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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. © 2021 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:  

 ( ) ( 1) ;t th f h  , 

where ( )th is the state of a system at t moment of time;    parameter set, which can be represented in the 

form of recurrent network given below (Fig. 1.).  
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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 τ the given equation can be 
extended using equation of states at previous time points [1]: 

        ( ) ( 1) ( 2) (1); ; ; ; ; ; .h f h f f h f f f h              

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 ( )tx  external signal (Fig. 

3) [1]: 

 ( ) ( 1) ( ); ; .t t th f h x 
 

 

 
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] 

(Fig. 4). 
 

 
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). 

 

 
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). 
 

 
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).  
  

 
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). 
 

 
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:  
 

( ) ( ) ( 1) ,t t ta Ux Wh b       ( ) ( ) ( ) ( 1) ,t t t th f a f Ux Wh b     

( ) ( ) ,t to Vh c      ( ) ( ) ( ) ,t t ty g o g Vh c    

where , ,U W V  weight matrixes, ,b c  translation vectors, ( )th  hidden variable vector at t  time (with 
t  number from the given input sequence when processing the example), ( )ty  network output at t  time, 

   ,f g   activation functions. 

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

 ( ) ( )

, ,1 1

1 , min ,
nN

t t
n n U W Vn t

J d y y
N



 

    

where N   number of input sequences, n   number of elements with n  number in the sequence; ( )t
ny 

real output (marking, notching) at t  time, when considering the sequence with n  number, ( )t
ny  network 

output at t  time for input sequence with n  number,  ( ) ( ),t t
n nd y y   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(τ). 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.  
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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) 

   ( ) ( ) ( 1) ( ) ( ), .t t t t th f Ux Wh b y 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 

      ( ) ( ) ( 1) ( ) ( 1)
1 1 2 1 ,t t t T T t t

L L L L Lh f Ux Wh b U U Ux Wh 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. c). In the given case  g  transition is implemented in the form of sequential set of network 

layers. 

      ( ) ( ) ( )
1 1 2 1 ,t t T T t

L L L L Ly g Vh c V V Vh c           

where L   number of network layers between input and hidden layers [3]. 

 

 

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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 ( ) ( 1) ( )
1 ,t T t T t

l l l l l lh f W h U h
   

where ( )t
lh  system’s hidden state on layer with l -number at t  time. 

 

 

Fig. 10. The example of stack composed of two recurrent networks. 
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ინფორმატიკა 

გამომავალი სიგნალის გენერირების შესახებ 
რეკურენტულ ნეირონულ ქსელებში 
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მ. რამაზაშვილი** 

*აკადემიის წევრი, საქართველოს ტექნიკური უნივერსიტეტი, ინფორმატიკისა და მართვის 
სისტემების ფაკულტეტი, თბილისი, საქართველო 
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თბილისი, საქართველო 

რეკურენტული ნეირონული ქსელები (Recurrent Neural Networks, RNN) – შექმნილია ერთი 
გარკვეული ტიპის მონაცემთა მიმდევრობების დასამუშავებლად, რაც ნიშნავს, რომ ქსელის- 
თვის ობიექტთა მიწოდების რიგს დიდი მნიშვნელობა აქვს. ასეთი სახის ამოცანათა ტიპურ  
მაგალითებს, რომლებშიც მოცემული თავისებურება ცხადად შეინიშნება, იძლევა მეტყველე- 
ბის გამოცნობის ამოცანები (ბგერათა მიმდევრობის დამუშავება, ბუნებრივი ენის ტექსტების  
დამუშავება). აღსანიშნავია კომპიუტერული ხედვის რიგი ამოცანაც, სადაც ასევე წარმატებით  
ხდება რეკურენტული ქსელების გამოყენება (ვიდეო-კადრების მიმდევრობის დამუშავება,  
გამოსახულებათა დამუშავების ზოგიერთი ამოცანა). ასეთი ქსელებით შესაძლებელია ნების- 
მიერი დინამიკური სისტემის ქცევის აპროქსიმაციაც. სტატიაში განხილულია რეკურენტული  
ნეირონული ქსელის მიერ გამომავალი სიგნალის გენერირების რამდენიმე საინტერესო ახალი  
მაგალითი, როცა ამ ქსელისთვის ობიექტთა მიწოდების თანამიმდევრობის დაცვა გადამწყ- 
ვეტია. ასევე გაანალიზებულია რეკურენტული ნეირონული ქსელების სწავლების ამოცანის  
დასმა ელმანის ქსელისათვის და შექმნილია ელმანის რეკურენტული ნეირონული ქსელი,  
რომელიც ნულებით და ერთიანებით შედგენილი შემთხვევითი ბულის მიმდევრობისათვის  
იძლევა კვლავ ბულის მიმდევრობას, მაგრამ რომელსაც ერთიანები აქვს მხოლოდ იმ შემ- 
თხვევაში, როცა შემავალ მიმდევრობაში იგი ზედიზედ აწყდება ორ ერთიანს. 
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