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Abstract

The architecture of a multilayer network consisting of several levels of active elements is considered.
The input level forms the signals propagated to the connectors (synapses) of the first level. All odd
layers of the network consist of connectors (synapses), and even ones consist of switches (neurons).
The number of connectors and switches in each layer corresponds to the number of reference signals,
the training sample vectors. The process of recurrent adjustment of synaptic connections and
neuronal responses of the network is explained both by measures of the similarity of the training
sample vectors and similarity measures of these similarity measures. An experimental study using the
example of a six-layer network showed that a multi-layer neural-like network of direct propagation
is much easier to learn than a recursive network trained by the method of the error back propagation.
At the same time, the proposed network is resistant to significant interference when distinguishing
signals, which is due to the consideration of additional connections between the components of the
reference signals. When analyzing signals against a noise background, under the condition of
"interference amplitude / signal amplitude” is less than the average spread of the reference signals,
this advantage can become decisive, since it makes it possible to realize an almost error-free signal
difference.
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1 TocyrapCcTBEHHBIN HAYYHO-UCCIE[0BATENbCKUN HHCTUTYT HHGOPMALMOHHBIX TEXHOJIOTUH U
TeJIeKOMMYHUKaLuy, r. MockBa, Poccusa
2 Poccuiickuii rocylapCTBEHHbIN COLMa/IbHBINA YHUBEPCUTET, I'. MockBa, Poccusa

MHOI‘OCJ!’OI‘/'H!AH HEWPOIIOIOBHAA CETh IPAMOTIO PACIIPOCTPAHEHHA C
HACTPOHUKOH 10 MEPAM CXO/JCTBA BEKTOPOB ObYYAIOIIIEM BbIGOPKH

AHHOTaAMA

PaccmompeHna apxumekmypa MHO20¢A0THOU cemu, cocmosiyell U3 HeCKO/IbKUX YPOGHell AKMUBHbBIX
3snemeHmos. BxoOHol ypogeHb @opmupyem cuzHa/Ibl, pachpocmpausieMble HA KOHHEKMOpbl
(cuHnancwl) nepgozo yposHs. Bce HeuemHble ca0u cemu cocmosim u3 KOHHEKmMopos (CuHancos), a
YyemHbwle - U3 KOMMymamopos (HelipoHog). Koauvyecmeo KOHHeKmMopos U KoMMymamopos 8 KAx#C0oM
c/10e coomeemcmeayem KoAau4ecmaey 3MmaJ/OHHbIX CUZHA/I08 - 8eKmopos obyvaroujeli 8bl60pKU.
O6®sicHeH npoyecc peKyppeHmHol Hacmpolku cuHanmu4eckux cesizell U HelipOHHbIX OMKAUKO8
cemu Kak no mepam cxodcmed 8ekmopo8 obyuarujeli 8bI60pKU, Mak U Mepam cxodcmea 0aHHbIX
Mep cxodcmea. [IposedeHHoe IkcnepuMeHmMaabHoe uccaedosaHue Ha npuMepe wecmucaoliHoll cemu
nokasaszo, Ymo MHO20C/A0UHAsI HeliponodobHasl cemb NpsMo20 pacnpocmpaHeHust o6yvaemcsi
HAMHO20 npowje, 4YeM peKypcugHasi cemsv, oGyvyaemas Memodom 06pAmHO20 pacnpocmpaHeHusl
owubku. B modce epems, npedaosceHHass cemb ycmolivuea K 3HAYUMEAbHbIM NoMeXam npu
pasAuveHuu CuzHa/108, YMo 06YC/108/4€HO y4emoM OJONOAHUMENbHbIX —cesizeli  medxcdy
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KOMNOHEHMaMu 3Ma/a0HHbIX cuegHaaos. Ilpu aHaause cuzHa/108 HA oHe nomex, npu yca08uu
«amMnaumyoa nomexu / amnaumyoa cueHaaa» MeHbule cpedHez0 pa3bpoca IMa/10HHbIX CU2ZHA/08,
Mo npeumyujecmso Moxcem cmams pewanuwuM, mak Kak no3eoJasiem ocywecmsums noymu
6e30wub04HOe pasauyue CU2Ha108.

KnroueBble cj10Ba

MHoezoca0iiHas cemb; npsamoe pacnpocmpaHeHue; 8eKmopbl 06y4arweli 8bI60pKuU; Mepbl cxodcmea
8€KMOp08; Mepbl CX00CcMEa HAd MepaMu cXxo0Cmea; pasAudeHue; CUsHAJ1; NoMexd.

Introduction

The structure of heterogeneous multiply connected network intended for modeling of neurodynamic problems,
recognition of signals and images, data processing of phased antenna arrays was proposed in [1]. The
implementation of the architecture of such network on clusters of universal and / or graphic processors is briefly
described, the approbation of the developed network model on examples of solving a number of known high-
dimensional neurodynamic problems is performed in [2]. A wide class of neural-like networks was formally
described as a structural model of the cybernetic network, where the functional-structural topology of the
cybernetic network was also presented for the first time, taking into account the exchange of information and
control data streams [3, 4].

In [5] the structure of the multilayered network is proposed, which is a subset of cybernetic networks
functioning on the principle of "winner-takes-all" [6]. In this network, both during its training and application, the
direct propagation of signals was used. Experimentally, the high efficiency of the network was shown when
distinguishing noisy signals. In particular, it was revealed that the level of error of discrimination (the number of
incorrect decisions per 100 implementations of interference) of reference signals (with an average variation Var
= 13%) on which the network was trained, nonlinearly depends on values of the ratio No = "amplitude of noise /
amplitude of signal". At the same time, the error is practically zero at No < Var = 14% and reaches 10% at No =
18%.

The parallel software architecture was described, based on the object-oriented approach and on the known
GoF design patterns [7, 8]. The template "factory method" is used to expand the class of network simulators, and
the "Bridge" template allows building various implementations for CPU and GPU platforms. The architecture is
intended for simulation of multidimensional problems (network neurodynamics, compression of
multidimensional data, pattern recognition) and, in particular, multi-layer networks from [5].

In this paper, architectural solutions for learning a multi-layer network are discussed in more detail.

Formulation of the problem

The aim of the work is to consider the principle of learning a multilayered network - adjusting its synaptic
connections and neural responses according to similarity measures of vectors of the training sample and similarity
measures over these similarity measures. This consideration also explains the high efficiency of the discrimination
of noisy signals.

Structure of the multilayered neural-like network of direct propagation

An example of the structure of the multilayered network of the direct propagation is shown in Fig. 1 [5, 8].

As seen in Figure 1, the network consists of several layers of active elements. The input layer forms the input
signals propagated to connectors (synapses) of the firstlayer. All odd layers consist of connectors (synapses), and
even ones consist of switches (neurons). The number of synapses and neurons in each layer corresponds to the
number of reference signals - vectors of the training sample. Figure 1 shows an example of an already trained
network, with the memory register of each connector of the first layer containing the corresponding reference
vector of the training sample. The first reference signal without interference is fed to the input layer. Therefore,
every even layer of the network is unmistakably, with a measure of similarity 1, identifying the input signal, as
Signal 1.

Principle of the learning of neurosimilar network

Principle of the learning of neurosimilar network is that each synapse’s memory register of an odd layer,
starting with the third one, records the responses of all neuron-switches of previous layers to the reference signals
sequentially fed to the network input in the learning process.
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Figure 1. Structure of the neural network of the direct propagation

The response of each neuron of any layer to the input signal - the vector Z at the input of the previous synaptic
connector - is formed as an odd power of cosine of the angle between the input vector Z and the vector X stored
in the connector register: u(Z,X) = cos®**1(Z,X). In the above example, n = 20, which provides a strong
nonlinearity - the resonance response of the neuron-commutator to the input signal.

Let us consider in more detail the iterative process of learning the network. To simplify the drawings, the
controllers controlling the configuration and operation of connectors are not shown on them.

Recursive training of neurosimilar network

Atthe first training step of the network, each reference training sample signal is written to the memory register
of the corresponding synapse-connector of the first network layer, as shown in Figure 2.

In the second step of network training (Figure 3), all reference signals of the training sample are sequentially
fed to the input layer of the network, and for each reference signal (in Figure 3 - signal 1), the responses of all
switch-neurons of the second layer are written to connector’s registers of the third layer. As a result, in the
registers of connectors of the third layer, similarity measures u(Sy,S,) = cos?"*1(§,,S,) of all vectors of the
reference training sample are written (Figure 4).

In the third step of network training (Figure 5), all reference signals of the training sample are sequentially fed
to the input layer of the network, and for each reference signal (in Figure 5 - signal 3), the responses of all switch-
neurons of the fourth layer are written to connector’s registers of the fifth layer. As a result, in the registers of
connectors of the fifth layer, similarity measures under similarity measures p(u(Sy,S,),u(S;,Sn)) =

cos?™*1(u(Sy,S,), u(S;, S,n)) of all vectors of the reference training sample are recorded (Figure 5).
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Figure 2. The first step of learning the network
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Figure 3. The first cycle of the second step of training the network
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Figure 4. End of the second step of learning the network
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Figure 5. The third cycle of the third step of learning the network

Experiments

As aresult of the first experiment, we present in Figure 6 an illustrative example of the network distinguishing
the third reference signal against a noise background when No = "amplitude of noise / amplitude of signal" = 0.25,
that corresponds to the ratio Noise/Signal = 6.25%.
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Figure 6. Distinguishing of the third reference signal against a noise background (No = 0.25)

Figure 6 shows that the first layer of the network, where the input signal is compared with the reference one,
gives an incorrect recognition of the input noisy signal.

However, in the subsequent odd layers, where similarity measures are compared with the reference similarity
measures, responses are formed that correctly identify the input noisy signal.

For an experiment as a test example were chosen 6 components of 6 reference signals Sk = (sk1, .., sks)7 (k = 1,
2,., 6), provided in the table 1.

Apparently from the table 1, the average variation (Var) of signals makes 13%. At the same time:

1 1 [B5u=1(Skm —(sm)*1*/2 1
Var = 222:1 Vark = g 2=1 TV[IZ$171=’IT<';m>2"]11/2 ) (Sm) = Ezzzl Skm' (1)

The task consists in a research of dependence of an error of the distinction of reference signals from table 1
from the amplitude of an additive hindrance N.

Table 1 Reference signals

Signals 51 517 53 I3 55 55 Vary
51 19,00 10,00 5,00 20,00 7.00 15,00 0,08
57 17,00 13,00 .00 18,00 11,00 13,00 0,14
83 16,00 14,00 3,00 2100 6,00 16,00 0,18
Sy 20,00 .00 7.00 22.00 8.00 11,00 0,14
S5 19,00 11,00 5,00 17.00 11,00 15,00 0,12
Ss 21.00 11,00 .00 19.00 8.00 14,00 0,11
{8, Var 18,67 11,33 6,33 18,50 8,50 14,00 0,13
In this case the observed signal X is expressed as:
X=8,+N. (2)

In an imitating model experiment the hindrance was generated as a vector N = (n1, nz, nm)T of the random evenly
distributed sizes:

N = Np * S, * (1 — 2 * random( ), (3)

where random( ) - is the size which is evenly distributed in the range of (-1, 1), and No - the maximum relation
of amplitude of a hindrance to amplitude of a useful signal.

For descriptive reasons reference signals from table 1 are given in the figure 7, and one of signals (S$3) with the
maximum variation of amplitudes in 18% in the presence of a hindrance with No = 13% is given in the figure 8.
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Figure 8. Reference signal Sz at one of realization of a hindrance with No = 13%

Projections of all reference signals to the plane (X, Y) carried out under technology [9] are given in the figure 9
at one of realization of a hindrance with No = 13%.
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Figure 9. Projections of reference signals in absence and presence of a hindrance (No = 13% ) on the plane (X, Y)

From the figure 9 it is especially visually visible that in the presence of a hindrance it is probably wrong to
identify an observed signal Z1 with the reference signal §3, and Z2 with Sa.
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In the figure 10 the dependence of an error of distinction of reference signals from values of No is shown.
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Figure 10. Dependence of an error of distinction of reference signals from values of No = "amplitude of noise / amplitude of
signal”

From statistics of errors of charts (figure 10) it is visible that in comparison with the 2nd layer the 6th layer of
network gives a prize in reliability of recognition from 1% to 4%.

Conclusion

The carried out research showed that the multilayered neurosimilar network of direct distribution gives some
advantage at distinction of noisy reference signals. This advantage is caused by accounting of additional
communications between components of reference signals. In the analysis of signals against the background of
hindrances with No = "amplitude of noise/amplitude of signal" < of average variation of reference signals this
advantage can become decisive as allows us to make almost faultless distinction of signals.

The interesting result turns out when giving on an entrance of the trained network of any signal, considerably
different from all reference signals.

So, in the figure 11 the example of responses of network to an entrance signal X" = (11,07; 17,92; 3,14; 23,51;
12,78; 14,90) is shown.
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Figure 11. The coordinated responses of network to an entrance signal, considerably different from all reference signals

At the same time, the network shows on the similarity of an entrance signal with the 3rd reference signal %=
(16,00; 14,00; 3,00; 21,00; 6,00; 16,00), though degree of this similarity is extremely small (0,25). At the same time,
the 4th and 6th layers carry an entrance signal to the 3rd reference signal.

In the figure 12 the example of responses of network to an entrance signal X" = (13,47; 14,91; 0,02; 29,01; 12,05;
5,51) is shown.

In this example the 2nd layer of network shows on the similarity of an entrance signal with 4rd reference signal
$7=(20,00;9,00; 7,00; 22,00; 8,00; 11,00), and the 4th and 6th layers carry an entrance signal to the 3rd reference
signal.

Thus, the considered multilayered network of direct distribution of signals with the adjustment on measures
of similarity of vectors of the training selection is very simple for the process of training and has the increased
reliability of recognition of reference signals in the presence of hindrances in comparison with one layer.
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Figure 12. Uncoordinated responses of network to an entrance signal, considerably different from all reference signals
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