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The regulation of signal transmission speed is one of the most important capabilities of the biological nervous system.
This study explores the mechanisms and methods for regulating signal transmission speed among nonmyelinated neurons
within the same brain region, starting from spike-timing-dependent plasticity (STDP) of synapses. Building upon the
Hodgkin–Huxley model, the dynamic behavior of synapses is incorporated, and the adaptive growth neuron (AGN) model
is proposed. Artificial synaptic structures and neuronal physical nodes are also designed. The artificial synaptic structure
exhibits unidirectionality, memory capacity, and STDP, enabling it to connect neuronal physical nodes through branching
and merging structures. Furthermore, the artificial synapse can adjust signal transmission speed, regulate functional com-
petition between different regions of the neuromorphic network, and promote information interaction. The findings of this
study endow neuromorphic networks with the ability to regulate signal transmission speed over the long term, providing
new insights into the development of neuromorphic networks.

Keywords: artificial synapse, neuromorphic networks, Hodgkin–Huxley model, neuron circuit, memristor,
neurodynamics
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1. Introduction

With the continuous iteration of hardware devices and ar-
tificial intelligence (AI) algorithms, the data-processing capa-
bilities of deep learning algorithms are constantly improving.
Large models, such as ChatGPT, Sora, and V-JEPA, have sur-
passed the human brain in speed and accuracy when process-
ing standardized large-scale data.[1–4] However, as shown in
Fig. 1, due to limitations in computational architectures, deep
learning algorithms lack the ability to regulate signal transmis-
sion speed and to achieve efficient information synchroniza-
tion, which is fundamental to the brain’s creativity, generaliza-
tion ability, and coordination.[5,6] Consequently, deep learn-
ing algorithms are far inferior to the brain in terms of inno-
vation and environmental adaptation. Neuromorphic networks
transmit and process information through spike sequences, and
their structures and operating principles are very similar to
those of the biological nervous system.[7] Compared with deep
learning algorithms, they have greater potential to realize the
brain’s advantageous capabilities.

Regulating signal transmission speed is crucial for the
complex, time-varying dynamic information synchronization
of the biological brain. According to functional organiza-
tion, the brain hemispheres are divided into 52 regions, which
are connected to other regions, either directly or indirectly,

through neurons, forming a complex network. The trans-
mission of commands or the processing of sensory informa-
tion requires close cooperation among multiple regions, which
demands timely sharing and transmission of information be-
tween these regions.[8,9] However, the demand for information
interaction speed between brain regions is not fixed and con-
tinuously changes according to the content of the task being
processed.[10,11] To ensure timely synchronization of informa-
tion between brain regions, the biological nervous system has
evolved the ability to regulate signal transmission speed.

Artificial synapses are mainly used in neuromorphic net-
works, and due to differences in the types of neuromorphic
networks, the design focus of synapses varies. According to
design approaches, neuromorphic networks are primarily cate-
gorized into two main types: those motivated by artificial neu-
ral networks (ANNs) and those motivated by natural neuronal
networks (NNNs).[12–16]

The first category of neuromorphic networks focuses on
converting ANNs into spiking neural networks (SNNs), us-
ing neuromorphic chips designed with leaky integrate-and-
fire (LIF) neuron nodes to perform ANN algorithms.[17–21]

For ANNs, changing synaptic weights affects the computa-
tional load rather than the signal transmission speed. In neu-
romorphic chips, changes in synaptic weights are achieved
through memory elements such as memristors or electrolyte-
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gated transistors (EGTs).[22–24] Although this approach signif-
icantly reduces the power consumption of ANN algorithms,
these synapses still cannot regulate signal transmission speed.
Their functionality and precision remain essentially compara-
ble to those of ANN algorithms.

Biological neural system

 Neuronal nodes can regulate signal 

transmission speed through synapses.

 Capable of complex, time-dependent 

 dynamic synchronization of 

 information.

Artificial intelligence algorithm

Synapses cannot regulate signal 

transmission speed; to achieve the 

same functionality, delay mechanisms 

need to be introduced.

 Possessing the ability to synchronize 

 information based on local hierarchy 

 and parameter updates.

Fig. 1. Comparison between the biological nervous system and AI algo-
rithms.

For the second type of neuromorphic network, greater
emphasis is placed on the reverse implementation of the
brain’s physiological functions, aiming to replicate the func-
tions of biological neurons, synapses, and network structures
as accurately as possible. Existing studies on biological neu-
rons have demonstrated that synaptic delay is not constant; in-
stead, it can be modulated by factors such as the presynap-
tic action potential waveform, release probability, or physi-
ological conditions, thereby optimizing the timing of infor-
mation transmission through neural circuits.[25,26] In recent
years, several studies have treated delay as a tunable parameter
and incorporated it into models, demonstrating significant im-
provements in performance or reductions in weight precision
requirements for certain temporal tasks.[27] Such approaches
are typically implemented at the software or simulation level
by employing trainable delays or by mimicking delay learning
through architectural mechanisms such as dilated convolutions
or sparse selection. At the hardware level, however, mapping
delay parameters onto controllable properties of synaptic de-
vices or circuit components, such as triggering thresholds, RC
time constants, or local delay elements, remains an active yet
challenging research direction.

Therefore, this paper begins with an examination of the
physiological structures of biological neurons and synapses,
referencing the dynamic behavior of neuronal spike firing
and the biological mechanisms underlying synaptic weight
changes, and then designs an artificial synapse. The artifi-
cial synapse is capable of spike-timing-dependent plasticity
(STDP) and of adjusting signal transmission speed. The main
contributions of this paper are as follows.

(i) This study designs excitatory and inhibitory artificial
synapse structures based on biological mechanisms and the
dynamic behaviors of synaptic weight changes. The artificial
synapses are equipped with STDP.

(ii) The Hodgkin–Huxley (HH) model is extended to in-
corporate the dynamic behavior of excitatory and inhibitory
synapses, and a neuronal circuit node is designed. The node
can adjust the firing rate by modifying synaptic weights or
stimulus types, thereby accelerating signal transmission and
processing in neuromorphic networks.

(iii) Based on the aforementioned neuronal circuit nodes,
a straightforward neuromorphic network is constructed to an-
alyze the effects of synaptic weight changes on signal trans-
mission speed, information synchronization between brain re-
gions, and competition for functional dominance among brain
regions.

This paper is organized as follows. Section 2 introduces
STDP in synapses, with a focus on the design of excitatory
and inhibitory synapses. Section 3 integrates synaptic dy-
namics into the HH model, proposing the adaptive genera-
tive neuron (AGN) model and detailing the designs of artificial
synapses and neuronal nodes. Section 4 verifies the unidirec-
tionality, memory capacity, and STDP of these artificial struc-
tures. Section 5 evaluates branching and merging connection
methods through experiments. Section 6 examines how arti-
ficial synapses control signal transmission speed, synchronize
information, and prioritize neuronal activity. Section 7 con-
cludes the paper.

2. Necessary biological background knowledge
Understanding the mechanisms of synaptic weight

changes and the dynamic behavior of biological synapses is
crucial for enabling artificial synapses to exhibit more biologi-
cal characteristics. This section mainly introduces the biologi-
cal principles and explanations underlying changes in synaptic
weights.

2.1. Excitatory synapse

Excitatory synapses enhance or promote signal transmis-
sion by releasing excitatory neurotransmitters, such as glu-
tamate. Their primary function is to depolarize the post-
synaptic neuron (i.e., raise the membrane potential), mak-
ing it more likely to generate an action potential. STDP of
excitatory synapses conforms to the description of Hebb’s
rule. Long-term potentiation (LTP) and long-term depres-
sion (LTD) are the primary manifestations of STDP. The tim-
ing interval and the firing order of spikes generated by pre-
and postsynaptic neurons are the primary factors determin-
ing whether synaptic connections undergo LTP or LTD.[28–31]

In the field of neuroscience, a time window of 10–100 ms
is widely recognized.[32–34] If the presynaptic neuron fires a
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spike first and the postsynaptic neuron fires a spike within
this time window, the synaptic weight increases, which is
known as LTP. The opposite holds for LTD. Long-term
synaptic plasticity is primarily achieved through changes in
the number and density of α-amino-3-hydroxy-5-methyl-4-
isoxazolepropionic acid (AMPA) receptor ion channels on the
postsynaptic membrane. An increase in the number and den-
sity of AMPA receptor channels enhances channel conductiv-
ity, thereby elevating synaptic weight, whereas a decrease has
the opposite effect. The concentration of Ca2+ in the post-
synaptic terminal determines the synthesis and degradation of
AMPA receptor ion channels.[30]

LTP: As shown in Fig. 2(a), AMPA and N-methyl-D-
aspartate (NMDA) receptor ion channels are embedded in the
postsynaptic membrane. Positive ions, such as Na+ and Ca2+,
from outside the cell enter the neuron through these channels,
generating postsynaptic currents that stimulate neuronal fir-
ing. NMDA receptors are primarily Ca2+-selective channels
that are normally blocked by Mg2+. Therefore, even when
bound to neurotransmitters, positive ions cannot pass through
them into the neuron. When AMPA receptors bind to neu-

rotransmitters and are activated, Na+ enters the cell along a
concentration gradient. This causes the membrane potential
(MP) of the neuron to rise, repelling the Mg2+ that blocks the
NMDA receptor and allowing Ca2+ to enter the cell in large
quantities. An increase in intracellular calcium concentration,
together with a spike-timing interval of 10–100 ms, stimulates
the postsynaptic neuron to synthesize new AMPA receptor ion
channels, thereby increasing synaptic weight.[35]

LTD: As shown in Fig. 2(b), the primary difference be-
tween the triggers for LTD and LTP lies in the firing order of
the pre- and postsynaptic neurons. For LTD, the postsynaptic
neuron fires first. When it receives neurotransmitters released
by the presynaptic neuron, it is still in a hyperpolarized state
or in the process of returning to its resting membrane poten-
tial. The postsynaptic current entering the cell through AMPA
receptor ion channels cannot raise the MP sufficiently to repel
the Mg2+ that blocks NMDA receptor ion channels. There-
fore, Ca2+ cannot enter the cell effectively. When the concen-
tration of Ca2+ inside the postsynaptic neuron is low, AMPA
receptor ion channels are degraded, thereby reducing synaptic
weight.[31]

Time

V
MP

0 20 ms

I
CaSpike fired by 

presynaptic 

neuron.

Spike fired by 

postsynaptic 

neuron.

Postsynaptic Ca2+ current

LTP: Long-term potentiation

LTD: Long-term depression

Time

V
MP

0 20 ms

I
CaSpike fired by 

postsynaptic 

neuron.

Spike fired by 

presynaptic 

neuron.

Postsynaptic Ca2+ current

r
: AMPAR ion channel conductance. 

V
MP

: Neuron membrane potential. 

N: Number of AMPAR ion channels.

I
Ca

: Postsynaptic Ca2+ current.

Dcreased synaptic 

weight.

N r

Ca2+

Increased synaptic 

weight.

N r

Mg2+

Na+

Presynaptic 
(a)

(b)

Vesicles and glutamate. 

NMDA receptor ion channel.

AMPA receptor ion 

channel.

Postsynaptic 

Fig. 2. Physiological mechanisms of LTP and LTD. (a) LTP, (b) LTD.

2.2. Inhibitory synapse

Inhibitory synapses reduce or suppress signal transmis-
sion by releasing inhibitory neurotransmitters such as γ-
aminobutyric acid (GABA) or glycine. Their primary function
is to hyperpolarize (i.e., decrease the membrane potential of)
the postsynaptic neuron, making it less likely to generate an

action potential. In the brain, inhibitory synapses account for

about 20%, and compared with excitatory synapses, synaptic

weight changes in inhibitory synapses are more complex and

less well studied. Inhibitory synapses exhibit inhibitory long-

term potentiation (iLTP) and inhibitory long-term depression

(iLTD), with synaptic weight changes reflected in variations
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in the number of GABAA receptor ion channels on the post-
synaptic membrane. At present, related studies have only
demonstrated that changes in inhibitory synaptic weights are
associated with factors such as the duration of low-frequency
stimulation, Ca2+ concentration, and growth and develop-
ment. The detailed transcriptional and hydrolytic mechanisms
of GABAA receptors still require further investigation.

3. Synapses, neuron circuit nodes, and their dy-
namics
This section introduces the physical replacements for key

neuronal organelles, the AGN model derived from the ex-
tended HH model, and the neuronal circuit physical node.

3.1. Physical replacement of organelles

The physical alternatives for each ion channel are shown
in Fig. 3(a). The main organelles involved in neuronal spike
discharge behavior include AMPA receptor ion channels, Na+

and K+ channels, and the cell membrane. The dynamic char-
acteristics of memristors are remarkably similar to the biologi-
cal properties of ion channels, making them a preferred choice
for the physical replacement of neuronal ion channels.[35–37]

According to their activation modes, these ion channels can be
classified into three categories.

3.2. Inhibitory synapse

Inhibitory synapses reduce or suppress signal transmis-
sion by releasing inhibitory neurotransmitters such as GABA
or glycine. Their primary function is to hyperpolarize (i.e.,
decrease the membrane potential of) the postsynaptic neuron,
making it less likely to generate an action potential. In the
brain, inhibitory synapses account for about 20%, and com-
pared with excitatory synapses, synaptic weight changes in in-
hibitory synapses are more complex and less well studied. In-
hibitory synapses exhibit iLTP and iLTD, with synaptic weight
changes reflected in variations in the number of GABAA re-
ceptor ion channels on the postsynaptic membrane. At present,
related studies have only demonstrated that changes in in-
hibitory synaptic weights are associated with factors such as
the duration of low-frequency stimulation, Ca2+ concentra-
tion, and growth and development. The detailed transcrip-
tional and hydrolytic mechanisms of GABAA receptors still
require further investigation.

The first category consists of non-voltage-gated leak ion
channels, as indicated by RT in Fig. 3(a). Myelination, by
structurally forming insulating sheaths and nodes of Ranvier,
functionally enables a significant increase in signal transmis-
sion speed, a reduction in energy consumption, and an en-
hancement of information reliability, thereby serving as a crit-
ical foundation for efficient neural communication. Without
considering neuronal myelination, these ion channels can be

emulated using fixed resistors to achieve their biological func-
tions. The cell membrane is replaced with a conventional ca-
pacitor when myelination is not considered. Since this study
mainly focuses on the effect of synapses on signal transmis-
sion speed, both the experimental and theoretical analyses are
conducted with the degree of myelination fixed, specifically
with RT = 2 kΩ and C = 1 µF.
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Intracellular
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Myelin sheath Lipid bilayer Na+ channel
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+

-

U
Na

R*
r

NMOSb

Excitatory

postsynaptic

Fig. 3. (a) Physical replacements for each ion channel. (b) Schematic
diagram of the neuronal circuit physical node.

The second type comprises voltage-gated ion channels,
represented by Na+ and K+ channels. High-speed, single-
compartment memristors can reproduce the physiological
functions of such ion channels.[35,37] The models of Na+ and
K+ channel memristors discussed in this paper are derived
from Refs. [35,36,38].

The third category consists of chemically gated ion chan-
nels, represented by AMPA or GABAA receptor ion channels.
The activation of this type of ion channel does not depend on
changes in membrane potential but requires binding with neu-
rotransmitters. Therefore, memristors, which are two-terminal
devices, are unsuitable for simulating their functions. Cur-
rently, the devices that most closely mimic the biological char-
acteristics of this type of ion channel are EGTs.[23,24] How-
ever, their ability to maintain stable resistance states still re-
quires further verification. Therefore, this paper adopts a com-
bination of memristors and transistors, namely a 1T1M struc-
ture, to simulate AMPA or GABAA receptor ion channels, as
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shown in branch ‘a’ of Fig. 3(b). For excitatory synapses, the
dynamics of memristor Rr are described by Eqs. (1)–(4). Due
to the lack of consensus on the biological mechanisms and
dynamic behaviors of inhibitory synaptic weight changes in
neuroscience, this paper only provides the structural design of
inhibitory artificial synapses and does not involve the design
of memristors R∗

r that satisfy iLTP and iLTD.

V (t) = (Roff − x ·∆R) · i(t), (1)

dx
dt

=


−kb1

on ·a1 · (1− x2p) · i(t) ·∆R,
Vth1 ≤V (t), x2(t)>Vth3,

kb2
off ·a2 · [1− (x−1)2p] · i(t) ·∆R,

Vth2 ≥V (t), x3(t)>Vth4,

(2)

x2(t) =



(a3) ·R∗ ·
(

1− exp
(
− t − t0

R∗ ·C∗

))
,

V (t)<Vth2, V (t0) =Vth2,

(b3) ·R∗ ·
(

1− exp
(
− t − t1

R∗ ·C∗

))
,

V (t)≥Vth2, V (t0) =Vth2,

(3)

x3(t) =



(a4) ·R∗ ·
(

1− exp
(
− t − t0

R∗ ·C∗

))
,

V (t)>Vth1, V (t0) =Vth1,

(b4) ·R∗ ·
(

1− exp
(
− t − t1

R∗ ·C∗

))
,

V (t)≤Vth1, V (t0) =Vth1,

(4)

where V (t) represents the real-time potential difference across
the terminals of the memristor; Roff and Ron represent the
resistances of the memristor in the high-resistance and low-
resistance states, respectively; and ∆R denotes the absolute
difference between them. The variable x represents the resis-
tance change coefficient, and i(t) denotes the real-time current
flowing through the memristor. Parameters a1, b1, a2, b2, p,
koff, and kon are adjustment parameters that control the varia-
tion speed and nonlinear characteristics of x. Vth1, Vth2, Vth3,
and Vth4 are the operating thresholds of the memristor. Vari-
ables x2(t) and x3(t) are activation functions that satisfy the
Hebbian rule. Parameters a3, b3, a4, b4, R∗, and C∗ are model
coefficients.

3.3. Dynamics of AGN

Due to concentration differences of various ions inside
and outside neurons, multiple Nernst potentials are formed
across the neuronal membrane. As shown in Fig. 3(b), VNa

and VK represent the Nernst potentials generated by the con-
centration gradients of Na+ and K+, respectively, with values
of 55 mV and −77 mV. Branch ‘b’ realizes the function of leak
channels, that is, the biological characteristics of non-voltage-
gated, always-open K+ channels. Therefore, the value of VT

is approximately equal to VK, namely −71 mV. Ions flow-
ing through AMPA receptor ion channels are primarily Na+;
therefore, the value of Vr is equal to VNa. Equation (5) de-

scribes the dynamics of the AGN.

I(t) = Ic(t)+∑
k

Ik(t), (5)

where Ic(t) and Ik(t) correspond to the capacitive current and
the real-time ionic currents flowing through ion channels, re-
spectively. I(t) represents the real-time total current through
the axonal cell membrane. Because of myelination and mem-
brane potential variations, Ic(t) can be further expressed as

Ic(t) =
C(t) · du

dt
, (6)

where C(t) represents the real-time membrane capacitance,
and du

dt denotes the rate of change of the membrane potential.
C(t) is determined by the dynamic equation of the voltage-
gated capacitor.[15] The real-time currents flowing through
each ion channel are given by

∑
k

Ik(t) = gNa(t) · (u−VNa)+gK(t) · (u−VK)

+gr(t) · (u−VNa)+g∗r (t) · (u−VCl)

+gT(t) · (u−VT), (7)

where gNa(t), gK(t), gr(t), g∗r (t), and gT(t) represent the real-
time conductances of the ion channel memristors shown in
Fig. 3(b), with values determined by the corresponding mem-
ristor dynamic equations. VNa, VK, VT, and VCl correspond to
the Nernst potentials generated by ionic concentration gradi-
ents. The variable u represents the real-time membrane poten-
tial of the neuron.

Synapses primarily regulate signal transmission speed
by modulating the instantaneous firing frequency of neuronal
spikes. Therefore, based on the neuron model, this study in-
vestigates the relationship between synaptic weight and instan-
taneous firing frequency. Since the activation of inhibitory
synapses suppresses neuronal spiking, the analysis primarily
focuses on excitatory synaptic inputs. As illustrated in Fig. 4,
an increase in excitatory synaptic weight (i.e., a higher con-
ductance gr) leads to an increase in the instantaneous firing
frequency, thereby accelerating neural signal transmission.

0.1 0.4 0.7 1.0

gr (mS/m)

0

0.5

1.0

1.5

2.0

2.5

F
 (

k
H

z
)

Fig. 4. Relationship between synaptic weight and the instantaneous firing
frequency of neuronal output spikes.
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4. Simulation
Through simulation of the neuronal circuit physical node,

the unidirectional transmission, the impact of synaptic weight
changes, and the STDP behavior of the artificial synapse struc-
ture are validated. The simulation is based on PSpice.

4.1. Verification of unidirectional signal transmission

Unidirectional signal transmission refers to the phe-
nomenon whereby the firing of a postsynaptic neuron does
not affect the membrane potential of the presynaptic neuron.
Unidirectionality clarifies the transmission target, prevents re-
verse signal interference, and supports the hierarchical organi-
zation of complex networks. Specifically, unidirectionality fa-
cilitates independent adjustment of synaptic weights, thereby
enabling the learning and memory capabilities of neural net-
works. Unidirectionality is an inherent characteristic of neu-
ral networks, and synapses, serving as communication bridges
between neurons, must ensure unidirectional signal transmis-
sion. Both excitatory and inhibitory synapses transmit signals
via receptor ion channels.[39] Therefore, testing the unidirec-
tionality of the receptor ion channel circuit can serve as an
indirect verification of whether the corresponding excitatory
and inhibitory synapse circuits possess unidirectional signal
transmission properties.

(a)

U1 or U2: The membrane potential of AGNCN
No. 1 or No. 2.

(b)

Input

PresynapticPostsynaptic
or or

Output

Synaptic 
connection

1 2
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Iin2: Stimulation current for neuron No. 2.
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Fig. 5. (a) Neuron connection scheme in the synaptic unidirectional trans-
mission verification experiment. (b) Simulation results of unidirectional-
ity verification.

As shown in Fig. 5(a), a short chain consisting of two
neurons is designed. By applying input current stimulation
(Iin2 > 0, corresponding to excitatory stimulation) to the post-
synaptic neuron No. 2 to induce it to fire spike trains, while
observing the membrane potential changes of the presynaptic
neuron No. 1, it is possible to determine whether the artificial
synapse exhibits unidirectionality.

As illustrated by the simulation results in Fig. 5(b), the
input current stimulation causes postsynaptic neuron No. 2 to
fire a high-frequency spike train. In contrast, the membrane
potential of presynaptic neuron No. 1 remains unchanged.
The results demonstrate that the membrane potential of presy-
naptic neuron No. 1 is independent of whether postsynaptic
neuron No. 2 fires spikes, directly verifying that the artifi-
cial synapse structure possesses the capability for unidirec-
tional signal transmission. As shown in Fig. 3(b), the struc-
tures of excitatory and inhibitory synapses are identical, with
the differences lying in their corresponding Nernst potentials
and transistors. Therefore, verifying that the artificial synap-
tic structure possesses unidirectional transmission is sufficient,
and there is no need to verify excitatory and inhibitory artifi-
cial synapses separately.

4.2. Verification of impact of synaptic weight changes

Whether synaptic weight changes can affect the firing
characteristics of neurons is a key issue in the design of ar-
tificial synapses, and this must be validated before verifying
STDP. Similar to the verification of unidirectionality, since the
structure of the artificial synapse is the same, there is no need
to separately verify the impact of weight changes for excita-
tory and inhibitory artificial synapses. Subsequent simulations
therefore still take the excitatory artificial synapse structure as
an example.
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As shown in Fig. 6(a), an artificial excitatory synapse con-
nects two neuron circuit nodes. By applying constant stimula-
tion to induce neuron No. 1 to fire spikes at a fixed frequency,
the weight of the artificial synapse is adjusted, and the mem-
brane potential changes of neuron No. 2 are observed to verify
whether synaptic weight changes affect neuronal information
transmission. The simulation results are shown in Fig. 6(b).
When the weight of the artificial synapse is relatively low
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(Rr(1−2) = 15 kΩ), the constant output of neuron No. 1 only
causes oscillations in the membrane potential of neuron No. 2.
However, when the weight increases (Rr(1− 2) = 5 kΩ), the
constant output of neuron No. 1 can induce neuron No. 2 to
fire spikes. These simulation results demonstrate that changes
in the weight of the artificial synapse can strengthen or weaken
the influence of presynaptic neuron No. 1 on the firing charac-
teristics of postsynaptic neuron No. 2. This indicates that the
weight adjustment mechanism in the artificial synapse struc-
ture proposed in this study can effectively alter signal trans-
mission pathways within the neuromorphic network.

4.3. Verification of STDP in artificial excitatory synapses

As mentioned earlier, due to the lack of conclusive re-
search in modern neuroscience regarding the biological mech-
anisms and dynamic behavior of inhibitory synapses, this
study could not design memristors to fully realize the iLTP and
iLTD characteristics of inhibitory synapses. Therefore, only
the verification of STDP in artificial excitatory synapses is pro-
vided here. As shown in Fig. 7(a), two neuron circuit nodes are
connected by an artificial excitatory synapse. In this setup, the
AMPA receptor ion channels of the presynaptic neuron No. 1
are set to be closed, causing the neuron to emit spikes con-
tinuously at a fixed frequency. Following Hebbian’s law, the
precise timing of the excitatory stimulus input to the postsy-
naptic neuron No. 2 controls whether the postsynaptic neuron
emits spikes before or after the presynaptic neuron. Under the
condition that Hebbian’s law is satisfied, the synaptic weight
change of the artificial synapse is carefully observed to ver-
ify whether it exhibits STDP. Simulation results are shown in
Figs. 7(b) and 7(c).
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Fig. 7. (a) Neuron connection scheme for verifying STDP; (b) LTP of
synapses; (c) LTD of synapses.

Comparing U1 and U2 in Fig. 7(b), within the window
period, the presynaptic neuron No. 1 fires before the postsy-
naptic neuron No. 2, satisfying the condition for LTP. As Rr

decreases, the synaptic weight increases, indicating that the ar-
tificial synapse exhibits LTP characteristics similar to those of
biological synapses. A smaller Rr corresponds to a larger arti-
ficial synaptic weight. This important conclusion can be drawn
by comparing the results shown in Figs. 6(b) and 6(c). Com-
paring U1 and U2 in Fig. 7(c), during the window period, the
postsynaptic neuron No. 2 fires before the presynaptic neuron
No. 1, satisfying the condition for LTD. As Rr continuously
increases, the synaptic weight decreases, indicating that the
artificial synapse exhibits LTD characteristics similar to those
of biological synapses. After satisfying Hebbian’s law, the ar-
tificial excitatory synapse can undergo long-term potentiation
or long-term depression, clearly demonstrating that it exhibits
STDP.

5. Physical experiment
After verifying unidirectionality and STDP, it is necessary

to verify whether the artificial synapse structure can support
branching or merging connections.

(a)

Na memristor  circuit

I
na

R
4

R
6

R
5

R
2

R
3

R
8R

7

R
1

DC
2

DC
1

DC
3

DC
4

Q
1

PMOS
1

a

b

c d

f

Output

T
1

PMOS
2

PMOS
3

D
1

I
k

R
10

R
12

R
11

R
9

DC
6

DC
5

DC
7

Q
2

T
2

R
T

In
p
u
t

R
r

NMOS
1

NMOS
2

CDC
8

DC
9

K memristor  circuit

(b) 

Neuronal circuit

Data acquisition 

card

Fig. 8. (a) Physical experiment setup. (b) Equivalent circuit of Na+ and
K+ channel memristors.

5.1. Physical experiment setup

The physical experiment setup is shown in Fig. 8(a). To
collect continuous spike sequences, a signal acquisition plat-
form is built based on an NI acquisition card (model USB-
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6002), with the sampling rate set to 50000 Hz, which fully
covers the frequency variation range of the spike sequences.
The neuron circuit is constructed as shown in Fig. 3(b), and
the Na+ and K+ channel memristors are replaced by equiva-
lent circuits. The equivalent circuits of the Na+ and K+ chan-
nel memristors are shown in Fig. 8(b).

5.2. Physical experiment and result analysis

As shown in Figs. 9(a) and 9(b), four neurons are con-
nected to verify the branching and merging connection func-
tionalities of artificial synapses. The physical experiment re-
sults for branching and merging are shown in Figs. 10(a) and
10(b). In the branching experiment results shown in Fig. 10(a),
due to the different synaptic weights between presynaptic neu-
ron No. 1 and postsynaptic neurons No. 2, No. 3, and No. 4,
only postsynaptic neuron No. 4 successfully emitted action
potentials. However, the membrane potentials of postsynap-
tic neurons No. 2 and No. 3 also exhibited varying degrees of
oscillation. The information carried by the presynaptic neu-
ron was successfully transmitted through the artificial synapse
structure to the postsynaptic neurons via three separate path-
ways.

In the merging experiment results shown in Fig. 10(b),
postsynaptic neuron No. 4 successfully integrated the infor-
mation carried by presynaptic neurons No. 1, No. 2, and No. 3
through the artificial synapses, expressing it in the form of an
irregular spike sequence. The results of the branching and
merging physical experiments demonstrate that the artificial
synapse structure designed in this study can be used to con-
struct complex neuromorphic networks.
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6. Advanced functional properties of artificial
synapses in neuromorphic networks
The previous sections have validated the unidirectional-

ity, STDP, and branching and merging functions of the artifi-
cial synapse structure proposed in this study. Existing artificial
synapses include the features mentioned above, but biological
synapses possess many additional functions. Next, we discuss
three aspects in more detail: signal transmission speed regula-
tion, information synchronization, and priority control.

6.1. Regulation of signal transmission speed through exci-
tatory synaptic modulation

The brain recruits neurons to form neural clusters with
specific functions to complete related tasks. Neurons within
the cluster require high-frequency interactions. Due to the
close spatial distance between neurons, most information
transmission relies on unmyelinated neurons. In the cellu-
lar structure of unmyelinated neurons, synapses play a role
in regulating the speed of signal transmission. Therefore, we
have incorporated the function of controlling signal transmis-
sion speed into the design of artificial synapses. This can be
verified through a three-neuron link, as shown in Fig. 11. In
the experiment, neuron No. 1 generates spikes at a fixed fre-
quency, as shown in Figs. 12(a) and 12(b). By adjusting the
synaptic weights between neuron No. 1, neuron No. 2, and
neuron No. 3, the time at which neuron No. 3 fires its first
spike is recorded. This allows us to determine whether the
artificial synapse can regulate the signal transmission speed.

Input (Iin) Output
2 31

Synapse exhibits STDP

Excitatory synaptic 
connection

Fig. 11. Verification of artificial synapses in regulating signal transmis-
sion speed in a neuromorphic link.
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As shown in Figs. 12(c) and 12(d), in the low-speed
mode, when the synaptic weight is low (with larger Rr(1−2)
and Rr(2 − 3)), the first spike from neuron No. 3 occurs at
9 ms. In the high-speed mode, as shown in Figs. 12(e)
and 12(f), when the synaptic weight is higher (with smaller
Rr(1−2) and Rr(2−3)), the first spike from neuron No. 3 oc-
curs at 6.3 ms. By adjusting the synaptic weight, the time for
the signal to travel from neuron No. 1 to neuron No. 3 is re-
duced by 2.7 ms, indicating that the artificial synapse structure
proposed in this study can effectively regulate signal transmis-
sion speed in neuromorphic networks.

It is important to note that synaptic regulation of trans-
mission speed applies primarily to shorter transmission links,
whether in biological neural systems or neuromorphic net-
works. This is because changes in synaptic weight alter the
magnitude of the postsynaptic membrane current, leading to a
large influx of cations into the cell in a short time. As a re-
sult, more energy is required to restore the neuron to its orig-
inal ionic concentration balance after firing. Increasing the
postsynaptic membrane current in biomimetic neural circuit
nodes also leads to higher energy consumption.[40,41] There-
fore, myelinated biomimetic neural circuit nodes should still
be used to reduce energy consumption when adjusting the
transmission speed for long-link communication.

6.2. Synaptic mechanisms for information synchroniza-
tion across brain regions

The timely sharing of signals between brain regions is the
foundation for cooperation among different brain regions, and
the signal regulation function of synapses plays a crucial role
in this process. As shown in Fig. 13, assume that brain region
No. 1 receives a signal and, after processing it, needs to simul-
taneously transmit the information to brain region No. 3 and

brain region No. 4 for further processing. However, the signal
fired by brain region No. 1 must be processed by brain region
No. 2 before it can be transmitted to brain region No. 3. There-
fore, compared to the neuronal pathway between brain region
No. 1 and brain region No. 3 (neuron No. 1 to neuron No. 3),
the neuronal pathway between brain region No. 1 and brain re-
gion No. 4 (neuron No. 1 to neuron No. 4) has one less neuron.
By adjusting the weights of the artificial synapses, the signals
can reach brain region No. 3 and brain region No. 4 almost
simultaneously, meeting the requirement for information syn-
chronization between brain regions. This can be demonstrated
through a simple experiment.

Synapse exhibits STDP

Excitatory synaptic 
connection

Output

2

Input (Iin)

3

4

Output

1

1

2

3

4

Fig. 13. Conceptual diagram of information synchronization across brain
regions.

The four neurons are connected according to the structure
shown in Fig. 14(a). As shown in Figs. 14(b) and 14(c), un-
der constant excitatory stimulation, neuron No. 1 emits spikes
at a fixed frequency. For the first pathway, the signal is gen-
erated by neuron No. 1, passes through neuron No. 2, and is
transmitted to neuron No. 3. The moment neuron No. 3 fires
its first spike is at 9.2 ms. For the second pathway, the sig-
nal is generated by neuron No. 1 and directly reaches neuron
No. 4. The moment when neuron No. 4 emits its first spike
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is at 8.9 ms. The signals almost simultaneously reach neuron
No. 3 and neuron No. 4.

The relationship between the synaptic weights of the two
signal transmission pathways and the times at which the sig-
nals reach the endpoints is shown in Fig. 15. For the path
from neuron No. 1 to neuron No. 3, the weights Rr(1−2) and
Rr(2−3) are adjusted to control the signal transmission speed,
as shown in Fig. 15(a). For the pathway from neuron No. 1 to

neuron No. 4, adjusting the weight Rr(1−4) controls the sig-

nal transmission speed, as shown in Fig. 15(b). The relation-

ship between synaptic weights and the times it takes for sig-

nals to reach the endpoints of different pathways demonstrates

that, even with varying transmission routes and distances, ad-

justing synaptic weights can synchronize signal arrival times

at the endpoints, achieving information synchronization.
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6.3. Inhibitory synapses for functional competition and
priority control among brain regions

The previous sections have discussed and verified most of
the characteristics of artificial excitatory synapses. This sec-
tion will introduce the function of inhibitory synapses. Func-
tional competition between brain regions refers to the dy-
namic interaction where different brain regions compete for re-
sources, attention, or processing time to perform various cog-
nitive tasks. This competition can arise when multiple brain
regions are involved in processing different tasks simultane-
ously, leading to the need for the brain to prioritize certain
functions over others. In this case, inhibitory synapses can reg-

ulate which brain regions are most active or dominant at any
given time, helping to manage competition and ensuring the
priority of critical functions while minimizing interference be-
tween competing processes. An experiment can be conducted
to demonstrate how artificial inhibitory synapses help manage
functional competition and priority control between brain re-
gions.

As shown in Fig. 16(a), when a person or animal is sub-
jected to a sudden intense stimulus or injury, the instinctive
response is to avoid it. However, as shown in Fig. 16(b), a
person can consciously control their limbs to endure harm,
which involves regulating the brain and inhibitory synapses.
As shown in Fig. 16(c), assume brain region No. 1 receives
and processes pain information, brain region No. 2 generates
the idea and controls the limb to endure the harm, and brain
region No. 3 controls the limb to avoid harm. When a person
is subconscious and suddenly experiences a strong stimulus
or injury, brain region No. 1 receives the pain information. It
sends the processed result to brain region No. 3, causing the
person to avoid harm.

However, when a person intends to endure harm, it is first
necessary to prevent the function of brain region No. 3 from
taking effect. At this point, brain region No. 2, through in-
hibitory synapses, suppresses the neurons in brain region No. 3
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from generating action potentials, making it impossible for
the person to avoid harm. In this process, brain region No. 2
has a higher priority than brain region No. 3, as its activation
suppresses the function of brain region No. 3. As shown in
Figs. 17(a) and 17(b), constant excitatory input is used to in-
duce neuron No. 1 (corresponding to brain region No. 1) to

emit spikes at a fixed frequency, simulating pain signals. As
shown in Figs. 17(c) and 17(d), in a subconscious state, neuron
No. 2 (corresponding to brain region No. 2) does not generate
action potentials. In contrast, neuron No. 3 (corresponding to
brain region No. 3) generates action potentials and success-
fully begins avoiding harm at 7.7 ms.
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Fig. 16. Functional competition among brain regions. (a) In a subconscious state, the body actively avoids harm with minimal brain involvement.
(b) Under conscious control, the body endures harm. (c) Functional competition and priority control among brain regions.
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Fig. 17. Experimental results of functional competition and priority regulation among brain regions. (a) Excitatory input stimulus to neuron No. 1.
(b) Spikes output by neuron No. 1. (c) Neuron No. 2 output in the subconscious avoidance state; (d) neuron No. 3 output in the subconscious
avoidance state; (e) neuron No. 2 output in the delayed avoidance scenario; (f) neuron No. 3 output in the delayed avoidance scenario; (g) neuron
No. 2 output when actively enduring harm; (h) neuron No. 3 output when actively enduring harm.

There are two scenarios for consciously enduring harm:
delaying harm avoidance actions and continuously enduring
the harm. As shown in Figs. 17(e) and 17(f), for the first sce-
nario, the artificial inhibitory synapse weight is low (Rr(2−
3) = 5.2 kΩ), and the action potentials fired by neuron No. 2
cannot completely suppress the spikes from neuron No. 3.
neuron No. 3 fires a spike at 9.1 ms, delayed by 1.4 ms com-
pared to the subconscious state. As shown in Figs. 17(g) and
17(h), for the second scenario, the artificial inhibitory synapse
weight is higher (Rr(2− 3) = 2.2 kΩ). The action potentials

emitted by neuron No. 2 completely suppress the spikes from
neuron No. 3, allowing the active endurance of harm. Neuron
No. 2 emits a spike, causing neuron No. 3 to either delay or
not emit a spike. At this point, the function of brain region
No. 2 dominates, verifying the role of inhibitory synapses in
functional competition and priority regulation between brain
regions. In addition, inhibitory synapses can prevent neurons
from becoming excessively excited, helping to avoid neuro-
logical disorders such as epilepsy, which are caused by abnor-
mal neuronal discharge.
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7. Conclusion
In this study, we propose artificial excitatory and in-

hibitory synaptic structures and verify most of the physiolog-
ical functions that synapses should possess. In particular, we
provide a detailed discussion on the role of artificial synapses
in regulating signal transmission speed, information synchro-
nization, functional competition, and priority control between
brain regions in a neuromorphic network. First, starting from
the physiological structure of biological synapses, we discuss
the STDP of excitatory and inhibitory synapses and design
artificial excitatory and inhibitory synaptic structures. Next,
based on the HH model, we incorporate the dynamic behav-
ior descriptions of excitatory and inhibitory synapses, pro-
pose the AGN model, and design the corresponding physical
node. Finally, experiments are conducted to verify the arti-
ficial synapses’ unidirectionality, STDP, and branching and
merging connection methods. The experiments demonstrate
that artificial synapses can regulate signal transmission speed
in a neuromorphic network, synchronize information across
different regions promptly, and control functional competition
and priority among various regions.

Information synchronization and priority control of func-
tional regions are crucial for the smooth operation of robotic
movements. In the future, further exploration will be con-
ducted on the physiological functions of excitatory and in-
hibitory synapses to improve the design of artificial synapses.
At the same time, the relationship between synaptic regulation
of signal transmission speed and energy consumption will be
further investigated. These advancements will be applied to
robotic motion control systems while providing a theoretical
foundation for the further development of neuromorphic net-
works.
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