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Working memory is a fundamental aspect of brain cognitive function. Its anti-interference ability relies on the network
structure and the balance between excitatory and inhibitory neurons in neural systems. Here, we discuss the resistance of the
spiking neuron-astrocyte network (SNAN) to noise interference of the input signal during working memory tasks, and we
underscore that astrocytes play an essential regulatory role in synaptic plasticity. These results indicate that, compared to the
SNAN and spiking neuron network (SNN), the improved SNAN incorporated 2-Arachidonoylglycerol (2-AG) modulation
displays notable resistance to high noise interference. The improved SNAN shows optimal working memory performance,
demonstrating a greater correlation between recalled patterns and input patterns. This may be due to the reduced connection
sparsity of the neural network and decreased neural firing frequency caused by 2-AG, as well as its simultaneous impact
on the secretion of glutamate. At the same time, astrocytes affecting memory maintenance generate overlapping calcium
signals in multi-task working memory. In addition, astrocytes can significantly enhance working memory performance by
modulating synaptic coupling under high noise interference. This study may provide insights into understanding the role of
astrocytes in the neural mechanisms of working memory and information processing.

Keywords: working memory, astrocytes, anti-interference ability, spiking neuron-astrocyte network, synaptic

plasticity
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1. Introduction

Within the hierarchical structure of the memory system,
working memory (WM) serves as a critical hub linking tran-
sient sensory information to long-term memory.!!! It under-
takes the functions of short-term information storage, real-
time processing, and dynamic updating, and is a prerequisite
for accomplishing complex cognitive tasks such as problem-
solving and decision-making.!>3! From a neurophysiological
perspective, information processing in working memory does
not rely on a single brain region. Instead, it is achieved through
a distributed neural circuit centered on the prefrontal cortex
(PFC), which collaborates with the parietal cortex, temporal

5.[4-61 Pyramidal neurons in the pre-

cortex, and hippocampu
frontal cortex maintain information storage through sustained
excitatory firing, while inhibitory interneurons regulate their
firing frequency and synchrony, ensuring the balance of neural
circuits and the specificity of information coding.!”-%!

With the advancement of neuroscience technologies, the
traditional understanding that neurons dominate neural circuits
has been challenged. As the most abundant glial cells in the
central nervous system, astrocytes do not merely fulfill passive

functions such as structural support and nutrient supply. In-
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stead, they form a tripartite synapse network with neurons and
synapses, and deeply participate in the regulation of working
memory through bidirectional signaling.!®!°! In the informa-
tion processing of the tripartite synapse, glutamate released by
presynaptic neurons not only acts on postsynaptic neurons to
induce membrane potential changes but also activates mGIuR
receptors on the surface of astrocytes, triggering an increase
in intracellular calcium ion concentration.!'!! Endocannabi-
noids (e.g., 2-arachidonoylglycerol, 2-AG) released by postsy-
naptic neurons regulate astrocytic calcium signaling pathways
and the release of gliotransmitters by binding to CB1 recep-
tors on astrocytes.!>!3] These gliotransmitters further modu-
late synaptic neurotransmitter release probability and NMDA
receptor-mediated synaptic plasticity, enabling precise regula-
tion of the encoding, maintenance, and retrieval of working
memory.!'*! In addition, astrocytes possess multiband signal
transmission capabilities; millisecond-to-second calcium sig-
nals respond to transient information, while second-to-minute
metabolic signals participate in long-term processing. This
characteristic allows them to efficiently cooperate with neu-
rons, encode diverse working memory information, and deter-

mine the upper limit of storage capacity.[!>-17]
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The cognitive environment of the biological brain is not
ideally interference-free. External visual and auditory noise,
as well as internal perturbations, such as random fluctuations
in neural activity and inherent variability in synaptic trans-
mission, can threaten the stable storage and processing of
working memory information.!'® Nevertheless, the human
brain can still maintain efficient and stable working mem-
ory performance. Its innate anti-interference capacity pro-
vides significant biological inspiration for the construction
of robust brain-inspired intelligence models.!!*>*3! Tradi-
tional spiking neural network (SNN) models primarily reg-
ulate synaptic connection strength by incorporating synaptic
plasticity mechanisms, and exhibit certain anti-interference
capabilities under simple interference scenarios such as Gaus-
sian white noise and salt-and-pepper noise.?%>!1 Some stud-
ies adjust the update rules of synaptic weights dynamically
to enable models to encode information under noise inter-
ference, but there exists a trade-off between improved ro-
bustness and decreased accuracy — enhanced network fault
tolerance reduces the recognition precision of target infor-
mation. The random heterogeneous spiking neural network
(RandHet-SNN) improves network adaptability to noise and
reduces performance fluctuations under different noise inten-
sities by randomizing key neuron parameters such as time con-

22231 Despite cer-

stants and membrane potential thresholds.!
tain breakthroughs in anti-interference performance, these im-
proved models all rely on engineering optimization strategies.
This results in insufficient biological interpretability for the
enhanced robustness, making it difficult to essentially replicate
the anti-interference advantages of the biological brain. The
emergence of the spiking neuron-astrocyte network (SNAN)
model provides a new approach to addressing this issue of bi-
ological interpretability. Original SNAN models successfully
recapitulated the encoding and maintenance of working mem-
ory by simplifying astrocytic calcium signaling models to sim-
ulate bidirectional neuron-astrocyte interactions. 3”1 In de-
layed matching task simulations, the model achieved short-
term storage of target stimulus information through their co-
operation, with performance highly consistent with neural ac-
tivity patterns observed in biological experiments.!?*>3] Ex-
isting SNAN models have significant limitations. First, they
fail to integrate regulatory pathways of key endocannabinoids
such as 2-Arachidonoylglycerol (2-AG) — a core pathway for
tripartite synapses to maintain neural circuit balance, where 2-
AG regulates astrocytic functions via CB1 receptors — render-
ing the models unable to truly recapitulate the anti-interference
logic of biological neural circuits.[*®) Second, most related
studies focus on their working memory performance in noise-
free or low-noise environments, without systematically inves-
tigating performance changes under different noise intensities,
thus failing to clarify the astrocytes’ regulatory role in main-

taining working memory stability in noisy environments.27-28]

To address the aforementioned research gaps, this study
proposes an improved SNAN model integrated with the en-
docannabinoid (2-AG) regulatory mechanism. It aims to re-
solve issues such as insufficient biological interpretability and
incomplete simulation of anti-interference mechanisms in ex-
isting models by accurately mimicking the molecular and cel-
lular regulatory processes of the biological tripartite synapse
network. The core innovations of the improved model lie in
two aspects: (1) Integration of the 2-AG biosynthetic pro-
cess, CB1 receptor-mediated signal transduction pathway, and
glial transmitter release/regulation mechanisms into the SNAN
framework. Astrocytes dynamically modulate the synaptic
coupling strength of networks and enhance network hetero-
geneity to mimic the diverse intercellular interactions in bi-
This enables high-fidelity re-

capitulation of the structure and function of biological neu-
[29-31

ological tripartite synapses.
ral circuits. 1 (2) Design of working memory simulations
with multi-level noise intensity gradients, systematically com-
paring the working memory accuracy (Cp) of the improved
SNAN model, traditional SNAN model (without 2-AG reg-
ulation), and SNN model; quantitatively clarifying the gain
effects of astrocytes and 2-AG pathway activation on the
model’s anti-interference performance, providing computa-
tional validation for the anti-interference mechanism of net-
works.

In this paper, 2-AG and glial transmitter modulation are
introduced to the neuron—astrocyte network (SNAN) to bet-
ter mimic the brain’s network. The network topology is con-
structed using Izhikevich neurons and astrocyte networks, con-
stituting the first key attribute. Astrocytes modulate by inte-
grating neuronal information, adjusting their dynamics, and
providing feedback to neurons. Spike-timing-dependent plas-
ticity (STDP) is utilized to adjust the synaptic weight of the
improved SNAN for increased heterogeneity, the second key
attribute. The resulting astrocyte network model, integrating
these attributes, is named the improved SNAN model.

2. Model and method
2.1. Spiking neuron-astrocyte network

The design of the network framework is crucial for con-
structing neuron—astrocyte network models and for under-
standing the mechanisms underlying the formation and main-
tenance of working memory. In this paper, the improved
SNAN model shown in Fig. 1(a) is adopted, which employs
a 2D grid-structured neuronal network. Each pixel in the
79 x 79 input layer is connected to one neuron in the L x H
(79 x 79) neuronal layer, and the network nodes use the Izhike-
vich model. Each neuron can be randomly connected to up to

40 other neurons, and the neuronal layer is connected to the
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next astrocyte layer via nearest-neighbor connections. Exper-
iments have shown that cortical astrocytes in the human brain
contact an average of 4 to 8 neuronal somata. >8] Therefore,
each astrocyte is assumed to interact with a 4 x 4 rectangular
region of neurons, and the astrocyte network adopts a W x T
(26 x 26) square structure. The grayscale values of the input
images are converted into input currents I(If‘;‘)) and mapped onto
the 79 x 79 neurons to provide input signals for the network
model.

The tripartite synapse involves neurons and astrocytes,
and their regulatory process in working memory is shown in
Figs. 1(b) and 1(c), separately. First, activated presynaptic
neurons (PrSNs) release glutamate, which activates mGluRs
on postsynaptic neurons (PoSNs) and astrocytes to send mes-
sages (in regulation process 2).

If PoSNs are excited strongly enough, they generate an
action potential and release 2-AG, an endogenous cannabinoid
that acts on astrocyte type 1 cannabinoid receptors (CB1Rs)

Learning

Astrocytes
(26x26)

Neurons

Input
(@) (79x79)

(79%79)

Synaptic gap FARTR

(in regulation processes 3 and 4). Glutamate and 2-AG interact
with astrocyte receptors, triggering the intracellular produc-
tion of inositol 1,4,5-trisphosphate (IP3). IP3 binds to IP3 re-
ceptors on the ER, releasing stored calcium into the cytoplasm
(in regulation processes 5 and 6). Information is converted into
neuronal spikes, and Ca®>* waves are produced in the astrocyte
network to encode and transmit information. When the Ca’*
concentration in astrocytes reaches a specific threshold, they
release gliotransmitters such as glutamate (in regulation pro-
cess 7). These gliotransmitters interact with mGluRs on neu-
rons, resulting in indirect excitatory effects on PrSNs, referred
to as endogenous cannabinoid-mediated synaptic potentiation
(e-SP). Astrocytes release gliotransmitters in response to syn-
chronized neuronal activity when Ca®>* concentrations exceed
0.15 um. Astrocyte activity impacts all connected neurons and
is key for working memory. It involves over 50% of neurons
activating together and is simulated by each neuron’s activated

input synapses. 333

Presynaptic neuron

: 2 Postsynaptic neuron
Spike o2, . ®
e g
@7\ J- N
|
= 1©
QS Interneuron
!
@
Astrocyte
_A.- Action potential il Metabotropic glutamate receptors 1 (mGluR1)
@ Calcium lon il Cannabinoid receptor (CB1Rs)
1,4,5-trisphosphate (IP;) Sl Metabotropic glutamate receptors 2 (mGluR2)
IP; receptor ®  Glutamate
0 Calcium channels ®  2-Arachidonoylglycerol (2-AG)

Endoplasmic reticulum (ER) ®  Gliotransmitters

Fig. 1. Schematic representation of the neuron—astrocyte network and its tripartite synaptic regulatory mechanisms. (a) Model of neuron—
astrocyte networks. Model includes a pulsatile neural network (L x H) and an astrocyte network (W x T'), characterized by specific neuronal
connections. Raw images are transformed into current signals and input into the network, with the output represented as the average firing rate
of neurons, indicating memory recall. (b) Tripartite modulation of synapses. (¢) Working memory regulation process.

2.1.1. Spiking neural network

The Izhikevich model describes neuronal dynamics in
spiking neural networks, enabling efficient computation while

preserving biological accuracy. The model?** is given by
dv(iﬁj) 2 Tapp syn
dU;; ;
% = a(bV; ;) — Ui j)), (D

and the auxiliary after-spike reset:

V(t]) «—C,

if V(; ;) >30mV, then { Upj) < Ugjy+d, 2)

where V(; ;) represents the membrane potential of neuron (i,))
G,j=1,...,79), and Um) signifies the recovery variable of
the neuron. The parameters are defined as a = 0.1, b = 0.2,

¢=—65mV, and d = 2.13637] Ig?l;l)j represents the external in-

put current signal. The synaptic current I(Siy;.l>, generated by

excitatory and inhibitory synapses, is calculated as!3!-3%-3]

syn __ ysynE synl
Iigy = iy Ty
— P NZE g?zIJl) (EsynE 7V(i7j))
_yk
k=1 1+exp (h)

ksyn

+(1—Fg)
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N g?zr}) (Esynl - V(i /'))

k=1 1+exp( kvy":e)

X

; 3)

where I(Sly?f and I<Sly ;)I represent excitatory and inhibitory synap-
tic currents, and Py denotes the fraction of excitatory neurons.
Egyng and Egypp represent the reversal potentials of excitatory
and inhibitory synapses, respectively. The term Ve denotes
the membrane potential of PrSNs.

Here, g( ) represents neural synaptic coupling,

syn

Lo = Wi T &G “)

ij)

where the synaptic weight w(; ;) is dynamically modified for
the synaptic coupling only during the training phase using the
spike-timing dependent plasticity (STDP) rule. The synaptic
weights are initialized at 0.0001, and the maximum weight is

denoted as wyay. The precise update rule is40=?!

wi k() +nexp(At/T), At >0,
Ny t+1) = (i,)):k
W( .,]),k( ) { W(i,j),k(t) -1 eXp(Af/T ’

where (m, n) represents the position coordinates of astrocytes
(where m, n =1, ..., 26). [Caz*‘](m,n) represents the calcium
concentration in the cytoplasm of astrocytes, [IP3](,,,) indi-
cates the steady-state concentration of IP3, and / is the frac-
tion of the endoplasmic reticulum (ER) surface covered by ac-
tivated IP3 receptors. W, ,) refers to the activity window as
defined in Eq. (19), and ¢ indicates the efficacy factor of cal-

cium ions in relation to active cellular depletion. The fluxes

are defined:
— (14 1/e)[Ca*"
JER = ¢y [Ca> 33 [1Ps)? (eofer = (1+1/e)ICa ])3 )
(([1P3] +di) ([Ca*"] +d4))
in_ V5 [IP3]2
k3 + [IP5)2”

Jout — ki [Ca2+] ®

Jiek = iy, (Co/Cl —(1+ 1/01)[Ca2+]) ,

Jpump — V3 [Ca2+]2 7

k3 +[Ca®T]?
JPLCS _ V4 ([Ca”] +(1- O‘)k4)
[Ca”] + kg4 ’

where JER represents the calcium flux from the endoplasmic

reticulum to the cytoplasm. Ji™ and J°" indicate the exchange
of calcium ions with the extracellular space. J'** refers to the

_|_Jleak _qufnp—"_diff?rz,n)

JAG T JPLCS 4 qiffP3

d[Ca*"] (m,n) ER i t
B TEE R R
dlP3Jimm — 1PS-IPs)en | a1
dt = TIP3 +J( . n) +
dh(m,l‘l) [IP3] (m,n) +d,
dr % (

Wi,k € [0.0001, Winax], ©)

where 7 (= 20 ms) represents the time constant of the PrSN
and PoSN traces, n denotes the greatest change in synaptic
weights, and Ar signifies the time interval between the firing
of the presynaptic neuron and the postsynaptic neuron.

The ratio of activated synapses to total connections is

syn NActtlvated
Sol7" = 0‘17’ 6
i) =~ Nom ©)

where Nyt (=N E +NI) represents the total connective num-
ber for each neuron linked to the other 40 neurons, and the

number of activated neurons is NAStvated,

2.1.2. Astrocyte network

The astrocyte network dynamics involve calcium ions
(Ca2+), inositol 1,4,5-trisphosphate (IP3), and the proportion
of activated IP3 receptors (4). The dynamics are calculated

using the Ullah model: 3]

(mn) — Y (mn) = W)

(m.n) 0

(m.n)?

dy P5] () T3 (1 h(m,n)) - h(m.n) [Caz+](m,n)) )

leakage flux from the endoplasmic reticulum to the cytoplasm,
JPUMP denotes the flux of calcium pumped from the cytoplasm
back to the endoplasmic reticulum, and JP-C3 signifies the flux
of IP3 produced by phospholipase C.

Cortical astrocytes are interconnected via Cx43 gap junc-
tions, and calcium ions and IP; molecules traverse these junc-
tions. diff;,”  and diff(?

(mn) denote the diffusion of calcium

ions through the gap junctions:#4!

diff> = dip, (A[IP3]) ()
{ (m,n) IP}( [ 3])( ) ©)

difﬁ(rz”” =dca (A [Cazﬂ ) (m.n)>

where dp, and dc, represent the diffusion rates of IP3 and cal-
cium, respectively. Each astrocyte is diffusely coupled to its
four nearest neighbors as defined by the Laplace operator A:

(A[IP3]) (1) = (A[IP3]) gn—1,0) + (A[IP3]) (r-1,m)
+ (A[IP3]) 1) + (A[TP3]) (1)
— 4(A[IP3]) )
(A[Ca*]) ) = (A[CQ* ) (1) + (A[CE*H]) 1 )
+ (A[C ) 1) + (AC2™F]) 1)
— 4(A[Ca®]) ) -

(10)
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2.1.3. Bidirectional neuron-astrocyte interaction

Glutamate interacts with metabotropic glutamate recep-
tors 1 (mGluR1) located on the membranes of postsynaptic
neurons and astrocytes. The dynamics of glutamate concen-
tration are

dGlU.(LJ)
d T

_ GIU.(Z‘J)

+ rGlu XSOI(SZ;), (11)

where Glug; ;) represents the concentration of glutamate re-
lease, rgy, indicates the release rate, and 7gy, is the decay rate.
The 2-AG is released by postsynaptic neurons, and its concen-

tration AGM) ig[39471

dAG; ;)

G = —0acAG( ) tkacO (Vi —30),  (12)

where aag (= 10s71) represents the clearance constant of 2-
AG, kag (= 600 uM-s~1) denotes the release efficacy of 2-AG,
and O signifies the Heaviside step function.

The total effector G; ;) of glutamate and 2-AG collec-
tively influences the signal response of astrocytes:

Glug; ;) X Yo +AG(; j) X Yac = G(i j)s (13)

where the terms g, (= 0.4) and yag (= 0.6) represent the
regulatory weights of glutamate and 2-AG on astrocytes, re-
spectively.

Astrocytes detect intense neuronal activity by the follow-
ing two necessary conditions: the concentration of glutamate
and 2-AG is above a certain threshold, and more than half of
the neurons regulated by astrocytes reach the spiking state.

1
— Y [Gij) > Gl > Fact, (14)

N (i,j)eN

where Gy, (= 0.7 uM) represents the threshold concentration
of the neurotransmitter that elicits the astrocyte response, and

[-] denotes the Iverson bracket. The term F,, (= 0.5) repre-

JGlu JAG

sents the proportion of spiking neurons. and collec-

tively stimulate the generation of IP5:

Ag, if 19 <t<ty+ig,
]Glu+JAG:{ G 0 10 G (15)

0, otherwise,

where the rectangular pulse exhibits amplitude Ag (5 uM-s~1)
and duration fg (60 ms). The term 7y indicates the moment
when the neurotransmitter concentration G; ;) fulfills Eq. (14).

Table 1. Parameters of the improved spiking neuron—astrocyte network model.[>*!

Parameter Parameter description Value

Esyng Synaptic reversal potential of excitatory synapses 0mV

Egynt Synaptic reversal potential of inhibitory synapses —90 mV
ksyn The slope of the synaptic activation function 0.2 mV

co Cytosolic volume of total Ca>* 2.0 uyM

cl ER-cytosol Ca®>" dynamics determiner 0.185

Vi Max Ca2* channel flow rate 65!

V2 Ca®* leakage rate control 0.11s!

v3 Max Ca”* uptake capacity 22 uM-s~!
V4 Maximum rate for IP3 production 0.3 uM-s~!
Vs Max rate of activation Ca2* influx 0.2 uM-s~!
k1 Ca2" extrusion rate constant 0.5s7!

ko The half-saturation constant of agonist-dependent Ca®>* entry 1 uM

k3 ATP-Ca** pump activation constant 0.1 pM

ky Dissociation constant of Ca?*-stimulation IP3 production 1.1 uM

a» Ca2* inhibition constant 0.14 uM—L.g~1
di Dissociation constant for IP3 0.13 uM

d Dissociation constant of Ca?* inhibition 1.049 uM
ds Dissociation constant of the IP3 receptor 0.9434 uM
dy Ca?* activation constant 0.08234 uM
o Ca®* reaction rate constant 0.8

1/Tp3 Loss rate of IP3 0.14 57!
[IP3] Steady-state IP3 level 0.16 uM
dip3 IP; diffusion speed 0.1s7!

dca Ca?* diffusion speed 0.05s7!
IGlu Glutamate release rate 400 uM-s !
AAG the clearance constant of 2-AG 10s~!

kaG the release efficacy of 2-AG 600 uM-s~!
YGlu the regulatory weights of glutamate 04

YAG the regulatory weights of 2-AG 0.6

WM the WM duration 250 ms
[Caer]Thr required Ca®* concentration to WM activity 0.15 uM
Gihr the threshold concentration of neurotransmitter 0.7 uM
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2.2. Working memory performance mechanisms

Astrocyte activity facilitates WM by enhancing the effi-
cacy of all synapses within their vicinity.>>3! This activity is
initiated upon the fulfillment of two specific conditions: 26431

[Ca2+](m,n)] > [Ca2+]Thr7
Fspike > FRecall X Na7

(16)

where N, (= 16) indicates the number of neurons connected to
astrocytes. Equation (16) must be met. Frec, must be at least
0.50, meaning that at least 8 out of 16 neurons must fire syn-
chronously; the calcium ion concentration in astrocytes must
exceed the threshold [Ca2t |y, of 0.15 pm. The activity win-
dow W, ) regulates the release of gliotransmitters with a du-
ration of fwnm:

W 1, fo<t<ty+twm,
(mn) =Y 0, otherwise,

where f is the start time that satisfies Eq. (16). The working

a7

memory window duration fwy (= 250 ms), includes the input

sample duration (0.15 s) and the input interval time (0.1 s).
Gli(,, ,) indicates the concentration of gliotransmitters re-

leased by active astrocytes:

B Gliy,, )

dGli(y,
a1t 761 X Wona,

(18)

where 7gj; (= 0.1) and rg); (= 0.35) denote the gliotransmitter
clearance time constant and release rate, respectively. Glio-
transmitter release influences how astrocytes interact with neu-
rons. This process involves the modulation of synaptic con-

nections, known as gAS":

Astro __

g(w‘) =nX Gli(m,n)a (19)

where the term 1) (= 0.4) denotes the magnitude of the modu-
lating synaptic action.

2.3. Input stimulation

To simulate input signal distortion, salt-and-pepper noise
is introduced directly into the input image to represent net-
work noise. The salt-and-pepper noise can be expressed as the
original image f(x,y) corrupted by a noise process. Let the
range of pixel values be [0, 255] (since the grayscale values of
the input digital image range from 0 to 255), and let the noisy
image be denoted as g(x,y):

0 with probability (pepper noise,black dots) %,

255 with probability % (salt noise,white dots),

f(x,y) with probability 1 —d (uncorrupted),
(20)

g(x,y)=

where the noise intensity parameter d € [0,1] represents the
probability that a pixel is corrupted by noise.

The input signals of the model adopt grayscale images
of Arabic numerals. Specifically, four predefined grayscale
images of numbers are used as input samples in the training
phase, while eight grayscale images of numbers are randomly
input in the testing phase. Among these test samples, four are
matching samples (the same numbers as those in the training
phase) and four are non-matching samples (four other distinct
numbers not used in training). All input images are set to a res-
olution of 79 x 79 pixels, which exactly matches the scale of
the spiking neural network, ensuring that the input signals can
be directly mapped to the corresponding neurons. The input
images have 256 grayscale levels, and these grayscale values
are linearly mapped to the interval [—10, 10] to serve as the
input current injected into the neurons. The input current is in
the form of a rectangular wave with an amplitude of 10 pA.
To simulate the robustness of working memory under noise
interference, the system input noise intensity is set to 0.05 in
the training phase. In the testing phase, random noise with
different intensities is added to the input current (with noise
intensity as a variable) to verify the anti-interference ability of
the model. The training phase starts at 0.5 s. Each training
sample is presented for 0.2 s, with an interval of 0.1 s between
consecutive samples. In the testing phase, each sample is pre-
sented for 0.15 s, with an interval of 0.25 s between samples.
If a sample is correctly recognized through WM, the neurons
will continue to fire for an additional 0.1 s under the modula-
tion of astrocytes. In addition, all differential equations in the
model are numerically solved using the fourth-order Runge—
Kutta method, with an integration step size of 0.0001 s.

2.4. Working memory correlation and network metrics

The improved SNAN model’s WM performance is mea-
sured by correlation Cp. The value of Cp varies from 0 to
1, where a higher value signifies better WM performance be-
tween recall patterns and input patterns. When the working
memory performance metric is higher than 0.9, the cued recall
correlation of the sample is good. The Cp is calculated as

1
= — max
P |Tp| teft—To 1]

1/ 1 1
Ct)==| — M;; o 1M 7
0=3 (1, 2,0+ T, 5, -M50)

Mij(t) = K X

ket—f1]

C(),

[Vij(k) > TH]) > 0].,
21

where C(t) denotes the correlation value in the time interval
[t — Tp,t] (with Tp = 30 ms). P is the set of non-zero pix-
els of the ideal sample, and |P| is the count of these pixels.
M;;(t) is the indicator function, yielding a value of 1 when
the average discharge rate V;;(k) of neuron (i, j) within the in-
terval [t — f,t] (with f = 1 ms) surpasses the threshold TH
(=30 mV), and 0 otherwise. [-] denotes the Iverson bracket.
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The degree of clustering of neurons connected to other
neurons is measured by the average clustering coefficient
(ACO):

e 2e¢;
where D,; represents the number of neighboring nodes of node
i, ¢; denotes the number of edges that exist between the neigh-
boring nodes of node i, and N is the total number of nodes
in the network. The ACC ranges from O to 1, where higher
values signify a more pronounced clustering phenomenon in
the network, that is, neighboring nodes are more likely to be

directly connected to one another.4¢!

3. Results and discussion

Excitatory and inhibitory balanced neurons and the
synaptic connection structure are crucial for working memory
in neural networks. Subsequently, the anti-interference per-
formance and robustness mechanisms of the improved SNAN
model, and the synaptic couplings on the working memory, are
discussed.

3.1. Working memory under different noise intensities

In order to determine the neuron layer network structure,
four complex network structures (scale-free networks, regular
networks, small-world networks, and self-similar networks)
were tested as shown in Fig. 2. The Pg value is the ratio of ex-
citatory neurons in the spiking neural network, ranging from
0 (fully inhibitory) to 1 (fully excitatory). The shaded area
represents the range of error for different samples of working
memory metrics. The solid line indicates the average perfor-
mance of working memory. We use mean-field theory to sim-
plify the dynamics of the neural network by approximating the
mean value of the neurons.

The Cp mean values of the four complex network struc-
tures all show an upward trend at low Pg values, followed by
a tendency to stabilize, as depicted in Fig. 2(a). On average
across all input images, the scale-free network performs opti-
mally in working memory tasks across various Fg values. The
small-world network and the regular network exhibit similar
performance levels, while the self-similar network performs
poorly compared to the others. The working memory perfor-
mance is related to the features of the input signal, and the
error bands represent the variation in memory performance
for each picture. Taking the number 3 as an example, the
memory recall at an excitatory neuron proportion (Pg) of 0.4
is depicted in Figs. 2(b)-2(d). The Cp for the scale-free net-
work, the regular network, the self-similar network, and the
small-world network are 0.9425, 0.8857, 0.877 and 0.9331,
respectively. The scale-free network exhibits the most accu-
rate memory performance relative to the other networks. The

small-world network also shows superior performance but is
noisier compared to the scale-free network. The neuron firing
frequency is lower for the regular and self-similar networks. In
scale-free networks, when the proportion of excitatory neurons
is below 30%, the working memory performance metric Cp is
below 0.9, and it increases as the proportion rises. When the Py
value is 0.4, the Cp value shows a small peak, eventually fluc-
tuating between 0.93 and 0.96, providing a higher correlation.
At a Pg value of 0.6, the average Cp value is 0.9460, reaching
optimal performance in working memory. It is found that the
proportions of excitatory and inhibitory neurons and connec-
tion structures affect working memory performance. Next, we
select a scale-free network with a PE value of 0.6 to investigate
its anti-interference ability in the improved SNAN model.

(a) 1.00 T T T T
0.95F |
0.90
a
O
0.85F
— Scale-free
— Regular
0.80 — Small-world A
— Self-similarity
0'750 0.2 0.4 0.6 0.8 1.0

,\
=

Cp=0.9425

Scale-free

(

o
~

Cp=0.8857

Self-similarity Regular

Fig. 2. Working memory metrics of four complex network structures.
(a) Comparison of working memory performance under different Pg.
Solid line represents the average working memory performance metrics
for test samples 0, 1, 2 and 3, and the min—max bands denote the maxi-
mum and minimum range of working memory metrics for an individual
sample. Panels (b)—(e) show the working memory recall of scale-free
networks, regular networks, self-similar networks and small-world net-
works at P; = 0.4, respectively. The Cp of the four networks is labeled
on the left, and the color bar on the right ranges from blue to yellow,
indicating network firing rates from low to high.

During the testing stage, salt-and-pepper noise with in-
tensities ranging from 0.02 to 0.5 is introduced into the net-
work input to simulate signal noise interference in the working
memory of the brain. Comparing the improved SNAN, SNAN,
and SNN, it is found that when the noise intensity is very

068703-7



Chin. Phys. B 35, 068703 (2026)

low (below 0.05), there is almost no difference in the working
memory performance (Cp) of the three models, all around 0.98
(Fig. 3(a)). However, under medium and high noise intensi-
ties, the spiking neuron—astrocyte network demonstrated sig-
nificant interference resistance. At a medium noise intensity
of 0.2, the Cp values for the improved SNAN model and the
SNAN model are 0.9459 and 0.9398, respectively, allowing
them to complete the working memory task almost perfectly.
The Cp value for the SNN model at this point is 0.7989. At
a high noise intensity level of 0.35, the average Cp values for
the SNAN model and the improved SNAN model were above
0.85, while the average Cp value for the SNN model is only
0.6505, indicating that the network had almost no robustness
and noise reduction capability.

The dashed gray line in Fig. 3(a), serving as a refer-
ence baseline, intersects the coordinate points (0.02, 0.98)
and (0.50, 0.75). ACp represents the changes in the relative
differences in cognitive performance of working memory be-
tween the improved SNAN model and the SNAN model at
various noise intensities. Compared to the SNAN model, the
improved SNAN model has better working memory perfor-
mance between noise intensities of 0.2 and 0.45, especially at
noise intensities of 0.3 and 0.4 where the difference in Cp value

(a) 1.0
0.9

0.8}

Cp

0.7

0.6}
—s— Improved SNAN

—— SNAN

0.5f ——SNN

0 0.1 0.2 0.3

Noise

0.4 0.5

(d) 0.975

—_— Ilmprovled SNIAN

0.972f — SNAN
0.969

S
0.966

0.963

0.960

0.08 0.09 0.10

Noise

0.11

is larger (Fig. 3(b)). This indicates that the improved SNAN
model shows its advantages at medium and high noise inten-
sities. Specifically, at a medium noise intensity of 0.20, the
absolute difference in Cp values among the three models is rel-
atively small, while the improved SNAN model demonstrates
precise memory recall ability. However, the recalled images of
the original SNAN model exhibit noticeable noise pixels, and
the recalled images of the SNN model are almost completely
covered by noise, resulting in severe loss of effective informa-
tion (Fig. 3(c)). At a high noise intensity of 0.35, there is in-
terference with the recall performance of all models to varying
degrees. However, the improved SNAN model still maintains
relatively clear recalled images, demonstrating its excellent
working memory ability even under strong noise. Although
the recalled images of the original SNAN model exhibit sig-
nificant memory biases, they still retain the general outline of
the original numbers. In contrast, the recalled images of the
SNN model are almost cluttered with noise, completely losing
their anti-interference ability (Fig. 3(c)). These results empha-
size the importance of astrocytes in working memory, and re-
veal that refining the regulation process of 2-AG and gliotrans-
mitters can effectively enhance the network’s anti-interference
capability and working memory performance.

(b) 0.06f

0.04f

Cp

< 0.02f

—=— Improved SNAN

Or —e— SNAN
0 0.1 0.2 0.3 0.4 0.5
Noise
(o 2
I
@
°
4

SNN

Improved SNAN  SNAN

O101

—s— Improved SNAN
—e— SNAN

Noise =0.35

(e) 0.55f
0.50f
0.45}

=0.40}
U0.35}
0.30}
0.25}
0.20f :

0 0.1

03 04 05

Noise

0.2

Fig. 3. (a) Comparison of working memory performance among the three models: the improved SNAN model, SNAN model, and SNN
model without astrocytes. Solid line represents the mean value of working memory performance for each test image, and the min—max
bars denote the maximum and minimum of working memory metrics for an individual sample. Horizontal axis represents the intensity of
salt-and-pepper noise added to the input image (signal) during the testing phase. (b) Difference between the correlations of system recall
and test patterns using the gray dashed line in (a) as a baseline. (c) Recall visualization for pattern O (neuronal firing rate). (d) Working
memory performance of the model at noise intensities from 0.08 to 0.11. (e) Concentration of glutamate (Glu) in the improved SNAN and

SNAN models across varying noise levels.
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It is noted that within a narrow range of noise levels
between 0.095 and 0.105, the performance of the improved
SNAN model exhibits a significant resonance peak (Fig. 3(d)).
This may be attributed to the resonance of neuronal activity
with the network state, thereby enhancing the encoding and
maintenance of information. In contrast, the original SNAN
model does not show a similar performance peak, indicating
its lower sensitivity to noise. This difference may be related
to the more complex regulatory mechanisms in the improved
SNAN model, such as the finer activity regulation of astro-
cytes, which enables an adaptive and enhanced response to
noise stimuli within a specific range. Moderate noise may
play a role in promoting neural network function, while ex-
cessive noise causes interference. The resonance phenomenon
observed in the improved SNAN model may be an adaptive
response mechanism that helps the network maintain stability
in noisy environments.

From the perspective of neurochemical regulation, the
improved SNAN model exhibits significantly enhanced gluta-
mate activity under different noise intensities (Fig. 3(e)). This
improvement is likely attributed to the synergistic regulation
mechanism between glutamate and 2-AG, which jointly pro-
motes the network’s adaptability to noise. In contrast, the orig-
inal SNAN model mainly relies on single glutamate regula-
tion, resulting in a smaller increase in activity. These findings
suggest that the improved SNAN model may regulate neuronal
activity more effectively through the combined action of gluta-
mate and 2-AG, thereby exerting a positive influence on work-
ing memory function.

Furthermore, we compare the recalled images of two spe-
cific noise intensities (0.2 and 0.35) for the working memory
of the three network models. The results show that the im-
proved SNAN model consistently achieves the highest recall
performance. Due to the differences in the input image fea-
tures, the model exhibits varying recall performance across
the four images. At a noise intensity of 0.2, the improved
SNAN network consistently demonstrates the highest recall
performance, presenting the original numbers almost clearly.
The recall results of the SNAN model include a small num-
ber of extra pixels. When the noise intensity increases to 0.35,
the anti-interference ability of the improved SNAN model be-
comes the most notable, and the recalled images remain rela-
tively clear and accurate. The SNAN model shows poor recall
effects, especially for the numbers 0 and 3 (Fig. 4), where neu-
rons fire at pixels that incorrectly memorize the image. This
may be due to the SNAN network being more prone to memo-
rizing images with more distinct or simple features. However,
the SNN network is almost entirely disrupted by noise and
does not demonstrate any interference resistance in the work-
ing memory task. In summary, the improved SNAN model sig-

nificantly enhances the working memory robustness and anti-
interference ability of the network under medium and high
noise intensity by integrating a more refined astrocyte regu-
latory mechanism, particularly the synergistic effect of gluta-
mate and 2-AG.

Improved SNAN SNAN

Inputs

(a) K

200

0.2

100

200

0.35 Noise

100

Noise

200

100

200

100

Noise =0.35 Noise=0.2

200

100

200

100
0

200

100

0

200

100
0

Noise =0.35 Noise=0.2 Noise=0.35 Noise=0.2

Fig. 4. Cue recall of the neuron—astrocyte network in a WM task.
(a) Cue recall for the digit O under noise intensities of 0.2 and 0.35.
Input image signal is in the first column, with columns 2—4 showing the
recall for the improved SNAN, SNAN and SNN models. (b)—(d) Similar
recall results for digits 2, 1, and 3.

3.2. Exploring the mechanisms of superior performance in
anti-interference working memory

To achieve a deeper understanding of the mechanisms
of the better anti-interference ability of the improved SNAN
model, we next explore the connection aggregation and the
average firing frequency of neurons, and the ACC is used to
assess the local connectivity tightness of the networks. At
a noise intensity of 0.2, the improved SNAN model exhibits
more localized and concentrated synaptic connections. The
ACC of the improved SNAN model and the SNAN model are
0.4027 and 0.4407, respectively (Figs. 5(a) and 5(c)). This

difference suggests that the improved SNAN network is more
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sparsely connected overall. At a high noise intensity of 0.35,
both the improved SNAN model and the SNAN model exhibit
a certain degree of dispersion in the network local connections
(Figs. 5(b) and 5(d)). However, the improved SNAN model
still has clearer localized and concentrated synaptic connec-
tions and has a lower ACC. This suggests that the modulation
of 2-AG and gliotransmitters in brain working memory im-
proves the anti-interference ability of the network and main-
tains working memory performance under high noise intensity.

From the perspective of working memory performance
Cp, it declines as the ACC increases for both networks
(Fig. 5(e)). This trend indicates that a sparse network connec-
tivity structure can enhance the working memory capacity of
the improved SNAN model, which in turn improves the overall
performance of the network. This finding aligns with complex
network studies that suggest networks with low-coefficient

connectivity are more efficient in facilitating signaling and in-

(a) ACC=0.4027 (c)
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0.4
0.2
0

Improved SNAN

ACC =0.4407

Noise =0.2

SNAN

ACC =0.5852 ACC =0.6319

—
o
=

Noise =0.35

Improved SNAN

(

1.0 0.98
0.8 0.96
2 0.94
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formation processing.[*8->%1 Moreover, the synaptic coupling
of neuronal networks (gsyn) in SNAN and improved SNAN
models escalates with increasing noise intensity (Fig. 5(f)).
This suggests that a certain level of noise may act as a non-
specific stimulus, enhancing the connection strength between
The ggyn of the SNN
model was stable at 0.12 due to the absence of astrocytes, re-

neurons or the overall activity level.

sulting in poor resistance to interference in the working mem-
ory task. In addition, compared to the other two models, the
improved SNAN model exhibited moderate synaptic coupling
strength, and the trend of coupling strength was flatter with the
enhancement of noise intensity. This suggests that a moderate
synaptic coupling strength can reach a balance between main-
taining network stability and adapting to external disturbances,
thus improving the information processing and retention effi-

ciency of working memory.

e) 1.00

0.4027 0.4407 0.5852 0.6319
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f T T T
Lo (® 0.12} —=— Improved SNAN
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Fig. 5. Association between neuronal connection strength and working memory performance. (a)—(d) Heat maps showing the model’s average
neural connection strength at noise levels of 0.2 and 0.35. (e) Violin plots that illustrate the link between the SNAN model’s working memory
capacity (Cp) and ACC at various noise levels. (f) Impact of varying noise intensity on synaptic coupling (gsyn).

Benefiting from the modulation of 2-AG and glutamate,
the improved SNAN model exhibits a moderate AFR and the
neuronal firing duration is significantly prolonged. Compared
to the SNAN model, the improved SNAN model shows a
moderate AFR (Figs. 6(a) and 6(b)). In the improved SNAN
model, 2-AG and glutamate jointly regulate the activity of
astrocytes. This regulatory effect reduces the concentration
requirement for PrSNs to release glutamate, thereby decreas-
ing neuronal excitability compared to the SNAN model. The
SNN model exhibited a lower AFR, with the maximum peak
during the test phase not surpassing 45 Hz. Astrocytes en-
hance neuronal excitability by releasing gliotransmitters (e-SP
action). In the SNN model, the absence of astrocytes leads

to insufficient neuronal modulation, resulting in a low AFR.

At a high noise intensity of 0.35, the AFR of the improved
SNAN model exhibits a significant enhancement of approx-
imately 50% (Fig. 6(c)). Astrocytes can enhance neuronal
excitability and synaptic plasticity by strengthening e-SP ac-
tion, thereby facilitating more efficient information process-
ing within the network and enabling resistance to interference.
This aligns with the conclusion that neurons employ nonlin-
ear mechanisms, including high-gain amplification and posi-
tive feedback, to enhance information processing.[>1=33]
Figure 6(d) shows the AFR for each model at a specific
noise intensity throughout the experiment. The AFR changes
in the neuronal layer are nearly synchronous with the input
signals for image training and testing. This indicates that neu-

rons can quickly respond transiently to external stimuli by gen-
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erating a series of action potentials upon stimulus reception.
The comparison reveals that the presence of astrocytes signif-
icantly improves the clarity and stability of the firing pattern.
Taking the time point of 5.57 s as an example, it can be seen
that in the SNN model without astrocytes, the neuron’s fir-
ing activity was nearing its end and the firing pattern became
blurred. However, when astrocytes are involved, they signif-
icantly lengthen the neuron’s firing time and allow the firing
pattern to remain clear, with the figures more sharply outlined
and easily recognized. This is likely related to the role astro-
cytes play in signaling. Astrocytes influence the excitability of
neurons by regulating the dynamics of calcium ions, which in
turn has an effect on neuronal firing activity over a longer time
scale.

In working memory tasks, astrocytes play a crucial role
in the formation and maintenance of memory traces, which
are closely related to fluctuations in Ca’>* concentration and
can persist intracellularly for a long time. From the astrocyte
layer slice images captured at specific time points (t =0.923 s,

1.283 s, 1.599 s, 2.206 s), it can be observed that when new
memory items are input, the existing memory traces in the
astrocyte layer (represented as Ca”>* activity patterns) do not
completely dissipate within a few seconds. Instead, the over-
lapping and coexistence of traces corresponding to different
items (0, 1, 2, 3) are clearly visible (Figs. 7(e)-7(h)). This
overlap indicates that astrocytes can integrate sequentially in-
put information in working memory tasks, retaining a ‘mem-
ory’ of previous neural activity while processing current ac-
tivity. Figures 7(i) and 7(j) illustrate the calcium signaling
mechanism in neurons; the calcium signal exhibits a sustained
propagation pattern with a significant time delay relative to
glutamate signals, and its concentration peaks in the middle
stage of training. Compared to the original SNAN model, the
improved SNAN model shows a reduced Ca>* concentration
intensity, which highlights its enhanced network robustness —
astrocytes can achieve optimal memory performance at lower
Ca’* concentrations.
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Fig. 6. Schematic representation of neuronal firing rate over time. (a) and (b) The average firing frequency for each model over 2.2 s to 3.2 s at
0.2 and 0.35 noise levels. (c) Average firing rate of the improved SNAN over 2.2 s to 2.3 s at 0.2 and 0.35 noise levels. (d) Average firing rate
of the different models at 0.2 and 0.35 noise levels throughout the experiment.
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Fig. 7. Astrocyte responses during training, which demonstrate the mechanisms of neuronal calcium signal reception in neural networks. (a)—(h) Astrocyte
response to various stimuli during training, showing distinct patterns. Changes in calcium ion concentration are represented by color gradients, ranging from
blue to yellow, with green in between. (i)—(j) The schematic diagrams of neurons receiving calcium ion signals for both the improved SNAN and SNAN.

3.3. Generality of anti-interference performance in the im-
proved SNAN

In addition, we compare the Cp of the improved SNAN
model and the SNN model under different noise intensity and
synaptic connection strength conditions, and further investi-
gate the specific influence of the key model parameter — the
maximum synaptic weight (Wpax) — on working memory per-
formance. The experiment consists of two groups: an SNN
model and an improved SNAN model. In each group, we es-
tablished three distinct wi,x (0.02, 0.04, 0.06) to evaluate the
impact of synaptic weights on Cp. It is demonstrated that in
the absence of astrocytes, Cp increases with the increase in
Wmax- However, the improved SNAN model has a nonlinear
feature. It is shown that under low noise intensity, an increase
in wpax can slightly enhance Cp. Under high noise intensity,
an increase in synaptic weights leads to a decrease in Cp, while
smaller wpax can improve Cp.

The recalled images of the improved SNAN model and
the model devoid of astrocytes are depicted at noise intensi-
ties of 0.15 and 0.30, as presented in Figs. 8(b) and 8(c). This
shows that the improved SNAN model has better recall results
at 0.30 noise intensity when wpax is lower, and there is no
significant difference in recall values at 0.15 noise intensity.
The recall results of the SNN without astrocytes, as depicted

in Fig. 8(c), indicate that high wp.x facilitates substantial re-
call of discharge results at a noise intensity of 0.15. However,
the network demonstrates minimal memory recall at this same
noise intensity. The results indicate that astrocytes participate
in both memory formation and maintenance, and provide an
anti-interference function in noisy environments.

We further analyzed the Cp of the SNAN and improved
SNAN networks for numbers O to 7 as the noise intensity in-
creased from 0.08 to 0.11 (Fig. 9(a)). The improved SNAN
network exhibited peak working memory performance at a
noise intensity of 0.1, which may be related to a resonance-like
phenomenon, consistent with the discussion in Fig. 3(d). Ex-
cept for input signal 1, the improved SNAN showed significant
advantages in working memory. We speculate that the advan-
tage of the improved SNAN will become more pronounced as
the complexity of digit features increases. Figures 9(b)-9(e)
depict the effects on working memory when SNAN and im-
proved SNAN process more complex images. At a noise level
of 0.10, the improved SNAN can reproduce the patterns of the
input images more clearly and accurately, demonstrating its
superior working memory performance. In contrast, the firing
patterns of SNAN become irregular, and the clarity of the grid
structure is impaired. Even when the noise level rises to 0.20,
the improved SNAN still maintains clear firing patterns, and
the grid structure remains clearly identifiable. This indicates
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that the improved SNAN can retain and process information
more effectively in the face of the complexity of image mem-
ory. Even under noise interference, the improved SNAN main-
tains a high degree of clarity in its firing patterns. The reason
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the improved SNAN performs better in memorizing complex
images is that the refined astrocyte modulation mechanism en-
hances the neural network’s ability to capture complex fea-

tures and it has anti-interference capability against noise.
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Fig. 8. Performance of the improved SNAN model and SNN model in WM tasks under varying noise and synaptic strength conditions. (a) Variation in
performance metric (Cp) for working memory tasks at different noise levels, comparing the improved SNAN model to the SNN model. Color gradients in the
graphs indicate variations in synaptic strength and model type. (b) Neuronal network’s response to the digital ‘1’ input in the improved SNAN model. Images
illustrate the cue recall of the network across varying noise levels and synaptic strength (w) conditions. (c) Performance of SNN, similar to (b).
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Fig. 9. (a) Working memory for individual digit signals in SNAN and improved SNAN networks across noise intensities. 10 to I7 represent the
improved SNAN corresponding to numerical memory, while I0 to I7 represent the SNAN corresponding to numerical memory. (b)—(e) Working
memory performance of SNAN versus improved SNAN for complex raster map input signals.

4. Conclusion

Working memory is a fundamental component of brain
cognitive function, playing a crucial role in learning, the con-
struction of long-term memory, and complex information pro-
cessing. Its anti-interference ability and efficacy depend on the
network structure and the balance of excitatory and inhibitory
neurons within the nervous system. This study focused on the
anti-interference ability of the spiking neuron—astrocyte net-
work in working memory, providing new insights into under-
standing the neural mechanisms of working memory from a
computational perspective.

Based on the Izhikevich neuron and astrocyte network,
the 2-AG biological mechanism and the STDP rule are intro-
duced, acting respectively on synaptic coupling strength (gsyn)

and synaptic weights (w;;) to regulate the coupling strength
of the astrocyte network, thereby enhancing network hetero-
geneity. Through working memory tests, it was found that
a scale-free network with 60% excitatory neurons achieved an
optimal working memory performance of 0.9640, stressing the
importance of network structure and neuron proportion. This
formed the basis for the improved SNAN model, which realis-
tically simulated brain synaptic connections.

The improved SNAN model proposed in this study per-
forms superiorly in working memory tasks, especially in terms
of its anti-interference performance. First, compared to the
SNN model without astrocytes, both the SNAN model and
the improved SNAN model demonstrated better performance,
indicating that the presence of astrocytes is crucial for en-
hancing the working memory effect. Second, the improved
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SNAN model with the 2-AG biological process outperformed
the SNAN model, fully demonstrating that 2-AG plays an ac-
tive role in promoting working memory and enhancing anti-
interference ability. In a noisy environment, compared to
SNN, the improved SNAN and SNAN models exhibited bet-
ter anti-interference effects at moderate noise levels, but when
the noise intensity was high, the working memory of both was
significantly affected.

Furthermore, this study delved into the reasons the sys-
tem with the 2-AG biological process could enhance anti-
interference ability. The results suggested that it might be re-
lated to the secretion amount of glutamate and the network
topology of the neuron—astrocyte system. Specifically, a lower
average clustering coefficient of the network was associated
with better working memory performance. In addition, there
was an optimal value for the synaptic coupling strength, at
which working memory performed optimally, and either too
small or too large a synaptic coupling strength would ad-
versely affect working memory performance.

In summary, through an in-depth study of the improved
SNAN model, we analyzed the mechanism of the neuron-
astrocyte network in working memory. It not only verified the
positive effects of astrocytes and 2-AG on working memory
and interference resistance but also revealed the relationships
between factors such as the noisy environment, network topol-
ogy, and synaptic coupling strength and working memory per-
formance. These findings contribute to a greater understand-
ing of the neural mechanisms of working memory and pro-
vide potential strategies and directions for enhancing cognitive
function and addressing related cognitive impairment issues in
the future. Future research could focus on synaptic plastic-
ity, network sparsity, multi-item working memory modeling,
network robustness, and self-repair mechanisms of astrocytes,
continuously deepening the understanding of the neural basis
of working memory through modeling.
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