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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 = {x;, -, xr} of length T as a
sequence of words W= {w1, ---, wn} of length 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). )
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 of the 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 of the 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 of their 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 of the 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. HMM-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 = {s,€ {1, ---, J} |t =1, ---, T} and expanded
p(L | X).

N p(L, X)
argmax p(L|X) = argmax PO
Ley* Ley”
= argmax p(L, X)
Ley*
= argmax Z p(P,L,X)
S
Ley*
= argmax Z p(X|S,L) p(S,L)
S
Ley*
= argmax Ys p(X|S,L) p(SIL) p(L) 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|X) = argmax Ysp(X|S) 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 of the chain of probabilities and the hypothesis of independence of observations
in HMM (observations at any time depend only on the latent state at that time), P (X | S) can be laid out in
the following form:

P(XIS) = Mz p(xelxy, s e, S) = Moy pCrelse) o TTEz, 200 )

In the acoustic model p (x: | si) 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 (s; | ;)
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 of training 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 = { xi, -+, Xt } of length T, the encoder encodes it into a sequence of
signs F = { fi, -, fr } of length T for any t, f; - this is a vector whose dimension is greater than the number
of elements in the dictionary v, i.e., fieR 171",

CTC acts on the sequence of signs F = { fj, ---, fr}. Through the softmax operation, CTC transforms it
into a probability distribution sequence Y = { yi1, -, yr}, yt = { y', -, y « " I}, where y', indicates the
probability that the output signal at time step t is the label i, y. " * !l indicates the probability of outputting
an empty label at time step t.

Let ¥ = y U {b}, y'" denote the set of all sequences of length T defined in the dictionary y'. In
combination with the definition of y*, we can conclude that for a given input sequence X, the conditional
probability distribution of any sequence 7 in the set y'" is calculated as equation (5):

p@|X) = [Tz ', vm €y'" )

where 7, represents the label at position t of the sequence 7. An element in y'" is a path and is represented
as .

After the calculation process described above, the input sequence {xi, -+, Xt} is mapped onto a path
of the same length, and the conditional probability @ can also be calculated in accordance with equation
(5). In this mapping process, each input x; frame is mapped to a specific label w. 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 y 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.

Let y < 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'T—L<T. It maps paths in "
(that is, a path) to a real label sequence in y ='. Aggregation of O paths mainly consists of two 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™' (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(LIX) = Zn’EO‘l(L)p(an) (6)
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Obviously, the calculation of the probability L is differentiable. Therefore, after obtaining the
probability of the label for training the model, it can be used the back propagation method of the 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"' (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 of the attention-based model is shown in figure 1 [16].

Decoder

T 51

Attention

mechanism
t H=(. ..h)

Encoder

f

Features { x1, ..., X1 }
Figure 1 - Attention Mechanism Model
The attention-based model is formulated as follows. The encoder converts X into intermediate

representation vectors H = (hy, ..., hr). At the next stage of decryption, activation of the latent state
(memory) of the RNN-based decoder at the 1-th time step is calculated as:

s; = Recurrency(s;_1, 91, Vi-1) 7

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

g1 = Xiayche (®)
where a; , — weight of attention h; and calculated as

ey = Score(s;—q, he, a1—1) )

— 4 ——
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_ exp(eyr)
= ST exp(ery) (10)

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.

ape

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 Y; 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 = (Y.)vev, 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 Y, obey the Markov
property with respect to the graph: p (Yv | X, Yw, w #v) =p (Y | X, Yw, W ~ V), where w ~ v means that
w and v are neighbors in G. The structure of the model on CRF-based is presented in figure 2.

Yii Y; Yia

XH Xi Xi—l
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 of technology for multilingual automatic speech recognition using deep neural networks.
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COIJIEY]I TAHY ’KYNECIHIH JJAMYBIHJAFBI KA3IPT'T TEHAEHIMSIJIAP

Annoranus. byn makanana xaceipeiH MapkoB Monenbiepine (HMMs) HerizgenreH MoOJIENbICpAiH HETi3ri
WIesUIaphl, apTHIKIIBUIBIKTAphl MEH KeMiniiikrepi - Gaussian ynectipimaepi (GMM) xkoHe MHTErpajibIK Kyienep
(end-to-end) ruOpwmai YCHIHBUIFaH, COHBIMEH KaTap MHTETpalIbl MOJENb COMNICYAl TaHy calachblHla JaMblll Keie
JKaTKaH KaHa callaHbIH Oipi OOJBIT TaObLTAIBI.

KipikkeH cefineyni Tany npobieMacsiHaa xacslpeiH MapkoB Mozenine (HMM) Heri3penareH Moenb opaaibiM
0acThl TEXHOIOTHS OOJIBIN KEIi jkoHe KeH KOMTaHbUIABL. TinTi Ka3ipri yakpITTa ceiiieyai Tany OOMBIHINA eH >KaKChI
kepcetkilm HMM-re =HerizgenreH (TepeH OKBITy omictepiMeH OipikTipinren). Kemreren eHepkocinTik
opHanacteipynap HMM-re Herizaenres.

ConpIMeH 6ipre TepeH OKBITYy oAicTepi MHTErpaibl MOJAeNb OOJBINT TaOBUTATHIH OanaMaHBIH Maina OoybIHA
TYpTKi Oosmbl. HMM HeriziHzeri MozeibMeH cajbICThIpFaHja JAbIOBICTBI TaHOAlapra HeMece ce3jepre TiKelen
ColiKeCTeHIIpy YIIH OipiKTipiireH Mojens Oip Mopaenbai KojmaHamel. OJ ©HICY MPOIECIH OKBITY YpAiCiMEH
aJIMacTBIPaJIbl J)KOHE OChI calaja apHaibl OKBITYbl KOKET eTIEH/Ii, COHIBIKTAaH WHTErpajiibl MOJIENIBl KYpy *KOHE
OKBITY OHaibIpak. Ocbl apTHIKIIBUIBIKTAPbIH apKachlHIa HMHTErpanipl MOZIEIb Te3 apaja ceieyai TaHy
caJlaChbIHJIaFbl TAHBIMAJ 3€PTTEy aliMarbIHa alHAIIBII OTHIP.

Kenreren wuHTrerpanmsl ceisieyni TaHy MoeibJepiHe Keneci OejikTep Kiperdi: ceitney eHrizy Ti30erin
MYMKIHIIKTEp Ti30€TiMEH CalbICTBIPATHIH KOHEep; OOBEKTiiep Ti30eri MeH TN apachIHAAFBl TEHECTIPYIi Ky3ere
aCBIPATHIH TY3€TY; TYIHYCKAJBIK COHKECTeHIIpY HOTIDKECIH aIlaThiH JeKkoaep. Tarbl aiiTa KeTeTiH XalT, Oyi Oeiry
opraiibiM Ooya OepMmeiimi, OWTKEHI MHTErPAIABIK KYPBUIBIMHBIH ©31 TOJBIK KYPBUIBIM OOJIBIT TAOBUIAIABI JKOHE
WHXKEHEPJIIK MOJYJIb/IIK J)KYHere YKCACThIFbI OOMBIHIIIA KYMBICTBI Kail 06JIiri OpbIHIANTHIHBIH aHBIKTAY OT€ KUBIH.

bipueme wmomympaen typatsiH HMM wMopneniHeH aWbIpMAIIbUIBIFBl, HHTETPANABI MOJENTb aKyCTHKAIbIK
CUTHAJIJAP/BIH TIKEJICH KOPCETUTYiH ICKE achIpaThlH TEPEH KeIIep MOMAYJiH anMacThipansl. COHBIMEH Karap,
HOTH)KE ILIBIFAPFaH Ke3/1e KeHiHT1 OHACY Il KaXKET eTHeH .

HMM HeriznenreH MOJIENBMEH CajbICThIPFaH/a, >KOFapblIAarbl albIpMAIlbUIBIKTAD WHTErpPajiibl MOJEJbre
KeJeci cunarramanapzasl oOepeni:

— OipyiecKeH JKaTTHIFyap YIIiH OipHeme Moy baep Oip skerire Oipikripinren. bipaeme Moaynbai OipikTipy i
apTHIKIIBUIBIFEL - 9P TYPJl apajblK KarAaibIHBIH (KaINbIHBIH) albIpMaIIblUIbIFEl apachIHAaFbl KOPCETUTyiH XKy3ere
acelpy YVIIIH KO MOIyNb >KacayAblH KaXKETTIrl >XOK. bipiieckeH OKBITy WHTETpaimbl MoJenbre xahaHIbIK

—— 4] ——
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OHTAIJIAHABIPY MaKCaThl PETIHJE KOPBITHIH/ABI Oarajiay KpUTEpHiiiepl YIIiH eTe MaHbI3/bl (QyHKIUSHBI KOJJaHyFa
MYMKIH/IIK Oepe/li, OchUIaiiia THIM/I HOTHXKeJIepre KOJ )KeTKI3yre MyMKIHIIK Oepei.

— aKyCTHKaJBIK CHUTHATYpachl MOTIHIIK HOTIDKECIHIH Ti30€riHe TIKeIeH COWKECTCHIIPUICHI JKOHE HAKThI
TPAHCKPHIIIUAFA KOJI )KETKI3y HEMeCe TaHy CHIaTTaMallapblH )KaKCapTy VIINiH OJaH opi OHACYAl KaXeT eTIeii, an
HMM monenbaepinae afThUIbIM YIIIIH iIIKi OKBITY 0ap.

WHTerpanabl MOJCIbIIH OChl apTHIKIIBUIBIKTAPEI COMIICY i TaHy MOAETBACPiIHIH KYPBUIBICHI MEH KATTHIFYBIH
afTapibIKTall JKeHIJIIeTe .

WHTerpanabl MOJEIBI 0JIapbIH KYMCaK TeHecTipityiHe OaiilaHbICThI YIII caHaTKa Oeiryre 6oJaibl:

- CTC mwerizinge: CTC anppiMeH OapiblK BIKTUMAll TEHECTIpyJNepHi Ti3iMaelmi, comaH KeHiH OCBHl KaTThI
Typanaynapasl OipikTipin xkymMcak TeHecTipyre ko xetkizeni. CTC mbirsic Oenrinepi KaTaH Typaayasl Ti3iMIereH
ke3ze Oip-OipiHeH Toyenci3 Oomaabl nen OomKaiabL.

- Hazap aynapy MeXaHU3MIHE Heri3JieNireH: Oys o[ic Kipic JepeKTepi MeH WIbIFBIC OeJriiepi apachlHAAFrbl
TETiCTey akKnaparblH TiKeJel ecenTey YIIiH Ha3ap ayJAapy MEeXaHU3MiH KOJIIaHaIbl.

- CRF wapTThl Ke3/1eiicoK epicTepiHe Heri3[AeiIreH Moelb FallaM/IbIK BIKTUMAJIIbl MOJIEIIb/II Ti30eKTel Oomkay
YILIH )KepriliKTi akmnapaTTsl OipiKTipyre MyMKIHIIK Oepenti.

Ocebunaiiiia, ceiiyieyii aBTOMaTThl TYpJe TaHyFa apHaJIFaH WHTErpa/ibl )KyHenepIiH TypiepiHe aHAINTHKAaIbIK
IOy YKOHE TEOPHSUIBIK CaNBICThIpYJIap skacainabl. COHbIH/A, OJapAbIH THICTI apTHIKIIBUIBIKTAPhl MEH KEMIILTIKTEpP1
JKOHE OCHI JKYHenepiH OoJianrakra 1aMybl MYMKIH IEepPCIIeKTUBAchl kepceriireH. HMM Monen MeH HHTerpaiibl
MOJIENIb TypaJbl KbICKAIa CalbICThIpaMbI3. CaibIl KeNreH e, OJIapAblH THICTI apTHIKIIBUIBIKTAPEI MCH KEMIIUTIKTEP1
JKOHE OCHI JKYHenepaiH OoarakTa JaMybl MYMKiH €KeHIITT KOPCEeTUITeH.

Tyiiin ce3mep: ceiineyni aBTOMATTHl TypAe TaHY, >KachIpplH MapkoB Monenblepi, end-to-end; HEHPOHIBIK
xkeminep, CTC.

0.K. Mambip6aes’, JI.0. Opandexona?
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COBPEMEHHBIE TEHJAEHIINHU PAZBUTUA CUCTEM PACIIO3HABAHUA PEUHN

AnHoTanusi. B naHHOH craThe InpeicTaBlieHbl OCHOBHBIE MJEH, NPEUMYILECTBA M HEJOCTATKH MOJENel, Ha
OCHOBE CKPBITBIX MapkoBckux Mmoneneit (HMM) - cmecn rayccoBckux pacmpenenenuii (GMM) u MHTErparbHBIX
cucreM (end-to-end), a Takke yka3aHO, YTO HWHTETpalibHAas MOJENH SBISETCS PA3BUBAIOIINM HAIpPABICHHEM B
00JacTu pacro3HaBaHUS PEUH.

B 3ajmade pacmosHaBaHUsI CIMTHOM pPEYM IIMPOKO MCIONB30Ballach MOJENIb HA OCHOBE CKPBITOH Mozenu
MapkoBa (HMM) u Bcerna Obuia OIHON M3 OCHOBHBIX TEXHOJIOTMH B ATOM oOmactu. [laxke cerofHs ydruas
MIPOM3BOAUTEIBHOCTh PACIO3HABAHUS PEYU IO-IPEKHEMY HCXOAMUT OT Mojenu Ha ocHoBe HMM (B coderanuu c
METOJIaMH TJ1yO0KOro 00yueHusi). BoJbIIMHCTBO MPOMBIIIIEHHO Pa3BEPHYTHIX CUCTEM OCHOBaHbI HA HMM.

B 10O xe BpEMs, METOIbL Fﬂy60KOF0 O6y’{eHl/Iﬂ TAaKKE€ CTUMYJIMPOBAJIM IMOABJICHUC AJIBTCPHATHUBLI, KOTOpas
SIBJISIETCA MHTErpasibHOM Mozenbto. [lo cpaBHeHHIO ¢ Monenblo, ocHoBaHHOM Ha HMM, B mHTEerpanbHON Mojaenu
UCIIONIB3YETCS OJHA MOJENb JUIs HEIOCPEICTBEHHOTO COIIOCTaBJICHHS 3ByKa C CHMBOJaMu win ciioBamu. OH
3aMEHsIeT MPOLECC MPOEKTHUPOBAHMS IMPOIieccOM OOydeHHs W He TpeOyeT CrelHanbHBIX 3HaHWi B 3TOH 00JacTH,
MO3TOMY HMHTETPAIBHYIO MOZENb MpOIIe co3laBaTh M 00y4arh. biaromaps 3TMM mpenMyIiecTBaM HHTErpajbHas
MOJIETb OBICTPO CTAHOBHUTCSI MOIMYJISIPHBIM HAIIPABICHUEM HCCIICIOBAHUH B 00JIaCTH PACIO3HABAHUS PEUH.

BosbIIMHCTBO MHTErpabHBIX MOJAENEH pPaclo3HaBaHHWSA PEYM BKIIOYAIOT B ceOs CIEAYIONIME YacTH: KOAEp,
KOTOpBIH OTOOpa’kaeT IOCIIEN0BATENLHOCTh BBOJA PEYM B IIOCIEIOBATEIbHOCTh IPHU3HAKOB; BBIPABHUBATEID,
KOTOpBIH peanu3yeT BBIPAaBHUBAHHE MEKAY IIOCIEIOBATEILHOCTBIO OOBEKTOB U S3BIKOM; JEKOZEp, KOTOPBIN
JIEKOAMPYET OKOHYATEIbHBIN pe3ynbTaT uiacHTU(UKau. HeoOXxoaumMo OTMETUTD, UTO 3TO Pa3[elieHHuE HE BCETAa
CYLIECTBYET, OTOMY YTO MHTErpaJibHas CTPYKTypa cama 1o cebe SIBISeTCs] 3aKOHYEHHOH CTPYKTYpoW, U OOBIYHO
O4YC€Hb TPYAHO OIPCAC/INTL, KaKasd 4YaCTb BBINOJHACT KaKyr MmoAa3ajgady IO aHaJloruu C I/IH)KeHepHOﬁ MOHyﬂbHOﬁ
CUCTEMOM.

B ornmume ot mozenu Ha ocHoBe HMM, xoTopasi cocTOMT M3 HECKOJIBKUX MOJYJIEH, MHTETpalbHas MOJEINb
3aMEHSIET HECKOJIbKO MOyJieH TIyOOKOH CeTblo, peannsysl npsMoe OTOOpa)keHHe aKyCTHYeCKHX CUTHAJIOB B
TIOCJIEIOBATEIFHOCTH METOK 0e3 TIIaTeNbHO MPOJYMaHHBIX HPOMEXYTOYHBIX cocTossHMH. Kpome Toro, Her
HEOOXOAUMOCTH BBITIOTHSTH MOCIEAYIONIYI0 00pa0OTKy Ha BBIXOZE.

Ilo cpaBHenuto ¢ mozenpto Ha ocHoBe HMM BbllleyKa3aHHbIE pa3ivuus JAIOT HHTErpaIbHOM MOJENH
CJIEAYIOIIHE IPEUMYIIECTBA:

— HECKOIIbKO MOJyJell OObEIMHEHBI B OJIHY CETh AJS COBMECTHOro oOydenus. IIpenmymectBo oObeaguHEHNS
HECKOJIBKUX MOJyJel COCTOMT B TOM, YTO HET HEOOXOAMMOCTH Pa3pabaThiBaTh MHOTO MOIYJIEH ISl pealn3aluu
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OTOOpakeHUSI MEXITy pPA3MTUYHBIMA IPOMEXYTOYHBIMH COCTOSHUAMH. CoBMecTHOE OOy4YeHHE IT03BOJIET
MHTErpajbHOM MOJENN KCIOJIb30BaTh (DYHKIIMIO, KOTOPasi OueHb BaXKHA ISl OKOHYATEJIbHBIX KPUTEPUEB OLICHKH, B
Ka4yeCTBC LICIIN FJ'IO6aJ'ILHOI>i OIITUMH3AIIUH, TEM CaMbIM 1[061/11321;101, rJ100aJIbHO ONTHUMAIBLHBIX PE3YJILTATOB.

— OH HAINpsMYI0 0TOOpaXkaeT BXOAHYIO MOCJIENOBATEIbHOCTh aKyCTUYECKOW CUTHATYPHI B MOCIIEA0BATEILHOCTD
TEKCTOBOI'0 pe3yjibTara U He TpeOyeT nanbHeiiei 00paboTKu ISl JOCTIDKCHHUS UCTUHHON TPAHCKPHIIIIAN WM JIJIS
YIJIy4IICHHs] XapaKTepUCTUK DPACIO3HABAaHMSA, TOrJa Kak B Mojessix Ha ocHoBe HMM o0OBIMHO ecThb BHYTpEeHHee
NIPEeACTaBICHUE ISl IIPOU3HOILICHHSI.

OTH TperMyIIecTBa WHTErpajbHOW MOZAENN IIO3BOJSIOT 3HAYMTENIFHO YHPOCTHTH IOCTpOEHHE M 00ydeHue
MOJieJIEN paclio3HaBaHUs pEUH.

WHTerpanpHas MOAeTh MOXET OBITH pa3felieHa Ha TPH pPa3MUYHBIC KATETOPHHA B 3aBUCHMOCTH OT HX
peanu3anyii TIaAKOro BEIPaBHUBAHUS:

— Ha ocHoBe CTC: CTC cnayana mepednciseT Bce BO3MOKHBIE TpyOble BHIPABHUBAHHS, 3aT€M OH JOCTUTaeT
TJIAAKOTO BBIPABHUBAHUS MyTeM 0OBeAWHEHHS 3THUX TIpyObIXx BelpaBHHBaHWK. CTC mpeamonaraer, 4To BBIXOTHBIE
METKH He 3aBUCST JPYT OT Apyra MPH NePEUrCICHUH TaAKUX BEIPAaBHUBAHUI.

— OCHOBaHHas1 Ha MCXaHM3ME€ BHHMaHUA: OTOT METOA HUCIOJB3YCT MCXAaHM3M BHHMAHUA, '-ITOGI)I
HEMOCPCACTBCHHO BBIYUCIIUTH I/IH(l)OpMaI_ll/I}O TJIaAKOr'0 BBIPpABHUBAHUA MEKAY BXOJAHBIMHU JaHHBIMHU U B]:lXO[lHOfI
METKOH.

— Mopenb, Ha OCHOBE YCJOBHBIX ciyyaiiHelx moneil (Conditional Random Fields, CRF), mnosBonser
KOMOMHHUPOBATH JIOKAJIbHYI0 HMH(GOPMAIMIO U HPOTHO3UPOBAaHMS TIJIOOAJLHOM BEPOSTHOCTHOM MOJENIH 110
TIOCTIETOBATEIHHOCTSIM.

Takum o0pa3oMm, B CTaThe MPHUBEOCH aHANUTHYCCKUHA 0030p pa3HOBUIOHOCTEH WMHTETPATBHBIX CHCTEM
aBTOMAaTHYECKOTO PACIIO3HABAHMS PEUH, U JICIAIOTCS TEOpEeTUIeCKre cpaBHEeHM. KpaTko cpaBHUBAIOTCS MOZIETH Ha
ocHoBe HMM wu wuHTerpampHas MOJAETb, TIIATENHHO AaHAJIM3HPYIOTCA pa3IW4HbIC HapaJuTMbl HHTETPATbHBIX
TEXHOJIOTUH W CPaBHHUBAIOTCA HMX INPEHMYIIECTBA W HEAOCTATKH. B KOHEYHOM HWTOTe YKa3BIBAIOTCS BO3MOXKHOE
Oynay1iee pa3BUTHE STUX CHCTEM.

KaioueBble cioBa: aBTOMAaTHUECKOE pAaclo3HaBaHUE pedd, CKpPBIThIE MapKOBCKHe Mojend, end-to-end;
Heiiponnsle cetu, CTC.
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