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The process of modeling multidimensional elec-
tromagnetic fields, which are described by a
system of differential equations, has been stud-
ied. A cluster with synchronous links between
clusters and asynchronous links inside with
access to cloud computing is used as instrumen-
tation. The cluster is made in the form of a mul-
tiprocessor based on neural network technology
with deep learning. Biomimetic principles are
used in the architecture of the modeling com-
plex. Thus, the central system module plays the
role of a reticular system, which interacts with
almost all computing structures. It is assumed
that the functional metastable structures of the
phase space of the neural network are model
representations of a multidimensional system.
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Introduction. We live in an unstable electromagnetic
environment, which is described by a system of equations
of mathematical physics in partial derivatives. The infor-
mation loading of the signal spectrum is growing rapidly.
The common resource is provided by stations that can be
taught to be passive monitoring stations, active LPI loca-
tion stations, base telecommunication stations and use in
military, security, environmental monitoring, medical and
others [1]. User access to the resource is simplified. The
intellectual component of real-time signal processing is
complicated, which requires the use of neural networks
with deep learning. Particular attention is paid to the use
of bionic principles in the processing of multidimensional
signals. A cluster computing with cloud computing is
proposed to create a modeling complex for processing
multidimensional signals and debugging the target
system.

We are not currently considering sensors for capturing
multidimensional information, this is a separate topic. The
multidimensionality of the system speaks of the multiplic-
ity of qualitative characteristics of the field: power, signal
shape, coordinates of the measuring point, time character-
istics and others. The systems are very complex to design
and therefore expensive. Before making real systems, the
field and received signals are simulated. Mathematical
models generate fields with initial and graphical condi-
tions. In the future, we replace them with real, recorded
on media. To simplify processing, the process itself is
broken down into computing units. This allows you to sort
out the application of processing algorithms using cloud
computing. The use of artificial intelligence elements to
process multidimensional signals is as natural as the pro-
cesses they describe. A neurocomputer for processing
multidimensional signals is a multiprocessor with a heter-
ogeneous network of processors. Moreover, the set of
processor modules has both a different architecture and a
system of connections between them. The idea of creating
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a neurocomputer for processing multidimensional signals is not new, but the introduction of a cluster sys-
tem with cloud computing for modeling multidimensional gives new possibilities for constructing field
processing systems. Traditionally, these systems are primarily used in military and security: target detec-
tion at long distances, tracking airborne objects, including stealth-based hypersonic aircraft and ballistic
missiles, drones; automatic detection of parameters of movement of air targets (range, azimuth, altitude,
speed).

1. Bionic aspects of building the architecture of a neurocomputer with deep learning for
modeling multi-dimensional fields

Humanity has always used bionic principles when building computer systems. Nature has developed
these principles for millions of years, so copying it is appropriate. But copying should be reasonable, tak-
ing into account the technology of production of components of computer technology, the development of
mathematical, algorithmic, software for signal processing and the need for such computer systems. Now
this direction in science is called biomimetics. Practical use of the principles of the brain was previously
impossible due to the lack of sufficient research and technical support to implement it. Today, an interme-
diate stage is used: the joint use of old and new principles of constructing calculators. Thus, a biological
neuron has dendrites for receiving input signals, while artificial neurons have received several input chan-
nels. A biological neuron has a cell body that processes its input and an artificial neuron has a function
that maps input to output. Likewise, a biological neuron has an output axon through which multiple axon
terminals transmit output to different channels, while an artificial neuron has an output layer to communi-
cate with multiple neurons. The difference between the human brain and deep learning (DL) lies in the
ability of the brain to optimize global cost functions in layered networks by adjusting or assigning each
neuron its own contribution to the global outcome.

In all aspects of activity, optimization determines biological states — these are locomotion, respiration,
nervous activity and even genetic evolution. There are many functions that are easily customizable and
shaped by evolution and the needs of the body. In contrast, DL assumes that there is a global optimization
function on which the network is focusing. So, the theory, formulates self-organization and learning with-
out a teacher, which can directly eliminate the need for multi-level credit appropriation [2]. Variations of
Hebben with nonlinearities can lead to self-organized optimization of cost functions [3].

We have outlined how deep learning differs from the architecture of the human brain. Let's look at the
differences from a learning perspective. An important assumption underlying most connectionist models
such as deep learning is: what can be learned from statistical patterns in the input data. There are many
different forms of connectionism, but the most common are neural network models. Neural networks are
flexible in approximating functions and require large amounts of data [4]. Bayesian Programming (BPL)
introduces the concept where simple stochastic programs — structured procedures — generate new execu-
tion examples [5]. The BPL allows learning like “model building” by building generative models, and has
been shown to work well with one-time training. The three basic tenets that are required for the success of
a BPL are compositionality, causality, and learning for learning.

So far, there is no targeted work on introducing compositionality into deep learning of the network,
with the exception of work — this provides a unique way to provide inductive bias using the model struc-
ture, which leads to significant performance in understanding the scene. Another famous work in this area,
which proposes a neural modular network that is composed structurally and dynamically using representa-
tive copying and routing. We believe that Capsule Networks uses a layering concept, similar to the visual
system of the human brain, to display a transformation matrix and represent 3D translation, scale and rota-
tion. Capsule networks capture spatial relationships between objects in an image using information about
the scene. The increase in publications on different models of the functioning of neural fences is explained

ISSN 2707-4501. Cybernetics and Computer Technologies. 2021, No.4 81



M. KOSOVETS, L. TOVSTENKO

by the increased interest in the problems of modeling artificial intelligence, which display images of dy-
namic and statistical information flows. The results of the introduction of chaotic neurons into the network
structures are discussed.

The neurodynamic concept provides the possibility of building modes of localization, synchroniza-
tion, stabilization of metastable chaotic structures in the reticular environments of the neural system.
Complex biological systems cannot be accurately described due to the continuous chaotic change in the
parameters of such systems in the phase space of states. Such dynamics is characteristic of neural brain
processes that form model representations of mental images. In the reticular neural environment, there are
processes similar to those observed in dissipative dynamical systems. These processes are accompanied by
the emergence of simple structures that correspond to their own discrete values of the nonlinear problem.
The mode of organization of complex structures is established, which has a metastable character in the
phase space of a nonlinear problem. In the reticular neural environment, this mode corresponds to the
creation of metastable structures of the ensemble of neurons in the phase space.

Consider in more detail the response of the reticular environment with neurons in the nodes to the in-
put signal, which comes in the form of perturbations of the neural environment. These disturbances can be
not only external but also purely internal. The result of their influence is the activation of neurons in re-
sponse to perturbations. Activated neurons create a mosaic picture of simple structures. Depending on the
parameters of the perturbation signal, the fundamental lengths of the created simple structures may inter-
sect, in which case complex structures of simple ones are created in the system. Some of them are charac-
terized by metastability in the phase space of the dynamic model in the system of independent variables as
functions of time.

The process of relaxation triggers the reflection in the cognitive space of the created metastable struc-
tures — model representations of images. Model representation of an image is a metastable structure in the
phase space of states. Therefore, we can assume that cognitive space is a phase space of metastable states
— model representations of images, which are displayed in the form of functional coded "units" — function-
al modes. At any time, functional modes can be activated by the information flow. It can be argued that
model representations of mental images in the form of functional modes constitute a static diversity of
phase space as a subset of the cognitive space of memory. As a result, the phase space of a dynamic task
can be replenished with metastable memory structures. Metastable phase states are being restructured,
model representations of mental images are being reformed, taking into account information that was pre-
viously "stored". Cognitive computing only partially replicates the work of the brain in structuring multi-
dimensional information and processing, using the principles of deep machine learning, developing new
rules and algorithms for working with real-time data in computers with non-von Neumann architecture.

Artificial neural networks (ANN) are a highly connected network of elementary processors running in
parallel. Each elementary processor calculates one output based on the information it receives. The two
main elements make up ANN: the neuron model used to build the network, and then the network architec-
ture. Each artificial neuron is an elementary processor that receives several neural inputs. Each of these
inputs has an associated weight that represents the strength of the connections between the corresponding
neurons. This puts forward two specific characteristics of each neuron: a "potential” equal to the sum of
the input weights, and an "activation function" that outputs the neuron according to its "potential".

In the structure of feedback neural networks, the only suitable connections are between the outputs of
each level and the input of the next level. A neural network with a backpropagation algorithm is one of the
known methods of creating a trained machine or system that can provide the final solution for classifica-
tion through a number of learning processes. It was developed using the Neural Networks tool provided by
MATLAB. The backpropagation algorithm is an extension of the perception of multilayer neural net-
works. Thus, the backpropagation algorithm uses three or more levels of processing (neurons).
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2. The concept of developing the cluster architecture with cloud computing for modeling
multidimensional fields

There is no infrastructure for building multidimensional information calculations. We offer the con-
struction of a modeling complex in the form of a cluster with cloud computing and debugging functions.
Points that attract but do not cross the trajectory of a dynamic system are called attractors. Analysis at an
early stage allows you to predict the behavior of the studied system. Such points that make up the trajecto-
ry are, in fact, a mathematical image of a complex motion, called strange attractors. The strangeness of the
attractor is that, unlike a conventional attractor, which characterizes the stability of a dynamic system, all
trajectories around it are dynamically unstable, and this instability is manifested in the mixing of trajecto-
ries in phase space. It can analyze not only linear but also nonlinear dynamic systems. An example of an
attractor is the propagation of energy from the antenna to the target and vice versa. Power and propagation
path are constantly changing, but the flow of energy is generally stable in space and does not go beyond
certain limits.

Clusters with cloud computing to model multidimensional fields use synchronous structures, within
which the processes are asynchronous. Each block of calculations is separated by steps, output registers,
switched by a synchronizer. This is very convenient for the point (pixel) processing of radio fields and the
reduction in the future into a block of global operations. Most of the multidimensional fields today boil
down to 3D radio imaging, although this is not required. A synchronous technique is used in timing opti-
mization problems to determine critical time windows for resources with asynchronous latency. From
here, an estimate of the typical latency of each configuration can be obtained. In addition, a special tech-
nique for allocating resources for specific operations has been developed, which uses information about
the allocation of time, together with information obtained from the data flow graph. Using both sources of
information, the distribution problem is very often solved by a heuristic algorithm.

It is difficult to investigate all possible configurations for the implementation of this scheme, because
the number of possible solutions grows exponentially with the size of the data flow graph. A number of
precise and heuristic filters have been implemented to reduce the size of the schema. These filters are very
effective in reducing circuit learning time and include: reducing circuit size when implicit edges are de-
tected, removing redundant circuits from consideration, efficiently finding a solution with minimal laten-
cy, and detecting when maximum configuration is reached without examining the entire branch of design
space. Implementing circuit design is convenient through a computer-aided design (CAD) tool for experi-
menting with various automatic timing methods, extrapolating the design parameter space, and the effect
of the proposed filter. It can take an abstract model of the data flow graph, and from it form both the opti-
mal structural representation of the information channel for this scheme, and the necessary behavioral
control for coordinating this information channel. The generated structural view consists of a block dia-
gram of related functional blocks, latches, controls, and multiplexers.

The biomimetic principle is applied: for the visual systems, the brain is organized in the form of deep
architecture, and perception is presented in the form of several levels of abstraction. DL architectures are
characterized by artificial neural networks, usually involving more than two layers. Deep neural networks
use data-driven representations of functions. However, they do not require hand-crafted functions, which
are mostly developed based on knowledge of a specific subject area. It is also impractical to consider the
need to account for all the details embedded in all forms of real data, hand-generated functions. Rather
than relying on small, hand-designed functions, DL methods can automatically learn informative represen-
tations of raw input with multiple levels of abstraction. These learned functions have been successful
through their use in many machine vision applications. Deep learning is widely represented in scientific
literature: deep belief networks are a generative graphical model, or, one of the types of deep neural net-
works, consisting of several hidden layers, in which neurons within one layer are not connected to each
other, but are connected to neurons in an adjacent layer through the use of Restricted Boltzmann Machines
(RBM).
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We emphasize two important aspects: one concerns the classification by points (pixels) for multidi-
mensional signals, and the other concerns the processing of a full-dimensional signal (for example, a
frame) with high resolution. The first is related to determining which category each pixel in a given frame
of the radio image belongs to, and the second is aimed at automatically assigning a semantic label to each
frame.
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where (h, w) is the value the position of the core connected to the (1—1)-th layer. H; and W; are the
height and width of the core respectively, and by ; is the offset of the j-th layer on map of objects in the

I-st layer. Such convolutional layers introduce a weight sharing mechanism within the same function
maps, which helps to greatly reduce the number of parameters otherwise required. For example, Lin and
Chen proposed a network within a network, replacing the conventional convolutional layer with a multi-
layer perceptron composed of several fully connected layers. A fully connected layer is basically the same
as a traditional neural network (backpropagation network).

The loss function or energy function measures the reconstruction z at a given input x,

M
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where M denotes the number of training samples. The goal is to find parameters e:(w, by, bz) that
can minimize the difference between output and input over the entire training set
= [x(1), x(2) ..., x(m), ..., X(M)], and this can be efficiently implemented using a stochastic

gradient descent algorithm (Johnson & Zhang, 2013). These approaches can be divided into three main
categories, which will use spectral information, spatial information, and spectral-spatial information, re-
spectively.

DL models have the ability to automatically extract features from raw input, and such functions are
high-level and abstract functions. The DL pretrained network can be used as a function extractor for any
type of multidimensional signal, since the functions learned by the network are less dependent on the end
application and can be used for a variety of tasks [6]. Alternatively, we can use the pretrained CNN as a
local feature extractor and combine it with feature coding to generate the final scene representation. After
introducing, from two main points of view, the classification of images by pixels and by radio images by
scenes, we will supplement the consideration of DL for signal processing according to spectral, spatial
characteristics and joint spectral and spatial characteristics, using both controlled and uncontrolled meth-
ods of feature extraction.

To effectively detect details in the panoramic sensor, multiple candidate points are created around the
radar origin. It then uses a widely used deep learning approach to detect and localize the left and right
corners of target vehicles [7].

3. Principles of implementation of high-performance built-in m-processor cluster

Processing of multidimensional signals requires large computational resources. Taking into account
the functional orientation of computations to perform a variety of different types of operations, we use
neural networks built on the basis of streaming computations implemented on signal processors and
FPGAs. The required computational resources are obtained by flexible restructuring of the multiprocessor
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resources [8]. The proposed model consists of a main and backup communication channel and m-multi-
microprocessor clusters (fig. 1).

A A
Cluster Cluster
Cluster Cluster Ne 3 Ne 4 Cluster
Nel Ne 2 Central Systemic Nem
processor block

1

Infprmation radio highway

I

Reserve

Fig. 1. The architecture of an m-cluster fault-tolerant real-time multiprocessor

In networked systems consisting of many processing elements, the exchange with each other is car-
ried out through the transmission of messages. The tasks of processing multidimensional signals require
very high performance, and, on the other hand, an efficient organization of a parallel computational pro-
cess. Structurally, an m-processor cluster consists of m executive processors, system memory, control and
communication processors. The first of them is the cluster administrator, records the state of the process
and distributes tasks. The second one controls access to the communication medium, encoding / decoding
and conflict resolution when implementing multiple access. All clusters are interconnected by means of a
high-speed data exchange bus, multiple access to the communication medium. The system is easily recon-
figurable taking into account the specifics of the task, the technical state of the multiprocessor system as a
whole or individual clusters [9]. The dimension m of the cluster depends on the applied problem. The task
is divided into subtasks and distributed among the processor modules. The technical implementation of the
cluster system is shown in fig. 2, which consists of the System block, which is responsible for redistrib-
uting tasks within the system and generating a terahertz radar sounding signal; a central processor that
simulates a deep learning neural network, and a communication cluster for communicating with the cloud
and loading executive programs into the system. The multidimensional array of information comes from
the receiving matrix of the terahertz radar.

Fig. 2. Cluster with cloud computing for modeling multidimensional fields
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In a multiprocessor, each of the clusters can equally effectively perform supervisory functions that
"flow" from one cluster to another. However, any cluster can perform all or most of the system-wide func-
tions. Any task in the process of execution can be processed in different clusters. System-wide control is
continuously redistributed between clusters: at a time, only one cluster can be a control one. A symmetric
processing multiprocessor is best built with a fully distributed operating system, i. e., with the storage of
copies of the operating system in all processors. When clusters fail, there is a gradual decrease in perfor-
mance (system degradation). Recovery is carried out by redistributing the task between clusters. For a
multiprocessor with m-processor clusters, we use a distributed OS, which is a collection of cluster OSs
that monitor the state of computing resources for the purpose of planning the computational process, main-
taining reconfiguration, an apparatus for returning to checkpoints, etc. A multiprocessor can have various
OSs of clusters. So, a service cluster can have an OS focused on exchange with external devices, and a
functional cluster — an OS focused on the maximum computation speed and exchange within the cluster.
Each functional cluster contains a multitasking OS kernel.

To simulate a multiprocessor, we propose to take as a basis the apparatus of Colored Petri Nets
(CPN), which is most suitable both for simulating protocols in multiprocessor systems and for simulating
parallel processes in such systems. Colors can be used to distinguish between different processes, even if
their subnets are collapsed into a single network. The system model has significantly fewer states than the
equivalent model based on conventional Petri nets. The problem of choosing an architecture lies in the
optimal mapping of multidimensional signal processing tasks to the structure of the computing environ-
ment of a multiprocessor, since the quality of the display predetermines performance. The highest perfor-
mance is possible if the structure of the problem and the topology of the system are adequate.

The signal processing cluster includes a central service module, executive processor modules, an ad-
ministrator processor, system RAM, a high-speed computer network communication processor, and accel-
erator coprocessors. The exchange between multiprocessor clusters is carried out through the connection
space. To transfer a message, the processor — the sender prepares the message in a local buffer and "nego-
tiates™ with the recipient about the allocation of buffer space for a copy of the message and, if the "agree-
ment" is reached, transmits data over the bus in packets at the maximum speed [10]. Considering the asyn-
chronous method of transmitting messages with fuzzy information processing, there is no arbitration on
the bus, the main requirement is that the receiver's processor has free resources to process this message.

Conclusions. This article discusses a fault-tolerant real-time multiprocessor for solving problems of
processing multidimensional signals. The features of the multiprocessor operation when processing large
amounts of information are shown. The parameters of information flows were determined, the tasks were
redistributed between specialized coprocessors-accelerators (neural networks) for signal processing and
processor control elements, testing and diagnostics. The requirements for the system backbone are deter-
mined, the throughput of which has ceased to be a limiting factor limiting the performance of a computing
system.

On the example of 3D Radar Imaging, a cluster of modeling, processing and debugging of multidi-
mensional signals was studied. Calibration of the modeling complex was possible thanks to the use of a
neurocomputer with deep learning and the possibility of using feedback with an antenna. The calibrations
used a small metal plate and several measurement cycles to average out the noise. It is shown that the
measurement accuracy is influenced by the width of the radiation pattern, a decrease in the number of
measurement cycles at one point, the accuracy of positioning and movement of the antenna during meas-
urements, and the time interval between calibration.
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Po3po0ka kiacrepy 3 XMapHMMH 004YHCJICHHSIMHU HA 0a3i HeilipoMepek 3 INIM00KUM
HaBYaHHAM JISA MOACJTIOBAaHHSA 6araTOBl/lMipHHX MmoJiiB

! Hayroso-eupobuuue nionpuemcmeo «Keanmopy, Kuis, Ypaina
2 [ncmumym xibepremuxu imeni B.M. Inywxoea HAH Yxpainu, Kuis
" JTucmyeanns: quantor.nik@gmail.com

Betyn. Po3risiHyTo MonenroBaHHsS 0araTOMipHUX TMOJIB Ha MYJIBTHIPOLIECOpPaxX, 3 HEHPOMEPEKEBOIO ap-
XITEKTYpOIO, siKa MepeOyIOBYETHCS Y MPOLECi BUPILICHHS 3aa4i IUITXOM TJTHOOKOTO HaB4YaHHA. Taka apxiTek-
Typa 00uHCIIOBa4Ya BUKOPUCTOBYE MPUCTPiil U1 BUPIIIEHHS 33/1a4 ITACUBHOT JIOKallii, MOHITOPUHIOBOI CTAHIII,
LPI akTuBHOI JIOKalilHOi cTaHILii, 0a30BOT1 TeJIeKOMYyHIKaliifHOT cTaHii omgHoYacHO. OcoOaMBY yBary mpupii-
JICHO BUKOPHCTAHHIO OIOHIYHHMX NMPHHIMIIB MPH POOOTi 3 GaraToBUMipHUME cuTHaaMu. [IpomoHyeThest Kiac-
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TepHUI 0OYHCITIOBAY 3 XMaPHUMHU OOYHCIICHHSAMH JUI CTBOPEHHS MOJIEIOIOYOT0 KOMILIEKCY 00poOKH GaraTto-
MIpPHHX CHTHAJIB 1 BiUTar0PKEHHS [[IIbOBOT CHCTEMH.

Knactep BUKOHaHMIA y BHIIS/II MYJbTHIIPOLIECOPA HA OCHOBI TEXHOJIOTIT HEHPOHHOT Mepexi 3 TIMOOKUM
HapyaHHIM. KoxeH i3 kacTepiB MoXke PIBHOLIHHO €()eKTUBHO BUKOHYBATU CYIEpBi30opHi GyHKLIT, sKi "nepe-
TIKalOTh" 3 OJTHOTO KJlacTepa B iHIIWIA. Pa3oM 3 TUM Oyab-SKHil KiIacTep MOXe BUKOHYBaTH BCi a00 OUIBIIICTh
3arajgbHOCHCTEMHUX (QyHKIiH. Byzap sika 3agada y npoleci BUKOHaHHS MOxe 00pOoOJIITUCS B PI3HUX KIacTepax.

Meta po6oTu. CTBOpPEHHSI MOJICIIOIOYOT0 KOMIUIEKCY SIK KacTepa 3 XMapHUMHU OOYMCICHHSIMH 1 BUKO-
PUCTaHHIM HelpoMepex 3 IMOOKUM HaBYaHHAM. Kiactep siBisie COO0I0 HEHPOMYIBTHIIPOIIECOD, KUl Hepe-
OynoByeThCS B TIpoLieci poOoTH.

PesyabTaTn. Y mpomeci poOOTH HaM BAAJIOCS CTBOPHTH MOJETIOIOYHI KOMIDIEKC 3 apXITEKTYpPOIO MYJIb-
TUTIPOLIECOpPa, SIKUI y Iporieci 004nCIIeHb Nepe0ya0BYEThCS | BUKOPUCTOBYE XMapHi oOuncieHHs. Komiieke
anpoOOBaHO MPU MOJICNIOBAaHHI Tepareprosoro ckanepa 3D Imager.

BucHoBkH. Y mporieci BUKOHaHHS POOOTH CTBOPEHO KOMIUIEKC JJIsI MOJEIIOBAHHS OaraTOBHMIpHHX
noJiB. 3a OCHOBY 00YMCIIIOBaYa BUKOPHCTAHO MYJIBTHIIPOILIECOP, KUl 1epeOyqoBYeThCS y Tpoieci poboTH.
OO6uncnroBasibHa 6a3a MyJIBTHITPOIIECOPa — HEHPOMEPEKi 3 XMAPHUMH O0UHCIICHHSIMHU.

K104oBi c10Ba: KOTHITUBHUE IPOCTip, INIMOOKE HaBYaHHS, 3rOpTKa HEHPOHHOI MEpexi, apXiTeKTypa
HEHPOHHUX MEPEeX, KIACTep.
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