple process, at the same
time for technology it is a very time-consuming task that requires a large amount of computation and power.
Nevertheless, over the past decades, this process has evolved rapidly with the advent of deep learning, and
the advent of affordable supercomputers.

Today the most popular speech recognition systems are based on end-to-end (E2E) structure models [1].
However, the conditions for the implementation of such systems are not so easy to satisfy for low-resource
languages, since data in the amount of thousands or more hours are required to obtain a high-quality speech
recognition system. However, the data question can be solved using the method of data augmentation [2].

66



ISSN 1991-346X 6. 2021

The main advantage of E2Emodels is not only high performance in terms of speed and accuracy of speech
recognition, but also their use locally on portable devices. Lately, there has been strong interest in training
E2Eprocess for ASR that directly output a sequence of words given the input sound. Streaming Speech
Recognition allows you to stream an audio stream into speech-to-text and obtain real-time stream speech
recognition results as the audio is processed. To implement such a system, online attention-based models
for E2Esystems are used, the most popular are RNN-T, Neural Transducer (NT) and Monotonic Chunkwise
Attention (MoChA).

In this article, we have carried out an overview of online models of E2Esystems. And they built a system
for recognizing Kazakh speech.

Materials and methods. Model Reccurent neural transducer. The Reccurent neural transducer (RNN-T)
was first mentioned in [3, 4] as a modification of the Connected Time Classification (CTC) model [5] for
sequence marking problems where the alignment between the input sequence x and the output targets / is
unknown. This is achieved in the CTC formulation by introducing an additional label, which is an empty
label, which generates the probability of outputting a label corresponding to a given input frame. However,
the main limitation of CTC is its assumption that the model output in a given frame is independent of previous
output labels, i.e. are independent: / tJllj | x for ¢<j.

The structure of RNN-T consists of following elements — an encoder [6], a joint and a prediction network;
as described in [7], the RNN-T model has a similar structure as in other E2Emethod architectures, like
an encoder with an attention mechanism, if the decoder can be represented as a connection between the
network prediction element and an internetwork. The RNN is an encoder that converts the input acoustic data
into a high-level intermediate representation, and performs the same function as AM in a standard speech
recognition system. Consequently, the RNN output is driven by the chain of previous acoustic data, as in
the CTC model. The task of RNN-T is to eradicate the conditional independence assumption in the CTC by
adding an RNN prediction network component that is explicitly driven by the predicted history of previous
non-empty model targets. For example, the prediction network takes the last non-empty label as input data to
cause the output data. Eventually, the jointnet work, which has a feed-forward network, combines the outputs
of the encoder and prediction networks to form logits. Thus, all this is conjugated by the soft max layer to
obtain the distribution over the next output character / word (Fig. 1).

The following acoustic frame X = (x,, ..., x) for each stage of output and a predetermined label / are
introduced into the RNN-T model, on the basis of which the generated element carries out the following
probabilities of output labels P (I|t, m). If the predicted label is not empty, then the prediction network is
updated with this label as input to generate the following probabilities of the output label P (/|t, m+1).
Otherwise, when there is an empty label, in this case, the nearest acoustic frame is used to update the encoder,
while keeping the same prediction network output, resulting in P (/|¢+1, m) [8]. Therefore, this model transmits
the obtained recognition results to the stream, while simultaneously changing the encoder and the prediction
network, depending on whether the predictable label is empty or non-empty. Data output is interrupted when
a space is output at the last frame.

The most likely sequence during the final inference of labels is computed using a ray search as described
in [7], with a minor change that simulates the algorithm to be less resource intensive without sacrificing
performance: bypass the prefix summation in pref (/) if multiple hypotheses are not are identical.

Sequence of words

?

Softmax

I

Joint network

/\

Encoder Prediction
? network ¢
?
-mnuunwn\i\W'Mluwmw-« I

Figure 1-Structure of RNN-T
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Consideration should be given to the fact that compared to other streaming encoder-decoder architectures
like the Neural Transducer, the prediction network is independent of the received encoder information. This
advantage makes it possible to train the decoder as a language model on data.

Neural Transducer. The Neural Transducer (NT) can generate some of the output signals as blocks of input
data arrive, thus satisfying the online condition.

A speech transformer usually consists of an encoder that converts acoustic inputs to high-level
representations and a decoder that produces linguistic output, which is characters or words from encoded
representations. The problem is that the input and output sections are of variable (also different) length, and
usually no alignments are available between them. Sonneural transducers must study both the classification
from acoustic performance to linguistic predictions and the agreement between them. The sensor models
differ in the composition of the classifier and leveler [9].

More formally, given the input sequence x = (x, .., x,) of length I, and the output sequence y = (y, ...,
y,) of length I, and each yu is a I-dimensional one-time vector, the transformers simulate the conditional
distribution p(y | x). The encoder maps the input x to a high-level representation 2 = (h, ..., h,!), which may
be shorter than the input (T'<T) downsampled in time (Figure 2). The encoder can be built using feed-forward
neural networks (DNN), recurrent neural networks (RNN), or convolutional neural networks (CNN). The
decoder determines the alignment and display from /4 to y [10].

—> Tranducer —]V Tranducer —>
! ! /—\ ! /\/
3 3 Encoder 3 3
S R
X X e U X L X

Figure 2 —ArchitectureNeural Transducer

In [11], in the problem of TIMIT phoneme recognition, a neural converter with a three-level unidirectional
LSTM encoder and a three-level unidirectional LSTM converter achieved an accuracy of 20.8% phoneme
error rate (PER), which is close to the ultra-modern for unidirectional methods. Moreover, it was also set up
that with good matches, the model can reach a PER of 19.8%.

Monotonic Chunkwise Attention.To develop a MoChA model, it is first necessary to study well the structure
of the model from sequence to sequence (seq2seq) and the most common form of soft attention used with it
(described in [12, 13]).

The MoChA model computes context using two types of attention: hard monotonous attention and soft
piecemeal attention (Figure 3).

00000000 d®000000 EHOOO000
e00@0@00 O 0000 Sfﬁoooo
0000000® O0OH®000
00000000 0O000eD00
00000000 0000 O

a) soft attention b) hard monotonic attention c¢) monotonic chunkwise attention

Figure 3 -Model Monotonic Chunkwise Attention

MoChA allows the model to perform soft attention on small chunks of memory prior to where the hard
monotonous attention mechanism chose to be present. It also has a learning routine that allows it to be applied
directly to existing sequence-to-sequence (seq2seq) models and trained using standard backpropagation
of the error. In [14], it was shown that MoChA effectively narrows the gap between monotonous and soft
attention in speech recognition on the Internet and provides a relative improvement of 20% compared to
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monotonous attention in summarizing documents. These advantages entail only a small increment in the
number of parameters and computational costs.

In [15], a MoCha-based approach was used for streaming speech recognition, resulting in a WER of
9.95%. It has been experimentally shown [16] that MoChA provides the highest performance in solving
speech recognition problems on the Internet and is significantly superior to the rigid monotonic model based
on attention.

Results. Corpus for training. To train the RNN-T model, a speech corpus was chosen, which contains more
than 300 hours of speech, collected in the laboratory “Computer Engineering of Intelligent Systems” of the
Institute of Computer Engineering of the Ministry of Education and Science of the Republic of Kazakhstan
[17]. This corpus consists of records of Kazakh speakers of different sexes and ages; telephone conversations
with transcriptions; some of the recordings were taken from news sites and audiobooks of art.

Corpus data augmentation. To increase the size of the data, the Voice conversion (VC) method proposed
in [2] was applied. The speed and tempo of the audio data have been changed without changing the content.
Thus, the size of the body was increased to approximately 380 hours of speech.

Experiments. To extract features from audio data, the method of chalk-frequency cepstral coefficients was
applied [18].

To the model based on RNN-T recurrent neural networks, like LSTM and BLSTM with six layers [19], for
NT and MoChA BLSTM also have six layers.

The initial learning rate coefficient was set to 10e-5. Dropout was used for each output of the recurrent
layer as a regularization and is equal to 0.5. For our model, we used a gradient descent optimization algorithm
based on Adam [20].

To measure the quality of the speech recognition system, the WER metric was used - the number of
incorrectly recognized words, which is determined by Levenshtein distance [21].

Table 1 — Results of work of online E2Emodels on the main and extended corpus

Model WER, % Data volume, h
RNN-T 15.8 300
14.3 380
NT 15.6 300
14.2 380
MoChA 14.9 300
13.7 380

The results showed that the MoChA model for the Kazakh language works well compared to other models.

Discussion. During the experiment, corpuses with two data volumes were used. The increase in data has
led to improved speech recognition accuracy. The MoChA model meticulously outperformed the RNN-T and
NT models by 4% and 3%, respectively. On the other hand, it took a very long time to tune the MoChA model,
as it consists of many parameters. Additional components such as language model and phoneme dictionary
were not applied.

In fact, the results obtained are approximately the same for these models, which can be said that all three
approaches do a good job with speech recognition with a limited set of data.

These approaches were built on the basis of bidirectional networks and do not have a consistent trend in
recognition, and are adapted for real-time speech recognition, so there is no need to wait for audio speech
recording. Given this advantage, these models can be applied and implemented in various devices and systems.

Conclusion. In this paper, the architecture of online models for automatic recognition of Kazakh continuous
speech, which uses self-attention components, was considered. The considered model is easier to implement
and the learning process can be reduced by parallelizing the processes. The MoChA-based model showed
better results in Kazakh speech recognition in terms of WER indicators than the RNN-T and NT models. This
proves that the implemented model can be leveraged to other low-resource languages. In addition, the results
obtained were approximate and it allows the conclusion that all three approaches do a good job with speech
recognition with a limited data set.

In this case, in the future, such models will make it possible to recognize high-quality continuous speech
in real time using less computing power, while having higher performance than other APP models.
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In further research, it is planned to conduct experiments with other types of E2Emethods for speech
recognition with limited training data.
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ABTOMATTbBI COMJIEV/II TAHY YIITH OHJAWH MOJEJBIEPII KOJIIAHY

Annoranus. Celiyiey/i aBTOMaThl TaHy — MaIlIMHAJIBIK OKBITYIaFbl KAPKBIH/IBI IAMBIIT KEJIe )KaTKaH caja.
KrnaccukabiK aBTOMATTBI TYPAC COUNEY/II TaHy KYHenepi Toyeci3 KOMIOHSHTTEp HETI31H/1e KYPacThIPBUIFaH,
OYJT aKyCTHKAIBIK MOJICTTh, TIJIJIIK MOJIEITh KOHE CO3TIK, 0Jiap 06JICK peTTeNe/ i )KOHE OKBITHUIAIbI. AKYCTHKAIBIK
MoJieNb (hoHeMasapAblH KOHTEKCTKE TOyelNl KyiiepiH Ooipkay YIIiH KOJIAHBLUIAABI, TULIIK MOJEIbh MEH
JISKCHKA aybI3IIa CO3 TIPKECTEPiHIH €H MYMKIH Ti30€TriH aHBIKTaWbl. TepeH OKBITY TEXHOJIOTHSIIAPBIHBIH
JaMybl COMIIeyli TaHyIbl KAMTUTBIH 0acKa J1a FEUIBIMHA OaFbITTapIIbIH KETULAIpiTyiHe BIKMAN eTTi. byriHri
TaHJa €H TaHbIMaJl COWJICY/l TaHy XKyWerepi KyieHi OipTyTrac HeMpPOHIIBIK JKelli PEeTiHIEe KOPCETETiH JKeKe
SIIEMEHTTEP/lI OKIIaynaMai Oip yakpITTa JOCTYPJi MOJCNBIIH KYpaMaacTapblH JKATTHIKTBIPYFa apHaJFaH
uHTerpanisl (end-to-end) KypbUIbIMFa Heri3medreH >xyhesep. MHrerpanisl KypblibIM OipHeIIE TOyelci3
AJIEMEHTTEPi 0ap KIIAaCCUKANIBIK KYPBUTBIMHAH aiiblpMalIbUIBIFBI )KYHEHi Oip OYTiH 2JIEeMEHT peTiH/Ie KOpCeTe/i.
Bipikripinren xyle apanblk KyHIiepi »OK KarcblpManap Ti30eriHjeri JpI0bICThIK CUTHAJIAAP/ABI MIbIFapy
Ke3iHJIe KeHiHT1 OHAeyl KaKET ETIECTEeH TiKelleH KeCKiHACYAl KaMTaMachl3 €Telli, OYJI OHBI KY3€ere achIpyIbI
xeHuaerenil. byridri TaHma TaHbIMAaT MOJENbBJIEP HAKTHI YaKbIT PEKUMIHAE Kipic ABIOBIChIHA HETi3/IeNIeH
ce3lep Ti30eriH TikeNel IIBIFapaThiH MOJENbIEP OOJNBINT TaOBLIA/bI, OJIAp OHJIAWH MOJIENbJEP OOJBII
tabbpianbl. by makamama RNN-T, Neural Transducer (NT), Monotonic Chunkwise Attention (MoChA)
CHSIKTBI MHTETPAJI/IbI JKYHesepre apHalFaH TaHbIMA OHJAWH HETi3Ae]reH MOJENbCPre IOy JKacaaabl.
Ocsl MoJenbJiepre HETI3IENTeH KYyienep Ka3aK TUTH TaHy YIIiH OKBITBULIBI. AIIBIHFAaH HOTHXKENEp Ka3ak
TITIH CBIPTKBI KOCHIMINIATap bl KOJIaHOal TaHy YIIIiH YIII YITiHIH /1€ KaKChl )KYMBIC ICTEUTiHIH KOPCETTI.

Tyitinai ce3aep: co3si aBTOMATThI TaHY, HHTETPAIABIK MOJICNb, PEKYPEHTTI TpaHCHOPMATOp, HEHPOHIBIK
TpaHchopmarop, OeIiKTeperi MOHOTOH/IBI 3eHiH.

Mawmbip6aeB O.K."", OpanbekoBa J1.0."%, Anumxan K.'?, Othman M., ’Kymaxkanos B.!

"MucTuTyT MHDOPMAIIMOHHBIX U BEIaUCIUTENbHBIX TexHoMornit KH MOH PK, Anmarsl, Kazaxcran;
2 SatbayevUniversity, Anmarsl, Kasaxcran;
3 EBpaswuiickuii HaroHanbHbIi yHuBepcutet umenu JILH. I'ymusesa, Hyp-Cynran, Kazaxcran;
“Universiti Putra Malaysia, Kyana-JIymmyp, Manaiizusi.
E-mail: morkenj@mail.ru

PEAJIN3ALIAA OHJTAMHOBBIX MOJIEJIEN JIJISI ABTOMATHYECKOI'O
PACIIO3HABAHUSA PEUH

AHHOTanus1. ABTOMaTHYECKOE PACIO3HABAHUE PEUM SIBISIETCS] CTPEMUTEIILHO Pa3BUBAIOLICH 00IacThIO
B MAalIMHHOM OOy4yeHuH. OOBIYHBIE CHCTEMbl aBTOMATHUECKOTO pACIO3HABAHUS PEYH CTPOMIIUCH Ha
OCHOBE HE3aBHCHUMBIX KOMIIOHEHTOB, 3TO — aKyCTHUECKasi MOJICIIb, SI3BIKOBASI MOJIEIIb U JIGKCUKOH, KOTOPBIE
HACTpaMBajJHCh W OOyYalIHMCh MO-OTAENBHOCTH. AKYyCTHYECKas MOJIENb NMPUMEHSETCS AJsl NMpelcKa3zaHus
KOHTEKCTHO-3aBUCHMBIX COCTOSIHUH (DOHEM, SI3BIKOBAsI MOJIEIIb M JICKCUKOH ONIPEEIISIOT HanOoee BO3MOXKHBIE
MOCIIeI0BAaTEIbHOCTH MPOM3HOCUMBIX (pa3. PazBuTre TeXHOIOTHH ITyO00KOro 00y4eHus criocoOCTBOBAIO K
VAYUIICHNIO JPYTHX Hay4YHBIX HAlpaBJIeHUH, B KOTOPBIH U BXOAUT pacrno3HaBaHue pedn.Ceroans Haubosee
MOIMYJISIPHBIMA CUCTEMaMH PacllO3HABaHUsI PEUH SBIISIOTCS CUCTEMbl HAa OCHOBE MHTErpajbHOM (end-to-
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end) cTpyKTypsl, KOoTopas o0y4aeT KOMITOHEHTBHI TPaJUIIMOHHOW MOJENM OJHOBPEMEHHO O€3 BBIJICICHUS
OTHENbHBIX 3JEMEHTOB, NPEICTABISASl CUCTEMY OJHOM HEUpPOHHOM ceThlo. MHTerpanbHas CTpykTypa
[PEICTABISICT CUCTEMY KaK OJIMH LIEJIBIA MIEMEHT B OTJIMYME OT TPAJULIUOHHON, KOTOPask UMEET HECKOIBKO
HE3aBHCHUMBIX 3JeMEHTOB. MHTerpanpHas cucTeMa OCYIIECTBISET NMPSMOE OTOOpaKEHHE aKyCTHYECKHX
CHTHAJIOB B TIOCJICAOBATEIILHOCTH METOK 0€3 MPOMEKYTOUHBIX COCTOSIHHMN, 6€3 HeOOXOIUMOCTH BBITIOIHATh
MoCIenyoNyl0 00padOTKy Ha BBIXOZE YTO JeNlaeT ee JIeTKoW Ans peanu3anud. Ha ceromusimHWid 1eHb
MNONYJISIPHBIMU CTAHOBSITCSI T€ MOJEJHU, KOTOPBIE HAMPSIMYIO BBIBOJST MOCIEAOBATEIBHOCTh CJIOB C YYETOM
BXOJIHOTO 3ByKa B PEXHME PEaTbHOI0 BPEMEHH, YTO MPEICTABISAIOT cOO0H OHiaifHOBBIE Mojenu end-to-
end. B manHO# cTaThe pacCMOTPEH MOAPOOHBIN 0030p MOMYJSPHBIX OHJIANH MOJAETEH IS MHTErpaTbHbBIX
cucreM, Takue kak RNN-T, Hetiponnsiii mpeobpaszosareins (Neural Transducer; NT), MOHOTOHHOE BHUMaHUE
no ¢parmentam (Monotonic Chunkwise Attention; MoChA). CuctemMbl Ha OCHOBE ITHX MOJEICH ObLIH
oOydeHBI 1JIsl paclo3HaBaHMs Ka3axckod peud. llomyueHHbIe pe3ynbTraThl MOKa3ai, YTO BCE TPH MOICIH
XOPOIIIO paboTarOT /IS PAcIO3HABAHUS Ka3aXCKOW pedn 0e3 MPUMEHEHUS BHEITHUX JTOTIOJTHEHUH.

KuroueBble cj10Ba: aBTOMATUYECKOE PACIIO3HABAHWE PEYM, WHTErpajbHasi MOJEIb, PEKYPPEHTHBII
npeoOpa3oBarelb, HEHPOHHBIN MpeodpazoBaTelib, MOHOTOHHOE BHUMAHUE T10 YaCTSIM.
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