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Recurrent Neural Networks (RNN) are created for processing of one-type data sequences that means
that the order of network object delivery is of great importance. Typical examples of such kind of
problems, in which the given sign is clearly observed, are provided by speech recognition problems
(processing of sequence of sounds, natural language text processing). Number of computer vision
tasks, which are also successfully solved using recurrent networks (video-frame sequence processing,
certain tasks of image processing) are singled out. Such networks allow approximating the behavior
of any dynamic system. New interesting examples of output signals generation by the recurrent
neural network, when observation of objects presentation sequence for this network is crucial, are
considered. The statement of the recurrent neural networks training task was analyzed for Elman
network, and Elman recurrent neural network was created as well, which gives Boolean sequence
again for random Boolean sequence composed of zeros and ones, having ones only in the case when
it faces two ones in a row in the input sequence. © 202/ Bull. Georg. Natl. Acad. Sci.
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Introduction of recurrent neural networks requires generalization of previously considered computation
graph notion. Recurrent neural networks computation graph may contain cycles reflecting the dependence
of the variable value at the next point of time on the current value of this variable. At the given stage, the
idea of recurrent computation extension into computation graph with repeated structure, which usually
reflects event sequence, is used [1].

Let us consider the classic form of dynamic system as an example:

A = f(h(””;e) ,

where 4" is the state of a system at f moment of time; ¢ — parameter set, which can be represented in the

form of recurrent network given below (Fig. 1.).

© 2021 Bull. Georg. Natl. Acad. Sci.
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Fig. 1. Classic dynamic system.

It is easy to see that the given equation is a recurrent one, as far as the state at each next point of time
depends on the state at previous time point. For a fixed time interval from 1 to 1 the given equation can be
extended using equation of states at previous time points [1]:

WO = f(H030) = 1 (f (H30):0) == f( £ (oS (H"30):0):0).

The finite expression no more contains recurrent dependences and may be represented by a cyclic graph

of computation (Fig. 2). [2].
Fig. 2. Classic dynamic system represented as extended computation graph.

More complicated example is represented by a dynamic system controlled by x external signal (Fig.
3)[1]:
A0 = f(h(””'x(’)'e).

Fig. 3. Dynamic system controlled by external signal.

In such a system the current state includes information on the entire precedent sequence of signals [1]
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Fig. 4. Computation graph extended through time for dynamic system, controlled by external signal.

In case of recurrent neural networks, along with the state and controlled external signal, a system
generates definite output signals, as well. Let us consider several examples of typical templates of recurrent
dependences [1].
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1. Recurrent network, which provides output signal at every time step and which has recurrent

dependences between hidden layer elements (Fig. 5).
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Fig. 5. Recurrent network, which provides output signal at every time step and which has recurrent dependences
between hidden layer elements (to the left — an initial network, where a square denotes signal transmission time
delay, to the right — a network extended through time).

2. Recurrent network, which provides output signal at every time step and which has recurrent
dependences between the output element of current time and hidden element of next time (Fig. 6).
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Fig. 6. Recurrent network, which provides output signal at every time step and which has recurrent dependences
between output element of current time and hidden element of next time (to the left — an initial network, to the right —
a network extended through time).

3. Recurrent network with recurrent dependence between hidden layer elements, which reads out input
data sequence and provides the only output signal. At this time, an output element needs complete
information on the past in order to predict the future (Fig.7).
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Fig. 7. Recurrent network with recurrent dependence between hidden layer elements, which reads out input data
sequence and provides the only output signal (to the left — an initial network, to the right — a network extended
through time).

The recurrent neural network with hidden neurons’ dependence is simpler than itself and is called Elman
recurrent network (Elman network). The first and the third typical templates are the implementation of
Elman recurrent network. The difference between the mentioned implementations is that in the first case
the network brings several input vectors into compliance with the same number of outputs, while in the
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second case — only one output is brought in line with several input vectors. Based on this, the diagram of
network extension through time is different.

The recurrent network with recurrent dependence between the output element of current time and the
hidden element of next time is called Jordan network.

Recurrent network training. Let us consider the statement of recurrent network training task by the

example of Elman network (Fig. 8).
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Fig. 8. Elman network common pattern and possible diagram of its extension through time.

The equations describing internal state and output of the network obtained through Elman network
extension in time are of the following type:

a® =Ux" + Wh'™" +b, W = f(a®)=f(Ux® + W +b),
0" =Vh" +c, P = g(o(’) ) = g(Vh(’) + c),

where U, W,V — weight matrixes, b,c— translation vectors, 4’ — hidden variable vector at ¢ time (with
¢t number from the given input sequence when processing the example), 3’ — network output at ¢ time,
£(-).&(-) - activation functions.

In such case, Elman network training task consists in overall error minimization by all examples of input
sequence set:

1 N 7, ~ .
J=WZZd(yi’),y§”)—>3};g,

n=l t=1

where v — number of input sequences, 7, — number of elements with 7 number in the sequence; y\ —
real output (marking, notching) at ¢ time, when considering the sequence with » number, )7,(,') — network

output at ¢ time for input sequence with » number, d ( y, yff))— similarity measure of notching and

network output (Euclidean distance or cross-entropy).

Since the recurrent network can be extended through time and thereby can be represented it as a signal
direct propagation network in order to train network parameters, we can use error backpropagation through
time [1]. The general pattern of method operation foresees performance of the following steps:

1. Forward pass along the network extended through time (pass from left to right along the network
extended through time, Fig. 8). At the given step, calculation of extended network hidden states and outputs,
as well as of activation function gradients is implemented. It should be noted that computational complexity
is proportional to input sequence length, i.e. equals to O(t). In addition to that, it is impossible to implement
computation parallelizing, since each next internal state of the system depends on the precedent one.

2. Calculation of objective function value and function gradient.

Bull. Georg. Natl. Acad. Sci., vol. 15, no. 2, 2021
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3. Backward pass of network extended through time (Pass from right to left along the network extended
through time, Fig. 8). Network error calculation and weight adjustment are implemented at the current step.

It is evident that the network with a recurrent dependence between hidden elements is sufficiently
strong, as far as it gathers information on each element of data sequence in itself, however training of such
network is an “expensive” operation in terms of complexity of computations to be made [1].

Deep recurrent neural networks. The expected ways of deep recurrent networks construction are
considered here. In most typical recurrent networks, calculations can be divided into three blocks of
parameters and their respective conversion [1] (Fig. 8):

1. Input’s transition into hidden state.

2. Transition of previous hidden state into next hidden state.

3. Transition of hidden state into output.

According to transition complexity (depth), several types of recurrent networks are singled out [2]:

1. Conventional recurrent neural network (RNN) (Fig. 9,a)

W = f(Ux" + W +b), 3 =g(Vh" +c).

2. Recurrent network with signal’s deep transition into hidden signal (Deep Transition RNN, DT-
RNN, Fig. 9,b). When processing such type of recurrent network, f () transition is implemented by means

of sequential set of network layers
WO = (U0 +WH +b) = g, (ULTgoL_l (AN A (ZEY b))))
where L — number of network layers between hidden and output layers.

3. Recurrent network with hidden signal’s deep transition into output signal (Deep Output RNN, DO-
RNN, Fig. 9. ¢). In the given case g() transition is implemented in the form of sequential set of network

layers.
7 =g(rh" +c)=y, (VLT‘/’L“ (VLT-‘V’L-Z A C))))

where L — number of network layers between input and hidden layers [3].
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Fig. 9. Recurrent network types.

At that, another method for deep recurrent network formation foresees stack construction from

conventional recurrent network (Fig. 10).
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To the Question of the Output Signal Generation...

45

h/([) =/ (W/Th/(H) + Ufh}i? ),

where 4" —system’s hidden state on layer with / -number at ¢ time.

Fig. 10. The example of stack composed of two recurrent networks.
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6939096¢ Mo bgomHmbmmo Jugergdo (Recurrent Neural Networks, RNN) — 89ddbogros gomo
35633070 Godol dmbsggdms 80dgzmmdgdol Eslsdmsggdmsm, Moz bodbsgl, Gmd Jugerol-
0306 Mmdogd@ms dofimgdol Gogl oo 36083bgermds sggl. sligmo Lsbol s8mEsbsms Godm®
05g5¢00mgdl, HMAmgddos dmEgdmeo msgzolgdmmgds sbsws@ Ggobodbgds, odangzs 39GY39ey-
00l 259mEbmdoL $9mEIBgdO (dagMscs B00YgMmMdOL Es3wdsggds, dmbgdMogo gbol @gdu@gdol
050353005). 50Ls60Tbsg0s 3MB30EIH MO by30L Mogo 8mEsbsE, bssg gy Fatmds@gdoo
bogds M93mmgbGmmo Jugamgdol gsdmyggbgds (30gm-35Mmgdol 0dEgadmdol ©sdmasggds,
350mbsbremgdsms 83853900l Bmaoghomo sdmasbs). sigmo Jugamgdom Bglisdengdgemos bgdols-
3090 ©obsdogm®o LolBgdol Jaggol s3mmJodszoss. LENG0sdo gsbboermmos GHg3mmgbdmemo
Bgommbyemo Jugenol dogh gs8mdsgaero bogbserol 3gbgMomgdol Gsdpgbodg Lsob@gMgbm sbsemo
3sg9omo, MmEs 58 Jugamoliogol mdogd@dms dofimogdol 0sbs900gzmmdol 33 39®s3fy-
300405, g 99bsgrobgdmmos M93mMgbdmmo bgommbmmo Jugergdols bfsgergdols sdmEsbols

@313 gemdsbols Jugerolismgol s 8ggdbogros gandsbols Mg3mMgbdmmo bgodmbmmo Jugero,
HmIgerog byemgdom s ghmosbgdom Bgoggbowo dgdmbgggoomo dmemols dodEgzthmdolismgols

00¢0g35 33¢s3 ¥Memols 00gg®mMdsl, 0s3Msd MMIgElsg 9Mmosbgdo sggl dbmerme od 890-
b393580, Hezs 890535¢r B08@g3Mmdsdo 080 bByobgo Sfyogds mM 9MHmosbl.
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