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Abstract—This paper proposes a new logic element model
based on an lzhikevich (1Z) neuron and neural system that
emulates two- and three-state logic behaviours. In a noise-free
environment, with a periodic current of suitable amplitude and
frequency, the 1Z system is capable of performing logical AND
and OR operations. Initially, a single 1Z neuron demonstrates
membrane dynamics in response to an input signal generated by
combining two-state logic currents below the threshold.
Subsequently, an 1Z neural system model is introduced to
enhance the reliability and resilience of the system. This model
is characterised by electrical coupling with fast conduction and
chemical coupling with a more adaptable structure. Each logic
input independently influences each neuron within the system.
Additionally, it has been observed that the reliability of the logic
element is influenced by changes in synaptic strength, with a
neural system lacking sufficient synaptic strength failing to
generate logical output. Furthermore, the system displays a
three-state logic behaviour under suitable forcing periodicity,
thus enhancing the power efficiency of the logic element. The
proposed 1Z neuron and neural system are expected to
significantly impact the development of brain-inspired logic
elements.

Index Terms—Izhikevich; Logical stochastic resonance;
Logical vibrational resonance; Electrical-chemical coupling.

I. INTRODUCTION

Noise is a critical factor that must be considered in the
design of any implementation platform [1]. The impact of
noise becomes more visible as the dimensions of the design
and the power decrease [2]. Understanding the interplay
between device nonlinearity and the noise floor is crucial in
design and implementation platforms, as noise, being
unavoidable, can detrimentally affect performance [3].
However, recent studies indicate that noise is not always
harmful and can, in fact, be beneficial in some nonlinear
systems [4]-[8]. In this context, noise can induce increased
temporal regularity, a phenomenon known as stochastic
resonance (SR) [9]. Stochastic resonance studies have
unveiled that nonlinear system responses are amplified
through a periodic force, akin to the effects of noise. This
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phenomenon, dubbed vibrational resonance, improves the
processing capacity of the subthreshold signal by using a
periodic signal [10]. The periodic force reduces the switching
time to achieve a faster response and broadens the optimal
noise power range [11].

Although traditional logic gate design relies on
deterministic input signals, the introduction of logical
stochastic resonance (LSR) allows nonlinear systems to
utilise noise to implement logic functions [12]. The inherent
interplay between the noise floor and nonlinearity can be used
to obtain highly reliable logic gate outputs from a bistable
system within an optimal window of moderate noise [13].
This approach has important implications for the design of
integrated systems, neural networks, and analogue circuits
[14], [15]. With the increasing miniaturisation of electronic
devices, noise has become more critical and has become a
frequently researched topic [16]-[18]. Typically, elevated
noise fluctuations have the potential to undermine the
reliability of logic devices, resulting in a diminished
computational performance [19]. Variations in temperature
within the environment and changes in device workload can
lead to fluctuations in noise intensity [20]. Furthermore, the
use of periodic signals as a driving force, rather than noise, is
more favourable to the regulation of logic operations [21].
Practically, a wider range of optimal parameters and a shorter
switching time are anticipated to improve the robustness and
response speed of the system [22]. This phenomenon is called
“logical vibrational resonance” (LVR) [23].

Compared to traditional computers, brain-inspired
neuromorphic devices are known to have the potential for
high computing capacity and better energy efficiency [24]-
[27]. The significance of neuromorphic devices has grown
with the surge in big data analytics and artificial intelligence
research [27]. Novel approaches are driving computational
capabilities to higher levels at reduced costs [24]. Recently, a
new generation of neuron-inspired logic gates, based on
Hodgkin-Huxley (HH) and FitzHugh-Nagumo (FHN) neuron
models, have been introduced [20], [22], [28]-[31]. However,
these models come with certain drawbacks:

1. Logic inputs summed at subthreshold levels are fed to a

single neuron, and the cumulative inputs can potentially

drive the neuron above the desired superthreshold level,
leading to unintended firing. This issue reduces the

reliability of the logic gate [29], [30].

2. HH is a highly complex model, resulting in high

implementation costs and low energy efficiency [20]. On
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the other hand, the FHN model, although simpler in
structure, has limited membrane dynamics [22].
3. Although several studies have illustrated that coupling
enhances LSR and LVR in nonlinear circuits with bistable
potential wells [13], [19], [32], there remains a scarcity of
research on neural network logic gates [13], [31]. The
current preference for gap junction coupling in existing
studies limits the versatility of neural network logic gate
design, as it overlooks chemical coupling structures that
offer flexibility and adaptability.

This paper investigates for the first time the logical
vibrational resonance phenomenon in the Izhikevich (12)
neuron, which has a simple structure, low simulation cost,
and large membrane dynamics. Without noise, periodic
forcing current with optimum amplitude and frequency, the
neuron exhibited logic gate characteristics. First, a three-state
aperiodic signal is applied (I, + I,) for a single 1Z neuron. In
addition, other existing studies have only considered models
that can perform a two-state logic operation [20], [22], [28]-
[31]. However, in this study, the 1Z neuron also exhibited the
characteristics of a logic gate with multiple inputs (I; + I, +
I3) based on a truth table. In this way, an energy efficient
design with high logic operation capability is presented in the
literature. Second, since each neuron has a separate
activation, a chemically and electrically coupled neural
system was developed in which the input sets (I;, I,) are
applied separately to subneurons as I; and I,. While electrical
synapses transmit information very fast, chemical synapses
are more flexible [32]. The logic processing capability of
electrically coupled HH and FHN based neural systems has
been investigated recently and has not yet been sufficiently
contributed [29]-[31]. Moreover, a deep literature search did
not reveal any work investigating the logic processing
capability of a chemically coupled neural system. This study
presents for the first time the logic processing capability of a
chemically coupled 1Z neuron. In this way, the robust logic
processing capability of chemically coupled neural systems
has been demonstrated. The system, also consisting of
neurons as input sets, exhibited a multi-input (1, I,, I3) logic
gate feature.

In this study, we prove that the single, electrically and
chemically coupled 1Z neuron, which exhibits a wide range
of membrane dynamics such as regular spike (RS), tonic
spike (TS), fast spike (FS), mixed mode (MM), and spike
latency (SL) and is easy to implement due to its simple
structure, exhibits both two-state and three-state AND and
OR gates. With its multi-input capability, the brain-inspired
logic gate design is more energy efficient as fewer neurons
will be used to realise logic gates. Furthermore, this work
presents the logical operation of a chemically coupled neural
system for the first time. Thanks to the chemically coupled 1Z
neural system, a new generation of multi-input, energy-
efficient neural-inspired logic gate models that can process
even subthreshold-level inputs has been presented. Our
results will have a widespread impact on the design of new
brain-inspired logic gates and will enable the design of new
computational models.

In this paper, the basics of Izhikevich neuron, neural
system, and logic resonance are explained in Section II.
Section |1l describes the results. Section IV discusses the
results and conclusions.
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11.BACKGROUND

A. Izhikevich Neuron and Neural System

The Izhikevich neuron is a two-dimensional map-based
model that mimics more than 20 firing patterns in the neural
cortex [33], [34], using the following differential equations:

V=0.04v +5V+140—U+ | + 1ogie +
F L iorce T Lgynapse (1)
u=a(bv-u), (2)
fsz':[l+tanh(85 (vpre—hs))](l—z)—z/ds, 3)
v>30mV then {v—c;u—u+d}, (4)

where v and u are membrane potential and recovery variable,
respectively, a is the time scale of the recovery variable, and
b defines the sensitivity of the recovery variable to
subthreshold fluctuations of the membrane potential. The
after-spike membrane potential reset value is ¢, and the
recovery variable reset value is d [33]. I, 4. is logic input set.
The logic operations of neurons can be flexibly determined
by the I,;,s current. When I,;,, is 1, the neural system
performs OR and when I, is -1, it performs AND.
Itorce = Asin(wt), where A defines the amplitude of the
periodic forcing current and w defines its frequency.

Unique synaptic connections connect neurons. A neuron
transmits information to another neuron through a synaptic
pathway [34]. Synaptic connections can be chemical or
electrical [35]. Electrical synapses play an active role in
structures that require fast transmission of information, such
as reflexes and vision [32]. Because transmission is
bidirectional, they regulate neural synchronisation, which is
critical for neural diseases such as Schizophrenia,
Parkinson’s and Epilepsy [35]-[37]. Chemical synapses also
have a direct impact on synchronisation, providing the basis
for cognitive functions such as learning, memory, cognition,
and emotion [38]-[40]. Chemical synapses are also
distinguished from electrical synapses by their more flexible
and versatile structure [32].

In chemical synapses, Isynapse = ks(z — 2) is synaptic
current, z is the synaptic activation variable, z,, h,, k., and
z, are time delay, threshold parameter for activation of z, play
the role of conductance, and reference level of z, respectively.
S, and d are responsible for activation and relaxation of z.
When  Igynapse = 0, neural activity can be blocked,
presynaptic neuron activation does not allow postsynaptic
neuron activation to occur, and the neural system displays
only a single neuron activation. When v,,,.. < hg, the synapse
is inactive and z = 0. When wv,., > h,, the hyperbolic
tangent function takes positive, the synapse becomes active,
and the postsynaptic neuron is driven by a synaptic current
[41]. In electrical synapses, Isynapse = 9(Vpre — Vpost)
defines the gap junction synaptic current, and g is the
coupling weight [42]. The various structures of the neural
system constructed are shown in Fig. 1.

The dynamics of the membranes RS, TS, FS, MM, and SL
are selected to analyse the logic behaviour in both single
neuron and neural systems. The chemical coupling
parameters are 7, = 10, hy = =59, k, = 10,2, =0, S, = 1,
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and dg = 3, and IZ neuron parameters are given in Table I.
These values are constant throughout the study unless
otherwise specified.
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Fig. 1. Examples of neural systems constructed: (a) Single neuron; (b) Two
neurons; (c) Three neurons.

TABLE I. NEURON PARAMETERS FOR GENERATING DIFFERENT
SPIKING PATTERNS.

Spiking Pattern Type a b c d
Fast Spike 0.1 0.2 -65 2
Mixed Mode 0.02 0.2 -55 4
Regular Spike 0.02 0.2 -65 8
Spike Latency 0.02 0.2 -65 6
Tonic Spiking 0.02 0.2 -60 8

B. Logical Resonance

The logic input-output relationship can be described by
encoding N square waves for N inputs. For the single neuron,
first, the two logical inputs are I; and I,, where a square wave
signal with amplitudes of min -0.5 mV and max +0.5 mV.
The current I;,4;., the sum of two independent signals, results
in a three-level aperiodic signal. For a set of inputs, the
dynamics of the neuron firing in the direction of a logical
output follows the truth tables of AND and OR basic logic
operations, as in Table II. The neuron performs the logical
operation consistently and robustly only in a periodic force
with optimal amplitude and frequency. -1 mV, 0 mV, and
+1 mV correspond to (0,0), (0,1)/(1,0), and (1,1), two input
logic states, respectively. Second, a three-state logic element
is created by applying a third square wave I; with the same
amplitude as I, and I,. In this case, I4 is a five-level
aperiodic signal. Performing the logic operation with one
logic element instead of two will result in less energy
consumption. The aperiodic input signal I, 4 is very similar
to the input series of the logic element in realisation devices.

TABLE II. TRUTH TABLE OF THE BASIC LOGIC AND AND OR
OPERATIONS WITH TWO INPUTS.

Logical
Iyand I, Logic InpS; et | AND OR
(-0.5mV, -05 mV) 1 (0,0) 0 0
(-0.5mV, 0.5 mV) 0 0.1) 0 .
(05 mV, -0.5 mV) (1,0)
(0.5 mV, 0.5 mV) 1 L 1 1
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Coupled neurons are driven separately by logic signals, and
the system response is similar to that of a single neuron. The
system response is maximised in the presence of a periodic
forcing current of appropriate amplitude and frequency. In
this study, in addition, unlike other studies, the neuron is
driven with a single aperiodic logic input by summing
separate logic signals and the input signal is applied to each
neuron separately. Due to electrical and chemical coupling,
the system response coherently matches a logic process in the
presence of periodic force.

It is possible to provide a quantitative proof of the logic
processing reliability of the IZ neuron by calculating the
probability of producing the desired logic output for different
sets of inputs. Comparing the output of the neural system with
the expected logical output, the neural system is exposed to
many different random inputs in combination over time, and
its response to these random inputs is investigated. P is the
ratio of correct logic outputs (NSr) to the total number of runs
(Nr). For the AND/OR operations, each probability in the
truth table is considered successful if it matches the logic
output of the neuron for all four input sets. Otherwise, it is
regarded as a zero success. The total number of runs is the
temporal average of the output obtained against 1250 possible
inputs. The fact that a logic gate produces a correct result
every time against a large number of inputs tells us about the
reliability of the element

P =(NSr)/(Nr). (5)

If PCAND) or P(OR) is equal to 1, it means that the logic
operation is entirely reliable and that the system will produce
the correct result for all possible input signals. The logic
outputs are required 90 % of the time to follow the expected
result. The system can switch between AND and OR by
changing the bias current.

In this section, it is shown that with the appropriate
periodic forcing current, the 1Z neuron and neural systems
produce output with the correct AND and OR operations. The
fourth-order Runge-Kutta method was used in the simulation
performed in MATLAB. The step size h = 0.01 and the
number of steps N = 1000000 are constant throughout the
simulation.

RESULTS

A. Single Neuron

First, the sum of logic input sets I;, ;. = I; + I, is applied
to a single 1Z neuron. Figure 2 shows the RS, TS, FS, MM,
and SL waveforms that the neuron exhibits in response to a
three-level input signal. For all waveforms, it is understood
that the Izhikevich neuron performs the Logic AND in Fig.
2(a) and the Logic OR in Fig. 2(b).

Second, to obtain a multiple-input logic gate, an input of
the form I, = I; + I, + I3 was set and applied to the IZ
neuron. Figure 3 shows that the 1Z neuron performs the logic
AND and OR gate with multiple inputs.

The reliability of two- and three-input logic operation of
the 1Z neuron is directly affected by the amplitude and
frequency variation of the periodic forcing current. The
variation of the reliability of the 1Z neuron for the determined
membrane dynamics is given in Fig. 4.
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Fig. 2. (a) Logic AND with two inputs, I;,s = —1, w = 0.5, Fast Spike:
A = 8, Tonic Spiking: A = 8.5, Spike Latency: A = 8.9, Mixed Mode: A =
8.6, Regular Spike: A = 9; (b) Logic OR with two inputs, I, =1, w =
0.5, Fast Spike: A = 6.5, Tonic Spiking: A = 8, Spike Latency: A = 8,
Mixed Mode: A = 7.5, Regular Spike: A = 7.7, waveforms generated by the
IZ neuron according to the input set I, 5, = I + .
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Fig. 3. (a) Logic AND with three inputs, I,;,s = —1, w = 0.5, Fast Spike:
A = 6.7, Tonic Spiking: A = 7.8, Spike Latency: A = 8.6, Mixed Mode:
A = 8.5, Regular Spike: A = 8.2; (b) Logic OR with three inputs, ;s = 1,
w = 0.5, Fast Spike: A = 6.9, Tonic Spiking: A = 8.8, Spike Latency: 4 =
8.7, Mixed Mode: A = 8.5, Regular Spike: A = 8.6, waveforms generated
by the IZ neuron according to the input set I,,5;c = Iy + I + I5.
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The logic operation reliability is relatively poor at low
values of both the amplitude and frequency of the periodic
forcing current. At the optimal amplitude and frequency, the
reliability exceeds 90 %. However, continued increases in
amplitude and frequency again decreased the reliability.
Periodic forcing current is vital to the reliability of the system.
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Fig. 4. Graph of the change in logic operation reliability of the IZ neuron as
(a) AND, (b) OR with the variation of the amplitude of the forcing periodic
current and (c) AND, (d) OR with the variation of the frequency of the
forcing periodic current.

B. Electrical Coupling

The logical response of the 1Z neural system is
investigated. Depending on the number of inputs, multiple
inputs force the 1Z single neuron to increase from the
subthreshold to the superthreshold level due to the increasing
logic input amplitude. As a result, unexpected firings occur in
1Z single neuron and the reliability of the logic gate decreases.
Unlike other studies[13], [31], a coupled IZ neural system is
used in this study to avoid this. The IZ neural system
demonstrates that neurons provide a collective logic output
individually and in cooperation. In addition, the neural
system exhibits a largely synchronous behaviour. Coherent
logic output was made possible by the synchronous behaviour
of the neurons. The fact that there is no need for a separate
circuit to add or multiply logic input signals will provide ease
for clinical applications.

Here, as shown in Fig. 1(b), logic input I; feeds the first
neuron and logic input I, feeds the second neuron. The output
of any interconnected neural system is the output of the logic
process (Fig. 5). Throughout the logical process, the
membrane dynamics of the neural system is synchronised.

The three-input 1Z neural system is shown in Fig. 1(c).
Like the two-input system, each neuron is responsible for its
logic input. The membrane dynamics of a multi-input 1Z
neural system is shown in Fig. 6.
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Fig. 5. (a) Logic AND with two inputs, I;,s = —1, w = 0.5, Fast Spike:
A = 8, Tonic Spiking: A =9, Spike Latency: A = 9.2, Mixed Mode: A =
9.3, Regular Spike: A = 9.1; (b) Logic OR with two inputs, I,,;,s = 1, w =
0.5, Fast Spike: A = 6.2, Tonic Spiking: A = 7.1, Spike Latency: A = 7.2,
Mixed Mode: A = 7.1, Regular Spike: A = 7.2, waveforms generated by the
1Z neuron according to the input set I,,5;c = (I1, I).
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Fig. 6. (a) Logic AND with three inputs, 1,;,s = —1, w = 0.5, Fast Spike:
A = 7.9, Tonic Spiking: A = 8.9, Spike Latency: A = 9, Mixed Mode: A =
9.1, Regular Spike: A = 9.1; (b) Logic OR with three inputs, I;;s = 1, w =
0.5, Fast Spike: A = 6.3, Tonic Spiking: A = 7.2, Spike Latency: A = 7.11,
Mixed Mode: A = 7.25, Regular Spike: A = 7.4, waveforms generated by
the 1Z neuron according to the input set I, 5, = (I, I, I3).
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The amplitude and frequency of the periodic forcing
current are also very important for the 1Z neural system (Fig.
7(a)—(d)). At the optimum value, the reliability is at the
highest level. However, reliability decreases as we go away
from the optimum values. The reliability of the logic
operation of the 1Z neural system also depends on the synaptic
weight (Fig. 7(e)—(f)). A weak connection between neurons
makes it challenging to establish neural synchronisation;
hence, the reliability of logic processing decreases. The 1Z
neural system performs logic processing quite robustly at
synaptic weight values above a sufficient magnitude.

&S ) @ W e s
*TS 4 | ¢ *T8 *T8
sL | f 80 { P sL 80 \F‘ sL
MM [ B onm onm
R ‘ ® 60 | f \ FoRg H B
a ' 54 | 2 ﬂ
Z Ll 8 4 \]l E it
g a0 [ a 40 214 | g a0 H
e
|
20 Bl 20 | fmﬁ [ 20 [l
‘V#"\* ’ ] | b L f
Ww}“’ e eg5 [Easesass ez oz =22a b
4 [} 8 10 6 8 10 02 04 06 08
(a) A (b) A © w
100 vﬁ = 100 =55 pgeeesn 100 555 ﬁiﬂz’a}'«»‘a
| *T8 *TS g ;f i
st st ¢ 1
80 | anm 80 ann A oMM f
RS . RS I RS |
2 80 | ; 80 W ® 80 "
4 | il o
S Z ! o
& 40 | | g w0 il T 40 |
1 |
20 &E'f 20 ;‘ 20
|4 i
0 omamme i 0_ cecesses: 0_ eecesece
02 04 06 08 -2 4] 2 -2 0 2
(d) W (e) g 0] g

Fig. 7. In the 1Z neural system with electrical coupling, with the change in
the amplitude of the forcing periodic current (a) AND, (b) OR, with the
change of the frequency of the forcing periodic current (c) AND, (d) OR,
with the shift in the synaptic weight (e) AND, (f) OR, graph of the change in
logic operation reliability.

C. Chemical Coupling

In contrast to electrical coupling, chemical coupling is
flexible and versatile [32]. The logic processing capability of
the chemically coupled 1Z neural system is shown in Figs. 8
and 9. The spike generation points of neurons do not match at
some times. Although this situation decreases the logic switch
reliability, it is still at an acceptable level, above 90 %, as
shown in Fig. 10.
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A = 8.7, Regular Spike: A = 8.9; (b) Logic OR with two inputs, I;,s = 1,
w = 0.72, Fast Spike: A = 6.9, Tonic Spiking: A = 6.7, Spike Latency: A =
6.25, Mixed Mode: A = 6.74, Regular Spike: A = 6.65, waveforms
generated by the IZ neuron according to the input set I,g;c = (I1, I2)-
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6.7, Mixed Mode: A = 6.7, Regular Spike: A = 6.7, waveforms generated
by the IZ neuron according to the input set I,4;c = (I, I3, I3).
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In chemical coupling, the bond strength between neurons
is defined by the synaptic conductance k. As kg changes, the
logic operation reliability of the chemically coupled 1Z neural
system changes. The amplitude and frequency of the forcing
periodic current also affect the reliability. Figure 10 shows
how the reliability changes for values that are far from the
optimum.

IV. DISCUSSION

In this paper, first, a two-state, two-logic signal is summed,
and then a three-state, three-logic signal is summed and
applied separately as a multi-level logic input to the single 1Z
neuron. Under a periodic forcing current of appropriate
amplitude and frequency, the single 1Z neuron exhibited
membrane dynamics in response to the logic input. However,
the addition of logic inputs may push the neuron above the
threshold level, and the neuron may fire uncontrollably. As a
result, the reliability of the logic element decreases.

In this case, second, a neural system design, in which logic
inputs drive each neuron separately, will avoid this situation.
An electrically coupled neural system model that can perform
both two-state and three-state logic operations has been
developed for this aim. Under the influence of the periodic
forcing current, neurons form strong bonds between each
other and perform reliable logic processing. Chemical
coupling is relatively more flexible and versatile. This study
presents the logic processing capability of the 1Z neural
system model with chemical coupling for the first time. It is
also observed that the reliability of the electrically and

chemically coupled 1Z neural system is reduced if the
synaptic connection is insufficient. Table Il shows that in
addition to the single 1Z neuron, electrically coupled and
chemically coupled neural systems perform two- and three-
state logic AND and OR operations with more than 90 %
accuracy. Moreover, high accuracy was achieved in five
different membrane dynamics.

TABLE IIl. LOGIC OPERATION RELIABILITIES OF THE TWO-
/ITHREE-STATE 1Z NEURONS, AND 1Z NEURAL SYSTEMS WERE
OBTAINED USING DIFFERENT MEMBRANE DYNAMICS.

Single Neuron Electri_cal Chemi_cal

Coupling Coupling

Two- | Three- | Two- | Three- | Two- | Three-

State State State State State State

FS 94.62 93.22 96.45 95.34 96.32 97.56

X TS 93.59 95.23 94.69 96.90 95.23 97.51
% SL 95.18 98.31 94.86 97.22 95.23 96.72
§ MM | 94.01 97.65 96.31 97.73 98.48 98.68
RS 95.87 98.97 95.69 95.48 97.75 96.15
FS 96.00 99.37 93.60 93.12 97.41 98.27

N TS 94.53 99.20 98.58 98.94 97.32 97.32
% SL 94.62 98.02 92.97 96.09 98.49 97.06
o | MM | 9791 98.05 96.61 98.02 95.31 94.45
RS 94.47 94.08 93.62 97.82 97.69 93.72

As seen in Table IV, previous studies in the literature focus
mostly on bistable systems and two-well potential systems
operating as logic elements. The logic element designs of
neuron models are quite limited.

TABLE IV. COMPARISON OF PREVIOUS WORKS IN THE LITERATURE AND THE PROPOSED MODEL IN TERMS OF TYPE OF NONLINEAR
MODEL, DYNAMIC DIVERSITY OF THE MODEL, SINGLE OR MULTIPLE SYSTEM STRUCTURE, SYNAPSE TYPE, NUMBER OF LOGIC
INPUTS, AND LOGIC INPUT CURRENT CALCULATION.

Type of Dynamic Single Logic State Logic Input
Previous Studies Nonlinear Diversity of the Model/Network Sinaps Type ?n ut Cgurrer?t
Model Model System P
Bulsara Bulsara, Dari, Ditto,
Murali, and Sinha (2010) Bistable
[12] ; i i - i i o
Yao and Ma (2020) [18] Nsr;)nsltlgfnar Single Dynamic Single Model None Two-State Logic Liogic =h +1>
Zhang, Zheng, Xie, and Y
Song (2017) [19]
. Bistable .
Yao, Ma, Gui, and Cheng X . . Single Model . . . liggic =1 + 1,
(2021) [17] NSo;SItlgﬁnar Single Dynamic Network System Electrical Two-State Logic logte = (I3, )
Aravind V, Murali, and
Sinha (2018) [13] Two Bistable . . - : . o
Yang, Yao, and Ren (2022) Subsystems Single Dynamic Network System Electrical Two-State Logic Logic =l +1;
[21]
Storni, Ando, Aihara,
Murali, and Sinha (2012)
[15.] . Two-Well - - - - _
Kohar, Murali, and Sinha Potential System Single Dynamic Single Model None Two-State Logic Logic =l +1;
(2014) [16] Y
Gui, Wang, Yao, and Cheng
(2020) [23]
Yao and Ma (2022) [22] Fitzhugh-
Yao (2022) [28] Nagumo Single Dynamic Single Neuron None Two-State Logic Liogic =11 +1,
Yao and Yao (2023) [29] Neuron
Deng, Gui, and Yao (2023) -
[20] Hodg:\lréﬂrg#xley Single Dynamic Single Neuron None Two-State Logic Liogic =11 +1,
Yang and Yao (2023) [30]
Yu, Yang, Zhan, Fu, and Jia | Hodgkin-Huxley . . Single Neuron . ) . Logic =h +1,
(2023) [31] Neuron Single Dynamic Neural System Electrical Two-State Logic logic = (I, 1)
Ilogic = 11 + 12
- i Logic = (1, I2)
I1zhikevich Five Different Single Neuron Electrical and Two-State Logic ulfw-
Proposed Work - - Three-State ogic
Neuron Dynamics Neural System Chemical Logic =hL+hL+1,
g Ilogic =, I,
I3)

16




ELEKTRONIKA IR ELEKTROTECHNIKA, ISSN 1392-1215, VOL. 30, NO. 4, 2024

Only HH and FHN neuron models have been employed. The
HH neuron has a complex structure and requires high design
costs. Just like the FHN neuron model, the membrane
dynamic diversity is very narrow. In addition, the presented
systems perform only a two-state logic operation. Designs
with the energy efficiency of three-state logic operation have
not been developed. Moreover, the network system models
are quite inadequate, and all of them utilise electrical
coupling. Chemically coupled neural logic element designs
with the advantages of flexibility and versatility have not yet
been studied.

However, the results of this study show that the 1Z neuron
and the neural system eliminate all these limitations. It is
demonstrated that the IZ neuron and neural system can
exhibit a variety of membrane dynamics with high accuracy,
suitable for logic AND and OR operations in response to two-
and three-state logic inputs. It is also understood that when
the electrically and chemically coupled neural system
performs a logic operation with high accuracy, it exhibits high
synchronous behaviour, but the reliability of the logic
operation decreases with the breakdown of synchronisation,
and synchronisation is an important criterion for logic
operation.

V.CONCLUSIONS

In this work, it wasa investigate a new generation logic
component model based on Izhikevich (1Z) neurons driven by
periodic force in the absence of noise, have rich membrane
dynamics and are simple in structure. First, the single 1Z
neuron performs two-state logic AND and OR operations, as
well as three-state logic operations, which is different from
existing work. The same process can be performed using less
logic elements, thus increasing energy efficiency. Second, a
neural system consisting of two and three neurons with
electrical and chemical coupling design was proposed. Due to
the strong connection between them, it has the ability to
perform both two- and three-state logic operations. Through
the neural system, the cumulative sum of logic input signals
in a single neuron is prevented from raising the neuron above
the threshold level and generating spikes uncontrollably. In
addition to the feature of fast transmission electrical coupling,
the neural system also has a chemical coupling structure that
differs from electrical coupling because it is flexible and
versatile. Our study is likely to make an effective contribution
to the insufficient area in the field of neural system logic
elements with its chemical coupling feature. Synaptic
connectivity has also been shown to directly affect the
reliability of logic operation. Because the synaptic weight is
not sufficient in electrical coupling and is not in the right
range in chemical coupling, the reliability of logic operation
has been considerably weakened. From this perspective, the
IZ neuron and neural system, in the presence of appropriate
periodic forcing current, is likely to have a widespread impact
on the field of next generation brain-inspired processing units
as a logic element model capable of reliable, multi-input logic
operation.
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