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DESIGNING OF ARRAY NEURON-EQUIVALENTORS WITH A QUASI-UNIVERSAL
ACTIVATION FUNCTION FOR CREATING A SELF-LEARNING
EQUIVALENT-CONVOLUTIONAL NEURAL STRUCTURES

In the paper, we consider the urgent need to create highly efficient hardware accelerators for machine learning
algorithms, including convolutional and deep neural networks, for associative memory models, clustering, and pattern
recognition. We show a brief overview of our related works the advantages of the equivalent models (EM) for design-
ing bio-inspired systems. Such EM-paradigms are very perspective for processing, clustering, recognition, storing
large size, strongly correlated, highly noised images and creating of uncontrolled learning machine. And since the ba-
sic nodes of EM are such vector-matrix (matrix-tensor procedures with continuous-logical operations as: normalized
vector operations "equivalence”, "nonequivalence”, and etc., we consider in this paper new conceptual approaches to
the design of full-scale arrays of such neuron-equivalentors (NEs) with extended functionality, including different acti-
vation functions. Our approach is based on the use of analog and mixed (with special coding) methods for implement-
ing the required operations, building NEs (with number of synapsis from 8 up to 128 and more) and their base cells,
nodes based on photosensitive elements and current mirrors. Simulation results show that the efficiency of NEs relative
to the energy intensity is estimated at a value of not less than 10” an. op. / sec on W and can be increased. The results

confirm the correctness of the possibility of creating NE and MIMO structures on their basis.

Keywords: self-learning equivalent-convolutional neural structure, neuron-equivalentor, current mirror,
hardware accelerators, equivalent model, continuous-logic, activation function, nonlinear processing, recognition.

Introduction

For creation of biometric systems, machine vision
systems are necessary to solve the problem of object
recognition in images. Discriminant measure of the mu-
tual alignment reference fragment with the current im-
age, the coordinate offset is often a mutual 2D correla-
tion function. In paper [1] it was shown that to improve
accuracy and probability indicators with strong correla-
tion obstacle-damaged image, it is desirable to use
methods of combining images based on mutual equiva-
lently 2D spatial functions and equivalence models
(EMs), nonlinear transformations of adaptive-
correlation weighting. For the recognition, clustering of
images, various models of neural networks (NN), auto-
associative memory (AAM) and hetero-associative
memory (HAM) are also used [2-3]. The EM has such
advantages as a significant increase in the memory ca-
pacity and the possibility of maintaining strongly corre-
lated patterns of considerable dimensionality. Mathe-
matical models and implement of HAM based on EMs
and their modification described in papers [3—4]. For of
analysis and recognition should be solved the problem
of clustering of different objects [4]. Hardware imple-
mentations of these models are based on structures, in-
cluding matrix-tensor multipliers, equivalentors [5].
And the latter are basic operations in the most promis-

ing paradigms of convolutional neural networks (CNN)
with deep learning [6-9]. Scientists create algorithms to
identify previously unknown structures in data, includ-
ing those whose complexity exceeds human understand-
ing. In paper [10] we showed that the self-learning con-
cept works with directly multi-level images without
processing the bitmaps. But, as will be explained below,
for all progressive models and concepts, nonlinear trans-
formation of signals, image pixel intensities are neces-
sary. For implementation SLECNS [9], we need certain
new or modified known devices capable of calculating
normalized spatial equivalence functions (NSEqFs) with
the necessary speed and performance. In papers [4; 9—
10] we showed models for the recognition and cluster-
ing of images that combine the process of recognition
with the learning process. For all known convolutional
neural networks, as for our SLECNS, it is necessary to
calculate the convolution of the current fragment of the
image in each layer with a large number of templates
which are used, selected or formed during the learning
process. But, as studies show, large images require a
large number of filters, and the size of the filters can
also be large. Therefore, the problem of increasing the
computing performance of hardware implementations of
such CNNs and their neurons-cells is acute. We pro-
posed a new structure [11-12]. It consists of a micro-
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display dynamically displaying current fragments, an
optical node in the form of a micro-lens array (MLA)
with optical lenses (not shown!) and a 2D array of
equivalentors (Eqs) or non-equivalentors (NEq) with
optical inputs. Simulation on 1.5pum CMOS in different
modes has shown that the Eq and their base units can
operate correctly in low-power modes and high-speed
modes, their energy efficiency is estimated to be not less
than 10'* an.op / sec per W the produced and can be
increased by an order, especially considering FPAA.
But much depends on the accuracy of the current mir-
rors (CM) and their characteristics. Thus, at the inputs
of each Eq we have two arrays of currents representing
the compared fragment and the corresponding filter, and
the output of the Eq is an analog signal, nonlinearly
transformed in accordance with the activation function.
As will be shown work [10], non-linear component-wise
transformations allow even without WTA network to
allocate the most Eq with the greatest activity. And the
use of an array of cells that perform hardware, non-
linear transformations adequate to auto-equivalence
operations, allows in maps to automatically select these
pixel-winners using only several transformations steps.
Setting goal and objectives of the work. From
described it follows that for implementations of
SLECNS, an important issue is the design of parallel
nonlinear transformations of intensity levels. The goal
of the work is to design and simulate specialized neural
accelerators in the form of an array of neuron-
equivalentors that effectively calculate the comparison
function of two two-dimensional arrays without using
multiplication operations, and using a nonlinearly trans-
formed function of normalized equivalence of arrays.

The main material

1. Description and simulation of analog
neuron-equivalentors and its nodes

The Fig. 1-2 shows the neu structure and block
diagram of the main unit of SLECNS, allowing parallel,
with a high rate, equal to the speed of selection from the
processed image of its shifted current fragment, to com-
pute a set of stream components (elements) immediately
one-cycle all the equivalents convolutions of the current
fragment with the corresponding filters. The matrix X
forms a certain number of convolutions in the form of
matrices e using a set of defined filters-templates W
which, in our case, are multilevel values, in contrast to
the binary ones we used earlier. Thus, we compare each
filter with a current fragment in the matrix X. As a
measure of the similarity of the fragment of the matrix
X and the filter the equivalent measures of proximity or
other measures such as a histogram can be used. Thus,
we compare for each filter similar fragments in the ma-
trix. Each NEq is implemented in a modular hierarchi-
cal manner and can consist of similar smaller sub-pixel,
also 2D type, base nodes. The NEq has a matrix (ruler)

of photo-detectors, on which a halftone image of the
fragment is projected, and the number of electrical ana-
log inputs equal to the number of photo-detectors, to
which by means of any known method. Each NEq has
its own filter mask from a set of filters formed by train-
ing. Thus, at the inputs of each NEq we have two arrays
of analog currents representing the compared fragment
and the corresponding filter, and the output of the NEq
is an analog current signal, nonlinearly transformed in
accordance with the activation function and representing
measure of their similarity. In our case, this measure is a
normalized equivalence (eq) and nonequivalence (neq).

Fig. 1. The structure of the basic unit of the SLECNS,
which explains the principle of its functioning; Figure
explains the principles of learning neural network model
based on the multi-port memory to find centroid cluster
elements

The base node, see Fig. 3, contains N two input
counters of maximum and minimum currents and one
normalizer on CM, which forms two output signals cor-
responding to eq and neq from two vectors.

Fig. 2. The array of neuron-equivalentors,
which is the main basic node of the SLECNS
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The basic unit for calculating the normalized Eq
(NEq) by averaging the component peak and minima of
currents on the basis of CMs and the schemes of the
limited difference is shown in Fig. 3. Sources of analog
currents are shown as current generators for modeling in
OrCAD. The dimension of the vector inputs is 9, which
corresponds to the filter size 3x3. The results of model-
ing this basic unit with a additional nonlinear transfor-

mation are shown in Fig. 3 (right). At the instants of 11—
12us and 13—14ps, the output signals of equivalence and
nonequivalence testify to the coincidence of the input
vectors. The results of modeling the base unit for the
filter size 3x3 (with 9 inputs) showed, that processing
time is from 1ps to 0.1us for currents Imax=5pA, con-
sumption power is from 200pW to S0uW.
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Fig. 3. On the left: The basic unit for calculating the normalized Eq (NEq) by averaging the component peak and
minima of currents on the basis of current mirrors and the schemes of the limited difference. On the right:
The results of modeling the base unit for the filter size 3x3 (with 9 inputs): on the left for current Imax=5pA,
T=0.5us, V=1.8V, P=200uW. On the right for current Imax=2.5nA, T=1pus, P=100uW. Red line shows power
consumption, input (green) and reference (lilac) signals are showed on the midle graphs,
on the bottom graph normalized eq (green) and neq (yellow) are showed

In addition to simulating the base node on 9 inputs,
we additionally synthesized a neuron circuit having 8
such nodes, each of which compares 8 input vectors,
resulting in a neural circuit having 2 vector inputs of 64
dimensions. For a non-linear transformation, we used a
node of a circuit, which realizes a piecewise linear ap-
proximation of the power-law activation function (auto-
equivalence). The simulation results of 64-input NE
with nonlinear output conversion showed that such a NE
provides good time characteristics and has a power con-
sumption 2mW, a low supply voltage, contains less than
1000 CMOS transistors. To test the functioning of the
developed NEs within the network, we created a mini-
network of eight 9-input NEs, shown in Fig. 4. And the
results of modeling it are shown in Fig. 5. Simulation in
different modes has shown that the base unit (9-input

NE) can operate correctly in low-power modes (1st and
2nd) and high-speed modes (3rd, 4th):1) Imax = 0,5nA,
T=1ps, Vdd =1.8V, (P = 20uW); 2) Imax = 0,25uA,
T=2,5us, Vdd=1.8V, (P=10uW); 3) Imax = 5pA,
T=0,1us, Vdd=1.8V, (P=200uW); 4) Imax = 10uA,
7=0,05us, (P=500uW). If we take into account that at
least 20 analog operations (9x2 comparisons by limited
subtractions, current additions, their divisions and non-
linear transformations (2)) are performed by the NE for
the one tact 7, the relative to the energy efficiency of
NEs is estimated to be not less than 20x10° an. op./sec:
20uW = 10" an. op / sec per W and can be increased by
an order. To check the quality of such neural-
equivalentor circuits in networks, in the SLECNS, we
also performed simulations in Mathcad. The simulation
results are shown in Fig. 5 (right).
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Fig. 4. A network of 8 9 input NEs based on 9 basic modules for calculating the normalized eq (neq)
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Fig. 5. On the left: The result of a network simulation of 8 9-input NEs, a fragment of the successive activity of
three neighboring NEs, green — current outputs, blue — additional threshold, red — NE outputs (voltage, potential).
On the right: The Mathcad windows on which the module of the program with results of recognition of fragments

(left eye — filter-template) on the image are shown, where in 2D and 3D from left to right:
the computed NE equivalent, non-linear (after activation) equivalent, non-linear non-equivalent (part) functions
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Fig. 6. Scheme of 81-input NE with dual outputs based on 9 basic units for computing normalized eq (in the diagram
EQS) and neq (in the diagram NEQS) and their transformed responses (NNE outputs of activation circuits)
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Fig. 8. The result of the calculation accuracy check for normalized eq for various reference DC currents
with linearly increasing currents at the second vector inputs (for /max = SuA, T=1us, V=1.8V)

In addition, on the basis of combining nine 9-input
NEs, NEs were designed and modeled for two 81-
component inputs, i.e. for convolution by a 9x9 filter. It
has 2 bus analog inputs. Scheme of 81-input NE with
dual outputs is shown in Fig. 6, and the results of its
modeling in Fig. 7 and 8. As can be seen from Fig. 8,
the maximum deviations of the generated values of the
currents at the NE outputs from the mathematically calcu-
lated required values do not exceed 50nA, which corre-
sponds to a relative error at the level of 1% and allows to
hope for the possibility of obtaining, in the produced
NEs, taking into account technological dispersion, no
more than 5 %. For preliminary rough definitions of neu-
ron-winners in neural and CNN networks this is enough.
In addition, as will be shown below, non-linear compo-
nentwise transformations allow even without WTA net-
work to allocate the most NEs with the greatest activity.

We modeled on 1.5um CMOS, and therefore, es-
pecially considering the produced FPAA [13-16], there
are all possibilities for this, but much depends on the
accuracy of the current mirrors and their characteristics.
The analysis of the obtained results confirms the cor-
rectness of the chosen concept and the possibility of
creating NE and MIMO structures [17—18] on their ba-
sis, as hardware accelerators for compact high-
performance systems of machine vision, CNN and self-
learning biologically inspired devices.

2. Synthesis and modeling array universal cells
for image intensity functional transformation

A lot of work has been devoted to the design of
hardware devices that realize the functions of activation
of neurons, but they do not consider the design of exactly
the auto-equivalent transformation functions for EMs and
the most common arbitrary types and types of nonlinear

transformations. Therefore, the goal of this section is the
design of cells for hardware parallel transformation of
image intensity levels. In work [10], the question of the
simplest approximations of auto-equivalence functions
(three-piece approximation with a floating threshold) was
partially solved. The basic cell of this approximation con-
sisted of only 1820 transistors and allowed to work with
a conversion time of 1 to 2.5us. At the same time, the
general theoretical approaches to the design of any
nonlinear type of intensity transformation were not con-
sidered, and this is the object of the paper. We will note
that on a current mirror more easily to execute these op-
erations of addition or subtraction of currents.

2.1. Simulation of image intensity
transformation with Mathcad

Using both the basic components for the composi-
tion of the lambda function (LF) fspAs2 , shown in Fig. 9
and described by expression:

fspAs2(xs,pAx,pA,k) =
=kx obs(obs(xs,pr),obs(xs,pA) x 2),

where xs — argument, pAx — parameter indicating the
lower bound-level xs (beginning), pA — the second
parameter indicating the level for the maximum, & — is the
third parameter indicating the scalar gain multiplier; and
a-b,if a>b
0,if a<bh
we proposed a LF-composition fspAsS, which is calcu-
lated by:

obs(a,b)=a~b= {

fspAsS (xs,Ak, VK) =

AK 255 255
= fspAs2| xs, 2> x(i-1),~>(i),VK; |,
i; SpAs [xs A x(i-1) A (i) 1}
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where Ak — number of components (LFs), xs — argu-
ment of the LF, VK — vector of gain factors. The result
of constructing some types of transfer characteristics
(TC) using these functions in the Mathcad environment
is shown in Fig. 9. To approximate auto-equivalence,
we also offer simpler (2-step) basic N-functions:

and triple their composition:
2
afS(xs,VaF,KaF)= )" af(xs,VaF, )-(KaF; ).
iv=0
In general, the number of components in a compo-
sition can be arbitrary, but for modeling we used 8 and
16 component compositions and adjustment vectors.

af (xs,xp )= . .\
( i p) Examples of such functions and compositions for the
DP synthesis of TC are shown in Fig. 10 (left).
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Fig. 10. Examples of synthesized transfer characteristics for auto-equivalence functions (left),
Mathcad windows with the formulas and graphs of synthesized functions transformation (right)

Another variety of functions is shown in Fig. 10
(right), and the results of using such TCs to prepare the
original PIC image are shown in Fig. 11.
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PIC alpy gy = aBSTIPICH gy 8 Kia)
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Fig. 11. Mathcad windows on which the formulas and
results image intensity transformation are shown, where
in 2D from left to right: input image PIC, the computed
auto-equivalence functions, non-linear (after activation)

output images (bottom row)

2.2. Design and simulation of array cells
for image intensity transformation
with Orcad Pspice

Let us first consider the design and simulation of a
single base cell for the image intensity of an arbitrary
transformation, using the example of a 4-piece ap-
proximation by triangular signals. In Fig. 12 shows the
scheme used for modeling. To form 4 triangular signals
from the input signal, we use 4 identical sub-nodes,
each of which consists of 14 transistors (Ts) and an ad-
ditional CM (2 transistors), and for propagation of the
input photocurrent (IPhC) and threshold levels, the aux-
iliary circuit consists of 14 Ts. The IPhC was simulated
by a current generator 12. In general, the cell layout con-
sisted of 68 Ts. In this scheme for simulation, we used
four fixed different gain values for each triangular sig-
nal. The simulation results for various signals are shown
in Fig. 13. The power consumption of the cell is 150uW
at a supply voltage of 2.5V, Imax=D =8uA, N=4,p =
2uA, and the periods of the input signals are 200us and
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100ps. The general scheme of the cell realizing the dy-
namic intensity conversion with eight piecewise linear
approximation is not shown. This circuit contains from
170 to 200 Ts, consists of eight basic nodes. The Node
A consists of 8 (7) Ts and generates a triangular signal
from the input signal at a given threshold for each sub-
band. The processes of formation output nonlinearly
transformed signal and simulation results of this circuit
will be shown and discussed in the report. For a supply
voltage of 2.5V, Imax = D = 8uA, N= 8, p = 1pA and
the period of the input linearly increasing-decreasing
triangular signal equal to 1000pus. Removing only one
transistor in the nodes A of the circuit allows it to mod-
ify and implement on its basis tunable nonlinear trans-

s;=(x=(i-1)p)=(x=i-p), but not # for required

function by means of triangular signals:

N N
Va =2 kit = k[(x=(~1)-p)=2x=i-p)].

i=1 i=1
The results confirm the possibility of synthesizing
cells with required accuracy characteristics of the trans-
formation laws and, in particular, auto-equivalence
functions, the microvolt level of power consumed by
them, high speed. For the simplest and approximate
approximation functions, but often quite sufficient for
the selection of the winning function by the activation
function, the cell circuits consist of only 17-20 transis-
tors, have a very high speed (7' = 0.25us), a small power

formations in accordance with the help of consumption (less than 100 microwatts).
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Conclusions of 1.8-3.3V, minor relative computational errors (1—
5%), small consumptions of no more than 1-2mW, can
operate in low-power modes less than 100puW) and

of design of array neuron-equivalentors using continu- high-speed (10-20MHz) modes. The efficiency of NEs
ously logical cells (CLC) based on current mirrors (CM) - ative to the energy intensity is estimated at a value of

with functions of preliminary analogue processing for |\ jocc than 10'2 an. op. / sec on W and can be in-

image intensity transformation for construction of  05qeq by an order of magnitude. The obtained results
mixed image processors (IP) and neural networks (NN). 1 firm the correctness of the chosen concept and the

Several effective schemes have b.een developed and possibility of creating NE and MIMO structures on their
modeled of CLC and optoelectronic complement dual ..o They can become the basis for the implementa-

analog neuron-equivalentors as hardware accszleratorls tion of CNN and self-learning biologically inspired de-
SLECNS. The proposed CLC have a modular hierarchi- ;.. with the number of such NEs equal to 1000, to

cal'constructlop prlnmple and are easily scaled. Their  oa1ize the calculation of equivalent convolutions with
main characteristics were measured. NEs have a proc-

essing-conversion time of 0.1-1us, low supply voltages

Cnucok nitepatypu

The paper proposes the mathematical foundations

filter sizes up to 32x32.
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MPOEKTYBAHHSI MACUBY HEWPO-EKBIBANEHTOPIB 3 KBA3IYHIBEPCANbHOIO ®YHKLIEIO AKTUBALYT
AnA CTBOPEHHA CAMOHABYAIbHUX EKBIBANTIEHTHICTHO-3rOPTKOBUX HEUPOHHUX CTPYKTYP

B.I'. Kpacunenko, O.0. Jlazapes, O.I1. lllepemera

Y cmammi posenaoaemvca neobXxionicms cmeopents anapamuux NPUCKOPIOBAUis Oisl MAUUHHO20 HABYAHHS, 320DMKOGUX
HeUPOHHUX Mepedic, Acoyiamuenoi nam'smi, kKiacmepusayii, posniznasanis obpaszis. 3pobneno oensd pobim npo nepesazu 6iono-
2IYHO-HAMXHEeHHUX exeisanenmuicmuux mooeneu (EM) ons npoexmyesanns. Iokazano, wo EM-napaouemu dysice nepcnekmuehi
oA Knacmepu3ayii, po3ni3HaeanHs, 6eIUKOPOIMIPHUX, KOPETbOBAHUX 300padicetb 3 GUCOKUM pigHeM 3a8a0 i 0l HeKOHMPOIbO-
6anozo Haeuanua. [na peanizayii EM neoOxioni 6ekmopHo-mampuyHi npoyeoypu 3 HenepepeHO-102iuHUMU HOPMALI308aAHUMU
onepayiamu: ‘“‘exsiganenmuicms”, “‘Heexsiganenmuicms” i 6i0no6ioni cxemu. Pozenadaromuca Ho6i nioxoou 0o npoexmyeamHs
anapamuux macugie maxux Hetipou-exsiganenmopie (HE) 3 posuuperoro )yHKYiOHANbHICMIO 3a pAXYHOK HENIHIlIHUX nocmnepe-
meopenb ma 008LIbHO GuOpaHux 6udie Qynxyii axmueayii. 11lioxo0u 3acHo8ani HA BUKOPUCAHHI AHANO208UX T 3MIWAHUX (i3
cneyianvHum KOOYBAHHAM) Memoodis 01 peanizayii HeoOXIOHUX onepayitl, N0OYO08i HA OCHOGI IEPAPXIUHUX 8Y3116 3 OA306UX KO-
MIPOK HA 6I003ePKANIN8ayax cmpymy i (pomonputiMayax HeupoH-eKeieaieHmopie 3 yuciom cunancie 6io 8 do 128 i binvwe i
Mepedxc Ha ochosi macugy makux HE. Pesynemamu modeniosanns noxkazyroms, wo epexmusnicmo HE 3 ynisepcanvhoto nepety-
00606an0I0 ynKyicio axmusayii no sioHowenHio 00 enepeocmnocmi oyinoembes snavennam e menue 10" i euwye an. on./cex.
na W i mooice Oymu 36invuiena. Ompumani pesynomamu niomeepodicyoms MOICIUGICMb Ma NePCHeKMUEHICING CIMBOPEHHs 3d-
npononosanux HE ma na ix ocrnogi macugie, cmpykmyp 3 bacamovma éxooamu i bazamoma euxooamu ( max 36anux Ha aHeNiliChb-
Kiti mogi MIMO-cucmenm,).

Knrouosi cnosa: camonasyanvia exeiganeHmuicmHo-320pmKo6a HeUpoHHa CMpyKmypa, HelipoH-eKeieaieHmop, 8io03epKa-
J08aY CIMPYMY, Anapamti RPUCKOprosati, eKei6aieHMHICMHA MOOeb, De3nepepena 102ika, yHKYia axmueayii, HeniHiliHa 00po-
OKa, po3nizHa8anHs.

NPOEKTUPOBAHUE MACCUBA HEMPO-3KBUBAJIEHTOPOB C KBA3UYHUBEPCAIIbHOW QJY!-IKLI,VIEVI
AKTUBALMM ONA CO30AHUA CAMOOBYYAEMbIX 3KBUBANNEHTHOCTHO-CBEPTOYHbLIX HEUPOHHbIX
CTPYKTYP

B.I'. Kpacunenko, A.A. Jlazapes, A.Il. lllepemera

Paccmampusaemes neobxooumocms co30anus annapamusix yckopumeinei Oid c8epmounvix Helponuvix cemeil. Coenan
0030p pabom o npeumywecmseax 3KeuUaIeHMHOCMHbIX mooeneli (EM), komopbie ouenb nepcnekmughvl 015 pacno3HagaHus Kop-
PENUPOBAHHBIX 3AULYMAEHHBIX U306padxcenuli u obyuaroweti mawunvl. Ocnosuvimu ona EM senawmcesa 6eKmopHo-mampuytble
npoyeoypbl ¢ HENPEPLIBHO-TOSULECKUMU HOPMATUZOBAHHBIMU ONEPAYUAMU: “IKGUSATEHMHOCMY , “HeIKEUSANIeHMHOCMb ™ ¢ UX
HenuHeluHot nocmobpabomkoil. Paccmampusaromes nooxoovl Kk npoeKmuposanuo  MAaccu08 MHO2OQYHKYUOHATbHIX HEUpOH-
akeusanenmopos (H3) ¢ mobvimu ynxyuu axmusayuu. I100x00bl 0CHOBAHBI HA UCNONIL3OBAHUU AHATO208bIX MEMOO08 OISl ped-
AU3AYUU HEOOXOOUMbIX Onepayull, NOCMPOEeHUs Ha OCHO8E UEPaPXUUECcKUX Y3108 U3 Oa306bIX Aueek Ha MOKogbix 3epkaniax HO ¢
yuciom cunancos om 8 0o 128 u 6onee u cemeii na ochose maccuéa maxux HD. Modenuposanus nokaszviearom, umo 3¢hgexmue-
nocme HO ¢ nepecmpausaemoii dynkyueii axmusayuu oyenusaemes na yposue 10" u eviwe an. on./cex. na W. Pesyrbmame
NOOMBEPIHCOAIOM 03MONCHOCHIL U NEPCHNEKMUBHOCb co30anusa cmpykmyp HO u MIMO ua ux ocHose.

Knrouesvie cnosa: camoobyuarowaica K6UBANEHMHOCHHO-CEEPIMOYHAS HEUPOHHAS CIMPYKIMYPA, HEUPOH-IKEUSATEHMOP,
MOK0BOE 3epKAN0, ANNApAmMHble YCKOPUMENU, IKEUBALEHMHOCIHASL MOOENb, HENPEPLIBHAS 02UKA, (QYHKYUS aKMUayull, Heiu-
HellHast 06pabomKa, pacno3Hagatue.
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	We modeled on 1.5μm CMOS, and therefore, especially considering the produced FPAA [13–16], there are all possibilities for this, but much depends on the accuracy of the current mirrors and their characteristics. The analysis of the obtained results confirms the correctness of the chosen concept and the possibility of creating NE and MIMO structures [17–18] on their basis, as hardware accelerators for compact high-performance systems of machine vision, CNN and self-learning biologically inspired devices.  
	13. Schlottmann C.R. A Highly Dense, Low Power, Programmable Analog Vector-Matrix Multiplier: The FPAA Implementation  / C.R. Schlottmann, P.E. Hasler // IEEE Journal on Emerging and Selected Topics in Circuits and Systems. – 2011. – Том 1(3). – С. 403-411. https://doi.org/10.1109/JETCAS.2011.2165755.



