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This study considers an approach to 
improving the information technology of 
structure synthesis for real-time multi-oper-
and neural operation data processing. The 
task addressed relates to the lack of a formal-
ized approach to the synthesis of such struc-
tures that would simultaneously take into 
account the parameters of data flows, the 
depth of the pipeline, the degree of parallel-
ism, and hardware limitations while ensur-
ing the specified time characteristics. 

Methods for parallel vertical-group calcu-
lation of the scalar product, sum of squared 
differences, and search for maximum and 
minimum values have been devised. A meth-
od for concretizing flow graphs has been 
improved. Basic parallel-stream computing 
structures and analytical expressions for esti-
mating hardware costs, pipeline cycle time, 
and efficiency of hardware resource use have 
been developed. Based on the above, the infor-
mation technology for synthesizing paral-
lel-stream structures for vertical-group cal-
culation of real-time multi-operand neural 
operations has been improved. The task set 
was solved by combining vertical and group 
parallelism, conveyorization, modular orga-
nization, matching the intensity of data input 
with the intensity of their processing and a 
gradual transition from algorithmic descrip-
tion to hardware implementation.

The improved information technolo-
gy provides a reduction in hardware costs, 
increased throughput, reduced latency, and 
the selection of optimal parameters of struc-
tures. Simultaneous processing of groups of 
bit slices reduces the number of pipeline steps, 
and the specification of flow graphs makes it 
possible to adapt the structure of calculations 
to real-time requirements. 

In practice, the results could be used for 
synthesizing specialized FPGA-, ASIC-, SoC-
tools for neural-oriented real-time systems 
with specified characteristics
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1. Introduction 

The modern development of real-time neural-oriented 
systems is due to the increasing requirements for autono-
my, adaptability, and speed of data processing in complex 
dynamic environments [1–3]. Such systems are widely used 
in autonomous vehicles, mobile robotic platforms, vision 
systems, security devices, medical and embedded intelligent 
devices [2, 4]. Their effective functioning requires high-
performance processing of multi-channel streaming data in 
real-time under conditions of limited hardware resources and 
low power consumption [3, 6 ,5]. 

The key issue of implementing neural algorithms in such 
systems is the high computational complexity of multi-oper-
and neural operations, in particular, the scalar product, the 

sum of squared differences and group summation, which form 
the main part of the computational costs [1, 7]. Conventional 
universal processor architectures and horizontal parallel 
computing methods do not provide simultaneous fulfillment 
of the requirements for speed, scalability, regularity of struc-
tures, and guaranteed computation time, which is critical for 
real-time systems [8, 9].

State-of-the-art hardware solutions based on FPGA and 
ASIC make it possible to accelerate individual neural opera-
tions; however, they are characterized by limited scalability 
and lack of formal coordination between the intensity of in-
coming streaming data and the parameters of computational 
pipelines [3, 10]. This leads to inefficient use of hardware 
resources and complicates the adaptation of such structures 
to new classes of neural operations. 

INFORMATION TECHNOLOGY
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In [25, 26] it is shown that a significant part of the 
research on increasing the speed of neural networks is 
focused on the hardware implementation of basic neural 
operations, in particular the scalar product [27], which is a 
key operation of most neural network algorithms. Existing 
approaches are mostly based on multiplication and addition 
or their simplified versions (shifts, addition, inversion), use 
mainly two-operand calculations and provide only sequential 
or limited parallel processing. The issue of effective hardware 
implementation of multi-operand calculations, characteristic 
of modern neural-oriented systems, remains unresolved.

Analysis of works [28, 29] reveals that parallel-vertical 
methods are used to calculate basic multi-operand neural 
operations, which involve simultaneous processing of a bit 
slice of all operands. This approach makes it possible to 
increase performance and reduce latency. The main disad-
vantage of the parallel-vertical method is the difficulty of 
matching the time of arrival of operands with the clock of the 
pipeline in parallel-stream structures, which complicates the 
effective implementation of multi-operand neural operations. 
Analysis of methods for synthesizing structures for comput-
ing basic neural operations in real time [30] showed the lack 
of formalized approaches capable of simultaneously taking 
into account the parameters of data flows, pipeline depth, 
and computation structure.

Our review of the literature demonstrates that the short-
comings of current methods for synthesizing parallel-stream 
structures for the calculation of multi-operand neural oper-
ations are the complexity of coordinating the time of data 
arrival with the pipeline clock and insufficient formalization 
of the transition from the algorithm to the hardware imple-
mentation. In addition, there are no effective methods for the 
calculation and synthesis of parallel-stream structures for 
basic multi-operand neural operations, capable of ensuring 
real-time operation and high efficiency of hardware resourc-
es. An unresolved task is the synthesis of parallel-stream 
structures for vertical-group calculation of multi-operand 
neural operations in real time, which simultaneously take 
into account the parameters of data flows, the depth of the 
pipeline, the degree of parallelism, as well as hardware lim-
itations while ensuring the specified time characteristics.

The aforementioned allows us to assert that it is advisable 
to conduct research on the improvement and development 
of information technology for synthesizing these structures. 
It is based on the use of the methods devised in the work for 
parallel vertical-group calculation of the scalar product, sum 
of squared differences, search for maximum and minimum 
values, and an improved method for concretizing flow graphs.

3. The aim and objectives of the study 

The aim of our work is to improve the information 
technology of synthesis of parallel-stream structures for 
vertical-group computing of multi-operand neural operations 
in real time, which ensures high efficiency of hardware re-
sources use and compliance with the requirements of specific 
applications.

To achieve the goal, the following tasks were set:
– to devise a method of parallel vertical-group computing 

of basic multi-operand neural operations;
– to improve the method of concretization of flow graphs 

for the synthesis of parallel-stream computing structures in 
real time;

A promising direction for overcoming these limitations 
is the use of vertically parallel multi-operand parallel-stream 
computing structures. Such structures provide simultane-
ous processing of groups of bit slices, coordination of the 
data input frequency with the pipeline clock frequency, as 
well as formalized formation of partial and macro-partial 
products [11, 12]. This approach creates prerequisites for 
optimizing the time and hardware characteristics of comput-
ing resources and guaranteeing real-time operation. There-
fore, the relevance of research relates to the development of 
methods for implementing multi-operand neural operations 
that are capable of providing real-time data processing. 
Based on the devised methods, it is necessary to improve the 
information technology for the synthesis of multi-operand 
parallel-stream computing structures focused on neuro-like 
data processing. Such information technology should ensure 
simultaneous consideration of the requirements for real-time 
data processing and achieving high efficiency in the use of 
hardware resources.

2. Literature review and problem statement

Analysis of the current stage of evolution of neural-ori-
ented computing systems reveals that it is characterized 
by a rapid growth in data volumes and the complexity of 
artificial neural network models, which leads to increased 
requirements for speed and efficiency of use of computing 
resources [13, 14]. A review of studies [15, 16] shows that 
the main areas of research are the development of hardware 
accelerators of neural networks based on GPU, FPGA, 
and ASIC, as well as the optimization of computing struc-
tures for the implementation of basic neural operations. 
Papers [17, 18] consider approaches to building hardware 
accelerators of deep neural networks based on ASIC and 
FPGA with an emphasis on increasing computing perfor-
mance and efficiency of use of hardware resources. At the 
same time, insufficient attention is paid in those studies to 
the synthesis of computing structures at the level of basic 
neural operations and the coordination of the time of receipt 
of input data with the calculation cycle.

In [19, 20] it is shown that the increase in GPU performance 
is achieved through massively parallel processing and the 
use of vector instructions. At the same time, such solutions 
remain energy-intensive and do not ensure the efficient use 
of hardware in embedded real-time systems. The issue of 
guaranteeing timing characteristics when processing inten-
sive data streams remains unresolved, which is due to the 
orientation of universal processor architectures to a wide 
range of tasks and limits their ability to specialize for specific 
computational patterns of neural networks. 

In current studies [21, 22] on FPGA and ASIC 
implementations of neural network components, most 
attention is on adapting the architecture to the algorithmic 
structure of neural operations. At the same time, the analysis 
of papers [23, 24] reveals that most of the existing solutions 
are focused on the implementation of individual types of neu-
ral algorithms. The issue of devising universal methods for 
synthesizing computational structures capable of effectively 
implementing various multi-operand neural operations tak-
ing into account real-time constraints remains unresolved. 
Its solution is due to the complexity of formalizing the tran-
sition from algorithmic description to hardware implementa-
tion taking into account data flow parameters.
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– to design basic parallel-stream structures for the imple-
mentation of multi-operand neural operations in real time 
and evaluate their parameters;

– to determine a set of requirements for information 
technology that form its functional capabilities and ensure 
its improvement through a systematic, formalized, and re-
producible process of transition from algorithmic description 
of neural operations to effective hardware implementations.

4. The study materials and methods

The object of our study is the synthesis processes of par-
allel-stream computing structures designed to implement 
multi-operand neural operations in real-time systems with 
high efficiency of hardware resources use.

The hypothesis of the study assumes the possibility of 
ensuring the processing of multi-operand neural operation 
data at the rate of their arrival while simultaneously taking 
into account the requirements for the efficiency of hardware 
resources use. In this study, the use of hardware resources 
is assessed using measurable criteria, namely calculation of 
the duration of the pipeline cycle, hardware costs, and the 
efficiency of hardware resources use for the implementation 
of parallel-stream devices [6].

In the process of improving information technology, the 
following was assumed:

1) to implement multi-operand neural operations, com�-
putational structures are used that allow parallelization and 
pipelined data processing;

2) a possible redistribution of the total computational 
complexity of a specific algorithm between the number of 
simultaneously processed data processing streams and the 
data bit rate of a separate stream;

3) in the process of executing neural network algorithms, 
multi-operand neural operations are performed;

4) parallel-vertical calculation of multi-operand operations 
is based on simultaneous processing of groups of bit slices of all 
operands with subsequent reduction of partial results;

5) when implementing neural network algorithms, basic 
multi-operand operations are scalar product, convolution, 
sum of squares of differences, group summation, search for 
maximum and minimum values in arrays of numbers;

6) the calculation of multi-operand neural operations is 
reduced to the parallel execution of the same type of comput-
ing operations on groups of bit slices of the array of operands, 
which makes it possible to significantly reduce time costs;

7) parallel vertical group processing of data by groups of 
digits ensures the implementation of multi-operand neural 
operations in parallel-stream computing structures. 

The simplification adopted in the study is the possibility 
of parallelization and conveyorization of data processing algo-
rithms when implementing a wide class of multi-operand neural 
operations. However, neural networks and neuro-like structures 
have a regular structure oriented towards data stream process-
ing, which makes the specified simplification not so restrictive.

The study used a method of spatial-temporal mapping 
of the algorithm, which ensures the detection of all forms 
of parallelism and allows constructing its stream graph in a 
tiered-parallel form. With this form of representation of the 
algorithm, all its functional operators are distributed by tiers, 
where operators of one tier can be executed independently.

To implement the data processing process, pipeline algo-
rithmic structures were used, which provide high throughput.

Determining the balance between the depth of the pipe-
line and the complexity of operations makes it possible to 
achieve high efficiency in the use of hardware resources, 
taking into account the intensity of data input for processing.

In the process of improving information technology, the 
following research methods were used:

– methods from the theory of parallel computing – for 
the analysis and synthesis of parallel-stream computing 
structures designed to implement basic multi-operand neural 
operations in real time;

– methods from the theory of algorithms – for the devel-
opment and formalization of algorithms for vertical-group 
computing of basic multi-operand neural operations;

– methods from graph theory – for the representation 
of algorithms for vertical-group computing of multi-operand 
neural operations in the form of flow graphs and their further 
specification;

– optimization methods – for ensuring the effective pro-
cessing of continuous data streams in parallel-stream com-
puting structures in real time with minimal hardware costs;

– methods from the theory of digital automata – for the 
synthesis and analysis of parallel-stream computing struc-
tures designed to compute basic multi-operand neural oper-
ations in real time.

5. Results of improving the information technology for 
synthesizing multi-operand parallel-stream computing 

structures of real time

5. 1. Method of parallel vertical-group calculation of 
basic multi-operand neural operations

For neural network algorithms, the basic multi-operand 
operations are scalar product, convolution, sum of squares 
of differences, group summation, search for maximum and 
minimum values in arrays of numbers. Parallel-vertical 
calculation of such multi-operand operations is based on si-
multaneous processing of groups of bit slices of all operands 
with subsequent reduction of partial results, which ensures 
the collapse of a set of intermediate values into a single final 
result. With this approach, the calculation of multi-operand 
neural operations is reduced to parallel execution of the same 
type of computational actions on groups of bit slices of the 
array of operands, which makes it possible to significantly 
reduce time costs.

Parallel vertical-group data processing by groups of k 
bits is an effective method for implementing multi-operand 
neural operations in parallel-stream computing structures. 
The main idea of the method is to simultaneously process 
vertically organized groups of bit slices of all operands, which 
makes it possible to achieve a high level of parallelism and 
reduce computing time. In vertical-group data processing, 
parallelism is implemented at two levels:

– vertical parallelism – simultaneous processing of the 
corresponding bits of all operands;

– group parallelism – parallel execution of calculations 
over k-bit groups, where k = 1, 2, …, n/2, and n is the number 
of bits of the operands.

The choice of parameter k is a compromise between 
hardware costs and the time of computing the neural opera-
tion because increasing k increases the speed due to greater 
parallelism but increases the complexity and hardware costs.

To obtain the final result, a hierarchical reduction is used, 
which contracts the set of partial results obtained in each 
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k-bit group. Such reduction is implemented in the form of 
tree-like or pipeline structures.

In the vertical-group calculation method, the input data 
Xj and the weight coefficients Wj ( j = 1, …, N, where N is the 
number of data and the number of weight coefficients) are 
processed by groups of k-bits:

( 1)
1 2
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2 ... ,

m
h k
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h
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=
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 

1 2 ... ,jh jh jhkx x x  1 2 ...jh jh jhkw w w  – value of the 

h-group of bits of the j-th input data Xj and the j-th weight 
coefficient Wj, respectively.

Parallel vertical-group method for calculating the scalar 
product. The calculation of the scalar product by the paral-
lel vertical-group method is performed using the following 
formula
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where Pjh is the jh-th group partial product, PMh is the h-th 
group macro-partial product, which is formed by adding N 
group partial products Pjh, i.e.

1
.

N

Mh jh
j

P P
=

= ∑

From formula (2) it follows that the calculation of the 
scalar product is performed in m cycles, in each h-th cycle the 
following operations are performed:

– formation of k partial products using the following 
expression

,jhr j jhrP W x=

where 1,..., ;r k=
– calculation of the group partial product Pjh using the 

following formula

( 1)

1
2 ;

k
r

jh j jhr
r

P W x− −

=

= ∑  
 

– calculation of the h-th macro-partial product PMh 
by summing the h-th partial products Pjh using formula 

1
;

N

Mh jh
j

P P
=

= ∑
– calculation of the final result is carried out by summing 

the macro-partial products PMh using the following expres-
sion

( 1)
12 ,h k

h h MhY Y P− −
−= +  

where Y0 = 0.
The proposed parallel vertical-group method makes it 

possible to significantly increase the degree of parallelism of 
calculations and ensure efficient use of hardware resources 

due to the simultaneous processing of vertically organized 
groups of bit slices of operands.

The method of parallel vertical group calculation of the 
sum of squared differences. The calculation of the sums of 
squared differences is performed using the following formula

( ) ( ) ( )2 2 2

1 1 2 2

2 2 2 2
1 2

1
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... .

e b e b e b
N N

N

N j
j
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=
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= + + + = ∑ 	  (3) 

From formula (3) it follows that such a calculation is 
based on the squaring operation, which is implemented using 
the following formula

2 ( 1)

1
2 ,

n
i

j ji
i

X P∆ − −

=

= ∑    			   (4)

where Pjh is the i-th partial result of squaring the j-th number, 
which is determined

( )1 2 ( 1)0. ... 01 .ji j j j i jiP x x x x−= ∧  		  (5)

In the vertical group calculation of the sum of squared 
differences, groups of k bits are processed simultaneously in 
each cycle. In this processing, the number of cycles is deter 

mined by expression ,nm
k

 =  
   where n is the number of bits 

∆Xj. In each h cycle, where h = 1, …, m, the group partial 
result is calculated using the following formula

1 ( 1) ( 1)
1 2

1
2 ... 2 2 ,

k
k r

jh jh jh jhk jhr
r

P P P P P− − − − −

=
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where r = 1,…,k.
The obtained group partial results are used to calculate 

the h-th macro-partial result of the square using the follow-
ing formula

1
.

N

Mh jh
j

P P
=

= ∑    		      (7)

The operation of squaring the j-th ∆Xj value with process-
ing a group of k bits is performed using the following formula

2 ( 1)

1
2 .

m
h k

j jh
h

X P∆ − −

=

= ∑ 			   (8)

Using formulae (7) and (8), the calculation of the sums of 
squared differences with simultaneous processing of groups 
of k digits is carried out as follows:

( 1)

1
2 .

m
h k

Mh
h

Y P− −

=

= ∑  			   (9)

Parallel vertical-group calculation of the sum of squared 
differences is performed in m cycles, in each h-th cycle the 
following operations are performed:

– k partial results are formed as a result of squaring Pjh 
according to formula (5);

– calculation of group partial results Pjh according to 
formula (6);

– calculation of macro-partial result PMh by adding group 
partial results Qjh according to formula (7);

– calculation of the final result is carried out by sum-
ming macro-partial results PMh using the following ex-
pression



Eastern-European Journal of Enterprise Technologies ISSN-L 1729-3774; E-ISSN 1729-4061	 3/2 ( 141 ) 2026

10

( 1)
12 ,h k

h h MhY Y P− −
−= +  

where Y0 = 0.
The proposed method of parallel vertical-group calcula-

tion of the sum of squared differences provides a significant 
increase in the speed of calculations by combining vertical 
processing organization with group parallelism. Formaliza-
tion of the squaring operation in the form of a system of par-
tial, group and macro-partial results allows for the effective 
implementation of multi-bit multi-operand operations under 
strict time constraints.

The method of parallel vertical-group search for maxi-
mum and minimum values in a one-dimensional array of 
numbers. Parallel vertical-group search for maximum Xmax  
and minimum Xmin values in a one-dimensional { } 1

N

k h
X

=
 

array of numbers is performed in m cycles, where ,nm
k

 =  
 

 n 

is the number of digits of numbers, k is the number of digits 
in the group. In each h cycle ((h=1,…,m) there is a parallel 
receipt of vertically organized slices of k digits of all N 
numbers, starting from the highest. In each h-th cycle, the 
search for the maximum Xmax and minimum Xmin values 
in a one-dimensional array according to this method is 
based on the execution of k basic macro operations of the 
same type. Each r-th basic macro operation (r = 1, …, k) 
is implemented based on the sequence of the following 
logical operations:

1) the value of the bits xhrmax and xhrmin is determined 
using the following formulae:

max
1

,
N

hr jhr jhr
j

x x y
=

= ∧∧   		   (10)

min
1

.
N

hr jhr jhr
j

x x z
=

= ∧∧ 		   (11)

where xjhr – value of hr-th digit of j-th number of array, yjhr, 
zjhr – value of j-th digit of hr-th control word respectively for 
determination of maximum and minimum values, first con-
trol word equals yj1 = zj1=1, j = 1,…,N;

2) formation of j-th digit of (hr + 1)-th control words is 
performed using the following formulae:

max( 1) ( )
,

hr hr jhrj hr x x y
y

+ = ∨ ∧    		   (12)

min( 1) ( ) .
hr hr jhrj hr x x zz + = ∨ ∧   		    (13)

The peculiarity of the considered parallel vertical 
group method for finding the maximum (minimum) num-
ber is that in each h-th cycle of operation, k digits of the 
maximum Xmax and minimum Xmin values are determined, 
which ensures a significant reduction of the total calcula-
tion time.

The main advantages of the proposed method are:
– use of a single basic macro operation, which simplifies 

hardware implementation;
– the possibility of deep parallelization and pipelined cal-

culations, which ensures high speed;
– simultaneous processing of k bit slices of N numbers 

ensures the massive-parallel nature of the processing and 
increases the computational density;

– the calculation time is mainly determined by parame-
ters k and n, and not by the number of elements of array N, 
which enables good scalability when working with large data 
arrays.

5. 2. Improvement and specification of flow graphs 
for synthesizing parallel-stream real-time computa-
tional structures

To assess the computational and structural characteristics 
of the algorithm for calculating multi-operand neural opera-
tions, its representation in the form of a functional graph of 
the algorithm F = (Ф, Г) is used, where Ф = {Ф1, Ф2, …, Фn} is 
a set of functional operators, Г is the law of mapping the con-
nections between operators. The algorithm graph describes 
the sequence and mutual dependence of calculations. Graph-
ically, the functional graph of the algorithm is displayed in 
the form of vertices corresponding to the operators of the 
algorithm Фі and arcs reflecting the connections between op-
erators. For the hardware implementation of algorithms for 
calculating multi-operand neural operations, there is a need 
for their spatial-temporal mapping at the level of elementary 
arithmetic-logical operations. Such an algorithm mapping 
should ensure the detection of all forms of parallelism and 
finding the necessary space-time solutions for creating re-
al-time hardware tools with high efficiency of equipment use.

A spatiotemporal representation of algorithms with the 
detection of all forms of parallelism is enabled by the al-
gorithm flow graph in a tier-parallel form. In this form of 
representation of the algorithm, all its functional operators 
Фі are distributed by tiers. In this case, the j-th tier contains 
functional operators that depend on at least one functional 
operator of the (j – 1)-th tier and do not depend on the opera-
tors of the following tiers. All functional operators of one tier 
are executed independently of each other.

The parameters of the algorithm flow graph in most cases 
depend on the input data, the dimensions of which determine 
the number of operations performed, that is, the number 
of functional operators. For real-time data processing, it is 
necessary to find such spatiotemporal solutions that will 
provide hardware implementation of the algorithm with high 
efficiency of equipment use. The necessary spatiotemporal 
solutions are achieved by changing the parameters of the 
flow graph (the degree of detail of functional operators, the 
height and width of the graph).

The synthesis of real-time parallel-stream structures is 
based on the use of the method of adequate hardware map-
ping of the structure of flow graphs of algorithms. According 
to this method, each functional operator is assigned a sepa-
rate operational block, and the arcs between functional oper-
ators are assigned hardware-implemented data transmission 
channels, which ensures the continuity of the calculation 
flow and the possibility of effective conveyorization. The 
hardware synthesized in this way is algorithmic. In such 
structures, the specified algorithm is implemented when 
passing and processing data from inputs to outputs through 
all operational blocks.

For processing data streams, the most suitable are pipe-
line algorithmic structures, which provide high throughput 
and efficient use of hardware resources. Pipelining involves 
the decomposition of the algorithmic structure into a se-
quence of steps (tiers) by introducing buffer memory between 
individual stages of calculations. Each step of the pipeline 
contains two main components: buffer memory, which pro-
vides temporary storage of intermediate results and synchro-
nization of data streams; operational devices that implement 
the corresponding functional operators of this tier.

To achieve high performance and maximum efficiency of 
hardware resources, functional operators implemented in the 
pipeline steps must be structurally simple. In addition, they 
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must have approximately the same execution time, which 
ensures uniform loading of the steps and minimizes pipeline 
downtime.

One of the main parameters of pipeline algorithmic struc-
tures is computational capacity, which is defined as follows

,k k
k

MÎ

m n
D

t t
=

+
 			     (14)

where tM – buffer memory access time, tО – calculation time 
of the most complex functional operator Фjk by the operation-
al block, mk – number of data input channels in the pipeline 
stages, nk – bit depth of data input channels in the pipeline 
stages.

The main requirements for the synthesis of highly effi-
cient algorithmic structures for processing data streams are 
to ensure real-time processing with minimal hardware costs. 
To ensure real-time processing of data streams arriving with 
an intensity Pd = Fdmvnv, where Fd – data input frequency, 
mv – number of data input channels, пv – bit depth of input 
channels, the following condition must be met

.d kP D≤  		  (15)

The synthesis of highly efficient real-time algorithmic 
structures requires the development of appropriate algo-
rithms and flow graphs that must ensure the fulfillment of 
condition (15). This development process can be divided into 
the following four stages:

– decomposition of the algorithm for solving the problem;
– design of communications (data exchange) between 

functional operators;
– aggregation of functional operators;
– planning of calculations.
At the decomposition stage, the algorithm for solving the 

problem Ф is divided into functional operators Фі between 
which connections are established that correspond to this 
algorithm. The greater the degree of detail of the algorithm 
obtained as a result of decomposition, the more flexible the 
algorithm will be and the easier it is to adapt it to the fulfill-
ment of condition (15). In practice, the synthesis of highly 
efficient real-time algorithmic structures uses the method of 
functional decomposition, in which the algorithm Ф is divid-
ed into operations Фі, each of which can be implemented by 
operational blocks of a certain level of hierarchy. The time 
and method of performing the Фі operation by the operation-
al block are among the main parameters in determining the 
pipeline clock speed Тc and the bit depth of the data input 
channels пk for real-time algorithmic structures. The result 
of the first stage of development is a graph diagram of the 
algorithm where functional operators Фі have approximately 
the same execution time, and their complexity is determined 
by the means of implementation.

At the stage of designing communications for the pipeline 
implementation of the algorithm, it is necessary to determine 
the structure of data exchange channels between functional 
operators Фі. To do this, a transition is made from the graph-
scheme of the algorithm to a flow graph, in which the spa-
tial-temporal placement and fixing of functional operators 
Фi by tiers is carried out. The structure of connections in the 
flow graph between functional operators Фjk of neighboring 
tiers determines the number of data input channels and the 
structure of connections between operational blocks during 
the hardware implementation of the algorithm.

According to the results of the first two stages of devel-
opment, it is possible to estimate the computational capacity 
of the pipeline algorithmic structure Dk. In the case when 
the intensity of data input Pd coincides with the estimated 
throughput of the pipeline Dk, determined based on the anal-
ysis of the flow graph of the algorithm, the algorithmic device 
synthesized according to this graph provides high efficiency 
in the use of hardware resources.

If the throughput of pipeline Dk is less than the intensi-
ty of data arrival Pd, then to ensure the processing of data 
streams in real time, it is necessary to parallel enable algo-
rithmic devices, the number of which is determined using the 
following expression

,d

k

P
S

D
 

=  
 

 			   (16)

where     – rounding sign to a larger integer.
In the case when Pd < Dk, to ensure high efficiency of 

equipment use it is necessary to proceed to the third stage of 
development – operation consolidation. At this stage, oper-
ations and data transmission channels are combined in the 
tiers of the flow graph. The algorithm graph that we obtain as 
a result of such a combination is a specified flow graph. The 
value of the combination coefficient R for real-time algorith-
mic devices is determined as follows

,k

d

D
R

P
 

=  
 

 			    (17)

where   is the rounding sign to a smaller integer.
The rounding stage is closely related to the planning stage 

where, after combining functional operators to preserve in-
formation about the structure of the algorithm’s flow graph, 
calculations are planned, delays and data permutations are 
determined. To reproduce calculations, delay control and data 
permutation operators are introduced into each tier of the spec-
ified graph.

5. 3. Basic parallel-flow structures for the imple-
mentation of multi-operand neural operations in real 
time and estimation of their parameters

The development of parallel-flow devices with parallel-ver-
tical calculation of basic multi-operand neural operations 
should be carried out on the basis of an integrated approach. 
This approach combines the capabilities of a modern element 
base (FPGA, ASIC, SoC), vertical calculation methods and 
algorithms, parallel-flow architectures, and the requirements 
for applied neural-oriented real-time systems.

In order to fully use the potential of modern hardware 
platforms, it is suggested to adhere to the following basic 
development principles:

– the multi-operand principle, which involves the simul-
taneous processing of multiple operands and ensures a signif-
icant reduction in the time of performing neural operations;

– the principle of vertical parallelism, which consists in 
the simultaneous processing of bit slices of all operands and 
the formation of macro-partial results;

– calculation pipeline, which provides deep temporal par-
allelization and maximum throughput; 

– modularity of construction, which consists in forming 
a device from functionally completed unified pipeline steps;

– localization of calculations and minimization 
of intermodular connections, which makes it pos-
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sible to reduce signal propagation delays and power  
consumption;

– regularity and structural uniformity, which ensures 
effective synthesis and tracing on FPGA and ASIC;

– coordination of data arrival time with calculation time, 
which guarantees continuous operation of the pipeline with-
out downtime;

– adaptation of the architecture to the algorithmic struc-
ture of neural operation, which makes it possible to minimize 
hardware costs and latency.

The set of these principles enables the development of 
a hardware structure optimized according to the criteria of 
speed, energy efficiency, scalability, and regularity.

The synthesis of structures of real-time parallel-stream 
devices is carried out on the basis of specified flow graphs of 
algorithms for calculating multi-operand neural operations. 
Depending on the intensity of data flow Pd, various variants 
of structures of parallel-streaming devices can be synthe-
sized, which differ in both the organization of calculations 
and technical parameters.

Since the task of fully describing all possible struc-
tures is combinatorially complex and practically insol-

uble, it is advisable to isolate and study generalized ba-
sic parallel-stream structures for the implementation of 
multi-operand neural operations. Such basic structures 
serve as architectural templates on the basis of which 
efficient specialized real-time computing devices can be 
synthesized, optimized for specific applications and giv-
en requirements for performance, latency, and hardware  
costs.

The basic structure of a parallel-stream device with 
vertical-group dot product calculation. The basic structure 
of a parallel-stream device with vertical-group dot product 
calculation is shown in Fig. 1, where DFC is a data format 
converter, ТІw is a write clock, ТІc is a pipeline clock, Rg is a 
register, Ad is an adder, BFGPP is a block for forming group 
partial products, PPS is a partial product shaper, PS is a pipe-
line step, kAd is a k-input adder.

The device consists of a DFC data format converter and m 
identical stages of the PS pipeline. The number of stages is 

determined by ratio ,nm
k

 =  
 

 where n is the bit depth of the  

input data Xj, k is the number of bits of multipliers Xj, which 
are analyzed to calculate the group partial products Pjh.
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Fig. 1. Basic structure of a parallel-streaming device with vertical-group scalar product computation 
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The input data Xj and the weighting coefficients Wj are 
fed to the device sequentially through two independent chan-
nels with a clock ТІw and are written to registers RgХ1,…, 
RgХN and RgW1,…, RgWN. After N ТІw clocks, the data from 
the outputs of registers RgХ1,…, RgХN and RgW1,…, RgWN 
are written to the corresponding registers RgХ1,…, RgХN and 
RgW1,…, RgWN of the first stage of the PS1 of pipeline by the 
clock pulse ТІc.

The device operates on the pipeline principle with a cycle 
time ТІc, which, to ensure real time, must be TIk ≤ N × TI1. 
In each h-th cycle of operation (h = 1, …, m) in registers 
RgW1,…, RgWN, RgX1,…, RgXN and RgYh–1 of the h-th pipe-
line stage PSh, data from outputs of the (h – 1)-th pipeline 
stage PSh–1 are written. In the pipeline stage PSh for the h-th 
group of multiplier bits Xjh1, Xjh2, …, Xjhk at outputs PPS1,…, 
PPSk, k partial products are formed in accordance with 
Pjhs = WjXjhs, where (s = 1,…,k). The formed partial products 
are fed to the input of the k-input adder kAd, and the s-th par-
tial product WjXjhs is shifted relative to the (s – 1)-th partial 
product WjXjh(s–1) by one digit to the right.

By adding the partial products at the output of the k-input 
adder kAd, the group partial product Pjh is obtained. The cal-
culated group partial product Pjh is fed to the j-th input of the 
N-input adder NAd, at the output of which we obtain the h-th 
macro-partial product PMh. The calculated h-th macro-partial 
product PMh is fed to the input of adder Ad, where it is added 
to the (h – 1)-th partial result Yh–1. The result of calculating 
the first scalar product is obtained at the output of the device 
after the m-th clock cycle. In each subsequent cycle, the out-
put forms the result of calculating the next scalar product, 
which ensures continuous pipeline operation.

The latency of the pipeline step PS, which simultaneously 
determines the period of the pipeline cycle, is calculated us-
ing the following formula

TkPS = tRg + tAND + tkAd + tNAd + tAd, 		  (18)

where tRg, tAND, tkAd, tNAd, tAd – the operation time of register 
Rg, the logical element AND, k-input adder kAd, N-input 
adder NAd and adder Ad, respectively.

The equipment costs for the implementation of this de-
vice are determined using the following expression

( )Rg PPS Ad
SMU Rg

Ad Ad Rg

2
2 ,k

N

N W kW W
W NW m

W W W

 + + +
= +  

+ + +  
	 (19)

where WRg, WPPS, WkAd, WNAd, WAd – equipment costs, re-
spectively, for register Rg, the partial product shaper PPS, 
k-input adder kAd, N-input adder NAd and adder Ad.

The basic structure of a parallel-stream device with ver-
tical-group calculation of the sum of squares of differences 
is shown in Fig. 2. The device includes DFC – data format 
converter, PRS – partial result shaper, GPRS – group partial 
result shaper, Su – subtractor, Rg – register, kAd – k-input 
adder, NAd – N-input adder, Ad – adder. The input and output 
signals are ТІw – data recording clock pulses, e

jX  and b
jX  – 

data inputs, ТІc – pipeline clock pulses, Y – output of the sum 
of squares of differences. The number of pipeline steps (PS) is 
determined during the design of a specific device.

The main components of the parallel-stream device for 
vertical-group calculation of the sum of squared differences 
are the data format converter DFC and m of the same type of 
stages of pipeline PS. The input data Хe and Хb are supplied 

to the device sequentially by two independent channels with 
a cycle ТІw. In the data format converter DFC, at each cy-
cle ТІw, the ,e b

j j jX X X∆ = −  difference is calculated, which 
is sequentially written to registers RgХ1,…, RgХN. After N 
cycles ТІw, the data from the outputs of registers RgХ1,…, 
RgХN are written to registers RgХ1,…, ХN  of the first stage of 
pipeline PS1 by the clock pipeline pulse ТІc.

In the device, the calculation of the sum of squared dif-
ferences is carried out with a cycle ТІc, which, to ensure real 
time, must be TIk ≤ N × TI1. In each h-th stage of pipeline 
PSh, the h-th iteration of the algorithm for vertical group cal-
culation of the sum of squares of differences is implemented 
by hardware. In each j-th group partial result shaper GPRSj, 
the bits xj1, xj2, …, xj[(h–1)k]r are input to the r inputs of the 
partial result shaper PRSr. At output r of the partial result 
shaper PRSr, we obtain the partial result of the square using 
the following expression

1 2 [( 1) ] 1 [( 1) ](0. ... 01) .jhr j j j h k r j h k rP x x x x− − −= ∧   	  (20)

The formed partial result of raising to the square Pjhr is 
supplied with a right shift of r-1 digit to the r-th input of the 
k-input adder kAd. At the output of the k-input adder kAd we 
obtain the group partial result Pjh. The group partial results 
are supplied to the inputs of the N-input adder NAd, at the 
output of which we obtain the macro-partial result PMh. At 
adder Ad the macro-partial result PMh is added to the previ-
ously accumulated macro-partial results PMh using expres-
sion ( 1)

12 ,h k
h h MhY Y P− −

−= + where 0 0.Y =
The latency of the pipeline step PS, which simultaneously 

determines the period of the pipeline clock, is calculated us-
ing the following formula

TkPC = tRg + tAND + tkAd + tNAd + tAd2n, 		  (21)

where tRg, tAND, tkAd, tNAd, tAd is the operation time of reg-
ister Rg, logical element AND, k-input adder kAd, N-input 
adder NAd, and adder Ad, respectively.

The equipment costs for the implementation of the device 
for calculating the sum of squares of differences are deter-
mined using the following expression

( )Rg PRS Ad
SSU Su Rg

Ad Ad Rg

,k

N

N W kW W
W W NW m

W W W

 + + +
= + +  

+ + +  
	  (22) 

where WSu, WRg, WPRS, WkAd, WNAd, WAd – equipment costs, 
respectively, for subtractor Su, register Rg, the partial result 
shaper PRS, the k-input adder kAd, the N-input adder NAd, 
and adder Ad.

The basic structure of a parallel-stream device with ver-
tical-group search for maximum and minimum values in a 
one-dimensional array of numbers. The basic structure of a 
parallel-stream device with vertical-group search for max-
imum and minimum values in a one-dimensional array of 
numbers is in Fig. 3, where ТІw – data recording clock pulses, 
Xj – data input, ТІc – pipeline clock pulses, DFC – data format 
converter, Rg – register, Tr – trigger, PS – pipeline step.

The parallel-stream device for vertical-group search of 
maximum and minimum values operates on the pipeline 
principle and is implemented on the basis of a data format 
converter DFC, m pipeline result registers and m identical 
stages of pipeline PS. Each PSh hardware implements k 
basic macro operations for calculating the maximum and 
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minimum numbers in a one-dimensional data array. Each 
r-th basic macro operation (r = 1,…,k) is implemented on the 
basis of logical operations: determining the value of r bits of 
the maximum xhrmax and minimum xhrmin values according 
to formulae (10), (11), and forming the bits of control words 
yj(hr+1) and zj(hr+1) according to formulae (12), (13). In the h-th 
stage of pipeline PSh, k bits of the maximum Xmax and min-
imum Xmin values are determined, which are written to the 
h-th pipeline registers RghXmax and RghXmin, respectively. 
Simultaneous processing of k bit slices in PSh provides mas-
sively parallel processing and increases processing efficiency. 
The time for searching for maximum and minimum values 
is mainly determined by parameters k and n, and not by the 
number of elements in array N.

The latency of pipeline stage PS, which simultaneously 
determines the period of the pipeline clock, is calculated us-
ing the following formula

TкMMU = tRg + 3ktAND, 			   (23)

where tRg, tAND is the activation time of register Rg, the logi-
cal element AND, respectively.

The equipment costs for implementing a parallel-stream-
ing device with vertical-group search for maximum and 
minimum values in a one-dimensional array of numbers are 
determined using the following expression

( )MMU Rg Rg Tr Rg AND2 2 6 ,W NW W Nm W W kW= + + + + 	 (24)

where WRg, WTr, WAND – equipment costs, respectively, for 
register Rg, trigger Tr, and the logical element AND.

Estimation of the parameters of parallel-streaming de-
vices for vertical-group computing of multi-operand neural 
operations. The main functional units on the basis of which 
parallel-streaming devices for vertical-group computing of 
multi-operand neural operations are synthesized are regis-
ters, triggers, adders, a subtraction unit, and logical elements. 
Since the developed structures are oriented towards the 
FPGA implementation, a logic gate (inverter, AND, OR type 
element) was chosen as the unit of calculation of equipment 
costs, and for the estimation of time parameters – the value 
of delay of the logical gate τ. Equipment costs for the imple-
mentation of functional units in gates and their speed are 
given in Table 1.
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Fig. 2. Basic structure of a parallel-streaming device with 	
vertical-group calculation of the sum of squares of differences
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Table 1

Equipment costs for implementing the functional units and 
their performance

No. Name of functional units Equipment 
costs (gates)

Number of delay 
stages (gate τ)

1 trigger 6 3
2 n-bit register 7n 3
3 n-bit adder 20n 7 log2n
4 n-bit subtractor 20n 7 log2n
5 N-input n-bit adder (N – 1) 20n 7 log2n log2N

To estimate the equipment costs in gates (logic elements) 
for the implementation of each of the designed basic paral-
lel-stream devices of vertical-group calculation of multi-oper-

and neural operation, a generalized analytical expression 
is formed. Such an expression is defined as the sum of the 
hardware costs of all functional units that are part of the 
device. Taking into account the features of the developed 
basic structures of parallel-stream devices, the analytical 
dependences for estimating the equipment costs take the 
following form:

1) device for vertical-group calculation of the scalar product

( )SMU 14 21 14 7 ;nW Nn Nkn Nn n
k

= + + +  		  (25)

2) device for vertical group calculation of the sum of 
squared difference

( )SSU 7 20 21 7 7 ;nW Nn n Nkn Nn n
k

= + + + + 		  (26)
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Fig. 3. Basic structure of a parallel-streaming device with vertical-group search for maximum and minimum values in a one-
dimensional array of numbers
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3) device for vertical-group search for maximum and 
minimum values in a one-dimensional array of numbers

( )MMU 7 14 6 7 12 .nW Nn n Nk Nn N
k

= + + + +  		 (27)

The pipeline clock (clock period) is determined by the 
maximum latency of the pipeline steps of the designed 
parallel-stream devices for vertical-group computation of 
multi-operand neural operation. Analytical expressions for 
estimating the duration of the pipeline cycle of the corre-
sponding devices take the following form:

1) device for vertical-group computation of the scalar 
product

( )kSMU 2 2 24 7log log log 1 ;T n k N= + + +  		   (28)

2) vertical group sum of squared difference calcula-
tion device

( )kSSU 2 2 2 24 7 log log log 7log 2 ;T n k N n= + + +             (29)

3) device for vertical-group search for maximum and 
minimum values in a one-dimensional array of numbers

kMMU 3 3 .T k= +  		   (30)

To evaluate the developed structures of parallel-streaming 
devices for vertical group computing of multi-operand neural 
operations, it is proposed to use the criterion of efficiency of 
hardware resource utilization, which connects the complexity 
of algorithms with the duration of their execution and hard-
ware costs. Quantitatively, the efficiency of using hardware 
resources is determined using the following expression

MNO
MNO

MNO MNO

,
R

E
t W

=   		  (31)

where RMNO – complexity of algorithm of calculation of 
multi-operand neural operation, tMNO – time of calculation 
of multi-operand neural operation, WMNO – hardware costs 
for realization of parallel-streaming device of vertical-group 
calculation of multi-operand neural operation.

Analytical expressions for estimating the efficiency of 
using hardware resources of designed parallel-streaming 
devices take the following form:

1) device of vertical-group calculation of scalar product

2) device for vertically grouping the sum of squared dif-
ferences:

3) device for vertically grouping maximum and minimum 
values in a one-dimensional array of numbers

( ) ( )
MMU .

3 3 7 14 6 7 12

NnE
nk Nn n Nk Nn N
k

=
 + + + + +  

	 (34)

The parameters of the designed parallel-stream devices 
for vertical group calculation of the scalar product, sum of 
squared differences, and search for maximum and minimum 
values in a one-dimensional array of numbers were eval-
uated. The calculations were performed for the number of 
operands N = 16, the data bit depth n = 24, and the following 
values of the vertical grouping parameter (number of bits in 
the group): k = 1, 2, 3, 4, 6, 8, 12. 

The plots of hardware costs for implementing the de-
signed parallel-stream devices, indicated in the number of 
gates, are shown in Fig. 4, where WSMU, WSSU and WMMU are 
the hardware costs for implementing devices for the scalar 
product, sum of squared differences, and search for maxi-
mum and minimum values in a one-dimensional array of 
numbers, respectively.

Analysis of Fig. 4 reveals that with an increase in the vertical 
grouping parameter k, the hardware costs for implementing all 
designed parallel-stream devices decrease. This is explained by 
the fact that with an increase in k, the number of pipeline stages 
m decreases, and therefore the number of registers, adders, and 
other functional units in the device structures decreases.

At the same time, the most significant decrease in hardware 
costs is observed for small values of k, while with a further 
increase in k, the reduction effect gradually decreases, which is 

associated with the complexity of functional 
units that process larger groups of bits.

It was also established that the highest 
hardware costs are for the scalar product 
calculation device, where multiplication and 

multi-level summation operations are implemented. The device 
for calculating the sum of squared differences has comparable 

but somewhat lower costs, while 
the lowest hardware costs are for 
the maximum and minimum val-
ue search device, which is based 
mainly on logical operations.

The plots of duration of the pipeline cycle of the designed 
parallel-stream devices, expressed in the number of gates τ, 
are shown in Fig. 5, where ТSMU, ТSSU and ТMMU are the 
pipeline cycle of the devices for the scalar product, sum of 
squared differences, and search for maximum and minimum 
values in a one-dimensional array of numbers, respectively.

( ) ( )
SMU

2 2 2

;
4 7 log log log 1 14 21 14 7

N NnE
nn k N Nn Nkn Nn n
k

+=
  + + + + + +    

(32)

( ) ( )
SSU

2 2 2 2

2 ,
4 7log log log 7log 2 7 20 21 7 7

N NnE
nn k N n Nn n Nkn Nn n
k
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(33)
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Analysis of Fig. 5 reveals that increas-
ing the vertical grouping parameter k leads 
to an increase in the duration of the pipe-
line cycle of the designed devices. This is 
due to the increase in the complexity of cal-
culations within one pipeline step because 
at larger values of k a larger number of bits 
are processed simultaneously, which leads 
to an increase in the critical path delay.

The longest duration of the pipeline cycle 
is for the device for calculating the scalar 
product, which is due to the implementation 
of complex arithmetic operations of multi-lev-
el summation of partial products. The pipe-
line cycle is somewhat shorter for the device 
for calculating the sum of squares of differ-
ences, which is explained by the implemen-
tation of operations of multi-level summation 
of partial results of raising to the square. The 
shortest duration of the pipeline cycle is for 
the device for searching for maximum and 
minimum values because it is based mainly 
on simple logical operations and does not re-
quire complex arithmetic calculations.

Thus, the increase in parameter k is ac-
companied by an increase in the duration 
of pipeline cycle, which must be taken into 
account when choosing the optimal value of k, 
taking into account the compromise between 
hardware costs and time characteristics of the 
device. 

The plots of efficiency of using hardware 
resources for the designed parallel-stream 
devices for vertical-group calculation of the 
scalar product and the sum of squares of differ-
ences are shown in Fig. 6. In it, ЕSMU and ЕSSU 
are the efficiency of using hardware resources 
for devices, respectively, of the scalar product 
and the sum of squares of differences.

For a parallel-stream device for vertically 
grouping the scalar product, the maximum 
efficiency of using hardware resources is 

achieved at k = 6, while for a device for calcu-
lating the sum of squares of differences, it is 
achieved at k = 1 (Fig. 6). This is explained by 
the differences in the structural organization 
of calculations and the relationship between 
hardware costs and the duration of pipeline 
cycles. 

The efficiency plot of hardware resourc-
es utilization by the designed parallel-stream 
device for searching for maximum and min-
imum values in a one-dimensional array of 
numbers is shown in Fig. 7.

As revealed by our analysis, for a paral-
lel-stream device for searching for maximum 
and minimum values in a one-dimensional 
array of numbers, the maximum efficiency of 
hardware resource use is achieved at k = 4. 
This is due to the optimal ratio between hard-
ware costs and the duration of the pipeline cy-
cle for this type of operations, which are based 
mainly on logical transformations.
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5. 4. Defining a set of requirements and improve-
ment of the information technology for synthesizing 
computational structures for performing multi-oper-
and neural operations in real time

Improvement of the information technology for syn-
thesizing parallel-stream structures of vertical-group com-
puting of multi-operand neural operations in real time 
requires defining a set of requirements that form its func-
tional capabilities. These requirements should provide a 
systematic, formalized, and reproducible process of tran-
sition from algorithmic description of neural operations to 
effective hardware implementations.

The basic requirements for the information technology 
that synthesizes multi-operand parallel-stream computa-
tional structures are:

– formalization and systematicity of synthesis – ensur-
ing a formalized description of all stages of synthesis, from 
the decomposition of neural operations to the formation 
of an implementation description of hardware structures;

– support for multi-operand neural operations – focus 
on computational structures for implementing complex 
operations (scalar product, sum of squared differences, 
group summation, etc.);

– parallel-stream and vertically-parallel organization 
of calculations – the ability to simultaneously process 
groups of bit slices and form macro-partial products;

– coordination of algorithmic and hardware param-
eters – synchronization of data flow intensity, pipeline 
depth, degree of parallelism, and clock frequency to enable 
real-time mode;

– parameterization and scalability – support for adapt-
ing structures by the number of operands, data bit depth, 
pipeline depth, and level of parallelism;

– optimization of hardware and time costs – minimiz-
ing resource use and delays when processing multi-oper-
and operations;

– focus on hardware implementation – use of modern 
elemental FPGA, ASIC, and system on a chip (SoC). 

The information technology for synthesizing multi-op-
erand parallel-stream computing structures is based on a 
hierarchical synthesis model, which includes the following 
interconnected levels:

– a functional level at which neural-oriented calcula-
tions are represented as a set of basic multi-operand neural 
operations;

– an algorithmic level that provides the selection and 
parameterization of parallel-stream and vertically-parallel 
computing algorithms;

– a structural level at which the synthesis of regular hard-
ware structures is performed taking into account pipeline 
and parallelism;

– an implementation level focused on FPGA implemen-
tation.

The improvement of information technology for synthe-
sizing multi-operand parallel-stream computing structures 
involves the implementation of a clear sequence of intercon-
nected stages that provide a formalized transition from the 
algorithmic description of neural-oriented calculations to 
hardware-implementation structures with guaranteed time 
characteristics.

The structure of such information technology in the form 
of a block diagram is shown in Fig. 8.

The improvement of information technology is based 
on a gradual transition from an algorithmic description of 

neurocomputation to an implementation description of a spe-
cialized hardware structure, taking into account real-time 
requirements and hardware limitations.

The input data of the information technology for synthesiz-
ing multi-operand parallel-stream computing structures are:

– a description of a neural-oriented problem or a neural net-
work model, which includes a computation graph G = (V, E), 
where V is a set of vertices corresponding to basic operations 
or neural operations, E is a set of information connections that 
determine data flows between them and are oriented towards 
the synthesis of parallel-stream hardware structures;

– a set of basic multi-operand neural operations VO = {VO1, 

VO2, …, VOk}, among which the scalar product 
1

,
N

j j
j

Z W X
=

= ∑  

the sum of squares of differences ( )2

1
,

N
e b
j j

j
Y X X

=

= −∑  as well  

as the operations of finding the maximum Ymax = max Xj, 
j = 1,…,N and the minimum Ymin = min  Xj, j = 1,…,N, which 
are characteristic of neural-oriented real-time systems;

– number of operands N and bit depth n of data;
– constraints on execution time Tk ≤ To, where Tk is the 

pipeline cycle, To is the exchange time;
– constraints on hardware resources Wp ≤ Wmax, where 

Wp is the hardware costs for implementing the device, Wmax 
is the maximum allowable hardware costs;

– constraints on power consumption Pp ≤ Pmax, where Pp 
is the power consumption of the device, Pmax is the maximum 
allowable power consumption.

Input data for synthesis:
 algorithmic description of neurocomputation; 
 real-time requirements;
 hardware constraints and component base

Stage 1. Decomposition of neuro-oriented computations
Decomposition of neuroalgorithms into basic operations and 
extraction of multi-operand neurooperations

Stage 2. Algorithmic selection of computing method
Vertical-parallel computing method oriented towards 
parallel-stream implementation

Stage 3. Parametric synthesis of computing structure
Creation of a parameterized block diagram (operands, 
pipeline, parallelism)

Stage 4. Evaluation and optimization
Evaluation of hardware costs, latency, clock frequency, and 
hardware utilization efficiency

Meets requirements?

Stage 5. Creation of implementation description
Parallel-stream multi-operand real-time computing structure 
with high hardware utilization efficiency

No

Yes

 
  

Fig. 8. Flowchart of information technology for synthesizing 
multi-operand parallel-stream computing structures for real-time 

neural-oriented systems
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At the first stage, the decomposition of neural-oriented 
calculations is performed, which consists in the decomposi-
tion of the neural algorithm into a set of basic computation-
al operations. From this set, multi-operand neural opera-
tions (N > 2) are distinguished, which are decisive in terms of 
computational complexity and real-time requirements. The 
decomposition of neural algorithms is performed taking into 
account the following criteria:

– the number of operands N in the neural operation;
– the frequency of execution of the operation in the com-

putational graph;
– the impact of the operation on the overall latency of 

calculations;
– the suitability of the operation for vertical-parallel and 

parallel-stream implementation.
As a result of the decomposition, a set of multi-operand 

neural operations is formed, for which it is advisable to ap-
ply specialized methods of vertical-parallel computing and 
subsequent parametric synthesis of parallel-stream hardware 
structures.

At the second stage, an algorithmic selection of the cal-
culation method is carried out, which involves determining 
the method for implementing the obtained multi-operand 
neural operations, which ensures the fulfillment of real-time 
requirements with minimal use of hardware resources. The 
choice of the method is based on the results of the decom-
position of neural-oriented calculations and the analytical 
assessment of the parameters of multi-operand neural oper-
ations. When choosing a calculation method for multi-oper-
and neural operations, it is advisable to take into account the 
following criteria:

– the execution time of operations required to ensure 
real-time;

– parallelism, which determines the ability to simultane-
ously process a group of operands;

– the efficiency of using hardware resources, which 
involves minimizing hardware resources while ensuring 
real-time;

– scalability, which ensures an increase in the number of 
operands without a significant increase in latency.

Existing conventional sequential and pipeline calculation 
methods do not always provide the necessary speed and 
efficient use of hardware resources in real-time systems. To 
implement multi-operand neural operations, it is advisable to 
use a vertically parallel method, which involves simultaneous 
processing of bit slices of a group of operands. The use of this 
method provides for the following:

– reduced latency – the calculation occurs due to the 
simultaneous execution of operations on bit slices of all op-
erands;

– high performance – parallel processing ensures signif-
icant acceleration of multi-operand operations compared to 
sequential methods;

– savings in hardware resources – due to a reduction in 
the number of intermediate registers and logical nodes re-
quired for intermediate data storage;

– scalability and versatility – the method is easily adapted to 
a different number of operands and types of neural operations.

Thus, the vertically parallel method provides an optimal 
combination of high performance and efficient use of hard-
ware resources, making it the most appropriate for calculat-
ing multi-operand neural operations in real-time systems.

At the third stage, a parametric synthesis of a paral-
lel-stream computing structure is implemented, which in-

volves quantitative determination of the parameters of the 
operands, the depth of the pipeline and the degree of paral-
lelism. Within the framework of this stage, the formation of a 
parameterized structural scheme of the hardware implemen-
tation of the vertically parallel calculation of a multi-operand 
neural operation is ensured, which guarantees the fulfill-
ment of the time constraints of the real-time neural-oriented 
system with minimal hardware and energy costs.

When implementing the parametric synthesis of a par-
allel-stream computing structure, it is advisable to take into 
account the following criteria:

– fulfillment of real-time time constraints – ensuring the 
specified latency, requirements for the pipeline cycle Tk ≤ To;

– degree of parallelism of calculations – the number of 
simultaneously used computational channels and the level 
of spatial-temporal parallelization of multi-operand neural 
operations;

– depth and balance of the pipeline – optimal distribution 
of computational operations between the stages of the pipe-
line with minimization of the critical path;

– efficiency of use of hardware resources – minimization 
of the number of logical elements, registers and connections 
while maintaining the required performance;

– energy efficiency – reduction of power consumption 
of the computational structure due to the optimal choice of 
parallelism and pipeline parameters;

– scalability of the structure – the ability to adapt the 
computational structure to changes in the number of oper-
ands, data bit size and performance requirements without 
significantly complicating the hardware implementation;

– regularity and structural uniformity – formation of 
regular hardware structures suitable for effective implemen-
tation on FPGA and ASIC.

The result of the third stage is a parameterized structural 
diagram of a multi-operand parallel-stream computing struc-
ture, which:

– formalizes the relationship between the number of 
operands, bit depth, pipeline depth, and level of parallelism;

– ensures the fulfillment of real-time requirements;
– is the basis for further structural-hardware and imple-

mentation synthesis on FPGA, ASIC, or SoC.
At the fourth stage, the synthesized parallel-stream com-

puting structure is evaluated and optimized for vertically 
parallel execution of multi-operand neural operation in order 
to ensure that its parameters meet real-time requirements 
and hardware limitations. At this stage, the cost of hardware 
resources, operation execution time, and equipment efficien-
cy are evaluated. At the same time, the pipeline parameters, 
the degree of parallelism, and the organization of operand 
processing are optimized to ensure minimal hardware and 
time costs while maintaining the specified performance.

A number of parameters are used to evaluate the synthe-
sized parallel-stream computing structure. Hardware costs 
are calculated in the number of gates, and the operation 
execution time is calculated in the number of gate delay 
cascades when data passes through the longest calculation 
path (latency). The efficiency of hardware use in this case is 
defined as the ratio of performance to hardware costs, which 
makes it possible to us to assess the contribution of each gate 
to the overall performance.

The result of the fourth stage is an evaluated and op-
timized parallel-stream computing structure for vertically 
parallel execution of multi-operand neural operations, which 
ensures compliance of hardware costs, operation execution 
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time, and equipment utilization efficiency with real-time 
requirements.

At the fifth stage, an implementation description of the 
synthesized parallel-streaming multi-operand computing 
structure is formed, which ensures the vertical-parallel 
execution of multi-operand neural operations. Within the 
framework of this stage, the following steps are performed:

– transformation of the parameterized structural dia-
gram into an implementation description suitable for specific 
hardware platforms (FPGA, ASIC, SoC);

– creation of pipeline and parallel blocks in accordance 
with the specified parameters of the pipeline depth and the 
degree of parallelism;

– optimization of the interconnections of functional 
nodes to minimize delays and hardware costs;

– preparation of a description for synthesis, tracing, and 
verification, which ensures compliance with time constraints 
and resource characteristics.

The result of the fifth stage is an implementation de-
scription of the parallel-streaming multi-operand computing 
structure for the vertical-parallel execution of neural oper-
ations in real time. The resulting structure is optimized for 
hardware cost, latency, and hardware utilization efficiency, 
and is ready for synthesis on FPGA, ASIC, or SoC.

6. Discussion of results related to improving the 
information technology for synthesizing the 

structures for calculating multi-operand neural 
operations in real time

Improving the information technology of synthesis of 
parallel-stream computing structures for vertical-group ex-
ecution of multi-operand neural operations in real time re-
quired the development of a number of appropriate methods.

The devised method of parallel vertical-group calculation 
of multi-operand neural operations is intended for determi-
nation of the scalar product, sum of squares of differences, 
and search for maximum and minimum values in a one-di-
mensional array. The main advantages of the devised method 
are achievement of high level of parallelism of calculations 
and an increase in the efficiency of use of hardware resourc-
es, which is provided by the integrated combination of verti-
cal and group parallelism. As follows from formulas (2), (9) 
to (13), calculation of such multi-operand neural operations is 
performed by simultaneous processing of groups of bit slices, 

which makes it possible to reduce number of steps .nm
k

=   

This is directly reflected in plots of hardware costs (Fig. 4), 
where with increase of k the corresponding decrease of 
number of steps is observed. At the same time, as shown by 
formulae (28) to (30) and plots in Fig. 5, increase in k leads to 
increase of duration of pipeline cycle due to complication of 
calculations within one step. The generalized effect of these 
two opposing trends is reflected in formulae (32) to (34) and 
efficiency plots (Fig. 6, 7), where the presence of optimal val-
ues of parameter k (in particular, k = 6 for the scalar product, 
k = 1 for the sum of squared differences, k = 4 for the search 
problem) is observed, which ensure maximum efficiency in 
the use of hardware resources.

Conventional approaches to implementing neural opera-
tions are based on two-operand or horizontally parallel com-
putations [25–28], where processing is performed sequential-
ly or with a limited level of parallelism. The proposed method 

provides simultaneous processing of a set of operands at 
the bit-slice level. This makes it possible to significantly 
reduce the number of calculation cycles (formulae ((2), (9) 
to (13)) and increase the throughput. Known FPGA/ASIC 
solutions [8, 9, 17, 18] are focused on the implementation of 
individual neural operations without coordination of data 
flow parameters. The proposed approach implements formal-
ized coordination of the data flow intensity with the pipeline 
parameters (condition (15)), which provides a guaranteed 
real-time mode. The advantages of the proposed solution are 
a high degree of parallelism due to the vertical-group orga-
nization of calculations; the possibility of parametric optimi-
zation (through the choice of k); regularity and modularity 
of structures, which simplifies hardware implementation; 
increased efficiency of hardware resource use (Fig. 6, 7).

The advantages of the proposed method of stream graph 
synthesis are the formation of a specified stream graph of the 
algorithm based on a step-by-step approach, which includes 
algorithm decomposition, communication design, functional 
operator aggregation, and calculation planning. In particu-
lar, algorithm decomposition makes it possible to represent 
the computational process in the form of a set of functional 
operators {Ф1, Ф2, …, Фn}, which creates prerequisites for 
detecting all forms of parallelism. This is directly reflected 
in the formation of a stream graph in a tiered-parallel form, 
where operators of one tier can be executed independently. 
Designing communications between operators ensures the 
determination of the structure of data transmission channels, 
which affects the parameters of the pipeline and the coor-
dination of the intensity of data flows (condition (15)). The 
aggregation of functional operators (the union coefficient R) 
makes it possible to adapt the graph structure to real-time re-
quirements, which is confirmed by the reduction of hardware 
costs (Fig. 4) while maintaining acceptable time characteris-
tics (Fig. 5). Computational planning with the introduction 
of delay and permutation operators ensures the correct spa-
tial-temporal mapping of the algorithm and the continuity 
of pipeline processing. As a result, a specified flow graph is 
formed, which is the basis for the synthesis of an effective 
parallel-flow structure.

In known methods of constructing computational struc-
tures [22, 27], flow graphs are used mainly to describe algo-
rithms without taking into account the parameters of data 
flows. The proposed method provides a formalized specifica-
tion of graphs taking into account the intensity of data flow 
and the parameters of the pipeline. This makes it possible not 
only to describe the algorithm but also directly proceed to its 
hardware implementation. Unlike approaches focused on a 
static structure of calculations, the proposed method makes it 
possible to adapt the algorithm graph by enlarging operators 
and planning calculations. This provides a balance between 
the depth of the pipeline and the complexity of operations and 
makes it possible to achieve high efficiency in the use of hard-
ware resources (Fig. 6, 7). The advantages of the proposed 
method are formalized transition from the algorithm to the 
hardware structure; the ability to match the intensity of data 
flows with the parameters of the pipeline; ensuring a high 
level of parallelism and regularity of structures; adaptability 
to various types of multi-operand neural operations.

The designed basic parallel-stream computing structures 
are used to synthesize efficient computing structures based 
on an integrated combination of the multi-operand principle, 
vertical parallelism, conveyorization, and coordination of 
computing intensities and data arrival. In particular, the use 
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of vertical-group computing makes it possible to process k-bit 
slices simultaneously, which reduces the number of pipeline 
stages m and, accordingly, hardware costs (formulae (25) 
to (27), Fig. 4).

At the same time, as follows from formulae (28) to (30) 
and confirmed by the plots in Fig. 5, the duration of pipeline 
cycle is determined by the complexity of calculations within 
one step and remains relatively stable or changes slightly 
when k changes because the critical path is formed by a limit-
ed number of functional nodes. The increase in the efficiency 
of using hardware resources (formulae (32) to (34), Fig. 6, 7) 
is explained by the simultaneous reduction in hardware 
costs and the preservation of acceptable time characteristics, 
which ensures an improvement in the “performance/resourc-
es” ratio. 

Unlike conventional computational structures for imple-
menting neural operations, which are based on two-operand 
operations and sequential or limitedly parallel summa-
tion [25, 28, 30], the proposed structures provide simultane-
ous processing of a set of operands within one cycle. This 
makes it possible to reduce latency and increase throughput. 
Unlike existing FPGA/ASIC solutions, where the architec-
ture is often rigidly tied to a specific algorithm [8, 17–19], the 
designed structures are parameterized and scalable, which 
allows them to be adapted to different values of N, n, and k. 
This is made possible by the modular organization and the 
use of unified pipeline steps. In addition, unlike approaches 
without formalized data flow coordination, the proposed 
structures ensure coordination of the data flow intensity with 
the pipeline bandwidth (condition (15)), which guarantees 
real-time operation.

The improvement of information technology for syn-
thesizing parallel-stream computing structures for verti-
cal-group execution of multi-operand neural operations in 
real time described in the study uses a formalized approach. 
The specified approach involves a phased multi-level imple-
mentation of such structures, which ensures a coordinated 
transition from algorithmic description to hardware imple-
mentation taking into account the parameters of the comput-
ing process. In particular, at the algorithmic level stage, the 
vertical-group calculation method is used (formulae (2), (9) 
to (13)), which determines the structure of calculations and 
the degree of parallelism. At the structural level, a specified 
flow graph is formed, which provides a spatial-temporal 
representation of the algorithm and determines the param-
eters of the pipeline. The coordination of the intensity of 
data arrival with the throughput of the computing structure 
is implemented through the fulfillment of condition (15), 
which guarantees the real-time mode. The evaluation re-
sults (formulas (25) to (34), Table 1, Fig. 4–7) confirm that 
the proposed information technology makes it possible to 
achieve a reduction in hardware costs, maintain an accept-
able duration of the pipeline cycle, and increase the efficiency 
of resource use due to the optimal choice of parameters k, 
pipeline depth, and degree of parallelism. 

Unlike known approaches to the synthesis of compu-
tational structures, where the transition from algorithm 
to hardware implementation is carried out without formal 
consideration of data flow parameters [22, 27], the proposed 
information technology ensures their coordination at all 
stages of synthesis. This makes it possible to obtain struc-
tures that are guaranteed to satisfy real-time requirements. 
Unlike existing FPGA/ASIC solutions focused on the imple-
mentation of individual neural operations [8, 9, 17, 18], the 

proposed technology provides a universal approach to the 
synthesis of structures for various multi-operand operations. 
This becomes possible due to the hierarchical synthesis mod-
el and parameterization of computational structures. Thus, 
the advantages of the developed information technology for 
synthesis are formalized and reproducible synthesis process; 
coordination of algorithm and hardware implementation 
parameters; ensuring high performance with minimal hard-
ware costs; the ability to adapt to different classes of neural 
operations and application requirements.

A limitation of our research is the assumption about 
the possibility of parallelization and pipelined data process-
ing operations. However, in the case of neural networks 
and neural-like systems that involve the implementation of 
multi-operand neural operations, it should not be consid-
ered unfounded. The architectures of these data processing 
systems have a regular structure and, therefore, provide the 
potential for both parallelization and pipelined operations.

Further studies may consider the design of automated 
tools for synthesizing parallel-stream structures based on 
the proposed technology and expanding the technology to 
complex neural network models and hybrid computing struc-
tures. Devising multi-criteria optimization methods could 
make it possible to take into account energy characteristics 
and adapt to uneven and stochastic data flows, which would 
provide experimental implementation and verification on 
FPGA/ASIC. Advancing these areas is appropriate because 
it could increase the practical significance and versatility of 
information synthesis technology, as well as ensure its effec-
tive application in modern neural-oriented real-time systems.

7. Conclusions 

1. A method for parallel vertical-group computation of 
basic multi-operand neural operations (scalar product, sum 
of squared differences, and finding the maximum and 
minimum values in a one-dimensional array) has been 
devised. Due to vertical (simultaneous processing of the 
corresponding bits of all operands) and group parallelism 
(parallel execution of computations over k-bit groups) and 
the optimal choice of parameter k, high efficiency of hard-
ware resource use is ensured, combined with speed and 
hardware optimization. A feature of the devised method for 
computing the scalar product and sum of squared differences 
is the use of hierarchical reduction of partial results, which 
provides fast folding of the results of each k-bit group using 
tree-like or pipeline structures. This significantly increases 
the computation speed and optimizes the use of hardware 
resources by reducing the volume of intermediate operations. 
The peculiarity of the devised method for finding the maxi-
mum (minimum) number is the use of a single basic macro 
operation, deep parallelization, and pipelined search process. 
This approach provides scalability for working with large 
data sets and reduces the computation time, which is deter-
mined mainly by parameters k and n, and not by the number 
of N array elements.

2. A method for stream mapping of the algorithm graph 
for calculating basic multi-operand neural operations has 
been improved, which provides concretization of the graph in 
accordance with the requirements for the application and co-
ordination of the intensity of data receipt with the intensity of 
their processing. Such concretization of the graph is carried 
out by means of algorithm decomposition, communication 
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design, enlargement of functional operators, and calculation 
planning. Representation of the algorithm in the form of a 
concretized and coordinated stream graph provides an opti-
mal distribution of functional operators by tiers. This allows 
for their independent and simultaneous execution, and pipe-
lining using buffer memory and structurally simple operators 
contributes to high processing intensity and uniform loading 
of hardware resources. Hardware mapping of the concretized 
and coordinated flow graph provides a parallel-stream com-
puting structure for processing data streams in real time with 
high efficiency of hardware use.

3. Basic parallel-stream computing structures have been 
designed for the implementation of multi-operand neural 
operations (scalar product, sum of squared differences, and 
search for maximum and minimum values in a one-dimen-
sional array) in real time. These structures are based on an 
integrated combination of a multi-operand approach, vertical 
parallelism, conveyorization, modular organization, and co-
ordination of computational intensities and data input. The 
designed structures are characterized by regularity, scalabil-
ity, as well as orientation towards hardware implementation 
based on FPGA and serve as the basis for the synthesis of par-
allel-stream computing tools with given parameters. Analyt-
ical expressions have been derived for estimating hardware 
costs, pipeline cycle time, and resource efficiency in basic 
parallel-stream computing structures, which provide the 
possibility of a reasonable choice of computational structure 
parameters at the stage of their synthesis. According to the 
results of the evaluation of the designed basic parallel-stream 
computing structures, it was found that with an increase in 
the vertical group parameter k, hardware costs are signifi-
cantly reduced due to a reduction in the number of pipeline 
stages. The duration of the pipeline cycle under the specified 
conditions remains practically unchanged while the efficien-
cy of hardware resource use increases.

4. A set of requirements for the information technology 
of synthesis of parallel-stream computing structures, which 
form the functional capabilities and ensure its improvement, 
has been defined. The use of a systematic, formalized, and re-
producible process of transition from algorithmic description 
of neural operations to effective hardware implementations is 
the basis for improving the corresponding information technol-
ogy. The improved technology for synthesizing parallel-stream 
computing structures for the implementation of multi-operand 
neural operations in real time is based on a phased multi-level 
transition from a vertical-group algorithm to hardware imple-
mentation. In the process of this transition, the parameters of 
the computing process (intensity of data flows, pipeline depth, 
and degree of parallelism) are coordinated with hardware 
constraints, which enables the achievement of the specified 
time characteristics with minimal resource consumption. The 

use of advanced information synthesis technology provides 
increased productivity and efficiency of hardware resource 
use, reduced latency, as well as the implementation of highly 
efficient parallel-stream computing structures for performing 
multi-operand neural operations in real time.
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