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This paper introduces a novel five-dimensional memristive artificial neural network (ANN)
incorporating a flux-controlled memristor to model the effects of external electromagnetic
radiation on neuronal dynamics. The network is mathematically formulated as a six-
dimensional nonlinear dynamical system, where the additional dimension accounts for
the memristive state variable. A comprehensive dynamical analysis is performed, includ-
ing bifurcation diagrams, Lyapunov exponents, Kaplan-Yorke dimension, time-domain
responses, and phase portraits, revealing complex chaotic behaviors. The theoretical pre-
dictions are validated through electronic circuit simulations using Multisim software. Fur-
thermore, a synchronization model incorporating two coupled memristive subnetworks
is developed to emulate interregional synchronization phenomena observed in biological
neural systems.

Keywords: artificial neural networks (ANNs); memristor; chaotic behavior; circuit im-
plementation; synchronization.
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1. Introduction

The memristor, an abbreviated form of “memory resistor”, represents a passive circuit component with
two terminals whose resistive properties change in response to charge flux. Originally theorized by
Leon Chua in 1971 as the fourth elementary circuit component [1], this concept remained in the the-
oretical domain until its physical realization was demonstrated by researchers at Hewlett-Packard in
2008 [2|. Since then, researchers from numerous scientific and engineering disciplines have focused
extensively on memristive devices. The relatively simple architecture of memristive elements and their
technological compatibility with complementary metal-oxide-semiconductor (CMOS) fabrication pro-
cesses enable streamlined integration into existing manufacturing workflows, consequently broadening
their spectrum of viable applications [3]. In addition to their compact footprint and minimal power
consumption characteristics, memristive devices exhibit a unique memory retention capability specifi-
cally, the capacity to preserve information regarding the cumulative charge transport through dynamic
resistance modulation. This intrinsic property renders them particularly advantageous for implementa-
tion in microprocessor-integrated storage systems [4] and diverse nonvolatile memory architectures [5].
Moreover, memristive components have received considerable attention in the context of hyperchaotic
dynamical systems (see [6] and references therein) and neuromorphic computing frameworks, especially
as synthetic synaptic elements in artificial neural network architectures |7].

Their ability to replicate synaptic mechanisms observed in biological neural systems positions them
as prospective building blocks for constructing brain-inspired computational architectures [8]. Within
this framework, memristor-based Hopfield neural networks (MHNNs) have garnered substantial re-
search interest, as evidenced by multiple comprehensive reviews published recently [9,10]. In contrast
to the conventional Hopfield neural network paradigm, the current investigation examines an alterna-
tive well-established network topology characterized by the activation function f;(z) = tanh(a;;z; —6;),
described by the following differential equation system [11]:

dx i
dt

N
= —b;x; + tanh Z aj;r; + I, (1)
J=1j7#i
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where x; denotes the activation state of the i-th neuron, b; corresponds to the damping coefficient, a;;
represent the synaptic coupling strengths, and I;(¢) signifies the external stimulus applied to the i-th
neuron.

Sprott [12]| established that system (1) is capable of generating diverse dynamical phenomena,
including chaotic attractors, via judicious parameterization of the coupling matrix (a;;) and damp-
ing vector (b;), especially when the network dimension (N) is sufficiently large. Additionally, several
significant reduced-dimensional configurations were identified in [12,13], which warrant detailed exam-
ination:

1. A minimally dissipative neural architecture with N =4, b = 0.043;
2. A minimally conservative neural architecture with N =4, b = 0;
3. A minimally circulant neural architecture with N =5, b = 0.12.

The utilization of system (1) for representing genetic and neural network dynamics in two- and three-
dimensional configurations, characterized by non-unity weight parameters, was examined by Samuilik
et al. [14,15]. Following these initial investigations, research efforts have progressed toward analyzing
Sprott-type artificial neural networks (ANNs) in higher-dimensional phase spaces extending beyond
the initial four-dimensional formulation. In particular, Kopp and Samuilik performed comprehensive
analyses of five-dimensional (5D) ANN structure [16] and investigated memristor-integrated Sprott
system [17], uncovering the manifestation of intricate chaotic phenomena and establishing the presence
of rich nonlinear dynamical behavior characteristic of these augmented network configurations

We develop a new five-dimensional neural network framework integrated with a single flux-
controlled memristor to simulate the influence of ambient electromagnetic radiation acting on the
first neuron.

2. Derivation of a new memristive neural network

A five-dimensional (5D) ANN model was introduced in studies [16,18], expressed in the following form:

d
% = tanh(x4 — x9) — bzq,
d
2 _ tanh(zy + x4) — bxa,
dt
d
—;;3 = tanh(zy + 29 — x4) — bzxs, (2)
d
% = tanh(x3 — x2) — bzy,
dl’5
(o = tanh(z; + x4 — x5) — bxs,

with initial conditions
l’l(O) = 1.2, l’Q(O) = 0.4, l’3(0) = 1.2, l’4(0) = —1, :E5(0) =—1.

Here, b is a parameter governing the rate of dissipation within the system. As established in [16],
parametric variation of b induces diverse dynamical regimes in system (2), encompassing equilib-
rium states, limit cycles, and chaotic attractors. For the parameter b = 0.043 and initial conditions
(21(0),22(0),23(0), z4(0),z5(0)) = (1.2,0.4,1.2, —1, —1), the system displays a chaotic attractor. The
Lyapunov exponents (LE;, i = 1,2,3,4,5), along with the Kaplan—Yorke dimension Dgy, were also
computed as follows [16]:

LE; = (0.035,0,—0.085, —0.126, —0.697), Dgy = 2.488.

Advancements in electronic device technology have substantially increased the incidence of electro-
magnetic radiation exposure in human populations. According to Maxwell’s fundamental equations,
electromagnetic radiation effects on neuronal units manifest as perturbations in the magnetic flux dis-
tribution across membrane surfaces. This flux-voltage relationship can be efficiently represented via
a flux-controlled memristive component (refer to [19]). We analyze a neural configuration comprising
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five coupled neurons, where the primary neuron undergoes external electromagnetic radiation (EMR)
stimulation, as illustrated in Figure 1. The flux-controlled memristor dynamics are mathematically
formulated in [20] as:

dp
— _ 3
i Um — U, (3)

W(p) = a+ B?,
where i, signifies the current flowing through the memristor, = " "
u,, denotes the voltage across the memristor, ¢ is the internal memristor
flux, W(y) represents the memductance, and «, (3, pu are pos-
itive parameters. To illustrate the fundamental characteristics
of the memristor described in equation (3), a sinusoidal voltage W k
source u,, = Asin(27ft) is applied as the input, where A and >
f represent the amplitude and frequency of the external signal,
respectively. The simulation results of the memristor circuit
are presented in Figure 2. Under sinusoidal excitation by an

Fig. 1. Connection structure of a five-
dimensional memristive artificial neu-
ral network. The connection weights

are wiz = —1, wiy = 1, wyy = 1,
alternating current, the current-voltage characteristic of the — woy =1, wg; =1, wgo = 1, wys = —1,
memristor exhibits a closed hysteresis loop that passes through — wae = —1, waz =1, ws1 = 1, wsa = 1,
the origin. As the frequency f increases, the area enclosed by wss = — L.

the hysteresis loop gradually decreases, while an increase in amplitude A leads to an expansion of the
loop.

40 50
20
- -
5 g
E 0 E 0
=] ]
O O
-20
— =03 — A=10
-50
40 —f=05 — A=15
f=0.8 A=20
-10 5 0 5 10 -10 5 0 5 10
Voltage Voltage
a b

Fig. 2. Simulation of the hysteresis loop of a flux-controlled memristor: (a) different values of frequency f;
(b) different amplitude values A.

Subsequently, the memductance function of the memristive element, as specified by (3), is integrated
into the dynamical equation governing neuron 1 to model the electromagnetic radiation effects on that
particular neuronal unit. As a result, the governing equations of the neural network system, initially
presented in (2), are reformulated as:

d
( % = tanh(x4 — x9) — bz — Boa,
d
% = tanh(z1 + x4) — bxo,
d:L‘g

- = tanh(xy + zo — x4) — bxs,
! (4)

% = tanh(x3 — x9) — bxy,
% = tanh(zy + 4 — x5) — bas,
dy

(e T TR
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Fig. 3. Bifurcation diagrams for z1, za, x3, 4, 5, ¢ components of the system (4)
with variations of the parameter (.

In the modified system (4), the parameters 5 and p serve distinct roles: [ represents the feedback inten-
sity of the electromagnetic radiation, while p quantifies the effect of magnetic flux on the generation of
the membrane potential ;. The term ¢? corresponds to the memductance of the flux-controlled mem-
ristor, capturing the nonlinear coupling between the magnetic flux ¢ and the membrane voltage. Based
on the functional characteristics of flux-controlled memristors, the impact of external electromagnetic
radiation on the neuron can be effectively modeled as an additional excitation current, expressed as
Iemr = Be?ry. System (3) is supplemented with initial conditions:

(21(0), 22(0), 23(0), 24(0), 25(0), ©(0)) = (1.2,0.4,1.2, 1, —1,1.2). (5)

It is important to note that the proposed memristive neural network can be controlled by three key
parameters: b, 3, and p. It is straightforward to observe that system (4) remains invariant under
the transformation: T: (z1,x9,x3,24,25,9) — (—x1,—x2, —T3, —x4, —T5,—p). By computing the
divergence of the vector field ® = (i1, @2, @3, T4, 5, P):
div® = g—2+g—z+g—ii+g—ij+g—zz g—i = —(5b+ Bp? + p+ 1) + tanh?(z1 + 24 — 75).

The system (4) exhibits dissipative behavior since the divergence of the vector field is negative for all
positive parameters b > 0, i > 0, and 8 > 0. This property is necessary for the existence of a chaotic
attractor.

3. Dynamical analysis and numerical simulation

This section examines the dynamical properties of the proposed memristive neural network using
both analytical and numerical approaches. The nonlinear dynamics are characterized through several
computational techniques, including bifurcation diagrams, Lyapunov exponent spectra, Kaplan—Yorke
dimension calculations, temporal evolution analysis, and phase space representation.

3.1. Bifurcation diagrams, Lyapunov exponents and Kaplan—Yorke dimension

Bifurcation diagrams are constructed numerically in Mathematica using system (4) and initial condi-
tions (5) to characterize the parameter-dependent dynamics. Figure 3 presents the bifurcation structure
versus the memristor coupling parameter 3 for fixed b = 0.043 and p = 15.8, while Figure 4 shows
the corresponding behavior versus the magnetic flux parameter p with 8 = 0.1 and b = 0.043. Both
diagrams exhibit well-defined regions of periodic, quasi-periodic, and chaotic dynamics. Regime identi-
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Fig. 4. Bifurcation diagrams for x1, xa, 3, 4, T5, ¢ components of the system (4)
with variations of the parameter u.

fication is performed through combined qualitative-quantitative analysis: periodic orbits correspond to
discrete points in the bifurcation diagram and negative Lyapunov exponents; quasi-periodic solutions
appear as continuous bands with zero maximum Lyapunov exponent; chaotic attractors manifest as
scattered distributions with positive Lyapunov exponents, reflecting sensitivity to initial conditions.

In this study, the Lyapunov exponents were computed using the Benettin—Wolfe algorithm [21,22],
along with the numerical approaches proposed by Binous et al. [23] and Sandri [24], implemented in
the Mathematica environment. The complete set of Lyapunov exponents for the proposed memristive
Sprott system (3), under the initial conditions (4) and parameter values

b=0.043, [ =0.1, p=1528, (6)
is obtained as follows:
LFE; =0.02952, LE> =0.00434 =~ 0, LEs = —0.07879,

LEs = —0.1338, LEs = —0.7809, LEg = —15.8002.

The existence of a positive Lyapunov exponent LFE; confirms the presence of chaotic dynamics in
system (4). Additionally, the negative sum of the Lyapunov exponents, Z?:l LE; = —16.7599 < 0,
reveals the dissipative nature of the system, indicating that the phase space volume continuously
contracts over time — a hallmark of chaotic yet bounded behavior. To further quantify the complexity
of the resulting attractor, the Lyapunov (Kaplan—Yorke) dimension is evaluated using the method
outlined in Ref. [25] in the following form

0.03382

D LE; =2+ ~ 2.430
Ky = \LE§+1| Z 0.07879 ’

where ¢ is determined from the conditions

3 2

> LE;>0 = > LE;=0.03382.

i=1 i=1
Here, £ denotes the number of the largest consecutive non-negative Lyapunov exponents in the spec-
trum. The Kaplan—Yorke (or Lyapunov) dimension provides an estimate of the fractal dimensionality
of a strange attractor, serving as a quantitative indicator of the system’s dynamic complexity. Figure 5
illustrates the evolution of the Lyapunov exponents, as defined by expression (6).

A detailed visual examination of the chaotic attractor is carried out through phase portrait analysis.

Next, instead of representing the magnetic flux with the symbol ¢, we introduce a new dynamical
variable xg. Utilizing Mathematica, we generated phase portraits in the projection planes xix3, oy,
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x3Ts5, 3Tg, T4rs and wsxe, alongside the time series of the state variables for the chaotic system (4),
as depicted in Figure 6. The temporal evolution of the components w1, x9,x3, x4, x5, Tg reveals an
aperiodic structure, which is a hallmark of chaotic dynamics. Furthermore, as shown in Figure 7,
all dynamic variables z; remain confined within the power supply limits of the operational amplifiers

(£15V), ensuring the system’s feasibility for analog circuit implementation.

05 -15.70
2
= =
Q =}
§°~°Q,\° S S —— g 1575
A p— U% 15.80
: —i S
g 05 LE 2 —— LE,
2 — LE' 2
g s B .15.85
~ e}
1.0 -15.90
500 1000 1500 2000 2500 3000 ’ 500 1000 1500 2000 2500 3000
Steps Steps
Fig. 5. The convergence plot of the Lyapunov spectrum for the system (4).
Fig. 6. Chaotic attractors of the system (4) in various planes.
10 10 10
5 5 5
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t t t

0~ 500 1000 1500 2000 2500 3000 (500 1000 1500 2000 2500 3000 500 1000 1500 2000 2500 3000
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Fig. 7. Time diagrams for variables 1, x2, x5, 24, x5, 26 (x¢ = ) of the system (4).
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3.2. Analysis of equilibrium points and their stability

To determine the equilibrium points of system (3), we set @; = 0 for i = (1,2,3,4,5,6), yielding the
following algebraic conditions:

0 = tanh(Z4 — Zo) — bZ; — BTed1,
0 = tanh(zy + Z4) — bxo,

0= tanh(%l + X9 — x4) — b3,

0 = tanh(Z3 — Z2) — by,

0= tanh(%l + 24 — T5) — bTs,

0:%1 —,ufﬁ.

The last equation of system (7) immediately yields the equality g = 71 /u. It is evident that system (7)
constitutes a set of transcendental equations of fifth order, rendering an analytical solution highly
nontrivial. Consequently, numerical methods are employed to compute the equilibrium points. We
concluded that system (7) possesses a single equilibrium point, denoted as E(0,0,0,0,0,0). The
stability of equilibrium point is determined from the analysis of the eigenvalues ();) of the Jacobian
matrix of the following form:

—b—BT5 -1 0 @ 0 —2B%7
92 —b 0 g 0 0
_ g3 g3 —b —gs3 0 0

J(E) = 0 —g4 g4 —b 0 0 )
1 0 0 0 0 —1
where
46_2(54_52) 46—2(514-54) 46_2(51_1_52_54)
N remmm) T ety B ([ etmimi)

4o 2@3—72) Jo—2F1+F1—F5)

" (1+ e_2(53_52))27 e (1+ o~ 2(F1+71-75)) %

Jacobian matrix was obtained by linearizing the system of equations (4) around the set of equilibria:
(z;). The characteristic polynomial at the equilibrium point £(0,0,0,0,0,0) and parameter values (6)
is expressed as

P()\) = CL())\6 + CL1)\5 + ag)\4 + CL3)\3 + ag)\2 + al)\ + ag
= A0 £ 17.015)% + 22.387\* + 52.808)\% + 38.091A2 + 3.989\ + 15.862. (8)

Analyzing the coefficients a; and apply the Routh—-Hurwitz criterion can provide insights into the
stability and dynamics of the system near the equilibrium point. The principal minors of the Hurwitz
matrix associated with the characteristic equation (8) are given as follows:

Ay =a1 =17.015 >0, Ay = —agaz+ ajas = 328.106 > 0,

A3 = azAgy — al(—a0a5 + a1a4) = 6366.803 > 0,

A4 = a4A3 — a5(a2A2 — ao(a1a4 — CL16L5)) + aﬁ(—aoalag + a%ag) = 3.040 - 105 > O,

As = asA4 — agaz N3 — alag(—a%aﬁ + a5A3) =-9.735-10°% < 0, Ag=a1As = —1.656 - 10%.
From expressions (9), it is evident that not all principal minors of the Hurwitz determinant are positive,
indicating that the system is unstable. This conclusion is further supported by the numerical solution
of the characteristic equation (8), which reveals the existence of roots with positive real parts:

A1 =—1.043, Xy =—-15.8, A34 =0.161£1:0.561, N56= —0.247 £¢1.664.

The presence of a positive real part in the complex conjugate roots A3 4 characterizes the system as a
saddle-focus type, confirming the instability of system (4). This instability implies the existence of a
self-excited attractor.

(9)
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4. Electronic circuit implementation

The analog implementation of neurons and neural networks presents significant potential for artifi-
cial intelligence applications, particularly in domains demanding high-speed parallel computation and
energy-efficient operation. The electronic circuit described herein employs standard, commercially
available components including resistors, capacitors, analog multipliers, diodes, and operational am-
plifiers sourced from the Multisim simulation library. In the proposed analog realization, the state
variables of the dynamical system (4) are mapped to electrical signals represented by the instanta-
neous voltages across capacitors Cq, Cy, Cs, Cy, Cs5, Cg, designated as Uy(7), Us(7), Us(7), Us(T),
Us(7), Ug(7), respectively. Through the application of Kirchhoff’s circuit laws, an electrical analog of
system (4) is established, resulting in a system of coupled differential equations that characterize the
circuit dynamics:

dUl Ul 1 U62U1
Ci— =———+4+ —tanh(Uy — Uy) - ———
Var R + Ry anh(Us ? Rz - K%'
dU2 U2 1
2 dr Roy - Rao (U= 0.
dU. U 1
C3—2 = — 22 4+~ tanh(Uy + Us — Uy),
dr R31  Raz (10)
i U,

1
=L tanh(Us —
P R e

% = _lel + Riwtanh(Ul + Uy — U5),
dUs Us Uy
6—— =——%5 T 5

dr Re1  Re2
where R;; represent resistors (4,7) = {1,2,3,4,5,6}, and K is a scaling coefficient for the multiplier.
We normalize the resistor as Ry = 100k{2 and the capacitor as Cy = 0.15nF, giving a time constant
of tg = RgCp = 1.5~ 19_5 s. The state variables of the system (10) are rescaled as follows: Uy = Ug)N(l,
Us =UpXs, Us = UpXs, Uy = Up Xy, Us = Up X5, Us = UpXg, K = U()K/, and 7 = tgt. By substituting
Ry, C1 =Cy=C3=C4=C5=Cs=Cpand K = 10 into system (10) and comparing the numerical
values of the output voltages in (10) and (4) for the parameter values (5), we determine the values of
the electronic circuit resistors as follows:

Cy

Cs

where

dX, 100k & 100k s = . 100k X2X,
uadt X tanh(X, — Xo) — —— 61
dr R, 1t g, tanh(Xa—Xe) = —pm oo
dXs 100k ~ 100k ~ -
i) ¢ tanh(X; + X

dr Ry 2T Ry (G ),

dX 100k ~ 100k -~ =

—3 = —EXZ; + 00 tanh(X1 + X2 — X4),

dr R6 R7 (11)
dX 4 100k ~ 100k -~

M X tanh(X5 — X.

dT Rg 4 + Rg an ( 3 2)7

dXs 100k ~ 100k -~ =

= X+~ tanh(X; + X4 — X

dr R 0 + o anh(X; + X4 5),

dXe 100k ~ 100k ~

26 X+ —X

dT R12 6 + R13 b

Ry = Ry = Rg = Rg = Ry = 2.325 MQ,
Ry = Rs = R = Ry = Ry; = Ry3 = 100 k9,
Ry =10k, Rys = 6.329 kQ.
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Fig. 9. The circuit scheme includes two components: (a) the hyperbolic tangent function
and (b) the memristor emulator.

Mathematical Modeling and Computing, Vol. 12, No. 4, pp. 1367-1380 (2025)



1376 Kopp M. I.

Figure 8 presents the analog circuit modules that correspond to the differential equations of sys-
tem (11). These modules are implemented using standard electronic components, including resistors
(R), capacitors (C'), analog multipliers (M1-M2), operational amplifiers (A1-A29, TLO84ACN), and a
power supply of £15V.

Figure 9 illustrates the specialized circuit blocks designed to emulate the hyperbolic tangent func-
tion and the flux-controlled memristor. As shown, the hyperbolic tangent function is realized using
two MPS2222 transistors (Q1 and Q2), two TLO84ACN operational amplifiers, and a constant current
source ([p = 1.1mA).

Fig.10. Phase portraits of the system (11) as generated in Multisim oscilloscopes: (a) X1Xs, (b) X2X4,
(c) X3X5, (d) X3X6, (€) XaXs5, (f) X5Xe.

The results of the circuit simulation, shown in Figure 10, exhibit excellent agreement with the
numerical simulations carried out in Mathematica (see Figure 6), thereby validating the proposed
analog implementation.

5. Synchronization in the coupling subnetworks

Synchronization represents a fundamental phenomenon in memristive neural networks, particularly
those designed to capture the complex dynamics observed in biological neural systems. In the human
brain, synchronized electrical activity across distinct regions is essential for coherent cognitive function,
facilitating efficient information processing and transmission. This neural coordination emerges through
interregional connectivity, where neurons interact via synaptic pathways. Inspired by this biological
principle, we examine the synchronization dynamics between two coupled memristive subnetworks, each
described by the six-dimensional dynamical model presented in equation (4). The two subnetworks are
interconnected through a synaptic coupling mediated by a single neuron. Let (z1, 2, 3, 24, 5, Tg) and
(y1, Y2, Y3, Y4, Y5, Ys) denote the state variables of the first and second subnetworks, respectively, where
r¢ = ¢1 and yg = ¢o represent the magnetic flux states of the memristors in each subnetwork. The
interaction between these subnetworks is modeled through synaptic coupling, and the corresponding
mathematical formulation of the coupled system is given by:
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dx

d—tl = tanh(xy — x9) — bxy — 533(23331 +p(x1 — 1),
d

2 _ tanh(xy + z4) — bxa,

dt

d
% = tanh(zy + 9 — z4) — bxs,
% = tanh(zg — xg) — by,
% = tanh(zy + x4 — 5) — bxs,

dl’ﬁ z T
— =T — 69

dd; (12)
d—tl = tanh(ys — y2) — by — Bygyr — p(z1 — 1),
d

% = tanh(y; + y4) — byo,

t

d

% = tanh(y1 +y2 — ya) — bys,

d

% = tanh(ys — y2) — byu,

d

% = tanh(y1 +ya — y5) — bys,

dys _

dt Y1 — HYs,

where p represents the synaptic coupling strength of the sub-neural networks. Complete synchroniza-
tion of the coupled neural network described by equation (12) occurs when the state trajectories of
the two subnetworks asymptotically converge to identical dynamics. Mathematically, this condition is
satisfied if e; = |x;(t) — yi(t)|t—00 — O, for ¢ = (1,2,3,4,5,6). Then the system (12) gives rise to the
following error e; dynamics system:

de
d—tl = tanh(z4 — x9) — tanh(ys — ya2) — be; — ﬁ(x%xl — ygyl) +2peq,
d
% = tanh(zy + x4) — tanh(y; + y4) — €2,
deg
= = tanh(xz1 + 9 — x4) — tanh(y; + y2 — ya) — bes,
(13)
% = tanh(z3 — x9) — tanh(ys — y2) — bey,
d€5
o = tanh(zq + x4 — z5) — tanh(y; + y4 — y5) — bes,
% =61 — le
a 1 — HE€6.

Equations (12) and (13) were integrated using the Runge-Kutta—Felberg method (rkf45) implemented
in the Maple computing environment. The analysis was performed with fixed system parameters
specified in (6), with different initial conditions (ICs) assigned to each subnetwork, as follows:

(1(0), 22(0), 23(0), 24(0), 25(0), 26 (0)) = (1.2001,0.4001, 1.2001, —1.0001, —1.0001, 1.2001),

(y1(0)7 y2(0)7 y3(0)7 y4(0)7 y5(0)7 yG(O)) = (1'27 0.4,1.2,-1,-1, 1'2)'

For a coupling strength of p = —0.2, the numerical simulation results are depicted in Figure 11. As
depicted in Figure 11, the synchronization error dynamics reveal a two-phase behavior: an initial tran-
sient phase (¢ € [0,100]) characterized by near-complete synchronization with minimal error, followed
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by a gradual desynchronization phase where the error increases over time. This phenomenon can be
attributed to several factors inherent to the memristive system dynamics. First, the accumulation of
small numerical errors or intrinsic system noise may destabilize the synchronized state over extended
time intervals. Second, the non-ideal nature of the flux-controlled memristor introduces memory-
dependent nonlinearities that can cause the coupled subnetworks to diverge from the synchronized
manifold. Third, the presence of chaos in the individual subnetworks implies sensitivity to initial
conditions, which may manifest as divergence between trajectories despite initial coupling strength.
This behavior suggests that the coupling mechanism provides robust short-term synchronization but
is insufficient to maintain long-term coherence in the presence of chaotic dynamics. From a biological
perspective, this transient synchronization followed by desynchronization mirrors observations in neu-
ral systems where synchronized activity patterns are often temporary and task-dependent rather than
perpetually stable.
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Fig.11. Errors synchronization of subnetworks over time.

o

6. Conclusion

This study introduces a novel memristive neural network architecture comprising five neurons coupled
with a single non-ideal flux-controlled memristor. The memristor models external electromagnetic ra-
diation effects on the first neuron. A comprehensive dynamical analysis was performed, incorporating
bifurcation diagrams as functions of the memristor control parameter and magnetic flux loss parameter.
Lyapunov exponents and the Kaplan—Yorke dimension were computed to characterize the identified
chaotic attractor. Numerical simulations enabled visualization through phase portraits and temporal
evolution diagrams. The chaotic attractor exhibits a markedly negative sixth Lyapunov exponent,
indicating strong contraction within the system and confirming its dissipative nature with continu-
ous phase space volume contraction. An analog circuit realization of the proposed six-dimensional
memristive system was implemented using standard electronic components in Multisim. The resulting
phase portraits showed excellent agreement with numerical simulations in Mathematica, validating the
theoretical framework. To investigate synchronization phenomena in biological neural networks, we de-
veloped a coupled architecture of two subneural memristive networks. This configuration demonstrates
transient synchronization, providing insights into the temporal dynamics of interregional coordination
mechanisms underlying brain function.
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Komn'toTepHe mMoaentoBaHHs1 BNJIUBY MEMPUCTUBHOIO
€/1eKTPOMarHiTHOro BUNPOMIHIOBAHHS
Ha N'ATUBUMIPHY HEAPOHHY MepexXy

Korm M. T1.

Incmumym monoxpucmanie, Hauionaavha axademis Hayx Yrpainu,
np. Hayxu 60, 61072 Xapxis, Yrpaina

VY 1poMy JOCITiKEHH] TIPeICTaBIEHO HOBY apXiTeKTypPy MEMPUCTUBHOI HEHPOHHOT MepexKi,
0 CKJIAJIAE€THCS 3 II'STU HEHPOHIB, 3’€JHAHUX 3 OJHUM HeiJeaJbHUM MEMPUCTOPOM, Ke-
POBAHUM MAarHiTHUM ITOTOKOM. MeMpHCTOp MOJENIOE BIUINB 30BHINMTHBOTO €JIEKTPOMArHiT-
HOTO BUIIPOMIHIOBAHHS Ha MEPIMUil HeHpoH. Byo MpoBeneHO KOMIJIEKCHUN TMHAMITHUIMA
aHaJIi3, IO BKJOYaB 1oOymI0BYy OidypKaliftHux miarpaMm K (GyHKIIH Kepyodoro mapa-
MeTpa MEMPUCTOPa Ta IapaMeTpa BTPAT MarHiTHOroO nmoToky. O6unciieHo mokasnuku Jls-
myHosa Ta posmipmicts Kamana-Mopke s XapaKTepUCTUKH BHSIBJICHOIO XAOTHIHOTO
aTpakTopa. ducesbHe MOJETIOBAHHS JTO3BOJIMIIO BidyaJsizarito uepe3 (ha3oBi OpTpeTH Ta
JiarpaMu 9acoBol €BOJIIONIT. XaO0THIHUI aTPaKTOP JEMOHCTPYE 3HAYHO Bi/I' €MHUI MTOCTUI
ToKa3HUK JIsIyHoBa, 1110 BKa3y€ Ha CHJIbHE CTHUCHEHHS BCEPEUHI CHCTEMH Ta HiATBEPIKYE
11 IMCUIIATUBHY HPUPOJLY 3 Ge3lepepBHUM CTUCHEHHsSIM 00’eémy (has3oBoro mpocropy. Axa-
JIOTOBY CXE€MHY PeaJIi3alliio 3alporOHOBAHOI ITECTUBUMIPHOT MEMPUCTUBHOI cucTeMu OYJ10
BIPOBA/?KEHO 3 BUKOPUCTAHHSIM CTAHIAPTHUX €JIEKTPOHHUX KOMIIOHEHTIB y CEPEeIOBUII
Multisim. Orpumani ¢a30Bi mOpTpeTn MmoKa3ajd BiAMIHHY y3TOMKEHICTh 3 UHCETbHUM
mozemoBanaaM y Mathematica, minrBepmkyrodn Teoperudny mojenb. s nociimkenns
SBUII CHHXPOHI3AIN] B 610/I0TYHIX HEHPOHHUX MEpekKax MU pO3POOUIH 3B sI3aHY apXiTeK-
TYPYy 3 JABOX ITiIMePeKeBUX MEMPUCTUBHUX MepexkK. s Koudiryparris JjeMoHCcTpye nepexi-
HY CHUHXPOHI3aIlil0, Ha/Ial0YN PO3YMIHHS YacCOBOI JMHAMIKMA MeXaHI3MiB MiKperioHaJbHOI
KOODIMHAIIT, 110 JIE?KATh B OCHOBI (DYHKITIOHYBaHHS MO3KY.

Kntouosi cnosa: wmyuni netiporni mepeorci (LLIHM); mempucmop; raomuuna nosedin-
Ka; CTEMOMETHIYHA PEAAIZAULA; CUHTDOHIZAULA.
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