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PEAJII3AIIIS TA JOCJKEHHSI HEWPOHHUX
MEPEX IPAMOTI'O PO3ITIOBCIOI’KEHHSA HA TIJIIC

IMPLEMENTATION AND RESEARCH OF NEURAL
NETWORKS OF DIRECT PROPAGATION ON FPGA

B crarri HaBedeHi pe3ynabTaTH peaiizallii HEWPOHHHX MEPEX MPSIMOro
nomupenHss Ha [IJIIC 3a po3poOneHMM paHime METoIOM peatizaiii HeTiHIHHUX
GyHKIIA aKTHBAIi Ta alrOpUTMAaMH peaii3allii IMMTy4YHUX HelpoHiB. Orpumani
pe3yNbTaTH JOCHIDKEHHS, a came Bukopuctaniii pecypc I[IIIC, moxubka Ta
IIBHUJIKO/TISI, PEJICTABIICHI B TAOJIHIII.
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This paper presents the results of FPGA implementation of directpropagation
neuronal networks for the previously developed method of realization of nonlinear
activation functions and artificial neurons implementation algorithms. The obtained
results of the research, which are presented in the table, are FPGA source, error and
speed.
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Neural network control systems constitute a new high-tech branch of control
theory and relate to the class of nonlinear dynamic systems. High speed of parallel
processing of information coupled with the ability to teach neural networks makes this
technology very attractive for creating effective implementation of automated control
systems for complex dynamic objects [1, 2]. Neural networks can be used to construct
devices for regulation and correction of control systems of reference, adaptive,
nominal and inverse-dynamic object model for observation and evaluation of the
object parameters, magnitude of the perturbation, search or computation of the optimal
influence change program, object identification, prediction of the object state or
another operation [3 - 5]. For realization of all neural network capabilities, the neural
network controllers of control systems need to be built on chips such as the FPGA [6-
9].

FPGA chips allow implementing complex parallel algorithms. This technology
involves the implementation of a plurality of blocks on one crystal with intensive
information exchange between them. The implementation of data parallel processing
on general-purpose processors or digital signal processors requires considerable effort
to build multimicroprocessor systems. But a developer does not encounter any rigid
architectural constraints in FPGA and can effectively implement parallel algorithms.

Existing approaches to the digital realization of nonlinear functions use
different methods of approximation, such as the tabular method, Taylor series
expansions, lump-linear approximation, etc. Taylor series expansion requires many
multiplications, and therefore unacceptable for FPGA implementation, because the
multiplication block occupies a large amount of resources. The tabular method
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involves the creation of a global variable, a table of the target function possible values,
unpredictable and uncontrolled access to the tables of all neurons in the network,
which in turn creates a large time delay. And the creation of a separate local table for
each neural network is inappropriate in terms of the use of the FPGA resource.
Therefore, the most optimal method for sigmoidal type activation functions
implementing is lump-linear approximation of this function.

Issues related to the implementation of one neuron on an FPGA are considered
in [6]. The implementation of 3-input neuron with different activation functions on
FPGA Xilinx XCV400hq240 has been investigated. The comparison of performance
and occupied neuron resources for different implementation variants is given.

In [7] a prototype of a cascade fragment of a neural network with straight
sequential bonds was developed. The prototype is implemented on the basis of FPGA
Virtex-E XCV400E-pq240. The fragment is intended for parallel input of 8 component
input vector, parallel multiplication by the contents of internal blocks of memory of
factors, parallel addition of 8 products and parallel activation of the received amounts
in each neuron (8th senior bits of sum are given to the address port of memory in
which the discrete values of the selected activation function are written). The
following result is obtained. The maximum clock speed of the circuit is 90 MHz.
Calculation time of the source vector by input is 70 ns.

In work [8] the analysis of the exponential and sigmoid artificial neurons
activation functions by means of FPGA (Xilinx Virtex-5 XC5VLX110T) is analyzed.
To calculate the values of the sigmoidal function, a table of function values at the
reference points is used and a linear interpolation between these points. As a result, the
performance and error of the calculations and FPGA resource are presented.

We propose the following approach to the realization of functions of activation
of a sigmoid type with the necessary accuracy of its approximation. In the beginning,
the activation function is studied for symmetry with respect to the axes. If the
condition

1-f(0)=f(=), (1)
isfulfilledthen you can consider the function f (x) only for positive arguments, and for

negative ones, determine by formula (1), which accelerates the calculation of the
function values and reduce the occupied resource of the FPGA.

Further, proceeding from the given accuracy of approximation, we form a
piecewise-linear activation function with an appropriate number of intervals, and each

of the intervals (—OO; X, ),(xl;x2);...(x”;+00) represent by a separate formula. A general
description of a piecewise-linear activation function is written as:
kyx + by, x < x,

kx+b,x <x<x,

S (x)= , @)

kx+b,x <x

Next, for each linear function, we calculate the values of the coefficients kand
band memorize them. Subsequently, for the calculation of the value of the function
flx)by the x argument from memory, the corresponding values of the coefficients kand
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bare chosen and the value of f{x)is calculated according to the corresponding formula.
And for the negative values of the argument, the value of the function is calculated by
formula 3.

One of the main features of the neural network is the parallel processing of
signals. Multilayer neural networks represent a homogeneous computing environment.
According to the neuroinformatics terminology, these are universal parallel computing
structures, intended for solving various classes of tasks. With the hardware
implementation of artificial neural networks on the FPGA, each layer of the network
works in parallel with another, which allows using the principle of the conveyor during
calculations. Neurons in each layer also work in parallel on the principle of
multiprocessor data processing. That is, each artificial neural network is a separate
processor and the processing of information in each neuron passes simultaneously.

The results of simulation of neural networks such as used FPGA resource,
speed and error are presented in Table 1.

Table 1
Results of neural networks simulation in FPGA
Neural | Number of | [ POA Output ANN value
resource Error Speed, ns
network | synapses (LUT) MatLab FPGA
1-1-1 3 484 0.56389366 | 0.546875 | 0.017019 120.24
1-2-1 5 585 0.62573413 | 0.609375 | 0.016359 126.22
1-3-2 10 723 0.68372392 | 0.671875 | 0.011849 127.77
1-5-1 11 523 0.78328235 | 0.765625 | 0.017657 128.75
2-2-1 8 488 0.63863534 0.625 0.013635 150.48
2-3-1 11 790 0.70144096 0.6875 0.013941 130.58
2-4-2 18 899 0.75747616 0.75 0.007476 133.60
4-4-4 36 1104 0.79223947 | 0.765625 | 0.026614 133.53
3-5-1 23 725 0.82549114 | 0.796875 | 0.028616 134.05
2-4-1 14 933 0.75747616 0.75 0.007476 133.54
1-3-1 7 723 0.68372392 | 0.671875 | 0.011849 127.71
2-1-1 5 602 0.57070375 0.5625 0.008204 126.22
1-4-1 9 829 0.73651211 | 0.734375 | 0.002137 127.63
1-6-1 13 1065 0.82373748 | 0.796875 | 0.026862 132.26
3-1-1 7 723 0.57708067 0.5625 0.014581 128.71
3-2-1 11 819 0.65058263 0.625 0.025583 134.14
2-8-2 34 1369 0.90702034 | 0.890625 | 0.016395 163.24

In the table, the structure of the studied neural networks is represented by three
numbers, where the first is the number of neurons in the input layer, the second is the
number of neurons in the hidden layer, and the third is the number of neurons in the
output layer. The obtained values in LUTs may vary somewhat when the synaptic
weights of the neurons change. As a result, an increase in the efficiency of the neural
networks implementation on the FPGA is obtained. The increase in the efficiency
based on indicators such as the speed and error of the calculations, and the usage of the
FPGA resource.
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Each neuron is represented as a separate block, as shown in Figure 1, which
consists of several parallel processes, and the neural network is a multiprocessor system.
The programming language allows you to explicitly specify the signals that start the
process. To start the process of calculating, the input signal of this neuron is used.
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Fig. 1. A fragment of the neural network, implemented on FPGA

To solve the problem of selecting a neural network of minimal structure from a set
of possible, [12] describes a technology and software package for the study and evaluation
of neural network models (direct and inverse) of multidimensional control objects for their
further implementation on the FPGA. Their essence consists in modeling all possible
variants of "internal" structures within the "external" structure and determining the structure
that provides the lowest mean square error, or the neural network of minimal structure
whose mean square error satisfies the condition of the problem.

In order to debug and adapt the neural network models of dynamic objects in
real time, it is proposed to use the genetic algorithm and implement it on the FPGA as
a parallel search procedure [13].

Realized neural networks can be the basis for further synthesis of neural
network components of dynamic control systems based on FPGA. The method of
synthesis of hardware components of control systems based on ANN on the example
of the implementation of the generalized neural network model of the control object is
described in [14-16].

Conclusions. The results of the research of neural networks implemented on
FPGAs, according to the developed method, showed their high performance and
accuracy with optimal use of computing resource. These neural networks can be the
basis for further synthesis of neural network components of dynamic control systems
based on FPGA.
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Bouaogumup HInmkoBuy,
IOpiii Bepaauk

PEAJII3AIIIS TA TOCJIKEHHSI HEWPOHHUX
MEPEX IPAMOTI'O PO3ITIOBCIOI’KEHHSA HA TIJIIC

AKTYaJIbHICTh TeMH JocJiqkeHHsi. [Ipobmema migBuiieHHs e(EeKTHBHOCTI
aJaTUBHUX CUCTEM yTPaBIIiHHA Ha 0a31 HEHPOHHUX MEPEX CTa€ OUIBIN aKTyaIbHOI B
OCTaHHI JIHI y 3B'S3KYy 31 3pOCTAlOYUMHU BUMOTAMH JI0 SIKOCTI KepyBaHHS CKJIaJHHUMHU
HMIBUAKOIIFOYMMU 00’ €KTaMU MO MPAIIOIOTh B yMOBaX MapaMeTPUYHOI Ta iH(opma-
1iHOT HeBM3HauUeHOoCTi. [lana poboTa mpucBsiyeHa mpobaemi miaBuIeHHs e()eKTUBHO-
CTi poOOTH HEHPOHHUX MEPEeX MpH iX amapaTHii pearizaiiii.

IlocranoBka mpo6Jemu. Peamizaliis Ta JOCTIDKCHHS €PEKTHBHOCTI pOOOTH
HEWPOHHUX MEPEX MpsiMoro posnoBcropkeHHs Ha [JIIC.

AHaMi3 ocTaHHIX AocaigxkeHb i myoOJikamiii. IIpoTsroMm ocraHHIX pOKIB
3’ABIISIETHCS BCE OiIbIIe cTaTel MPUCBIYEHUX MOOYI0BI CUCTEM yMpPaBIIiHHS Ha OCHOBI1
HEHUPOHHUX Mepex Ta iX amaparHii peaizariii.

BupisieHHs1 HemoOCJHiIKeHUX YACTHMH 3arajbHoi mpoodsaemu. Jlana crarrs
IPUCBSYCHA peatizallii Ta JOCIiKeHHI0 HeUPOHHUX MEpEeX, peasli3oBaHuX 3a paHille
pPO3pOOJIEHUM METOAOM 1 anropuTMamu. JlociimpkeHHsACHOKYCOBAaHO HAa MOKAa3HUKAX
edeKTUBHOCTI poOOTH HEMPOHHUX Mepex mpsimoro po3noscioxerns Ha [JIIC.

ITocTanoBka 3aBAaHHs. 3aBJIaHHSM € JIOCHTIKCHHS e(DEKTUBHOCTI peami3alii
IHM na IJIIC 3a po3polbieHUM paHilie METOJIOM peai3allii HeliHIMHUX (QYHKITIH
aKTHUBAIII] Ta aJTOPUTMAMHU peati3allii ITYYHUX HEUPOHIB.

BuxnanenHsi ocHoBHOro marepianay. [1o0ymoBaHo Mojeni HEHPOHHUX MEpex
npsimoro momupenHs Ha [IJIIC 3a po3pobieHuM panHilie METOAO0M peaiizarii
HETHIMHNX (YHKIA aKTHBAIlli Ta aJrOpUTMaMH peami3allii IMTYyYHHX HEHpOHIB Yy
cepenoBuil XilinxISEDesignSuite 14.3. Ta gocaimkeno ix. B pe3ynbpTaTi moOyoBaHO
MOPIBHSUTBHY TaOJMINIO, JI€ HABEJACHO OCHOBHI XapaKTEPHUCTHUKH armapaTHOI peajizarii
HIHM: mBuakoist, moxubka o0UnCIIeHb, a Takok BUukopucranuii pecypc [UIIC.

BucnoBku. Pesynbpraté mocmijpkeHs peanizoBanux Ha [IJIIC HelipoHHHX
MEPEXK, 3a pO3pO0ICHIUM METOAOM, MOKa3ail iX BUCOKY IIBUIKOMIIIO Ta TOUHICTh IIPH
ONTUMAJILHOMY BHUKOPHUCTAaHHI OOYHCIIOBAIBLHOTO pecypcey. JlaHi HEeHpoHHI Mepexi
MOXYTh OyTH 0a30BMMHM JJIsi MOAAJBIIOTO CHHTE3Y HEHPOMEpEKeBUX KOMIIOHEHTIB
CUCTEM YIIpaBJIiHHS AUHAMIYHUMHU 00'ekTamu Ha ocHOBI [TJIIC.

Kuarouogi ciioBa: HeiiponHi Mmepexi, pynkiii aktusarii, [TJIIC, VHDL.



