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A B S T R A C T
The tabu learning neuron model is constructed by coupling the tabu search
algorithm with a neural network model designed to simulate the electrical
activity and synchronous behavior of biological neural systems. This paper
proposes a self-coupled tabu learning neuron-memristor (TLNM) system
by integrating a tabu learning neuron with a newly proposed universal
magnetically controlled memristor. The dynamical characteristics of the
TLNM system were analyzed by plotting the Lyapunov exponent spectrum,
bifurcation diagram, attractors, and spectral entropy complexity. During
this process, it was found that the TLNM system exhibited a wide range of
firing behaviors. Multi-cavity control of attractors generated by the TLNM
system was achieved by introducing a multi-level step-function approach.
Finally, the physical feasibility of the TLNM system was verified on the
demand-side platform. The TLNM system proposed in this paper provides
a theoretical foundation for studying brain-like behavior.

Keywords: Tabu learning neuron; Tabu learning neuron-memristor;
Dynamical characteristics; Demand-side platform

1. Introduction

The brain is the most important part of the nervous
system.1 It contains a diverse array of neuron types,
and it is through the collective action of these neurons
that humans are able to perform various behaviors.2

Research on the human brain has revealed its nonlinear
behavior, which bears similarities to the chaos theory.3, 4

The profound insight of chaos theory lies in the fact
that simple deterministic systems can also produce
extremely complex and quasi-random behavior. Therefore,

researchers have applied chaos theory to the study of
the human brain and have constructed numerous chaotic
neural network models.5, 6 These neural network models
exhibit rich dynamic properties, providing a more realistic
computational framework for simulating the brain’s
memory, association, and decision-making processes. In
1952, the Hodgkin–Huxley model laid the foundation for
computational neuroscience by precisely describing ion
channel dynamics7, but its complex differential equations
hindered large-scale network simulations. Subsequently,
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proposed simplified models, such as the Hindmarsh–Rose
model, while preserving rich discharge patterns, clearly
revealed the chaotic dynamics of neuronal activity,
providing key insights into the study of chaotic neural
networks.8, 9 However, when these models, which are
based on continuous dynamics, are applied to optimization
computations, they often face the challenge of effectively
controlling and utilizing chaos. To address this challenge,
the tabu neuron model is developed.10, 11 This model
innovatively incorporates a tabu mechanism that simulates
the refractory period of biological neurons: after excitation,
a neuron enters a brief self-inhibitory state during which
its excitability is significantly reduced. Tabu neurons
possess self-regulatory capabilities, enabling networks that
are based on them to be directly and efficiently applied
to complex computational tasks, such as combinatorial
optimization (e.g., the traveling salesman problem) and
associative memory, without requiring intricate external
parameter control.

When constructing neural networks, traditional
complementary metal-oxide-semiconductor-based synapse
circuits face inherent bottlenecks in integration density,
power consumption, and plasticity. To overcome these
limitations and better simulate the parallel, adaptive, and
integrated information storage processing mechanisms
found in biological brains, memristors—as an emerging
class of nanoscale electronic devices—have been regarded
in recent years as ideal candidates for realizing electronic
synapses.12–15 In 1971, Chua16 proposed the memristor, a
unique component capable of recording the amount of
charge that flows through it. Consequently, memristors
are widely employed in various fields, such as information
storage and electronic synapses. More importantly, the
memristor itself typically exhibits rich nonlinear dynamic
properties.17, 18 This makes the synapse constructed from
memristors not only a variable connection weight, but
also potentially an additional nonlinear dynamical system
in its own right. Therefore, memristor has gradually
gained attention among researchers.19–22 Combining
memristors as electronic synapses with chaotic neuron
models holds significant research value.23–25 In 2024, Yang
et al.26 provided actionable guidance for the practical
application of memristor systems. They summarized field
coupling between memristor systems, electromagnetic
induction, and radiation phenomena in cardiac tissue, as
well as the application of memristor systems in image
encryption. In 2023, Lai and Yang27 constructed three
discrete neural network models and discovered that a
discrete memristor could induce more complex chaotic
dynamics in neural network models. In 2024, Yu et al.28

proposed a non-polynomial memristor that integrates
adaptive sliding mode control methods to construct a
novel adaptive synchronization scheme for simulating
neural network synchronization. Therefore, it is essential
to investigate the integration of memristors as electronic
synapses with chaotic neuron models.29–31

In recent years, researchers have increasingly
focused on coupling the memristors with neural network
models.32 In 2024, Mou et al.33 designed a locally active
memristor and applied it to couple FitzHugh–Nagumo and
Hindmarsh–Rose neurons, simulating the coupling and
information transmission mechanisms between different
neurons. In 2023, Lin et al.34 coupled a memristor
with two asymmetric neural networks to construct the
memory-augmented neural network model, analyzed
its dynamic properties, and applied it to the secure

communications field. In 2024, Zhang et al.35 proposed a
network of morphologically memristor-coupled adaptive
synaptic neurons and investigated its fully synchronized
and delayed synchronized phenomena through numerical
analysis.

The current study proposes a self-coupled universal
magnetically controlled memristor with a tabu learning
neuron and constructs the tabu learning neuron-memristor
(TLNM) model. The tabu learning neuron inherently
exhibits complex dynamic properties. Upon incorporating
the nonlinear memristor element, its dynamic behavior
becomes even more diverse and tunable. This offers
a highly promising technical pathway for constructing
next-generation neuromorphic computers with exceptional
energy efficiency and biological realism. The remainder
of this paper is structured as follows: Section 2 presents
the analysis of the characteristics of the proposed universal
magnetically controlled memristor. Section 3 describes the
establishment process of the TLNM system and analyzes
its stability. In Section 4, the TLNM system is investigated
using numerical analysis methods, and its multi-cavity
attractor is controlled. In Section 5, the attractor obtained
from the TLNM system simulation is implemented via the
Demand-side platform (DSP). Finally, Section 6 concludes
the findings of this study.

2. Electronic synapse

The tanh function exhibits smooth, differentiable, and
symmetric soft saturation characteristics. This makes it
an ideal mathematical model for simulating real-world
nonlinear phenomena. This paper proposes a novel
universal magnetically controlled memristor based on
the tanh function to serve as an electronic synapse
connecting neurons. The mathematical model of this
universal magnetically controlled memristor is shown in
Equation (1). Where W (φn) denotes the memristor’s
memristance, φn represents the flux state variable, and vn
is the memristor excitation voltage. The structure of this
universal magnetically controlled memristor is shown in
Figure 1. 

in = W (φn) vn

W (φn) = tanh3φn + tanhφn

φn+1 = a tanh
(
φ2

n + φn

)
+ bvn

(1)

The feasibility of memristors can be verified by plotting
their pinched hysteresis loops. The pinched hysteresis
loops of the memristor form an “8” shape. As the frequency
of the excitation voltage applied across the memristor
increases, the area of the pinched hysteresis loops gradually
decreases. At high frequencies, the pinched hysteresis loops
approach a straight line. As the amplitude of the excitation
voltage that is applied across the memristor increases, the
area of the pinched hysteresis loops gradually expands.
The pinched hysteresis loops of the memristor proposed in
this paper are shown in Figure 2. The pinched hysteresis
loops as a function of frequency are shown in Figure 2A.
The pinched hysteresis loops with amplitude variation are
shown in Figure 2B.

3. The tabu learning neuron-memristor model

3.1. The development of the tabu learning
neuron-memristor model

The discrete tabu learning neuron model is constructed by
coupling the tabu search algorithm with neural models,
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Figure 1. Schematic diagram of a universal magnetically controlled memristor
Abbreviation: D: Delay element.

Figure 2. The tight hysteresis loop of the universal magnetically controlled memristor. (A) Pinched hysteresis loops with frequency
variation; (B) Pinched hysteresis loops with amplitude variation.

aiming to simulate the electrical activity and synchronous
behavior of biological neural systems. The mathematical
model of the discrete tabu learning neuron model is
shown in Equation (2). Where C denotes the membrane
capacitance of the neuron, R denotes the membrane
resistance of the neuron, W11 denotes the synaptic weight,
α denotes the learning rate constant, and β denotes the
memory decay rate constant. By self-coupling the universal
magnetically controlled memristor proposed in this paper
with a discrete tabu learning neuron, the TLNM model is
constructed. The topology diagram of the TLNM model is
shown in Figure 3.

{
x (n+ 1) = −x(n)

RC
+ W11T

C
vn + y(n)

C
+ I

C
+ x (n)

y (n+ 1) = −αy (n)− βV + y (n)
.

(2)

Let C = 1, I = 0, W11 = A, the mathematical model
of the TLNM obtained by coupling the proposed universal

magnetically controlled memristor with a discrete tabu
learning neuron is shown in Equation (3).


x (n+ 1) = −x(n)

R
+AT sin ax (n) + y (n) + x (n)

+k
(
tanh3z (n) + tanh z (n)

)
x (n)

y (n+ 1) = −by (n)− cA sin ax (n) + y (n)

z (n+ 1) = d tanh
(
z2(n) + z (n)

)
+ ex (n)

(3)

3.2. Stability analysis

Through stability analysis, the structure of the attractor can
be observed to a certain extent. To calculate the stable
points of TLNM, let x(n+1) = x(n), y(n+1) = y(n), z(n+
1) = z(n), and the equilibrium equation obtained is shown
in Equation (4).
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Figure 3. Topology of the tabu learning neuron-memristor model


0 = − x

R
+AT sin ax+ y + k

(
tanh3z + tanh z

)
x

0 = −by − cA sin ax

0 = d tanh
(
z2 + z

)
+ ex− z

(4)

From the second equation of Equation (4), y =
−cA sin ax/b. Substituting this into the first equation
simplifies Equation (4) to Equation (5).

{
0 = − x

R
+AT sin ax− cA

b
sin ax+ k

(
tanh3z + tanh z

)
x

0 = d tanh
(
z2 + z

)
+ ex− z

(5)
Let F1(x, z) = −x/R + AT sin ax − (cA sin ax)/b +

k(tanh3 z + tanh z)x, F2(x, z) = d tanh(z2 + z) + ex −
z. This allows us to transform the solution of Equation
(5) into plotting the functions F1(x, z) and F2(x, z). The
intersection point of these two functions is the equilibrium
point. When a = π; b = 1.6; c = 1.9; d = 1; e = 0.2;A =
0.5;T = 0.1;R = 0.6; and k = 0.6, The graphs of functions
F1(x, z) and F2(x, z) are shown in Figure 4A. It can be
observed that there are two intersection points, indicating
that the TLNM model has two equilibrium points under
these parameters. When a = π; b = 1.6; c = 1.9; d = 1; e =
0.2;A = 0.5;T = 0.1;R = 1; and k = 0.6, The graphs of
functions F1(x, z) and F2(x, z) are shown in Figure 4B. At
this point, there are 11 intersection points, indicating that
the TLNM model possesses 11 equilibrium points.

The Jacobian matrix for Equation (4) is shown in
Equation (6).

k
(
tanh3z + tanh z

)
− 1

R
+ATa cos ax 1 −kx

(
tanh z2 + 3 tanh z2

(
tanh z2 − 1

)
− 1

)
−Aac cos ax −b 0

e 0 −d (2z + 1)
(
tanh

(
z2 + z

)2 − 1
)

 .

(6)
The characteristic equation of this Jacobian matrix is

given by Equation (7).

λ3 − (α+ 2θ)λ2 + (θ + 2αθ − γ + e)λ− αθ2 + γθ − eθ = 0.

(7)

where α = k(tanh3 z + tanh z) − 1/R + ATa cos ax;β =
−kx(tanh z2 + 3 tanh z2(tanh z2 − 1) − 1); γ =
−Aac cos ax; θ = −d(2z + 1)(tanh2 z2 + z)2 − 1).
Substituting the intersection coordinates from Figure 4A
into Equation (7) yields the corresponding eigenvalues.
The eigenvalues corresponding to A1(0, 0) are λ1 = 0, λ2 =
−1.5548 + 1.727i, λ3 = −1.5548 − 1.727i (note that A1(0, 0)
is non-hyperbolic equilibrium point). The eigenvalue
corresponding to A2(0.09858, 0.9791) is λ1 = −0.7635, λ2

= −1.4705 + 1.6801i, λ3 = −1.4705 − 1.6801i (note that
A2(0.09858, 0.9791) is unstable saddle focus).

4. The effect of parameters on the tabu learning
neuron-memristor system

4.1. Effect of coupling parameter

To more clearly observe the effect of parameter k on the
TLNM system, let a = π; b = 1.6; c = 1.9; d = 1; e = 0.2;
A = 0.5; T = 0.1; and R = 0.6. The Lyapunov exponent
spectrum and bifurcation diagram for parameter k varying
over the interval [0, 1] are depicted in Figure 5.36 From the
Lyapunov exponent spectrum, it can be observed that the
TLNM system initially exhibits a hyperchaotic state. After
a brief period, the system transitions into a chaotic state and
subsequently enters a transient periodic state. Finally, after
several brief cycles and chaotic states, the TLNM system
returned to the hyperchaotic state as shown in Figure 5A.
The bifurcation diagram in Figure 5B shows the variation in
the x-sequence range of the TLNM system as the parameter
k changes.

The coupling parameter k is selected for three different
states based on the Lyapunov exponent spectrum. The plots
for the corresponding attractors are shown in Figure 6. The
attractor in the hyperchaotic, periodic, and chaotic states is
shown in Figure 6A–6C. It can be observed that attractors
in hyperchaotic states exhibit more complex structures than
those in other states.
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Figure 4. The graphs of functions F1(x, z)andF2(x, z).(A)R = 0.6; (B) R = 1.

Figure 5. Lyapunov exponent spectrum and bifurcation diagram as a function of coupling parameter k. (A) Lyapunov exponent
spectrum; (B) Bifurcation diagram.
Abbreviation: LE: Lyapunov exponent.

Figure 6. Attractors as a function of coupling parameter k. (A) k = 0.1 (hyperchaotic state); (B) k = 0.4675 (periodic state); (C) k = 1
(chaotic state).

4.2. Effect of memristor parameter d on the tabu learning
neuron-memristor system

It is essential to investigate the impact of memristor
parameter variations on the TLNM system. This section
analyzes the memristor parameter d by plotting the
Lyapunov exponent spectrum and bifurcation diagram as
d varies over the interval [0, 2], as shown in Figure 7. As
the memristor parameter d increases, the TLNM system
transitions from a chaotic state to a transient periodic state,

then returns to a chaotic state. At d = 0.83, the TLNM
system enters a hyperchaotic state. As d gradually increases
to around 0.915, the TLNM system re-enters a transient
periodic state before remaining in a hyperchaotic state
thereafter, as shown in Figure 7A. From the bifurcation
diagram as a function of memristor parameter d, it can
be observed that the distributions of the x-sequence in
the hyperchaotic state and the chaotic state are completely
different, as shown in Figure 7B.
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Figure 7. Lyapunov exponent spectrum and bifurcation diagram as the memristor parameter d varies. (A) Lyapunov exponent
spectrum; (B) Bifurcation diagram
Abbreviation: LE: Lyapunov exponent.

Figure 8. Attractors as a function of memristor parameter d. (A) d = 0.26; (B) d = 0.5. (C) d = 1.

The attractors in periodic, chaotic, and hyperchaotic
states are depicted in Figure 8. The periodic, chaotic, and
hyperchaotic attractors are shown in Figure 8A–8C (d =
0.26, d = 0.5, and d = 1, respectively).

4.3. Firing behavior of the tabu learning
neuron-memristor system

All functions of the brain—thinking, memory, emotion,
perception—stem from the complex network activity
of approximately one hundred billion neurons
communicating through electrical impulses (action
potentials) and chemical signals. Therefore, it is necessary
to study the firing behavior of the TLNM system. This
section investigates the different firing behaviors exhibited
by the TLNM system under various parameter R values, as
shown in Figure 9. Let a = π; b = 1.6; c = 1.9; d = 1; e = 0.2;
A = 0.5; T = 0.1; and k = 0.6, the chaotic, hyperchaotic, and
periodic discharge pattern diagram as parameter R varies
is shown in Figure 9A–9C.

4.4. Coexistence behavior of the tabu learning
neuron-memristor system

The TLNM system is highly sensitive to initial conditions.
Even slight variations in initial values can alter the system’s
attractors and discharge patterns. This section primarily
investigates the coexistence behavior of the TLNM system.
Let a = π; b = 1.6; c = 1.9; d = 1; e = 0.2; T = 0.1; R
= 2.9; and k = 0.1, when plotting with initial values (2,
−0.2, −0.2) and (−1, −0.2, −0.2), the coexistence bifurcation

diagram as a function of parameter A is shown in Figure
10A. It can be observed that for A∈ [−0.6, 0.6], the TLNM
system exhibits entirely different dynamical characteristics
under different initial conditions. The coexisting attractors
as A varies are shown in Figure 10. Chaos and periodicity
coexisting attractors are shown in Figure 10B; chaos and
chaos coexisting attractors are shown in Figure 10C; and
periodicity and periodicity coexisting attractors are shown
in Figure 10D.

4.5. Multi-cavity control of the tabu learning
neuron-memristor system

Multi-cavity control has emerged as an important research
focus in current chaos theory. Future brain–computer
interfaces may not rely on single electrodes but instead
utilize multidimensional electrode arrays. Multi-cavity
control strategies enable precise intervention in neural
networks to treat medical conditions, such as Parkinson’s
disease and epilepsy, while minimizing disruption to
normal brain function. Therefore, it is essential to study
multi-cavity control. This section employs a multi-level
step function, as shown in Equation (8) for multi-cavity
control.

η (ξ) =
N∑

σ=1

[(ξ + 2σ − 1) + (ξ − 2σ + 1)] (8)

A multi-level step function is a signal whose value
undergoes an instantaneous jump at specific time points
and remains constant between jumps. It is essentially
a linear combination of multiple fundamental unit step
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Figure 9. Firing behavior under different parameters R. (A) R = 1.3 (chaotic); (B) R = 2 (hyperchaotic); (C) R = 2.6 (periodic).

Figure 10. Coexistence phenomenon in the TLNM system. (A) Coexistence bifurcation diagram; (B) A = −0.4 (chaos and periodicity
coexisting attractors); (C) A = −0.4725 (Chaos and chaos coexisting attractors); (D) A = −0.2 (Periodicity and periodicity coexisting
attractors).

functions. It is also an exceptionally powerful and intuitive
tool for modeling and analyzing various segmented
constant processes in the real world, playing a crucial role
in fields such as control engineering, signal processing,
and system modeling. By incorporating this multi-level
step function into Equation (3), a new system equation is
constructed, as shown in Equation (9).



x (n+ 1) = −x(n)
R

+AT sin ax (n) + y (n) + x (n)
+k

(
tanh3z (n) + tanh z (n)

)
x (n)

y (n+ 1) = −by (n)− cA sin ax (n) + y (n)

z (n+ 1) = d tanh
(
z2(n) + z (n)

)
+ ex (n)

o (n+ 1) =
N∑

σ=1

[(o (n) + 2σ − 1) + (o (n)− 2σ + 1)] + θ1x (n)

p (n+ 1) =
N∑

σ=1

[(p (n) + 2σ − 1) + (p (n)− 2σ + 1)] + θ2x (n)

(9)

Let a = π; b = 1.6; c = 1.9; d = 1; e = 0.2; A = 0.5; T = 0.1; R
= 1.6; k = 0.1; θ1 = 1; and θ2 = 0.5, with initial values (−0.4,
−0.1, −0.1, o0, −3). The bifurcation of initial values as o0
varies is illustrated in Figure 11. As shown in the figure,
the bifurcation diagram exhibits a stepwise increase.

Plots of 3 × 3 and 4 × 4 multi-cavity attractors were
generated for N = 2 and N = 3, respectively (Figure
12). As shown in the figure, the attractor has undergone
only a translational shift; its shape and structure remain
unchanged. The complexity and interference resistance
of chaotic sequences are enhanced through multi-cavity
control, and their application in the secure communications
field can increase security.
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Figure 11. Initial value bifurcation diagram as the initial value o0 increases

Figure 12. Multi-cavity attractors for different values of N . (A) N = 2; (B) N = 3.

4.6. Complexity of the tabu learning neuron-memristor
system

Complexity can assess the randomness of chaotic sequences
in a chaotic system, making complexity analysis essential.
This section focuses on evaluating the spectral entropy
complexity of the TLNM system. The SE complexity is
derived through Fourier transforms and Shannon entropy.
The closer the system’s SE complexity approaches 1,
the closer its chaotic sequence approximates a random
sequence. Let a = π; b = 1.6; c = 1.9; d = 1; e = 0.2; A = −0.2;
T = 0.1; and R = 0.6, the complexity of the TLNM system
as a function of parameter k and initial value x is plotted
with initial values (x, −0.1, −0.1), as shown in Figure 13A
and 13C. It can be observed that under these parameters,
the complexity of the TLNM system approaches 1. Let a =
π; b = 1.6; c = 1.9; d = 1; e = 0.2; A = −0.2; T = 0.1; and k =
0.6, the initial values (x, −0.1, −0.1) are plotted to illustrate
the complexity of the TLNM system as parameters R and
initial value x vary, as shown in Figure 13B and 13D. It can
be observed that under these parameters, the complexity
of the TLNM system also approaches 1. This demonstrates
that the chaotic sequences generated by the TLNM system

exhibit high randomness, making them suitable for the
secure communications field.37–39

5. Demand-side platform implementation

To verify the physical feasibility of the TLNM system, this
paper implements its attractor using a DSP. DSP features
high real-time performance, computational efficiency,
energy efficiency, integration density, and stability, making
them well-suited for verifying the physical feasibility
of the TLNM system. The hardware and steps for
DSP implementation are shown in Figure 14. The
TMS320F28335 chip generates chaotic signals, which are
then converted into analog signals via a digital-to-analog
converter. Finally, the attractor is visualized through a filter.

This section investigates the effect of the same
parameters and initial conditions shown in Figure 8C on
achieving the same attractor through DSP implementation,
as shown in Figure 15. The DSP setup and the resulting
presentation are shown in Figure 15A. Comparisons show
that the results obtained with the DSP match those
simulated in the paper, indicating that the chaotic signals
generated using this neuron can be produced with a DSP.

8
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Figure 13. SE complexity of the tabu learning neuron-memristor system. (A) Complexity of the two-dimensional SE for sequence x and
parameter k; (B) Complexity of the two-dimensional SE for sequence x and parameter R; (C) Complexity of the three-dimensional SE for
sequence x and parameter k; (D) Complexity of the three-dimensional SE for sequence x and parameter R.
Abbreviation: SE: Spectral entropy.

Figure 14. DSP steps and connection diagram
Abbreviations: D/A: Digital-to-analog converter; DSP: Demand-side platform; SPI: Serial peripheral interface.

Figure 15. Experimental results of the demand-side platform (DSP). (A) Hardware setup of the DSP; (B) DSP presentation result.

9
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6. Conclusion

This paper proposes a novel universal magnetically
controlled memristor based on the tanh function’s smooth,
differentiable, and symmetric soft saturation. It is
self-coupled with a discrete tabu learning neuron to
construct the TLNM. Through computational analysis,
the equilibrium points of the TLNM system are studied,
revealing that the number of equilibrium points varies with
parameter changes. Through numerical analysis, the effects
of the coupling parameter k and the memristor parameter d
on the system are investigated. As the coupling parameter
k and the memristor parameter d vary, the TLNM system
undergoes transitions between hyperchaotic, chaotic, and
periodic states. After investigating the system parameter
R, it was found that the system exhibited a wide range
of firing behaviors. Under different initial conditions, the
TLNM system exhibited coexisting attractors, revealing its
multistability. By incorporating a multi-level step function
into the TLNM system equations, multi-cavity control
of the attractor was achieved. SE complexity analysis
revealed that the chaotic sequences generated by the TLNM
system were highly random. These chaotic sequences are
well-suited for application in the secure communications
field. The physical feasibility of the system was validated
through the DSP. The TLNM system proposed in this
paper provides a theoretical foundation for brain-inspired
research.
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