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ABSTRACT

Self-repair is a biological mechanism through which the nervous system compensates for damage and maintains
stable neural activity, a process that is partly mediated by astrocytes. Astrocytes play a critical role in synaptic
regulation by releasing global feedback signals that contribute to error correction and the adjustment of neuronal
firing-rate set-point. They receive signals from multiple connected synapses, such as 2-arachdonoylglycerol (2-
AQG), and subsequently release various neurotransmitters that modulate the activity of neighboring neurons. This
astrocyte-mediated feedback is an essential component of biologically inspired self-repair mechanisms. When
synaptic faults occur, the resulting disruption is sensed through changes in intracellular calcium (Ca®") levels in
the postsynaptic neuron, which triggers adaptive adjustments in neuronal excitability. Together, astrocyte
feedback and calcium-dependent regulation from complementary mechanisms facilitate postsynaptic homeo-
stasis. In this work, we investigate the self-repair phenomenon and its relationship with astrocytes and tripartite
synapses. First, a novel self-repair algorithm capable of detecting and compensating for synaptic faults is
introduced, followed by the design of an analog circuit that implements this algorithm. In addition, a new
tripartite synapse structure is proposed to mimic key biological interactions between neurons and astrocytes. The
proposed circuits are implemented in a neural network consisting of three layers, 22 neurons, and five astrocytes.
Simulation results demonstrate that healthy astrocytes and synapses can effectively compensate for synaptic
faults by injecting feedback signals, thereby enhancing the self-repair capability of the network. The circuit was
designed and simulated using HSPICE software with standard 0.35 pm CMOS technology.

1. Introduction

dendritic regeneration [1], synaptic scaling [3], intrinsic homeostasis
mechanisms, and stabilization supported by glial [8,9]. Such processes

In recent years, considerable attention has been devoted to under-
standing the mechanisms that maintain stable neural function and
enable self-repair in biological nervous systems. Such mechanisms have
been observed in various contexts, including recovery processes after
stroke [1], homeostatic plasticity [2], retrograde signaling pathways
[3], and the role of glial cells in the formation and dysfunction of the
neurovascular unit [4]. Neuronal self-repair has consequently emerged
as a central topic in neuroscience, encompassing studies on synaptic
homeostasis [5], investigations of neural homeostasis in regulating
nervous system activity and preventing diseases [6], and analyses of
presynaptic homeostatic plasticity mechanisms [7].

Biological neurons, despite their long lifespan and lack of cell divi-
sion, maintain stable functionality for decades through multiple
self-repair and homeostatic strategies. These include axonal and
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operate continuously and in a decentralized manner, enabling neural
systems to compensate for perturbations such as noise, parameter drift,
and structural damage without external supervision. Gliotransmission
also contributes to maintaining effective signal transfer across network
layers, although it can also decorrelate neuronal activity from the input
signal pattern [10].

Theoretical studies suggest that if each neuron measures its average
activity and adjusts its synaptic weights to maintain a target value,
stability can naturally emerge at the level of the entire network [11-13].
This mechanism uniformly increases or decreases all synapses of a
neuron [14,15], indicating that average neuronal activity is controlled
by a homeostatic negative feedback mechanism [15,16].

Homeostatic regulation in biological neural systems is largely gov-
erned by negative feedback mechanisms that allow neurons to sense
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Fig. 1. Biological tripartite synapses consist of two neurons and one astrocyte. Two complementary self-repair methods are considered. (Right) The presynaptic PR
mechanism regulates postsynaptic homeostasis. Within the tripartite synapse, in addition to neuron-neuron interactions, Glu and 2-AG release and diffusion in the
synaptic space (DSE) are mediated through astrocyte signaling (e-SP). The combination of these processes constitutes a primary driver of self-repair dynamics. (Left)
The postsynaptic homeostatic mechanism comprises synaptic scaling and the generation of intercellular Ca?" in the postsynaptic neuron as a set-point controller.
Here, astrocyte output acts as a global signal that modulates the postsynaptic intercellular Ca®" to tune the set-point and thereby regulate receptor trafficking, which

controls receptor accumulation at synapses.

their own activity, integrate this information over longer time scales,
and adjust synaptic properties to maintain activity around a desired set
point [17]. Homeostasis typically operates through two complementary
processes: regulation of synaptic strength (synaptic scaling) and modu-
lation of intrinsic neuronal excitability [14]. In this framework,
self-repair and homeostasis can be viewed as closely related mecha-
nisms that maintain stable neural activity despite perturbations or
synaptic degradation [8,18].

Astrocytes also play a critical role in glutamatergic neurotransmis-
sion. Glial cells supply metabolic precursors for glutamate signaling,
where glutamate taken up by glial cells is converted to glutamine and
transported back to presynaptic terminals for reconversion into gluta-
mate [19]. Astrocytes can further participate in presynaptic self-repair
processes by generating glutamate-mediated signals that influence
presynaptic release probability and synaptic transmission [3,20-22].
Because astrocytes integrate inputs from multiple neurons, they can
provide relatively stable reference signals that contribute to network
stability.

Recent studies have highlighted the important role of astrocytes in
regulating neuronal activity and coordinating neural function. Astro-
cytes may play a potential role in the processing of noisy neural infor-
mation by modulating neuronal dynamics and enhancing signal
transmission in the presence of noise [24]. Astrocytes have been shown
to promote faster learning and support memory formation [23]. Lorenzo
et al. [25] proposed an extended tripartite synapse model incorporating
perinodal astrocytic processes, demonstrating that local calcium tran-
sients in extrasynaptic astrocytic branches can modulate glutamate
signaling, increase presynaptic release probability, and transiently
enhance synaptic efficacy during short-term plasticity. Astrocyte-me-
diated modulation can also shape neuronal dynamics, including spike
initiation, the emergence of self-sustained oscillations, and both inhib-
itory and excitatory effects, depending on synaptic strength [26]. These
findings highlight the multifaceted role of astrocytes in neural compu-
tation and their potential relevance for adaptive neuromorphic systems.
Studies have explored the role of astrocytes in unsupervised learning
[27], neuromorphic simulations using computational astrocyte models
to achieve high-fidelity macro-level behavior [28], and the contribution
of astrocytes to self-repair in spike-timing-dependent plasticity
(STDP)-based unsupervised learning [29] as well as in retrograde
signaling pathways [30-32].

Several neuromorphic implementations have explored hardware
mechanisms for homeostatic regulation. In [33], a brain-inspired ho-
meostatic neuron based on phase-change memory (PCM) devices is

proposed. By exploiting the gradual conductance modulation of PCM,
the neuron dynamically adjusts its firing threshold, enabling intrinsic
homeostasis, spike-frequency adaptation, and active forgetting directly
in hardware. When combined with STDP-based synapses, the system
demonstrates stable, unsupervised learning and robustness to noise.
Similarly, [34] investigates homeostatic regulation in a silicon leaky
integrate-and-fire (LIF) neuron, where the firing rate gradually returns
to its spontaneous level after prolonged perturbations. The regulation is
achieved through two mechanisms: presynaptic activity-dependent
synaptic weight adjustment and activity-dependent modification of the
synaptic threshold. However, these approaches rely solely on neuronal
mechanisms and do not incorporate glial modulation or tripartite syn-
aptic interactions. Neuromorphic architectures capable of self-detecting
and self-repairing synaptic faults without conventional fault-detection
circuitry were presented in [35]. Despite these advances, designing
neuromorphic hardware that remains robust and fault-tolerant over
long periods continues to be a significant challenge.

Despite these biological insights, most neuromorphic circuits have
primarily focused on presynaptic homeostatic regulation. Both analog
implementations [36-38] and digital architectures [35] typically
compensate for reduced postsynaptic responses by adjusting neuro-
transmitter release probability or vesicle size [7,18]. In several analog
studies [36,37], simplified astrocyte circuits [30] are used to emulate
certain astrocytic functions by generating excitatory presynaptic signals
that regulate presynaptic release probability. Other approaches, such as
the memristor-based neural network presented in [39], incorporate
limited self-repair capabilities but do not include biologically inspired
glial-mediated repair mechanisms.

More broadly, previous research has predominantly concentrated on
presynaptic homeostatic mechanisms, while comparatively less atten-
tion has been given to postsynaptic regulation [33,34,38]. One reason is
that postsynaptic homeostasis is more challenging to implement in
hardware, even though postsynaptic processes often exert a stronger
influence on neuronal output. For instance, the circuit proposed in [38]
implements postsynaptic synaptic scaling using an ultra-low-leakage
circuit to enable regulation over very long-time scales. Nevertheless,
many existing approaches implement only single-layer homeostatic
regulation and lack astrocyte-mediated interactions, which may limit
biological realism and scalability in larger neuromorphic systems.

In this work, we focus on postsynaptic homeostasis as a mechanism
for self-repair in neuromorphic neural networks. Inspired by these bio-
logical principles, this study proposes a biologically motivated self-re-
pair strategy that combines postsynaptic homeostasis with
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astrocyte-mediated feedback in a tripartite synapse structure. The pro-
posed approach enables fault compensation at the postsynaptic level in a
compact analog neural network. To demonstrate this concept, a novel
tripartite synapse architecture is introduced in which postsynaptic
regulation is guided by a target activity level together with astrocytic
feedback signals. Using the astrocyte circuit reported in [40], the pro-
posed design shows that astrocyte-mediated feedback can partially
compensate for network faults through a biologically inspired self-repair
algorithm. This work, therefore, presents a simple analog circuit
framework for implementing postsynaptic self-repair in neuromorphic
systems and represents a step toward more stable and scalable neural
network-based circuits.

The remainder of this paper is organized as follows. Section 2 re-
views the biological self-repair mechanisms in neural systems and pre-
sents the implementation of the proposed analog circuit together with
astrocytic components. Section 3 presents the simulation results of the
proposed circuit. Finally, Section 4 discusses the significance of the
proposed approach and outlines potential directions for future research.

2. Self-repairing algorithm

This section discusses two topics. First, the self-repair capability of
biological astrocytes within spiking neuron-astrocyte networks is
introduced. Second, the implementation of a self-repair mechanism in
the proposed circuit is discussed.

2.1. Principle of biological self-repairing

As previously mentioned, biological neural networks possess various
self-repair mechanisms, including (a) presynaptic self-repair and (b)
postsynaptic self-repair, both illustrated in Fig. 1. The former mecha-
nism (Fig. 1, Right panel) involves the regulation of presynaptic
neurotransmitter release. Upon arrival of an action potential at the
presynaptic terminal, glutamate is released into the synaptic cleft. This
triggers postsynaptic depolarization, which in turn prompts the release
of the 2-arachidonoylglycerol (2-AG) signal from the postsynaptic
neuron. The released 2-AG can reach the postsynaptic terminal via two
pathways: a direct pathway and an indirect pathway. In the direct mode,
presynaptic terminal receptors directly receive 2-AG without astrocyte
mediation, generating a signal known as DSE signal [3]. This signal can
be considered as inhibitory signal in the presynaptic neuron. Indirectly,
2-AG binds to receptors on astrocytes, triggering the release of inositol
triphosphate (IP3) and subsequently increasing intracellular Ca?*. This
Ca2* elevation leads to glutamate release from astrocytes. The gluta-
mate released by astrocytes then binds to group-1 metabotropic gluta-
mate receptors (mGluRs) on the postsynaptic terminal, referred to as
e-SP receptors [22]. This signal can be considered excitatory for the
presynaptic neuron. Within the context of this algorithm, the astrocyte is
modeled as a glutamate supplier in the tripartite synapse [20].

It is assumed that each time the postsynaptic neuron generates a
spike (fires), 2-AG is released. Subsequently, the released 2-AG is
modeled using the following equation [30,31].
d(AG) -AG

dt TAG

+ TacO(t —tep), @

where AG denotes the amount of 2-AG released by the postsynaptic
neuron, 7pg and rag are the decay and generation rates of 2-AG,
respectively, and t, is the time of the postsynaptic spike.

In the next self-repair mechanism (Fig. 1, Left panel), two algorithms
are involved: (1) synaptic scaling and (2) homeostatic regulation. As-
trocytes again play a critical role, similar to the presynaptic mechanism.
Specifically, astrocytes integrate 2-AG signals from neighboring neurons
and generate a global signal that modulates postsynaptic neurons and
thereby regulates neurotransmitters and neuromodulators, including
Glu, D-serine, adenosine triphosphate (ATP), and other molecules.
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Global astrocyte Ca%* events modulate cortical up-states and contribute
to maintaining stable network excitability [41]. This global signal is
referred to as the excitatory signal. It provides a reference for neigh-
boring neurons by reflecting the average spike activity and establishing
a baseline for frequency regulation. In the proposed algorithm, this
reference is detected using the astrocytic output signal. When the pre-
synaptic neuron fires with sufficient intensity, it triggers postsynaptic
spiking. The resulting postsynaptic activity regulates the intercellular
Ca?* dynamics of the postsynaptic neuron to achieve homeostasis.
Accordingly, this signal can be considered as inhibitory for the post-
synaptic neuron.

When a fault occurs in the synapse, the firing frequency of post-
synaptic neuron decreases, leading to a reduced intercellular Ca%* level
(i.e. the negative-feedback signal). This decrease enables the neuron to
detect the fault, and the hemostasis is restored. Postsynaptic neurons
sense changes in activity through Ca?t -dependent sensors and adjust
receptor trafficking to regulate receptor accumulation at synapses [14,
11]. This negative-feedback mechanism is similar to the DSE signal in
the presynaptic self-repair mechanism.

Both presynaptic and postsynaptic self-repair mechanisms operate
simultaneously in biological neural systems. In the present framework,
the astrocytic output signal directly regulates synaptic scaling while
indirectly modulating postsynaptic homeostasis regulation mechanisms.
In this work, only the postsynaptic self-repair algorithm is employed,
while the presynaptic alternative is mentioned solely for comparison
and is not implemented in our model.

2.2. Self-repairing mechanism in an analog circuit

In this model, each neuron is connected to 10 synapses. Synaptic
inputs are represented as currents injected into the neuron, and the
neuron outputs are neural spikes. If an error occurs in some synapses
connected to a given neuron, the resulting input current to the post-
synaptic neuron decreases, which reduces its firing frequency. As the
firing decreases, the postsynaptic intercellular Ca®* level also decreases.
This reduction enables fault detection and activates the postsynaptic
negative-feedback mechanism.

Because an astrocyte is included in the network and generates a
global signal, small network errors do not significantly alter its output.
Therefore, the astrocyte output remains approximately constant during
an error and acts as a reference signal in the tripartite synaptic space.
Under this stable global reference and the reduction in postsynaptic
intercellular Ca®™ healthy tripartite synapses detect the error in the
system and compensate for the reduced current. Subsequently, healthy
tripartite synapses detect the fault and compensate for the reduced input
current. In the following, each circuit is explained separately.

2.2.1. Neuron

This paper adopts the circuit design proposed by Wijekoon [42],
which is based on the numerical model introduced by Izhikevich [43]. In
this model, neuronal dynamics are described using two state variables,
corresponding to the voltages across two capacitors: V (membrane
voltage) and U (slow variable). The circuit behavior is approximated by
the following equations:

V>U-V;
d_V: a1V2—an—a3U2+a4U+a5 +1; . T %)
dt agV? — a;V — agUV + iy otherwise
dUu
E:asz—aloV—auUz+(112U+a13 3)
Vec
If V> Vg then {U<—U+d 4)

where a; (for i={1,...,13}) V1, Vi, i; ¢, and d are constants defined in
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Fig. 2. Block diagram of the proposed self-repairing network. In this scheme, when the presynaptic neurons spike, Glu in the synaptic cleft is released. This Glu
causes a synaptic current (Iyyn ). The sum of these currents is applied to the post-synaptic neuron. The magnitude of this current depends on the set-point value from
the postsynaptic neuron and the astrocyte output (Vas). The astrocyte input is also controlled by 2-AG produced by all four neurons connected to the astrocyte.

Fig. 3. Proposed tripartite synapse circuit in the postsynaptic self-repairing algorithm. The negative feedback is obtained through the process of intercellular Ca**
generation, which sets the set-point value. Signal scaling, produced by receiving 2-AG and producing IP3 and Ca* in the astrocyte circuit, causes the generation of a
global signal in the synaptic space. This signal is received by the postsynaptic neuron, which is effective in regulating the output current (Igyy).

[42], determined by transistor dimensions (i.e. W/L ratio), operating 2.2.2. Astrocyte

region, bias voltages, and input current. This circuit operates in an For simplicity, an astrocyte model previously reported in [40] is
accelerated time mode and exhibits low power consumption across adopted in this work. This circuit generates the global signal and has
various neuronal firing patterns [42]. been utilized for frequency adaptation [40] and synchronization [44].

Owing to its self-repair compatible characteristics, it is employed in the
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Fig. 4. The circuit involves neighboring neurons connected to an astrocyte, which produce 2-AG. Each astrocyte receives 2-AG from its connected neighboring

neurons. The 2-AG is then transported to the astrocyte’s input (Vsa).

proposed network. The simplified astrocyte dynamics are expressed as:

{ q = (1 +.tanhk1 [Z - KZ])(l - q) - k3q )
pP= 7K4p + Ks +K6q

where g represents the internal astrocyte state, k; (i ={1,..,6}) are con-
stants defined in [45], and Z and p denote the input and output signals of
the model, respectively. The state variables p and g are physically
realized by the across capacitors C, and Cy respectively [40]. These
dynamics, as illustrated in Fig. 2, correspond to the physiological pro-
cess of the astrocyte. Upon receiving the 2-AG input (represented by Z in
Eq. (5)), the astrocyte triggers the release of IP3 to the endoplasmic re-
ticulum (ER). The binding of IP; to its receptors (IP3Rs) facilitates the
opening of Ca?* channels, leading to an increase in intercellular Ca%*
concentration and the subsequent release of glutamate. Finally, the
astrocyte output voltage (Vasy) is derived from the parameter p and
functions as a global reference signal for the network.

2.2.3. Proposed tripartitesynapse

The synapse, as the third fundamental component of this neural
network, is implemented using the proposed tripartite synapse circuit
detailed in Fig. 3. This circuit comprises two primary functional blocks:
presynaptic and postsynaptic self-repair mechanisms. The postsynaptic
section, which is the central focus of this study, is further subdivided into

Fig. 5. Histogram of the mismatch effect on the output synaptic current of the
proposed synapse circuit. Median = 135 nA, variance = 0.11 fA, standard de-
viation = 0.105 nA with Vs = 0.4 V.

two key sub-circuits: synaptic scaling and a set-point controller. At the
core of the tripartite synapse architecture lies an above-threshold DPI
[46] circuit, engineered to emulate fundamental synaptic integration
dynamics. To extend these dynamics toward biologically inspired
feedback modulation, a dedicated 2-AG generation circuit and an
intercellular calcium-regulation module for the postsynaptic neuron
have been integrated. These modules interface directly with the DPI
core, thereby establishing functional analogs of astrocyte-mediated and
postsynaptic signaling pathways within the circuit.

The input signals of the proposed tripartite synapse include the
presynaptic neuron’s spikes (Vpr), the postsynaptic neuron’s activity
(Vpost), the postsynaptic intercellular Ca?* current (used to generate the
set-point value), and the astrocyte’s output (V,s). When the post-
synaptic neuron fires, a 2-AG current is produced and applied to the
astrocyte circuit. If the postsynaptic firing frequency decreases, the
intercellular Ca?* level also decreases proportionally. This reduction
leads to an increase in the synaptic current (Isyn).

As long as there is no error in the network, after a short period, the
synapse output current (Isyy) is regulated to balance with the target set
current (Ig), based on the set-point voltage (Vi) and the astrocyte’s
output signal (Vg and its associated current). After this equilibrium, if
an error occurs in the synapses of one neuron, the astrocyte output does
not change significantly because it integrates inputs from all the con-
nected neurons (neurons #1 to 4). With the astrocyte output signal
remaining approximately constant, any changes in the postsynaptic
firing frequency strongly affect the intercellular Ca®*. As the post-
synaptic frequency decreases, the feedback current (Is) decreases, and
consequently, the synapse output current (Isy,) increases. Therefore, the
increased output of healthy synapses partially compensates for the
reduced current caused by faulty synapses.

2.2.4. Proposed 2-AG transfer from synapseto astrocyte

The astrocyte receives 2-AG from neighboring postsynaptic neurons.
When each neighboring neuron spikes, it releases 2-AG into the synaptic
space, which is detected and integrated by the astrocyte. The proposed
circuit is illustrated in Fig. 4. Specifically, postsynaptic spikes trigger 2-
AG release. The astrocyte senses this 2-AG signal, integrates it with other
inputs (from all four neighboring neurons), and produces a coordinated
global modulatory output (V) delivered to the tripartite synapse. The
dynamics of the 2-AG released signal are described by Eq. (1).

In the proposed circuit (Fig. 4), 2-AG signals released by postsynaptic
neurons are integrated by the astrocyte. This integration enables the
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Fig. 6. Output firing frequency of neuron #2. (Blue) Proposed self-repairing
circuit without any fault. (Red) Conventional neural network without a self-
repair mechanism.

astrocyte to sense the overall network activity and generate a coordi-
nated modulatory output. In the circuit implementation, the total
amount of 2-AG produced by the postsynaptic neurons, as described in
Eq. (1), is represented by the voltage vsa in the proposed 2-AG gener-
ation circuit. This voltage is applied as the input to the astrocyte circuit.
The time constant of this process is determined by the capacitor present
in the circuit together with the threshold voltage Vr. In addition, the
generation rates defined in the mathematical model are implemented in
the circuit through the control voltages V; and Wy;.

3. Simulation results

This section presents the simulation results of the proposed circuit.
These results demonstrate that the designed astrocyte and tripartite
synapse properties enable a self-repair mechanism in the network’s
postsynaptic neurons. To examine the impact of device mismatch on the
circuit’s performance (Fig. 3), we first considered simultaneous
dimensional mismatch for all transistors. Fig. 5 shows the Monte Carlo
analysis histogram of the output synaptic current (Iy,) with mismatch
applied to all transistors. This simulation assumed a k-CMOS process
variation (affecting both all L and W parameters) for all transistors. We
analyzed 100 Monte Carlo samples with a + 5% variation. The obtained
results include: median = 135 nA, variance = 0.11 fA, standard devia-
tion = 0.105 nA, and V.5 = 0.4 V.

Next, a small neural network was designed to demonstrate the per-
formance of the self-repair algorithm. This network, as shown in Fig. 2,
consists of four neurons, one astrocyte, and 20 synapses. Each post-
synaptic neuron is connected to 10 synapses, which generate its input
signals. Each postsynaptic neuron releases a 2-AG signal into the pre-
synaptic space upon spiking. Due to the astrocyte’s connection to mul-
tiple neurons across neighboring synaptic spaces (Neuron #1 — 4), the 2-
AG signals from all neurons converge on the astrocyte. Therefore, the
signal received by the astrocyte represents a global signal that reflects
the average activity of the neighboring neurons. Consequently, accu-
mulated errors in some synapses have minimal impact on the astrocyte’s
output.

The focus of this study is the postsynaptic self-repair behavior
implemented by the proposed circuit. In this configuration, the pre-
synaptic neurons (neuron #1 and neuron #3) are stimulated by a con-
stant input current representing presynaptic activity (Ii,= 100 nA).
Postsynaptic neurons (neuron #2 and neuron #4) are stimulated solely
by the combined output of the proposed tripartite synapses (Zlsyn),
without any direct external current injection.

Initially, to demonstrate the accuracy of the proposed algorithm
under error-free conditions, the self-repair network (Fig. 2) is compared
with a simple neural network without self-repair (comprising four
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Fig. 7. Firing frequency of neuron #2 without the self-repair mechanism under
different fault conditions. Here, 0% to 80% of the synapses connected to neuron
#2 become defective at t > 3 ms.

neurons and 20 synapses without any additional circuitry). All synapses
are assumed to be healthy, and the tripartite synapse circuit emits Glu
signals (Isy,). The self-repair circuit enables adaptation by injecting this
current into the corresponding postsynaptic neuron. In this simulation,
all synapse parameters are identical. When Iy, is injected into the
associated neuron, its firing frequency changes and produces a 2-AG
signal (green blocks in Fig. 2). The astrocyte receives the 2-AG signals
from four neurons through the circuit shown in Fig. 4 and generates a
positive signal (V,g) in the tripartite synapse circuits. As the post-
synaptic neuron’s firing frequency changes, its internal calcium level
detects the variation, and the negative feedback circuit shown in Fig. 3
applies the corresponding error compensation according to the global
astrocyte signal. In the network without self-repair circuitry, astrocytic
2-AG and tripartite synapse signals are not utilized. Instead, simple
synapses without negative feedback or astrocytes are employed. In this
configuration, fixed voltages are applied to Vser and Vpgy to implement
synapses without self-repair. The simulation results are shown in Fig. 6,
where Vger and Vpsry in the synapse circuit are fixed at 2.7 V and 0.4 V,
respectively. As shown, the firing frequencies of both circuits are iden-
tical. The initial input frequency difference is due to the non-fixed Vet
and Vpgy in the tripartite synapses, highlighting the astrocyte’s role in
frequency adaptation.

Next, the synapses associated with neuron #2 are assumed to be
defective. In this study, the proportion of defective synapses ranges from
0% to 80% . The total simulation time is 6 ms, and defects are introduced
at t > 3 ms.

In the neural network without a self-repair mechanism, four neurons
and 20 simple synapses are used instead of tripartite synapses (i.e.,
without additional self-repair circuitry). A defective synapse is defined
as being disconnected from its associated postsynaptic neuron. When a
synapse becomes defective, it can no longer inject current into its
neuron. As a result, the total input current to the neuron decreases,
leading to a reduction in its firing rate.

The simulation results are shown in Fig. 7. This simulation illustrates
the network behavior in the absence of the self-repairing circuit. As
expected, increasing the percentage of defective synapses associated
with neuron #2 results in an abrupt decrease in its firing rate.

To evaluate the impact of defective synapses on the network equip-
ped with the proposed self-repair mechanism, synapses connected to
neuron #2 were systematically impaired from 0% to 80%. The corre-
sponding simulation outcomes are presented in Fig. 8. The total simu-
lation duration is 6 ms, with defects introduced at ¢t > 3 ms. Following
the onset of synaptic impairment, the network promptly attempts to
detect and compensate for the resulting error. The results clearly
demonstrate that the network is capable of performing effective
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Fig. 8. Frequency of neuron # 2 under varying fault levels (0 — 80% fault). Synaptic defects are introduced at t > 3 ms for all cases.

Fig. 9. Simulation results of Vi with the self-repair mechanism enabled for 0 — 80% faults in the synapses connected to neuron #2. The red curve shows V. of the
healthy synapses of neuron #4, while the blue curve represents Vi of the healthy synapses of neuron #2. Synaptic defects are introduced at t > 3 ms.

postsynaptic self-repair in response to synaptic degradation. Moreover,
as the proportion of defective synapses increases, the compensatory
capability of the remaining functional synapses gradually diminishes.

As shown by the comparison between Figs. 7 and 8, the neural
network without the proposed self-repair mechanism fails to recover its
firing frequency following the introduction of synaptic errors (t > 3 ms),
revealing its inherent vulnerability to synaptic disruption. In contrast,
the neural network incorporating the self-repair circuit exhibits a robust
recovery: the postsynaptic neuron successfully restores its firing fre-
quency to a satisfactory level even under high fault conditions. These
results clearly highlight the effectiveness of the proposed self-repair
mechanism in preserving both network stability and functional
reliability.

When defects arise, the input current to the corresponding post-
synaptic neuron decreases. This error is partially detected post-
synaptically, triggering a compensatory response through a negative
feedback circuit that reduces intercellular Ca?* concentration. This
resulting decrease in inhibitory current subsequently enhances gy, in
the remaining healthy synapses. Because the astrocyte output remains
constant, the increase in Iy, among intact synapses effectively com-
pensates for the induced effects.

Fig. 9 presents the simulation results, where Vg for the synapses of
neuron #4 is shown in red, and Vi for the healthy synapses compen-
sating for neuron #2 is depicted in blue. As illustrated, Ve in neuron #
2's tripartite synapse progressively decreases as the defect percentage

increases, while the synapse associated with neuron #4 remains unaf-
fected (red curve). This adaptive response constitutes the core principle
of the proposed self-repair algorithm.

The results demonstrate that the proposed tripartite synapses play a
pivotal role in enabling postsynaptic self-repair. This study shows that
novel autonomous computational systems can be developed by
leveraging biologically inspired mechanisms. The proposed astrocyte-
neuron algorithm is implemented as an analog circuit that relies
exclusively on astrocytes and the newly introduced tripartite synapses to
realize self-repair functionality, without requiring additional auxiliary
components. In this framework, the tripartite synapse constitutes the
fundamental element that enables adaptive compensation. Furthermore,
integrating this approach with presynaptic self-repair strategies could
further enhance accuracy and improve biological plausibility.

To validate the scalability of the proposed design, its performance
was evaluated in a larger three-layer neural network. The input layer
consists of five neurons, the hidden layer comprises 15 neurons, and the
output layer includes two neurons. Input currents are directly applied to
the neurons in the first layer. Each hidden-layer neuron is randomly
connected to three of the five input-layer neurons through 10 synapses
(i.e., 10 synapses per hidden-layer neuron).

In addition, three astrocytes are positioned between the input and
hidden layers, and two astrocytes are placed between the hidden and
output layers. Each astrocyte in the first stage receives 2-AG input from a
randomly selected subset of two input-layer neurons and five hidden-
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Fig. 10. Neural network incorporating the proposed self-repairing algorithm. The network consists of three layers, 17 neurons, five astrocytes, and 170 tripartite
synapses. Each neuron includes 10 synapses that are randomly connected to neurons in the preceding layer. The INF-signal denotes the intercellular Ca** -mediated
inhibitory signal, while the PG-signal represents the astrocyte-mediated global excitatory signal.

Fig. 11. Firing frequency of hidden layer neurons under 20% — 80% synaptic faults applied to three neurons (neurons #2, #7, #12). (a) Neuron #1 (no defects), (b)
neuron #2, (¢) Neuron #7 (d) Neuron #12. All neurons belong to the hidden layer. For each neuron, firing frequency is shown for 20%, 40%, 60% and 80% defective

synapses (from top to bottom). Synaptic faults are introduced at t > 0.5 ms.

layer neurons. Astrocytes in the subsequent stage receive inputs from a
random subset of six hidden-layer neurons and one output neuron. The
overall network architecture is illustrated in Fig. 10.

All neurons in the network employ tripartite synapses, as illustrated
in Fig. 3. When multiple synapses connected to a hidden-layer neuron
become defective, the neuron’s firing rate decreases due to reduced

glutamate input. Because the neighboring astrocyte receives 2-AG from
seven surrounding neurons, the glutamate-dependent global signal
delivered to other neurons remains approximately constant, keeping Vsa
stable. The reduction in firing rate lowers intracellular calcium release
in the postsynaptic neuron. As a result, the inhibitory currents at its
associated synapses decrease, leading to an increase in excitatory
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Fig. 12. Activity of selected neurons in the three-layer neural network under 20% — 80% synaptic faults. (a) Neuron #1 (no defects) (b) Neuron #2, (c) Neuron #7,
and (d) Neuron #12. Red traces represent the astrocyte output voltage (Vag), while blue traces indicate the set-point voltage V., generated by the postsynaptic
intercellular negative feedback signal. Synaptic faults are applied to the selected neurons at different level (20% — 80%).

currents. This enhancement provides partial compensation for the
reduced firing rate.

Input-layer neurons receive random external current ranging from 5
nA to 200 nA. In the hidden-layer, three neurons simultaneously contain
defective synapses. Each of these neurons receives a distinct global
signal from its corresponding astrocytes. These astrocytes (located be-
tween the input and hidden layers) receive randomized 2-AG inputs
from different subsets of neurons, producing varying positive global
signals. This configuration enables evaluation of the astrocyte’s influ-
ence on the compensation process. The proportion of defective synapses
per neuron ranges from 20% to 80%. The corresponding simulation
results are presented in Fig. 11. At low defect levels, healthy synapses
effectively compensate for the loss; however, at higher defect levels, the
compensation becomes only partial.

In this figure, the first column shows the firing frequency of hidden-
layer neuron 1, which has no defective synapses. Because the neurons
examined in the simulation are connected to different astrocytes (each
generating its own global signal), their firing frequencies differ. For
hidden layer neuron 1, the firing rate remains stable unless its associated

astrocyte is significantly influenced by neighboring neurons. In this
simulation, the number of defective synapses is small relative to the total
synapses connected to each neuron, so astrocyte activity remains largely
unaffected.

In this network, the healthy synapses of a neuron compensate for
synaptic errors to the extent permitted by their current-generation ca-
pacity; however, complete (100%) error compensation is not achiev-
able. The degree of compensation is fundamentally constrained by the
maximum output current that the remaining functional synapses can
provide. As illustrated in Fig. 11, when defects occur in a subset of
synapses, the healthy synapses increase their output currents in an
attempt to maintain the neuron’s firing frequency near its original level.
Consequently, the achievable maximum firing frequency depends on the
magnitude of the global astrocyte-mediated signal. Because this global
excitatory signal remains constant, the operational firing frequency of
each neuron is primarily determined by the astrocyte to which it is
connected. Due to the randomized network connectivity, neurons
receive different global signals, resulting in variability in their firing
rates.

Fig. 13. Firing frequency of output-layer neurons under different levels of synaptic faults in the hidden layer. Faults affecting 20% — 80% of the synapses of hidden-
layer neurons are compensated by the remaining healthy synapses. (Blue trace) Output-layer neuron #1, (Red trace) Output-layer neuron #2.
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Fig. 14. Firing frequency of output layer neurons under a large propagation of
defective synapses. (Blue trace) Output-layer neuron #1, (Red trace) Output-
layer neuron #2.

Fig. 15. (a) Set-point voltage Vs and (b) astrocyte output voltage Vaq corre-
sponding to the healthy tripartite synapses of the output-layer neurons. (Blue
trace) Output-layer neuron #1 (Red trace), Output-layer neuron #2.

The results indicate that the effectiveness of synaptic compensation
is directly linked to the activity level of the associated astrocyte. Fig. 12
illustrates the behavior of Vg (blue traces) and Vg (red traces) in the
self-repairing compensation circuits. As the percentage of defective
synapses increases, the efficiency of compensation decreases. When the
astrocyte output (Vag) is lower, the feedback loop requires a longer time
to achieve partial compensation, as demonstrated in the last column of
Fig. 12.

As noted, the network connectivity is fully random. All tripartite
synapses are assumed to have identical and fixed weights. The param-
eters Vg and Vr associated with the set-point controller in the tripartite
synapses are kept constant, whereas the corresponding Vg and V values
for the 2-AG signaling toward astrocytes are randomly selected within
the ranges of 2 — 3.1 V and 2.75-3 V, respectively.

The effectiveness of synaptic error compensation depends on the
output of the associated astrocyte. When an astrocyte generates a suf-
ficiently strong positive global signal, it enhances the capability of the
tripartite synapses to compensate for synaptic faults. The functional
capacity of an astrocyte is therefore influenced by both the number and
the activity of the neurons connected to it. As illustrated in Fig. 13,
compensation of synaptic errors in the hidden layer does not signifi-
cantly affect the activity of the output neurons.

In this simulation scenario, the outputs of both neurons in the output
layer are presented. As clearly observed, the firing frequencies of both
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neurons remain unchanged despite faults affecting 20% — 80% of the
synapses of a hidden-layer neuron. These defects are effectively
compensated by the remaining healthy synapses within the network.

Due to the random network connectivity, the impact of synaptic
faults strongly depends on the specific neuron-astrocyte in-
terconnections. When faults occur, successful compensation requires a
transient period whose duration is proportional to the percentage of
defective synapses. Once the astrocyte output is perturbed, extending
the simulation time does not significantly improve the compensation
process.

As a representative case, a scenario was generated in which 50% of
the synapses in the second-layer were defective (equivalent to 25% of
the total network synapses). The corresponding results are shown in
Figs. 14 and 15. In this case, 50% of the synapses connected to output
neuron #1 were defective. Astrocytes associated with neurons contain-
ing faulty synapses were more strongly affected, particularly the second
astrocyte. The degradation of astrocyte output reduces the effectiveness
of synaptic compensation.

For t < 5 ms, the firing rate of neuron #1 is noticeably affected;
however, the remaining healthy synapses provide partial compensation.
In contrast, the synapses connected to output neuron #2 remain intact,
and its associated astrocyte initially remains stable. Although hidden-
layer faults indirectly influence the astrocyte connected to neuron #2,
the output astrocytes gradually recover, leading to the restoration of
neuron #2's firing rate.

Thus, the compensation capability of the network is determined by
the type, number, and effective weights of neuron-astrocyte connections
across different layers. Notably, the proposed mechanism can compen-
sate for both presynaptic and postsynaptic faults, providing a significant
advantage over presynaptic-only self-repair circuits (PR method).

4. Discussion

Self-repair is a fundamental phenomenon in biological neural net-
works, emerging from the cooperative interaction between neurons and
astrocytes. Astrocytes play a central role in maintaining neural stability
by modulating neurotransmission and supporting synaptic regulation
through distinct signaling pathways that influence both presynaptic and
postsynaptic compartments.

The proposed tripartite synapse framework introduces a post-
synaptic self-repair mechanism mediated by astrocyte signaling. In this
model, the repair process is implemented exclusively in the postsynaptic
pathway, where intracellular calcium-dependent inhibitory feedback
and astrocyte-driven global excitatory signaling jointly regulate synap-
tic activity. This mechanism stabilizes neuronal firing and preserves
network functionality even when multiple synaptic faults occur.

A key advantage of the proposed approach is that, although the
repair mechanism operates solely at the postsynaptic side, it can effec-
tively compensate for faults originating from both presynaptic and
postsynaptic sources. This compensation arises from the regulation of
postsynaptic activity and synaptic current through astrocyte-mediated
feedback, which stabilizes neuronal firing despite disturbances in pre-
synaptic neurotransmission. Unlike presynaptic self-repair circuits
(which directly adjust neurotransmitter release), the proposed archi-
tecture does not implement a presynaptic repair loop. Instead, it miti-
gates the functional impact of such faults through postsynaptic
regulation within the tripartite synapse. This property provides a robust
and biologically plausible strategy for maintaining network stability
under substantial synaptic perturbations.

Simulation results further highlight the importance of astrocy-
te-mediated global feedback in achieving efficient fault compensation.
Strengthening the astrocytic global signal (Vas) significantly enhances
the network’s ability to maintain stable firing patterns across a wide
range of fault densities. Consequently, the effectiveness of error
compensation depends on the type, number, and effective weights of
neuron-astrocyte connections across different network layers. As long as
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Comparison of the proposed work with previous studies.
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Ref. Pre/Post-synaptic self-repairing Type homeostatic With astrocyte or Glia cell Analog/Digital (A/D) Fabrication/Simulation
[28] Pre Weight scaling (PR method) Yes Simulation Sim.
[29] Pre Weight scaling (PR method) Yes Simulation Sim.
[33] Post Internal threshold No A/D Fab.
[34] Pre/Post Weight scaling/internal threshold No A/D Fab.
[36] Pre Weight scaling (PR method) Yes A Sim.
[37] pre Weight scaling (PR method) Yes A Sim.
[39] - Weight scaling (PR method) No memristive Sim.
[471 Pre Weight scaling (PR method) Yes Simulation Sim.
[48] pre Weight scaling (PR method) No memristive Sim.
Our work post Intercellular Ca®t / synaptic scaling Yes A Sim.

astrocytic functionality remains intact, the network can sustain stable
output despite the presence of faults in various synaptic compartments.

Compared with presynaptic self-repair circuits (which compensate
for presynaptic faults primarily by increasing glutamate release) the
proposed postsynaptic mechanism offers a more flexible compensation
strategy capable of mitigating the effects of faults in either synaptic
compartment. Table 1 summarizes the main contributions of this work
relative to previous studies. Most existing approaches have focused on
presynaptic repair mechanisms, likely due to their simpler imple-
mentation. In contrast, prior investigations of postsynaptic regulation
have often excluded astrocytic participation and therefore lacked the
feedback structure required for effective biologically inspired self-re-
pair. Although some studies have reported beneficial roles for astrocytes
in postsynaptic processes related to learning and memory [10,23] the
absence of explicit negative-feedback mechanisms (such as depolar-
ization-induced suppression of excitation (DSE) or the calcium-de-
pendent inhibitory regulation adopted in this work) limits their ability
to achieve true fault compensation. These studies nevertheless offer an
interesting direction for future extensions: incorporating the proposed
hardware tripartite synapse into similar neuron-astrocyte network
frameworks to examine its system-level impact. Given the regulatory
role provided by the explicit inhibitory feedback in our model, such
integration is likely to yield more stable dynamics and potentially
improved computational performance, making it a promising avenue for
future research.

The modular architecture of the proposed astrocyte-neuron unit
inherently supports scalability without increasing the intrinsic
complexity of the underlying circuit design. This feature is particularly
advantageous for large-scale neuromorphic implementations. However,
a critical consideration in such scaling is the proper constraint of both
the number and the effective synaptic weights connected to each
astrocyte. Without these constraints, the astrocyte output may reach
saturation, thereby limiting overall system performance and reliability.

It should be noted that the present model focuses specifically on
postsynaptic repair dynamics and does not explicitly model presynaptic
repair circuitry. Exploring hybrid architectures that integrate both pre-
synaptic and postsynaptic repair processes may provide a valuable di-
rection for future research. Further work may also investigate the
scalability of the proposed framework in larger and more complex
neural architectures, as well as its potential application in neuromorphic
and artificial intelligence systems requiring enhanced reliability and
fault tolerance. Considering the conceptual relevance between the pre-
sent study and the findings reported in [24], future research could
explore the proposed tripartite synapse architecture in the context of
noisy neural information processing to further examine
astrocyte-mediated effects. Ref. [49] introduces an auxiliary neuron
with a memristor-based synapse to provide an alternative
error-compensation pathway in a small network without astrocytes. As
future work, this architecture could be extended using the proposed
tripartite synapses.
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