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MODERN TRENDS IN THE DEVELOPMENT
OF SPEECH RECOGNITION SYSTEMS

Abstract. This article presents the main ideas, advantages and disadvantages of models based on hidden
Markov models (HMMs) - a Gaussian mixture models (GMM), end-to-end models and indicates that the end-to-end
model is a developing area in the field of speech recognition. A review of studies that conducted in this subject area
shows that end-to-end speech recognition systems can achieve results comparable to the results of standard systems
using hidden Markov models, but using a simpler configuration and faster operation of the recognition system both
in training and in decoding. An analytical review of the varieties of end-to-end systems for automatic speech
recognition is considered, namely, models based on the connection time classification (CTC), attention-based
mechanism and conditional random fields (CRF), and theoretical comparisons are made. Ultimately, their respective
advantages and disadvantages and the possible future development of these systems are indicated.
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1. Introduction

Automatic speech recognition (ASR) is now widely used in our daily life. ASR can help people with
disabilities interact with society. ASR is used in such areas as the automated user interface, mobile device
management, information services and access control interfaces [1].

The purpose of ASR is identify the sequence of acoustic input X = {x1, —, xt} of length T as a
sequence ofwords W= {wl — wn} oflength N. The task of ASR is to find the most probable sequence of
words W from given X. This can be represented as follows [2]:

W =argmax *p (W | X). Q)
Wey*

Therefore, the main work of ASR is to create a model that can accurately calculate the posterior
distribution p(W|X).

In the task of recognizing continuous and long speech, a model based on the Hidden Markov Model
(HMM) was one ofthe best-known method. Even today, the best speech performance still comes from the
HMM-based model combined with deep learning methods (hybrid models). At the same time, deep
learning methods also simulated the emergence of an alternative, which is an end-to-end (E2E) model.
This model, compared with HMM, uses one model to match directly sound to words. It replaces the design
process with a learning process and does not require special knowledge in this area. Therefore, it is easier
to create and train the E2E model. According to these advantages, the E2E model is quickly attracted
much attention as a powerful method in the field of continuous speech recognition.

This article provides a detailed overview ofthe E2E model, as well as a brief comparison between the
HMM-based model and the E2E model, an analysis of the various paradigms of E2E models and a
comparison oftheir advantages and disadvantages. First, consider the main methods of speech recognition.
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2. The main methods of speech recognition

2.1 Speech Processing Methods

Currently, there are several basic approaches for ASR.

The standard process for automatic speech recognition consists of the following steps:

- Feature extraction from the input signal.

- Acoustic modeling.

- Language modeling.

- Decoding sequence.

The most important parts of a speech recognition system are feature extraction methods and
recognition methods. Feature extraction is a process that extracts a small amount of data from a signal [4].
At the beginning, the original signal is converted into feature vectors, based on which classification will
then be performed. This step includes the following steps:

- conversion of the signal into digital form;

- the use of various filters to suppress noise;

- highlighting the boundaries of speech;

- extraction of signal features [5].

The most popular extraction features methods are the Mel Frequency Cepstral Coefficients (MFCC)
and the linear prediction cepstral coefficients (PLP). MFCC is an audio function extraction method that
extracts the speaker’s specific parameters from speech [6]. MFCCs are extracted from speech signals
through cepstral analysis. The input signal is first formed and processed in the form of a window, then the
Fourier transform is taken and the value ofthe resulting spectrum is deformed according to the Mel scale [7].

By using the obtained feature vectors, it is necessary to determine which sound or sequence of words
was in the original signal. Widespread methods of automatic speech recognition (ASR) are hidden Markov
models (HMM) and neural networks (NN) [5].

2.2 Standard Speech Recognition System. HM M-based model

For a long time, the HMM-based model was the main model for continuous speech recognition with a
large dictionary with better recognition results. In general, an HMM-based model can be divided into three
parts; each of them is independent of each other and plays a different role: acoustic, pronunciation and
language model. The acoustic signal of speech is modeled by a small set of acoustic units, which can be
considered as elementary sounds of the language. The traditionally chosen unit is a phoneme, so the word
is formed by combining them [8]. The pronunciation model, which is usually created by professional
human linguists, is used to achieve a correspondence between phonemes (or sub-phonemes) and
graphemes. The language model maps a sequence of characters into free final transcription [9].

The HMM mechanism was used in all of these three parts. However, an HMM-based model
emphasized the use of HMM in an acoustic model. In this HMM, sound was observation, and feature was
a latent state. For an HMM that had a set of states {1, —, J}, the HMM-based model used the Bayesian
theorem and introduced the sequence of states HMM S = {stE {1, — J} |t = 1, — T} and expanded

p(L | X).

LEy* LEy*
= argmax p(L,X)
LEy*

LEy*

LEy*
=argmax | p(X]|S,L)p(SIL)p(i) (2)
LEy*
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According to the conditionally independent hypothesis, we can approximate p (X | S, L) «p (X | S),
therefore
argmax p(L|*) ~argmax £sP(A'[5") p(SIL) p(L) 3)
Ley™* Ley*

p(X|S),p (S]|L), and p (L) in equation (3) correspond to the acoustic model, pronunciation model, and
language model, respectively.

- The acoustic model P (X | S) indicates the probability of observing X from a hidden sequence
S. According to the rule ofthe chain of probabilities and the hypothesis of independence of observations
in HMM (observations at any time depend only on the latent state at thattime), P (X | S) can be laid out in
the following form:

ptflS) = nr=iP(xt|xl...xt. 1,S) * n[=iP(xt]st) (4)

In the acoustic model p (xt | st) is the probability of observation, which is usually represented by the
Gaussian Mixture Model (GMM). The distribution of the posterior probability of the latent state p (st | xt)
can be calculated using the method of deep neural networks (DNN). These two different calculations of P
(X | S) lead to two different models, namely HMM-GMM and HMM-DNN. Over time, the HMM-GMM
model has been a common framework for speech recognition. With the development of deep learning
technology, DNN is being introduced into speech recognition for acoustic modeling. The role of DNN is
to calculate the posterior probability of the state of the HMM, which can be converted into probability,
replacing the usual probability of observing GMM [10]. Thus, the HMM-GMM model turns into an
HMM-DNN, which achieves better results than the HMM-GMM, and becomes a modern ASR model.

In an HMM-based model, different modules use different technologies and play different roles. HMM
is mainly used for dynamic time warping at the frame level. GMM and DNN are used to calculate the
probability of emission of latent HMM states. The building process and the mode of operation of the
model based on HMM determines whether they encounter the following difficulties in practical use [11]:

- The training process is complex and difficult for global optimization. An HMM-based model often
uses different training methods and data sets to train different modules. Each module is independently
optimized using its own target optimization functions, which usually differ from the true criteria for
evaluating the performance of continuous speech recognition. Thus, the optimality of each module does
not necessarily mean global optimality.

- Conditionally independent assumptions. To simplify model building and training, an HMM-based
model uses assumptions about conditional independence within HMM and between different modules.

2.3 End-to-end ASR models

End-to-end (E2E) automatic speech recognition is a new paradigm in the field of speech recognition
based on a neural network, which offers many advantages. Traditional “hybrid” ASR systems, which
consist of an acoustic model, a language model, and a pronunciation model, require separate training for
these components, each of which can be complex. For example, training an acoustic model is a multi-stage
process oftraining a model and aligning the time between a sequence of acoustic characteristics of speech
and a sequence of labels at the output. The E2E ASR, by contrast, is a single integrated approach with a
much simpler learning pipeline with models that work with low audio frame rates. This reduces training
time, decoding time and allows joint optimization with subsequent processing, such as understanding of a
natural language.

However, modern E2E ASR systems also have some limitations:

Firstly, E2E ASR systems require more training data than ASR hybrid systems to achieve a similar
word error rate (WER). This is because E2E ASR systems tend to exceed training data when they are
limited.

Secondly, Connectionist Temporal Classification (CTC), a popular version of the E2E ASR, is not
amenable to ‘student-teacher’ training, which is useful for deploying high-precision ASR systems with
time-out limits [ 12].

The end-to-end model can be divided into three different categories depending on their smooth
alignment implementations: CTC, attention-Based Models, the model, based on Conditional Random
Fields (CRF).
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2.3.1 End-to-end model based on Connectionist Temporal Classification

Although the HMM-DNN hybrid model still has the most up-to-date results, the role of DNN is
limited. It is mainly used to model the probability of an a posteriori state of the latent state of HMM,
presenting only local information. The temporary domain function is still modeled by HMM. By trying to
simulate objects in the time domain using RNN or convolutional neural networks (CNN) instead of HMM,
he encounters the problem of data alignment. The loss functions of both RNN and CNN (Convolutional
Neural Networks) are determined at each point in the sequence, therefore, to provide training
opportunities, need to know the alignment relationship between the output RNN sequence and the target
sequence [13].

The CTC process can be thought of as including two subprocesses: calculating the probability of a
path and aggregating a path. In these two subprocesses, the most important is the introduction of a new
blank label (“-”, which means no output) and an intermediate path to the concept.

By solving these two problems, CTC can use a single network structure to map the input sequence
directly to the label sequence and implement end-to-end speech recognition.

For a given input sequence X = {x1 —, xt } of length T, the encoder encodes it into a sequence of
signs F = {fi, —, fr } of length T for any t, ft - this is a vector whose dimension is greater than the number
ofelements in the dictionary y, i.e., fteR 1YL

CTC acts on the sequence of signs F = {f1, —, fr}. Through the softmax operation, CTC transforms it
into a probability distribution sequence Y = {y1l — y7}, yt = {y\, — y t Y+:|}, where y\ indicates the
probability that the output signal at time step t is the label i, yt [Y+Llindicates the probability of outputting
an empty label attime step t.

Let y' =y U {b}, yTdenote the set of all sequences of length T defined in the dictionary y' In
combination with the definition of yk, we can conclude that for a given input sequence X, the conditional
probability distribution of any sequence n in the sety'Tis calculated as equation (5):

p(.M\X) = nJ=1lyf,Vvn ey'T (5)

where n represents the label at position t of the sequence n. An element in y'Tis a path and is represented
as n.

After the calculation process described above, the input sequence {x1, —, xt} is mapped onto a path n
of the same length, and the conditional probability n can also be calculated in accordance with equation
(5). In this mapping process, each input xt frame is mapped to a specific label m. This might be thought
that mapping an input sequence to a path is actually a tightly coordinated process.

From the process of calculating equation (5), we can see that there is a very important assumption,
which is an assumption of independence: the elements in the output sequence are independent of each
other. Any time step whose label is selected as the output does not affect the distribution of marks at other
time steps. On the contrary, in the coding process, the value of yk is influenced by the speech context
information in both historical and future directions. That is, CTC uses conditional independence
conditions in language models, but not in acoustic models. Therefore, the encoder obtained by training
CTC is essentially and completely an acoustic model that is not capable of modeling the language.

Lety < T denote the set of all label sequences defined in the dictionary y whose length is less than or
equal to T, and path aggregation is defined as a function of the map O: L'TAL<T. It maps paths in y'T
(that is, a path) to a real label sequence iny <T. Aggregation of O paths mainly consists oftwo operations:

1. The union of the same adjacent labels. If consecutive identical marks appear in the path, combine
them and leave only one of them. For example, for two different paths “d-oo-t-” and “d-o-tt-”, they are
aggregated in accordance with the above principles to obtain the same result: “d-o-t-".

2. Removing the empty “-” mark in the path. Since the “-” label indicates no output, it should be
deleted when the final label sequence is generated. The above sequence “d-o-t-” after aggregation in
accordance with this principle becomes the final sequence “dot”.

In addition to obtaining a sequence of labels corresponding to these paths, aggregation is also aimed
at calculating the probability of a sequence of labels. We use O-1 (L) to represent the set of all paths in y'T
corresponding to the sequence of labels L, then, obviously, given the input sequence X, the probability p
(L | X) for L can be calculated as in equation (6):

p(L\X) = Ilweo-i()POW (6)
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Obviously, the calculation of the probability L is differentiable. Therefore, after obtaining the
probability ofthe label for training the model, it can be used the back propagation method ofthe error.

However, there is still difficulty in calculating equation (6). Although p (n | X) is easy to calculate, it
is difficult to determine which and how many paths from y'T are included in O-1 (L). Consequently, this
equation is not actually used to calculate p (L | X). Its operational method of calculation is the forward and
reverse algorithm.

The advent of CTC technology greatly simplifies the design and training of continuous speech
recognition models. No longer required experience to create various dictionaries; this eliminates the need
for data alignment, allowing us to use any number of layers, any network structure to build an end-to-end
model that maps sound directly to text [14].

One of the great benefits of CTC is that it eliminates the need to align data segmentation, so deep
learning techniques such as CNN and RNN can play an increasingly important role. Network models with
different structure and depth were introduced in the end-to-end ASR and achieved better results.

2.3.2 Attention-Based Model

An alternative approach to the end-to-end mapping between speech and tag sequences is to use an
encoder-decoder architecture based on the attention mechanism [15]. This architecture has two separate
subnets. One of them is the encoder subnet, which converts the sequence of acoustic features into a
sequential representation of the length T. Based on this encoded information, the decoder subnet predicts a
sequence of labels whose length L is usually less than the input length. The decoder uses only the relevant
portion of coded sequential representations to predict the label at each time step using the attention
mechanism.

The encoder is implemented as a multilayer bidirectional recurrent neural network (RNN), such as
Long short-term memory (LSTM), and the decoder usually consists of a 1st level unidirectional RNN,
followed by the output layer softmax. The structure ofthe attention-based model is shown in figure 1 [16].

Features {xi,.... xt }
Figure 1- Attention Mechanism Model
The attention-based model is formulated as follows. The encoder converts X into intermediate

representation vectors H = (hb .., hi). At the next stage of decryption, activation of the latent state
(memory) ofthe RNN-based decoder at the I-th time step is calculated as:

Si = Recurrency(sl_L1,gl,yl_1) )

where gl and y - denote a “glimpse” at the I-th time step and the predicted mark at the previous step. The
glimpse glis a weighted sum of the encoder output sequence as

9i = It aitht (8)
where ait - weight of attention ht and calculated as
elt = Score(sl_1,ht,al_1) (9)
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alt = yEeRGiw) (#0

The encoder-decoder method that use the attention mechanism does not require preliminary data
segmentation. With attention, it can implicitly learn the soft alignment of input and output sequences,
which solves a big problem for speech recognition [17].

The encoder plays the role of an acoustic model, which is the same as in CTC models, RNN
converters, and even hybrid HMM-DNN models. Thus, he faces the same problems as they, and their
solutions are the same. However, when the encoder is combined with attention, new problems arise [18].

A serious problem caused by the combination of encoder and attention is delay. Since attention is paid
to the entire sequence of coding results, it is necessary to wait until the encoding process is fully
completed before it can start working, so the time spent on the encoding process will increase the model
delay. In addition, an encoder that does not reduce the length of the sequence will have a sequence of
encoding results that is much longer than the target label sequence (for the input speech sequence is much
longer than for transcription) [19]. This leads to two problems: on the one hand, a longer sequence of
encoding results means more attention, thereby increasing the delay; on the other hand, since speech is
much more than transcription, the sequence generated by the encoding process without sub-sampling that
will bring a lot of redundant information to the attention mechanism.

Similar to the development trend in models based on CTC and RNN converters, to improve the
encoding capabilities, the encoder in attention-based models is also becoming more and more complex.
The most obvious moment is reflected in its depth. The early encoder was mainly in three layers and
gradually developed to six layers. As the network structure becomes more complex and its depth deepens,
the model effect is constantly improving. In [20], a 15-layer network of encoders was built by using
network on the network, packet normalization, residual network, convolutional LSTM, and ultimately
achieved a WER of 10.53% without using a dictionary or language model.

2.3.3 Conditional Random Field Model

Conditional Random Fields (CRF) model allows to combine local information to predict the global
probabilistic model for sequences. This model was first proposed in [21] for speech recognition.

In this method, X is a random variable for the data sequences that is labeled, and Y is a random
variable for the corresponding label sequences. All Yi components from Y are located in the alphabet of
the final label Y. Random variables X and Y are distributed together, but in the discriminatory structure
they must build a conditional model p (Y | X) from pair observations and sequences of labels. Let
G = (V, E) be a graph, and Y = (YVvwvev, so that Y is indexed by the vertices of G. Then (X, Y) is a
conditional random field in the case where the condition on X is random variables Yv obey the Markov
property with respect to the graph: p (Yv | X, Yw, w *v) = p (Yv | X, Yw, w ~ V), where w ~ v means that
w and v are neighbors in G. The structure ofthe model on CRF-based is presented in figure 2.

Yi-i Yi Yi+i
o] O o)
0] (0] (0]

Xm X, XH

Figure 2 - Graphical representation of a CRF model

The most common application is the linear chain CRF model. This model is most often used to solve
the problems of marking and segmentation of sequences [22].

A similar method for CRF is the MEMM algorithm (maximum-entropy Markov model), which is also
a discriminative probabilistic model. The main difference between CRF and MEMM is the absence of a
label bias problem (label bias is a situation where states with fewer transitions take precedence, since a
single probability distribution and normalization are built) [23].
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According to [24], [25] studies, after using CRF, better results were obtained than MEMM or HMM
without using a language model.

3. Conclusion

The considered methods for constructing end-to-end models are superior the HMM-GMM model, but
its performance is still worse or comparable to the HMM-DNN model, which also uses methods of deep
learning. In order to take an advantage of the end-to-end model, there should be at least improved in the
following aspects:

- CTC-based models are monotonous and support stream decoding, so they are suitable for low-
latency online scenarios. However, their recognition efficiency is limited. The main disadvantage of the
CRF-based model is the computational complexity of the training sample analysis, which makes it
difficult to constantly update the model when new training data arrives. Models based on the attention
mechanism can effectively improve recognition characteristics, but they are not monotonous and have a
long delay. Although methods exist such as ‘a window’ to reduce attention delay, they can reduce
recognition performance to some extent. Therefore, reducing latency while ensuring performance is an
important research problem for the end-to-end model.

- The HMM-based model uses additional language models to provide a wealth of language training,
while all linguistic training of the end-to-end model is obtained only from transcriptions of training data,
the scope of which is very limited. This leads to great difficulties when working with scenes with great
linguistic diversity. Therefore, the E2E model should improve the study of linguistic training while
maintaining the integral structure. This article was prepared based on the project: IRN AP05131207
Development oftechnology for multilingual automatic speech recognition using deep neural networks.

0.K. Mawmbip6aeBl, 4.0. Opan6ekoBa?2

1AKNapaTTbIK XX3He ecenTeyLl TEXHONOTMsANaP UHCTUTYTbI, ANMaThbl, KasakcTaH;
2Satbayev University, AnmaTbl, KasaxcTtaH

COMMEYAL1 TAHY XXYWECLI L, AAMYbIHAATbI LLA31PM TEHAEHLNANAP

AHHOTauua. byn makanaga acblpblH MapkoB mogenbgepwe (HMMSs) HensgenreH MoAenbAepAll Hensn
naesnapbl, apTbIKLWbIbIKTApPbl MeH KeMwinikTepi - Gaussian YnecTipimgepi (GMM) xaHe uHTerpangbik xYWenep
(end-to-end) rubpupai ycbiHbINraH, COHbIMEH KaTap WHTerpanfbl MOAeNb Celneyfi TaHy canacblHAa Aambln Kene
)aTKaH XaHa canaHblH 6ipi 60/1bIN Tabblnagsl.

KipikkeH ceiineyai TaHy npo6aemacbiHAa »acblpblH MapkoB MogeniHe (HMM) HensgenreH mMogenb apAaiibim
6acTbl TEXHOIOTMA 6OMbIN KeNLL XXIHe KeH KongaHbingbl. TN Kasipri yakelTTa celineyfi TaHy 60WbIHLLIA €H XaKCbl
kepceTklw HMM-re HerizgenreH (TepeH OKbITy 3gicTepiMeH  6ipikTipinreH). KenTereH eHepKacinTik
opHanacTbipynap HMM-re Hen3genreH.

CoHbIMEH 6ipre TepeH OKbITY 3ficTepi MHTerpanabl Mogenb 60nbiN TabbinaTblH GanamaHblH Nailga 601ybiHA
TYpTKi 60nabl. HMM HerisiHgeri mogenbmeH canbiCTbipraHfa Abl6biCTbl Taubanapra Hemece cesgepre Tikenein
calikecTeHAipy YWiH GipikTipinreH mogenb 6ip MogenbAi KongaHagbl. On eHAey npoueciH okbITy YPUicimeH
anMacTblpafibl X3He OCbl canafia apHalibl OKbITYyfbl KaXKeT eTnelifi, COHAbIKTaH MHTerpanibl MoAenbAai Kypy >KaHe
OKbITY OHaliblpak. OCbl apTbIKWbIALIKTAPAbIH apKacbliHAa WHTerpanibl MoOAenb Te3 apaja ceineygi TaHy
canacblHAarbl TaHbIMan 3epTTey aiiMarbiHa aliHabIn OTbIp.

KenTereH uWHTerpanabl ceineygi TaHy Mofenbjeplle Kenea Oenikrtep Kipeai: ceiney eHn3y Ti36eriH
MYMKLIZXKrep Ti3beriMeH canbiCTbipaTblH Kogep; 06bekTwep Ti3beri mMeH Tin apacbiHAarbl TEHecTipyai xYsere
acblpatblH TY3eTy; TYNHYCKan Mk CaliKeCTeHAipy HATUMXKECIH allaTbiH Aekogep. TaTbl aiiTa KeTeTiH ainTt, 6yn 6eny
aphaiibim 6ona 6epmeligy eMTKeHI WHTerpangblk KypbUIbIMHbIH €3i TO/bIK KypblibiM 60/bIN Tabblnagbl X3He
NHXXEHEPIX MOAYNbAIK XYiere yKCacTbIrbl 60MbIHLLA XYMbICTbI Kali 6e1L OpbIHAANTLIHBIH aHbIKTaY €Te KUbIH.

BipHewe wmoaynbaeH TypaTtblH HMM MogeniHeH aiblpMallbiibIrbl, WHTErpangbl MOAenb aKyCTUKaNbIK
CUTHanjapfAblH MKenei KepceTinyiH icke acbipaTbiH TEPEH >Kenllep MOAYNiH anmacTbipagbl. COHbIMEH KaTap,
H3TMXXe LWblrapraH Kesfe KehiHri eHaeyai KaxeT etneng”

HMM HerizgenreH MoAenbMeH CanbICTbIpraHAa, >Korapblfarbl aiblpMallbUIbIKTap WHTerpangbl Mofenbre
Kenea cunaTTamanapgbl 6epegi:

- bipneckeH xaTtTbirynap YwWiH 6ipHewe mogynbaep 6ip xxente 6ipikTipinreH. bipHewe moaynbai 6ipikTipyAiH
apTbIKWbINbLITLI - 3p TYPAi apanblK XarfablHbiH (KaimblHbIH) aiblpMallbIibITbl apacbiHAarbl KepceTinyiH xysere
acblpy YWiH Ken MOAYNb >XacaydblH KaKETTIri XXOK. bipneckeH OKbITY WHTerpangbl Mogenbre >XahaHgblik

_______ 48 ——ee
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ouTalinaHAblpy MakcaTbl peTlifie KOpbITbIHAbI 6aranay KpuTepuiinepi YLWiH eTe Maubi3fgbl QYHKLUMAHbI KONAaHyra
MYMKLIALW 6epeai, ocblnaiiia TMiMAi HATVKeNepre Ko XXeTkyre MymLIHALW 6epean

- aKyCTMKanblK CUTHaTypacbl M3TIHAIK HATWKecw, Ti3beriHe Tikenein CaikecTeHAIpiNeAi >X3He HaKTbl
TpaHcKpunumsara Ko xeTk1dy Hemece TaHy cumaTTamanapbliH XakcapTy YLWiH ofaH 3pi eudeyfi KaxeT eTneigi, an
HMM wmogenbaepiHae aATbiNbIM YLWiH iLLKi OKbITY 6ap.

WHTerpangbl Mofenbil, 0Cbl apTblylWblAbLLTapbl Ceiineyfi TaHy MOAeNbAepiHiL KypbliibiCbl MEH XaTThITYbIH
ainTapnblKTal XxeuingeTesi.

ViHTerpanasl Moaenbi onapApil, XKyMcak TeLecTipifyiHe 6ainaHbicTbl Yl caHaTKa 6enyre 6onagpl:

- CTC Hen3wge: CTC angbiMeH 6apnblK bIKTUMan TeuecTipynepai TisiMaehgi, copaH KeiliH ocbl KaTTbl
Typanaynapfbl 6ipikTipin xxymcak Teuecnpyre kon xeTkisegi. CTC whbirbiCc 6enrinepi katay Typanayfbl Ti3iMaereH
Ke3fe 6ip-6ipiHeH Tayencis 6onagpbl Aen 6omkaiiap.

- Hasap ayjapy MexaHu3MmLle HerisgenreH: 6yn 3AK Kipic gepekTepi MeH LWbIrbic Genrinepi apacbiHAarbl
Terictey aknapatblH MKefeii ecentey YLUiH Ha3ap ayfapy MexaHU3ML KofjaHagbl.

- CRF wapTTbl Ke3[4elCOK epicTepiHe Heri3genreH Mogenb ranaMmfiblK bIKTUManabl MOAenbAi TisbekTeld 6omkay
YLWiH XeprwKn aknapaTTsl 6ipikTipyre MymwHAaL 6epegi.

Ocblnaiiwa, ceiineyni aBToMaTThl TYPfe TaHyra apHaaraH WHTerpangbl xyienepaw, TYpnepiHe aHanuTUKabIK
LLOAY XK3HE TeOpUANbIK canbiCTbipynap »xacangbl. CoubliHAa, 0napabll, TUICTI apTbIKLWbINbIKTapbl MEH KeMLUINiKTepi
X3He ockl XYWenepgiy, 6onawakTa gamybl MyMLUH MepcnekTuBackl kepceTinred. HMM Mogeni MeH uHTerpangpl
MoZeNb Typanbl KbicKalla canbiCTbipamMbl3. Caiibin KenreHae, onapAbll, TWICH apThIKLWbIIbIKTapbl MEH KEMLUINIKTepi
XK3He ocbl XylienepaL, 6onallakTa faMybl MyMKLI eKeH 4T KepceTinreH.

TYViiH ce3gep: ceiineyfi aBToMaTTbl TypAe TaHy, XacbipblH MapkoB Mmogenbgep” end-to-end; HeiipoHgbIK
Xeninep, CTC.
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COBPEMEHHbIE TEHAEHU VW PASBNTNA CUCTEM PACIMO3SHABAHUNA PEUN

AHHOTauua. B AaHHOW cTaTbe NpeAcTaB/iieHbl OCHOBHblE WMAew, NpPeuMmyLlecTBa U HeAoCTaTKW Mojeneld, Ha
OCHOBE CKPbITbIX MapKoBCKUX mogenein (HMM) - cMmecu rayccoBckux pacnpegeneHuii (GMM) u nHTerpanbHbIX
cuctem (end-to-end), a TakXkKe yKa3aHO, UYTO WMHTerpanbHas MOAe/b SBASETCA Pa3BMBAMOLLMM HamnpasfieHWEM B
06/1aCTN pacno3HaBaHUs peyn.

B 3agaye pacno3HaBaHWs CAWTHOW peuyn LUMPOKO MCMOMb30Banacb MOAENb HAa OCHOBE CKPbLITOW MoAenu
MapkoBa (HMM) n Bcerga 6bina OQHOW U3 OCHOBHbIX TEXHOMOTWIA B 3TOW 06nacTu. [axe CerogHs nydwlas
NPOM3BOANTENLHOCTL Pacno3HaBaHMS pPeyn MO-NpPexHeMy MCXOAUT 0T Mogenu Ha ocHoBe HMM (B coueTaHum c
mMeTo4amu rny6oKoro obyyeHuns). BONbLIMHCTBO NPOMbILLNIEHHO Pa3BepPHYTbIX CUCTEM OCHOBaHbI Ha HMM.

B TO Xe BpeMsi, MeTOAbl Fy60KOro 06y4yeHWs Takke CTUMYIMPOBaNU MOSBAEHWE afbTepHaTWBbI, KOTOpas
ABNAETCA MHTErpasbHOl Mojaenbto. Mo CpaBHEHUIO C MOAE/bH, OCHOBaHHOM Ha HMM, B MHTerpansHoi mogenu
ncnosb3yeTcs ofgHa MOAenb A8 HenocpefCTBEHHOr0 COMOCTaB/EHUS 3BYKa C CMMBOMaMu wuau cnosamu. OH
3aMeHsIeT npoLecc NPOeKTUPOBAHMA MPOLLECCOM 06y4YeHMs U He TpebyeT CneuuabHbIX 3HaHWIA B 3TOW obnacTy,
MO3TOMY WHTErpanbHyt MOfenb Mpolle co3jaBaTb WM 06yuyaTb. bnarogaps 3TWM MpevMMyLLEecTBaM WHTerpaibHas
Mofenb BbICTPO CTAHOBMTCA NONYNSAPHbLIM HanpaBfeHNeEM UCCNeA0BaHNiA B 061acTM pacno3HaBaHWs peyn.

BOMbLUMHCTBO MHTErpasibHbIX MOJeNeil pacro3HaBaHMs peyn BK/OYAlOT B Cebsi crefytolime 4acTu: KoAep,
KOTOpbIi 0TO6paXxkaeT MOCNefoBaTe/lbHOCTL BBOAA PeYy B MOCNeA0BaTeNbHOCTb MPU3HAKOB; BbipaBHMBATESb,
KOTOpbI/i peann3yeT BbipaBHUBaHWE MEXAY MNOC/NeA0BaTEIbHOCTbIO OOBLEKTOB U A3bIKOM; [eKOAep, KOTOpblii
[eKoAUpYEeT OKOHYaTeNbHbI pe3ynbTaT MAaeHTUdMKaumm. Heo6xoAMmMo OTMETUTb, UTO 3TO pasfeneHue He Bcerga
CyLL,ecTBYeT, MOTOMY YTO MHTErpanbHas CTPYKTypa cama no cebe fBAseTCA 3aKOHUYEHHOW CTPYKTYpOW, U 06bIYHO
0YeHb TPYAHO OMpefenuTb, Kakas 4YacTb BbIMOMHAET Kakyl nofsafady Mo aHanorum € VHXEHEepPHOW MOAYNbHON
CUCTEMOIA.

B otanuve oT mMofenu Ha ocHoBe HMM, KoTopasi COCTOMT M3 HECKO/IbKUX MOAYNeld, UHTerpanbHas Mojesb
3aMeHsIeT HEecKo/bKO MOAyneil rny6okoii CeTblo, peanu3ys MpsMoe OTOOPaXeHWe akKyCTUYECKUX CUFHANoB B
nocnesoBaTeNbHOCTM METOK 6e3 TuiaTelbHO MPOAYMAaHHbIX MPOMEXYTOYHbIX COCTOSiHWMIA. Kpome TOro, Het
HeobX0AMMOCTHY BbIMONHATL NOCNEAYIOLLY0 06paboTKy Ha BbIXOAe.

Mo cpaBHeHWIO C MoAenbld Ha ocHoBe HMM BbllleyKasaHHble pasMuusi AalT WHTerpasbHoON Mogenu
crefytoLime NPeMMyLLEecTBa:

- HECKONbKO Moaynei o6beAuHeHbl B O4HY CeTb A5 COBMECTHOro 06y4eHus. MpenumyLLecTBo 06beanHeHNS
HECKO/IbKNX MOAY/eil COCTOWUT B TOM, UYTO HET HeoBXOoAMMOCTM pa3pabaTbiBaTb MHOFO MOAYNei AN peanvsauum
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0TOOpaXeHUs MexXay pasfMyYHbIMU  MPOMEXYTOYHbIMK  COCTOSAHMAMKU. COBMeCTHoe 06y4eHue Mo3BonseT
WHTEerpanbHOM MOAENN UCMOMb30BaTh (YHKLMIO, KOTOpas OYeHb BaXKHa AN OKOHYaTeNbHbIX KPUTEPUEB OLIEHKM, B
KayecTBe Lenn rnobanbHom onTrMmU3aLmm, Tem cambiM 061Basch rn106anbHO ONTUMa/bHbIX Pe3y/bTaToB.

- OH HanpsMyt 0ToOpaXKaeT BXOAHYH NOCNeA0BaTe/lbHOCTb aKyCTUYECKON CUTHATYPbl B NOCNe0BaTENbHOCTb
TEKCTOBOrO pe3ynbTaTa U He TpebyeT fanbHelilueil 06paboTKu ANA OCTUXKEHUS UCTUHHOW TPaHCKpUNLMU unv ans
yNy4lleHUs XapakTepuCTUK pacrno3HaBaHWs, TOrga Kak B mMofensx Ha ocHoBe HMM 06blYHO ecTb BHYTpeHHee
npescTaBfeHve 419 NPOU3HOLIEHUA.

3TV npeumyLlecTBa WHTErpasibHOM MOAENM MNO3BONAAKT 3HAYMTENbHO YMNPOCTUTL MOCTPOEHME U 0byyeHue
MoZeneii pacno3HaBaHuMs peyun.

WHTerpanbHas Mofeflb MOXET OblTb pas3fenieHa Ha Tpu pasfnyHble KaTeropum B 3aBUCUMOCTM OT WX
peanu3aumnii rNafKoro BbIpaBHUBAaHUS:

- Ha ocHoBe CTC: CTC cHayana nepeyncnser Bce BO3MOXHble rpybble BbipaBHWBAHWS, 3aTeM OH JOCTUraeT
rNafKoro BbIpaBHUBaHUA NyTeM 00befUHEHWUs 3TUX rpy6biX BbipaBHUBaHWMIA. CTC npefnonaraet, YTO BbIXOAHblE
METKM He 3aBMCAT APYT OT Apyra npw nepeyncneHnn Takux BblpaBHUBaHWUIA.

- OCHOBaHHaf Ha MexaHuM3Me BHUMaHWA: 3TOT MeTOf WCNONb3yeT MexaHW3M BHWMaHWs, 4TOGbl
HEenoCpeCTBEHHO BbIYMCINTL MHHOPMALMIO TNafKOro BblPaBHUBAHWUSA MEXAY BXOAHbIMU AaHHBIMW U BbIXOAHOW
METKOIA.

- MOAenb, Ha OCHOBE YCNOBHbIX CcnydvaiHbiXx nonei (Conditional Random Fields, CRF), nosBonset
KOMOGWHMPOBATb J/IOKaNbHYK0 UWH(OPMaLM0 An8 NPOrHO3MpOBaHWUSA [N06anbHON BEpPOSTHOCTHOW Mogenn no
nocnefoBaTe/IbHOCTAM.

Takum 06pa3oM, B CTaTbe NPUBEAEH aHaNUTUYeCKWUii 0630p pPasHOBUMAHOCTENW WHTErpanbHbIX CUCTEM
aBTOMATMYeCKOro pacno3HaBaHWs peyun, 1 AenatoTca TeopeTUYeckne cpaBHeHns. KpaTko cpaBHUBAlOTCA MOAENN Ha
ocHoBe HMM 1 uHTerpanbHas Mofgenb, TLATe/bHO aHanM3UpYKTCA pasvyHble Napagurmbl MHTerpasibHbIX
TEXHOMOMMIA U CPaBHMBAKOTCA UX MPEUMYLLECTBA M HefOCTaTKW. B KOHEYHOM MTOre yKa3blBatOTCS BO3MOXHOE
byayLiee pasBuTE 3TUX CUCTEM.

KniouyeBble cnoBa: aBTOMATUYECKOE paCcroO3HaBaHWe peyn, CKpbITble MapkKoBCKue Mmogenwu, end-to-end;
HelipoHHble ceTn, CTC.
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