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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. In tro d u c tio n
Autom atic speech recognition (ASR) is now widely used in our daily life. A SR can help people with 

disabilities interact with society. A SR  is used in such areas as the automated user interface, mobile device 
management, information services and access control interfaces [1].

The purpose o f  A SR is identify the sequence o f  acoustic input X = {x1, —, xt} o f  length T as a 
sequence o f words W = {w1, —, wn} o f  length N. The task o f  A SR is to find the m ost probable sequence o f 
words W  from given X. This can be represented as follows [2]:

W  = argmax * р (W  | X). (1)
W ey*

Therefore, the main work o f  A SR  is to create a model that can accurately calculate the posterior 
distribution p(W |X).

In the task o f  recognizing continuous and long speech, a model based on the Hidden M arkov Model 
(HMM) was one o f  the best-known method. Even today, the best speech performance still comes from the 
HM M -based model combined with deep learning methods (hybrid models). A t the same time, deep 
learning methods also simulated the emergence o f  an alternative, which is an end-to-end (E2E) model. 
This model, compared with HMM, uses one model to m atch 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 
m uch attention as a powerful method in the field o f  continuous speech recognition.

This article provides a detailed overview o f the E2E model, as well as a b rie f comparison between the 
HM M -based model and the E2E model, an analysis o f  the various paradigms o f  E2E models and a 
comparison o f  their advantages and disadvantages. First, consider the main methods o f  speech recognition.
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2. T he m ain  m ethods of speech recognition
2.1 Speech P rocessing M ethods
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 m ost important parts of a speech recognition system are feature extraction methods and 

recognition methods. Feature extraction is a process that extracts a small am ount o f data from a signal [4]. 
A t 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 o f  signal features [5].
The m ost popular extraction features methods are the Mel Frequency Cepstral Coefficients (MFCC) 

and the linear prediction cepstral coefficients (PLP). M FCC is an audio function extraction method that 
extracts the speaker’s specific parameters from speech [6]. M FCCs 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 o f 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. W idespread methods o f  automatic speech recognition (ASR) are hidden M arkov 
models (HMM) and neural networks (NN) [5].

2.2 S ta n d a rd  Speech R ecognition System . H M M -based  m odel
For a long time, the HM M -based model was the m ain model for continuous speech recognition with a 

large dictionary with better recognition results. In general, an HM M -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 o f  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 o f  characters into free final transcription [9].

The HM M  m echanism  was used in all o f  these three parts. However, an HM M -based model 
emphasized the use o f  HM M  in an acoustic model. In this HM M , sound was observation, and feature was 
a latent state. For an HM M  that had a set o f  states {1, —, J}, the HM M -based model used the Bayesian 
theorem and introduced the sequence o f  states HM M  S = {stE {1, —, J} | t  = 1, —, T} and expanded
p(L | X).

L E y *  L E y *  
= a r g m a x  p (L ,X )  

L E y *

L E y *L E y *

L E y *
= a r g m a x  I  p (X |S ,L )p (S |L )p ( i )  

L E y *
(2)
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According to the conditionally independent hypothesis, we can approximate p (X | S, L) «p (X | S), 
therefore

a r g m a x  p (L |^ )  ~ a r g m a x  £sP (A '|5 ') p (S |L ) p(L ) (3)
L e y *  L e y *

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 o f  observing X from a hidden sequence
S. According to the rule o f  the chain o f  probabilities and the hypothesis o f  independence o f observations 
in HM M  (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 t f I S )  = n r = iP ( x t |x1...... x t . 1,S )  *  n [ = iP ( x t |s t ) (4)

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

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

-  The training process is com plex and difficult for global optimization. An HM M -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 o f  continuous speech recognition. Thus, the optimality o f  each module does 
not necessarily mean global optimality.

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

2.3 E nd-to -end  A SR  m odels
End-to-end (E2E) automatic speech recognition is a new paradigm in the field o f  speech recognition 

based on a neural network, which offers m any advantages. Traditional “hybrid” A SR  systems, which 
consist o f  an acoustic model, a language model, and a pronunciation model, require separate training for 
these components, each o f  which can be complex. For example, training an acoustic model is a multi-stage 
process o f training a model and aligning the time between a sequence o f  acoustic characteristics o f speech 
and a sequence o f  labels at the output. The E2E ASR, by contrast, is a single integrated approach with a 
m uch simpler learning pipeline with models that work with low audio frame rates. This reduces training 
time, decoding time and allows jo in t optimization with subsequent processing, such as understanding o f  a 
natural language.

However, m odern 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 A SR  systems tend to exceed training data when they are 
limited.

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

The end-to-end model can be divided into three different categories depending on their smooth 
alignment im plementations: CTC, attention-Based Models, the model, based on Conditional Random 
Fields (CRF).
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2.3.1 E nd-to -end  m odel based  on C onnection ist T em pora l C lassification
Although the HM M -DNN hybrid model still has the m ost up-to-date results, the role o f  DNN is 

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

The CTC process can be thought o f  as including two subprocesses: calculating the probability o f  a 
path and aggregating a path. In these two subprocesses, the m ost important is the introduction o f  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 = { x 1, —, x t } o f  length T, the encoder encodes it into a sequence o f 
signs F = { fi, —, fr } o f  length T for any t, ft - this is a vector whose dimension is greater than the num ber 
o f  elements in the dictionary y, i.e., fteR  1 Y 1 +1.

CTC acts on the sequence o f  signs F = { f1, —, fr}. Through the softmax operation, CTC transforms it 
into a probability distribution sequence Y  = { y 1, —, ут}, yt = { y \ ,  —, y t |Y + :|}, where y \ indicates the 
probability that the output signal at time step t  is the label i, yt |Y + 11 indicates the probability o f  outputting 
an empty label at time step t.

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

p(.n\X) = n J=1y f , V n  e  y ' T (5)

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

After the calculation process described above, the input sequence {x1, —, xt} is m apped onto a path n 
o f  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 m apped to a specific label m. This m ight be thought 
that mapping an input sequence to a path is actually a tightly coordinated process.

From the process o f  calculating equation (5), we can see that there is a very im portant assumption, 
which is an assumption o f  independence: the elements in the output sequence are independent o f  each 
other. Any time step whose label is selected as the output does not affect the distribution o f  marks at other 
time steps. On the contrary, in the coding process, the value o f  ykt 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 o f  modeling the language.

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

1. The union o f  the same adjacent labels. I f  consecutive identical marks appear in the path, combine 
them  and leave only one o f  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 “-” m ark 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 o f labels corresponding to these paths, aggregation is also aimed 
at calculating the probability o f  a sequence o f  labels. W e use О-1 (L) to represent the set o f  all paths in y'T 
corresponding to the sequence o f  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)  = I w e o - i ( l ) P O W  (6) 
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Obviously, the calculation o f  the probability L is differentiable. Therefore, after obtaining the 
probability o f  the label for training the model, it can be used the back propagation m ethod o f  the error.

However, there is still difficulty in calculating equation (6). Although p (п | X) is easy to calculate, it 
is difficult to determine which and how many paths from y'T are included in О-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 num ber 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 im portant role. Netw ork models with 
different structure and depth were introduced in the end-to-end A SR  and achieved better results.

2.3.2 A tten tion-B ased  M odel
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 o f  them  is the encoder subnet, which converts the sequence o f  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 m ultilayer bidirectional recurrent neural network (RNN), such as 
Long short-term m em ory (LSTM), and the decoder usually consists o f  a 1st level unidirectional RNN, 
followed by the output layer softmax. The structure o f  the attention-based model is shown in figure 1 [16].

Features { x i , .... xt }

Figure 1 - Attention Mechanism Model

The attention-based model is formulated as follows. The encoder converts X  into intermediate 
representation vectors H  = (hb ..., h i). A t the next stage o f  decryption, activation o f  the latent state 
(memory) o f  the RNN-based decoder at the l-th time step is calculated as:

Si = R e c u r r e n c y ( s l_1, g l, y l_1) (7)

where gl and y -  denote a “glim pse” at the l-th time step and the predicted m ark at the previous step. The 
glimpse g l is a weighted sum of the encoder output sequence as

9i = ! г  a i,t h t (8)

where a i t -  w eight o f  attention h t and calculated as

e l t  = S c o r e ( s l_ 1, h t , a l_1) (9)
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a l t  = vTexp(eivt) , ( 10)f Z£=1exp(ew) V ’
The encoder-decoder m ethod that use the attention m echanism does not require prelim inary data 

segmentation. W ith attention, it can implicitly learn the soft alignment o f  input and output sequences, 
which solves a big problem for speech recognition [17].

The encoder plays the role o f  an acoustic model, which is the same as in CTC models, RNN 
converters, and even hybrid HM M -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 o f encoder and attention is delay. Since attention is paid 
to the entire sequence o f  coding results, it is necessary to w ait 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 o f  the sequence will have a sequence o f 
encoding results that is m uch 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 o f 
encoding results means more attention, thereby increasing the delay; on the other hand, since speech is 
m uch more than transcription, the sequence generated by the encoding process w ithout sub-sampling that 
will bring a lot o f  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 m ost obvious mom ent 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 com plex and its depth deepens, 
the model effect is constantly improving. In [20], a 15-layer network o f  encoders was built by using 
network on the network, packet normalization, residual network, convolutional LSTM , and ultimately 
achieved a W ER  o f 10.53% w ithout using a dictionary or language model.

2.3.3 C onditional R andom  F ield M odel
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 o f  
the final label Y. Random variables X and Y  are distributed together, but in the discriminatory structure 
they m ust build a conditional model p (Y | X) from pair observations and sequences o f  labels. Let 
G  = (V, E) be a graph, and Y  = (Yv)vev, so that Y  is indexed by the vertices o f  G. Then (X, Y) is a 
conditional random field in the case where the condition on X is random variables Yv obey the M arkov 
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 o f  the model on CRF-based is presented in figure 2.

Y i- i  Y i  Y i+ i

О О-----------------О

О О О  
Хм x, x 1+1

Figure 2 - Graphical representation of a CRF model

The m ost common application is the linear chain CRF model. This model is m ost often used to solve 
the problems o f  marking and segmentation o f  sequences [22].

A similar method for CRF is the M EM M  algorithm (maximum-entropy M arkov model), which is also 
a discriminative probabilistic model. The main difference between CRF and M EM M  is the absence o f 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 M EM M  or HM M  
without using a language model.

3. C onclusion
The considered methods for constructing end-to-end models are superior the HM M -GM M  model, but 

its performance is still worse or comparable to the HM M -DNN model, which also uses methods o f  deep 
learning. In order to take an advantage o f  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 m ain disadvantage o f  the 
CRF-based model is the computational complexity o f  the training sample analysis, which makes it 
difficult to constantly update the model when new training data arrives. M odels based on the attention 
mechanism can effectively improve recognition characteristics, but they are not monotonous and have a 
long delay. A lthough methods exist such as ‘a w indow ’ 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 HM M -based model uses additional language models to provide a wealth o f  language training, 
while all linguistic training o f  the end-to-end model is obtained only from transcriptions o f  training data, 
the scope o f  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 o f  linguistic training while 
maintaining the integral structure. This article was prepared based on the project: IRN AP05131207 
Development o f  technology for multilingual automatic speech recognition using deep neural networks.
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С0ЙЛЕУД1 ТАНУ Ж YЙЕСШ Щ  ДАМУЫНДАГЫ ЦАЗ1РП ТЕНДЕНЦИЯЛАР

Аннотация. Бул макалада жасырын Марков модельдерше (HMMs) непзделген модельдердщ непзп 
идеялары, артыкшылыктары мен кемшiлiктерi - Gaussian Yлестiрiмдерi (GMM) жэне интегралдык жYЙелер 
(end-to-end) гибридi усынылган, сонымен катар интегралды модель сейлеудi тану саласында дамып келе 
жаткан жана саланын бiрi болып табылады.

Кiрiккен сейлеудi тану проблемасында жасырын Марков моделiне (HMM) непзделген модель эрдайым 
басты технология болып келщ жэне кен колданылды. Тшп казiргi уакытта сейлеудi тану бойынша ен жаксы 
керсетк1ш HMM-ге негiзделген (терен окыту эдiстерiмен бiрiктiрiлген). Кептеген енеркэсiптiк 
орналастырулар HMM-ге непзделген.

Сонымен бiрге терен окыту эдiстерi интегралды модель болып табылатын баламанын пайда болуына 
тYрткi болды. HMM негiзiндегi модельмен салыстырганда дыбысты тацбаларга немесе сездерге тiкелей 
сэйкестендiру Yшiн бiрiктiрiлген модель бiр модельдi колданады. Ол ендеу процесiн окыту YPДiсiмен 
алмастырады жэне осы салада арнайы окытуды кажет етпейдi, сондыктан интегралды модельдi куру жэне 
окыту онайырак. Осы артыкшылыктардын аркасында интегралды модель тез арада сейлеудi тану 
саласындагы танымал зерттеу аймагына айналып отыр.

Кептеген интегралды сейлеудi тану модельдерше келеа белiктер кiредi: сейлеу енпзу тiзбегiн 
мумкшджгер тiзбегiмен салыстыратын кодер; объектшер тiзбегi мен тiл арасындагы тенестiрудi жYзеге 
асыратын тYзету; тYпнускал^Iк сэйкестендiру нэтижесiн ашатын декодер. Таты айта кететiн жайт, бул белу 
эрдайым бола бермейду ейткенi интегралдык курылымнын езi толык курылым болып табылады жэне 
инженерлж модульдiк жуйеге уксастыгы бойынша жумысты кай белш орындайтынын аныктау ете киын.

Бiрнеше модульден туратын HMM моделiнен айырмашылыгы, интегралды модель акустикалык 
сигналдардын пкелей керсетiлуiн iске асыратын терен желшер модулiн алмастырады. Сонымен катар, 
нэтиже шыгарган кезде кейiнгi ендеудi кажет етпейд^

HMM негiзделген модельмен салыстырганда, жогарыдагы айырмашылыктар интегралды модельге 
келеа сипаттамаларды бередi:

-  бiрлескен жаттыгулар Yшiн бiрнеше модульдер бiр желте бiрiктiрiлген. Бiрнеше модульдi бiрiктiрудiн 
артыкшылыгы - эр тYрлi аралык жагдайынын (калпынын) айырмашылыгы арасындагы керсетiлуiн жузеге 
асыру Yшiн кеп модуль жасаудын кажеттiгi жок. Бiрлескен окыту интегралды модельге жаhандык
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оцтайландыру максаты ретшде корытынды багалау критерийлерi Yшiн ете мацызды функцияны колдануга 
мумкшдш бередi, осылайша тиiмдi нэтижелерге кол жетк1зуге мумшндш береди

-  акустикалык сигнатурасы мэтiндiк нэтижесшщ тiзбегiне тiкелей сэйкестендiрiледi жэне накты 
транскрипцияга кол жетк1зу немесе тану сипаттамаларын жаксарту Yшiн одан эрi ецдеудi кажет етпейдi, ал 
HMM модельдерiнде айтылым Yшiн iшкi окыту бар.

Интегралды модельдiц осы артьщшыльщтары сейлеудi тану модельдерiнiц курылысы мен жаттыгуын 
айтарлыктай жецiлдетедi.

Интегралды модельдi олардыц жумсак тецестiрiлуiне байланысты Yш санатка белуге болады:
- CTC непзщде: CTC алдымен барлык ыктимал тецестiрулердi тiзiмдейдi, содан кейiн осы катты 

туралауларды бiрiктiрiп жумсак тецеслруге кол жеткiзедi. CTC шыгыс белгiлерi катац туралауды тiзiмдеген 
кезде бiр-бiрiнен тэуелсiз болады деп болжайды.

- назар аудару механизмше негiзделген: бул эдк кiрiс деректерi мен шыгыс белгiлерi арасындагы 
тегiстеу акпаратын пкелей есептеу Yшiн назар аудару механизмш колданады.

- CRF шартты кездейсок ерiстерiне негiзделген модель галамдык ыктималды модельдi тiзбектей болжау 
Yшiн жергш кп акпаратты бiрiктiруге мумшндш бередi.

Осылайша, сейлеудi автоматты тYPде тануга арналган интегралды жуйелердщ тYрлерiне аналитикалык 
шолу жэне теориялык салыстырулар жасалды. Соцында, олардыц тиiстi артыкшылыктары мен кемшiлiктерi 
жэне осы жYЙелердiц болашакта дамуы мумшн перспективасы керсетiлген. HMM моделi мен интегралды 
модель туралы кыскаша салыстырамыз. Сайып келгенде, олардыц тшсп артыкшылыктары мен кемшiлiктерi 
жэне осы жуйелердщ болашакта дамуы мумкш екен дт  керсетiлген.

ТYЙiн сездер: сейлеудi автоматты турде тану, жасырын Марков модельдер^ end-to-end; нейрондык 
желiлер, CTC.
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СОВРЕМЕННЫЕ ТЕНДЕНЦИИ РАЗВИТИЯ СИСТЕМ РАСПОЗНАВАНИЯ РЕЧИ

Аннотация. В данной статье представлены основные идеи, преимущества и недостатки моделей, на 
основе скрытых марковских моделей (НММ) - смеси гауссовских распределений (GMM) и интегральных 
систем (end-to-end), а также указано, что интегральная модель является развивающим направлением в 
области распознавания речи.

В задаче распознавания слитной речи широко использовалась модель на основе скрытой модели 
Маркова (HMM) и всегда была одной из основных технологий в этой области. Даже сегодня лучшая 
производительность распознавания речи по-прежнему исходит от модели на основе HMM (в сочетании с 
методами глубокого обучения). Большинство промышленно развернутых систем основаны на HMM.

В то же время, методы глубокого обучения также стимулировали появление альтернативы, которая 
является интегральной моделью. По сравнению с моделью, основанной на HMM, в интегральной модели 
используется одна модель для непосредственного сопоставления звука с символами или словами. Он 
заменяет процесс проектирования процессом обучения и не требует специальных знаний в этой области, 
поэтому интегральную модель проще создавать и обучать. Благодаря этим преимуществам интегральная 
модель быстро становится популярным направлением исследований в области распознавания речи.

Большинство интегральных моделей распознавания речи включают в себя следующие части: кодер, 
который отображает последовательность ввода речи в последовательность признаков; выравниватель, 
который реализует выравнивание между последовательностью объектов и языком; декодер, который 
декодирует окончательный результат идентификации. Необходимо отметить, что это разделение не всегда 
существует, потому что интегральная структура сама по себе является законченной структурой, и обычно 
очень трудно определить, какая часть выполняет какую подзадачу по аналогии с инженерной модульной 
системой.

В отличие от модели на основе HMM, которая состоит из нескольких модулей, интегральная модель 
заменяет несколько модулей глубокой сетью, реализуя прямое отображение акустических сигналов в 
последовательности меток без тщательно продуманных промежуточных состояний. Кроме того, нет 
необходимости выполнять последующую обработку на выходе.

По сравнению с моделью на основе HMM вышеуказанные различия дают интегральной модели 
следующие преимущества:

-  несколько модулей объединены в одну сеть для совместного обучения. Преимущество объединения 
нескольких модулей состоит в том, что нет необходимости разрабатывать много модулей для реализации

49



News o f the National Academy o f  sciences o f  the Republic o f  Kazakhstan

отображения между различными промежуточными состояниями. Совместное обучение позволяет 
интегральной модели использовать функцию, которая очень важна для окончательных критериев оценки, в 
качестве цели глобальной оптимизации, тем самым добиваясь глобально оптимальных результатов.

-  он напрямую отображает входную последовательность акустической сигнатуры в последовательность 
текстового результата и не требует дальнейшей обработки для достижения истинной транскрипции или для 
улучшения характеристик распознавания, тогда как в моделях на основе HMM обычно есть внутреннее 
представление для произношения.

Эти преимущества интегральной модели позволяют значительно упростить построение и обучение 
моделей распознавания речи.

Интегральная модель может быть разделена на три различные категории в зависимости от их 
реализаций гладкого выравнивания:

-  на основе CTC: CTC сначала перечисляет все возможные грубые выравнивания, затем он достигает 
гладкого выравнивания путем объединения этих грубых выравниваний. CTC предполагает, что выходные 
метки не зависят друг от друга при перечислении таких выравниваний.

-  основанная на механизме внимания: этот метод использует механизм внимания, чтобы 
непосредственно вычислить информацию гладкого выравнивания между входными данными и выходной 
меткой.

-  модель, на основе условных случайных полей (Conditional Random Fields, CRF), позволяет 
комбинировать локальную информацию для прогнозирования глобальной вероятностной модели по 
последовательностям.

Таким образом, в статье приведен аналитический обзор разновидностей интегральных систем 
автоматического распознавания речи, и делаются теоретические сравнения. Кратко сравниваются модели на 
основе HMM и интегральная модель, тщательно анализируются различные парадигмы интегральных 
технологий и сравниваются их преимущества и недостатки. В конечном итоге указываются возможное 
будущее развитие этих систем.

Ключевые слова: автоматическое распознавание речи, скрытые марковские модели, end-to-end; 
нейронные сети, CTC.
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