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Abstract: This paper investigated the exponential synchronization (ES) problem of reaction-diffusion
neural networks over directed networks under an asynchronous sampled-data event-triggered intermittent
control scheme. By integrating event-triggered communication and intermittent control mechanisms,
hybrid control framework was developed to reduce communication transmissions and control activation
time. A Lyapunov–Krasovskii functional (LKF) involving historical-state integral terms was constructed,
and sufficient synchronization conditions were derived using graph-theoretic techniques and inequality
methods. The proposed criterion guaranteed exponential convergence of synchronization errors and
avoided Zeno behavior. Numerical simulations demonstrated that the proposed strategy achieved
satisfactory synchronization performance with reduced communication requirements.
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1. Introduction

Reaction-diffusion neural networks (RDNNs) have attracted increasing attention in the study of
complex dynamical systems and networked control problems [1]. As an important collective behavior
in networked systems, synchronization has been widely studied because of its significant applications in
secure communication, distributed control, and signal processing. Dimarogonas et al. [2] investigated
distributed event-triggered control for multi-agent systems and developed communication-efficient con-
trol strategies. Girard [3] proposed dynamic triggering mechanisms to reduce unnecessary transmissions
while maintaining system performance. Lu [4] studied synchronization-related stability problems of
reaction-diffusion neural networks and established sufficient stability conditions.

However, with the increasing complexity and scale of networked systems, reducing communi-
cation consumption and control costs while maintaining synchronization performance remains a
challenging problem [5].
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To address resource limitations in networked systems, event-triggered control (ETC) and intermittent
control have been widely investigated. Wu et al. [6] studied intermittent control strategies for fixed-time
synchronization of coupled networks. Huang et al. [7] investigated event-triggered passivity of delayed
reaction-diffusion memristive neural networks with fixed and switching topologies. Zhang et al. [8]
proposed a monotonically increasing function-based event-triggered sampling scheme for networked
nonlinear systems. Zhang et al. [9] developed an accumulated-state-error-based triggering strategy
for sampled-data systems. Meanwhile, Huang et al. [10] and Lin et al. [11] further investigated
synchronization and passivity problems of neural networks under event-triggered communication and
intermittent control mechanisms. Ma et al. [12] further studied synchronization control of chaotic
neural networks subject to actuator saturation under an event-triggered sampling scheme. These
methods provide effective approaches for reducing communication burden and energy consumption in
synchronization control problems.

Despite these achievements, the integration of event-triggered communication and intermittent
control for reaction-diffusion neural networks remains limited. Existing results mainly focus on
reducing communication frequency or controller activation time separately. For instance, Qiu and
Su [13] investigated sampled-data event-triggered synchronization of reaction-diffusion neural networks
to reduce communication consumption, while Liu et al. [14] developed an asynchronous intermittent
control approach to reduce controller activation time. However, the exponential synchronization (ES)
problem of reaction-diffusion neural networks over directed networks under a sampled-data event-
triggered asynchronous aperiodic intermittent control scheme has not been fully investigated.

Motivated by the above observations, this paper investigates the ES problem of reaction-diffusion
neural networks over directed networks under a sampled-data event-triggered asynchronous aperiodic
intermittent control scheme. By integrating event-triggered communication and intermittent control, a
hybrid control scheme is proposed to simultaneously reduce communication transmissions and controller
activation time. The main contributions are summarized as follows.

1) A sampled-data event-triggered asynchronous aperiodic intermittent control scheme is developed
for reaction-diffusion neural networks over directed networks. Unlike existing methods that sepa-
rately consider communication reduction or intermittent control, the proposed scheme combines both
mechanisms to achieve ES with reduced resource consumption.

2) An Lyapunov–Krasovskii functional (LKF) with historical-state integral terms is constructed to
characterize the effects of sampled-data communication and asynchronous intermittent control. Based
on this functional, sufficient conditions for ES are derived by employing graph-theoretic techniques and
inequality methods.

3) The proposed event-triggering mechanism is proved to be Zeno-free. Numerical simulations are
provided to verify the effectiveness of the proposed control scheme.

The remainder of this paper is organized as follows. Section 2 introduces the system model,
assumptions, and control protocol. Section 3 presents the synchronization criteria and theoretical
analysis. Section 4 provides numerical examples. Finally, Section 5 concludes this paper.
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2. Preliminaries and description model

2.1. Notations

Consider a collection of nodes represented by N = {1, 2, . . . ,N}. Let Rn denote the n-dimensional
Euclidean space and define R+ = [0,+∞). Denote by C2,1(Rn × R+;R+) the class of nonnegative
functions U(s, t) on Rn×R+ that are twice continuously differentiable with respect to s and continuously
differentiable with respect to t. For a vector-valued function x(s, t) ∈ Rn, the notation ∥x(s, t)∥2 denotes
the Euclidean norm with respect to the state vector, ∥x(s, t)∥2 =

(∑n
k=1 x2

k(s, t)
)1/2

, where s ∈ Γ is the
spatial variable. Throughout this paper, the spatial energy of the state is measured by the L2-norm∫
Γ
∥x(s, t)∥22ds. Let Γ ⊂ Rk be a bounded compact domain satisfying mes(Γ) > 0. Moreover, ϕ(s) ∈ C1(Γ)

means that ϕ(s) possesses a continuous first-order derivative throughout the domain Γ.
A directed graph (digraph) is represented by G = (N , E), where N is the vertex set and E is the set

of directed edges. Two weighted adjacency matrices, A = (ai j), B = (bi j), are introduced in this paper.
Matrix A characterizes the coupling topology of the reaction-diffusion neural network, whereas matrix
B is associated with the distributed controller. Accordingly, ai j > 0 (or bi j > 0) if node j can directly
transmit information to node i; otherwise, ai j = 0 (or bi j = 0).

Throughout this paper, zi(s, t) and wi(s, t) denote the states of the drive system and the response
system, respectively. The synchronization error is defined as vi(s, t) = wi(s, t) − zi(s, t). Moreover,
z̃i(s, t) denotes the sampled state used in the event-triggered controller, which is updated only at the
corresponding triggering instants.

2.2. Mathematical model

This paper considers the ES problem of reaction-diffusion neural networks under asynchronous
aperiodic intermittent control.The interactions among the nodes are characterized by a directed graph G
with N(N ≥ 2)nodes, and the network dynamics are formulated as

∂zi

∂t
=

K∑
o=1

∂

∂so

(
Bio
∂zi

∂so

)
+ fi(zi) +

N∑
j=1

ai jHi j(zi, z j), i ∈ N (2.1)

The vector zi(s, t) denotes the state of the ith node of the network, where t denotes the time variable
and s = (s1, s2, . . . , sk) ∈ Γ ⊂ Rk represents the spatial variable. The spatial domain is defined by
Γ = {s = (s1, s2, . . . , sk)T | ∥si∥2 < ni, ni > 0, i = 1, 2, . . . , k}, which is a bounded compact subset of Rk

satisfying mes(Γ) > 0. The activation function fi(·) : Rm → Rm is assumed to be continuous. Moreover,
Bio > 0 denotes the diffusion coefficient corresponding to the i-th node. The interconnection among
different nodes is described by the coupling function Hi j(·, ·) : Rm×Rm → Rm together with the coupling
weight ai j.

System (2.1) is subject to the following initial state and boundary conditions:

zi(s, t) = 0, (s, t) ∈ ∂Γ × [0,+∞) (2.2)

zi(s, 0) = ϕi(s, 0), s ∈ Γ, i ∈ N (2.3)

The boundary condition (2.2) is the homogeneous Dirichlet boundary condition, which requires the state
variables to vanish on the boundary of the spatial domain. The same boundary condition is imposed on
both the drive and response systems throughout this paper.
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Assume that ϕ(s, 0) = (ϕT
1 (s, 0), ϕT

2 (s, 0), . . . , ϕT
N(s, 0))T is a bounded and continuous initial condition

on Γ. On the basis of System (1), the following response system is constructed:

∂wi

∂t
=

K∑
o=1

∂

∂so

(
Bio
∂wi

∂so

)
+ fi(wi) +

N∑
j=1

ai jHi j(wi,w j) + ui, i ∈ N (2.4)

where wi(s, t) corresponds to the state variable and ui to the control input.

wi(s, t) = 0, (s, t) ∈ ∂Γ × [0,+∞) (2.5)

wi(s, 0) = ϕi(s, 0), s ∈ Γ, i ∈ N (2.6)

In the above system, wi(s, t) represents an m-dimensional state vector. The control goal is to achieve
ES between Systems (2.1) and (2.4).

The synchronization error is defined as vi = vi(s, t) = wi(s, t) − zi(s, t), and the error states satisfy the
following formula:

∂vi

∂t
=

K∑
o=1

∂

∂so

(
Bio
∂vi

∂so

)
+ ( fi(wi) − fi(zi)) +

N∑
j=1

ai j
(
Hi j(wi,w j) − Hi j(zi, z j)

)
+ ui, i ∈ N (2.7)

Correspondingly, the error system satisfies the same boundary conditions.
A conventional distributed controller is considered as ui(s, t) = α

∑
j∈Ni

bi j
(
zi(s, t) − z j(s, t)

)
, where

bi j denotes the (i, j)-th entry of the weighted adjacency matrix B, Ni represents the neighbor set of node
i, and α is the coupling strength.

This controller requires continuous state information exchange among neighboring nodes, resulting in
high communication frequency. To reduce communication requirements, continuous states are replaced
by sampled states, and the following sampled-data event-triggered controller is adopted:

ui(s, t) = α
∑
j∈Ni

bi j
(
z̃i(s, ti

r) − z̃ j(s, t j
r′)

)
, t ∈ [ti

r, t
i
r+1).

Here, z̃i(s, ti
r) denotes the latest sampled state of node i, and z̃ j(s, t j

r′) represents the latest available
sampled state of node j. Since each node determines its triggering instants independently, r′ is
generally different from r, which characterizes the asynchronous property of the proposed controller.
Communication delays are neglected, and all nodes use the same sampling period for event detection.

For each node i ∈ N , the sequence ti
r (r ∈ N) represents its event-triggering instants, with ti

0 = 0 as
the initial triggering time. In addition, h is the corresponding sampling period.

t j
r′ = max

{
t j
q

∣∣∣t j
q ≤ ti

r + lh, q ∈ N , l ∈ N+
}
. (2.8)

Suppose that ti
r + lh represents the current sampling instant. Then, the triggering error signals for the

i-th and j-th nodes can be expressed, respectively, as

ei(s, ti
r + lh) = z̃i(s, ti

r) − z̃i(s, ti
r + lh) (2.9)

e j(s, ti
r + lh) = z̃ j(s, t j

r′) − z̃ j(s, ti
r + lh) (2.10)
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ei(s, rh) = vi(s, ti
r) − vi(s, rh) = −

∫ rh

tir

∂vi(s, τ)
∂τ

dτ. (2.11)

where ei and e j represent the triggering errors of node i and j, respectively. For any t ∈ [ti
r+ lh, ti

r+ lh+h),
the following relation holds:

z̃i(s, ti
r) − z̃ j(s, t j

r′) =
[
z̃i(s, ti

r) − z̃i(s, ti
r + lh)

]
+

[
z̃i(s, ti

r + lh) − z̃ j(s, ti
r + lh)

]
+

[
z̃ j(s, ti

r + lh) − z̃ j(s, t j
r′)

]
= ei(s, ti

r + lh) − e j(s, ti
r + lh) +

[
z̃i(s, ti

r + lh) − z̃ j(s, ti
r + lh)

]
(2.12)

Consequently, for any t ∈ [rh, (r + 1)h), the following relation holds:

ui(s, t) = α
∑
j∈Ni

bi j
(
ei(s, rh) − e j(s, rh) + zi(s, rh) − z̃ j(s, rh)

)
(2.13)

The sequence of triggering instants is generated recursively through:

ti
r+1 = ti

r +min
l≥1

{
lh : ∥ei(s, ti

r + lh)∥2 > φi

∑
j∈Ni

bi j∥z̃i(s, ti
r) − z̃ j(s, t j

r′)∥2
}
. (2.14)

where φi is a positive constant that will be chosen appropriately.
Remark 1. The proposed sampled-data event-triggered asynchronous aperiodic intermittent control

scheme integrates communication scheduling and control activation. The triggering parameter φi

establishes a trade-off between communication efficiency and synchronization performance. Specifically,
a smaller φi induces more frequent triggering, whereas a larger φi reduces communication transmissions.

Definition 2.1 [2]: The closed-loop system is regarded as Zeno-free if the inter-event intervals fulfill

inf
r∈N

(
ti
r+1 − ti

r

)
> 0, ∀i ∈ N .

Remark 2. It follows from (2.14) that the event-triggering mechanism is evaluated only at the
sampling instants. Whenever the inequality

∥ei(s, ti
r + lh)∥2 > φi

∑
j∈Ni

bi j

∥∥∥z̃i(s, ti
r) − z̃ j(s, t j

r)
∥∥∥

2

holds, node i generates a triggering event at ti
r + lh. As a result, the sampled information is transmitted

and the triggering instant is updated to ti
r+1 = ti

r + lh.
Remark 3. Owing to the fact that each triggering instant is selected from the sampling sequence, one

has {ti
0, t

i
1, t

i
2, . . .} ⊆ {0, h, 2h, . . .}. Hence, the inter-event intervals satisfy ti

r+1 − ti
r ≥ h, (r = 0, 1, 2, . . .).

As a result, a strictly positive lower bound exists for every inter-event interval. By Definition 2.1, the
proposed sampled-data event-triggered mechanism is therefore Zeno-free.

For convenience of subsequent analysis, define the piecewise-constant triggering error by ei(t) =
ei(s, ti

r + lh), t ∈ [ti
r + lh, ti

r + (l + 1)h).
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By evaluating the triggering condition only at the sampling instants, the error signal is updated
exclusively at these instants and remains unchanged between two consecutive sampling times. Therefore,
for any t ∈ [rh, (r + 1)h), it follows that ei(t) = ei(s, rh).

∥ei(s, t − ς)∥2 ≤ φi

∑
j∈Ni

bi j

∥∥∥∥z̃i

(
s, ti

r

)
− z̃ j

(
s, t j

r′

)∥∥∥∥
2

≤ φi

∑
j∈Ni

bi j

∥∥∥z̃i(s, t − ς) − z̃ j(s, t − ς) + ei(s, t − ς) − e j(s, t − ς)
∥∥∥

2

= φi

∑
j∈Ni

bi j

∥∥∥wi(s, t − ς) − w j(s, t − ς) + ei(s, t − ς) − e j(s, t − ς)
∥∥∥

2

≤ φi

∑
j∈Ni

bi j∥wi(s, t − ς)∥2 + φi

∑
j∈Ni

bi j∥w j(s, t − ς)∥2 + φi

∑
j∈Ni

bi j∥ei(s, t − ς)∥2

+ φi

∑
j∈Ni

bi j∥e j(s, t − ς)∥2

≤ 2φia∥w(s, t − ς)∥2 + 2φia∥e(s, t − ς)∥2 (2.15)

Here, e(s, t − ς) =
(
eT

1 (s, t − ς), eT
2 (s, t − ς), . . . , eT

N(s, t − ς)
)T, with a = max

{∑
j∈Ni

bi j

}
. Moreover,

the final inequality in (2.15) follows from the Cauchy–Schwarz inequality.
Together with (2.15) and the norm properties, it follows that

∥e(s, t − ς)∥2 =

 N∑
i=1

∥ei(s, t − ς)∥22

1/2

≤

 N∑
i=1

(
2φia∥w(s, t − ς)∥2 + 2φia∥e(s, t − ς)∥2

)2

1/2

≤ 2φa∥w(s, t − ς)∥2 + 2φa∥e(s, t − ς)∥2 (2.16)

Using (2.16), it can be derived that

∥e(s, t − ς)∥2 ≤
2φa

1 − 2φa
∥w(s, t − ς)∥2 (2.17)

with 0 < φ <
1
2a

.
Definition 2.2 [2]. ES between Systems (2.1) and (2.4) is achieved if there exist constants ϵ > 0 and

M > 1 such that
∫
Γ
∥v(s, t)∥22 ds ≤ Me−ϵt

∫
Γ
∥v(s, 0)∥22 ds. Here, v(s, t) =

(
vT

1 (s, t), vT
2 (s, t), . . . , vT

N(s, t)
)T
∈

RmN×1, where s ∈ Γ, and v(s, 0) denotes a bounded continuous initial function.
Definition 2.3 [5]. An asynchronous aperiodic intermittent controller is said to fulfill the average

control ratio condition if there exist constants γi ∈ (0, 1) and Tγi ≥ 0 such that T i
con(t1, t2) ≥ γi(t1 −

t2) − Tγi , (∀ t1 > t2 ≥ t0), where T i
con(t1, t2) denotes the total duration of the control-active intervals over

[t2, t1). The parameter γi is referred to as the asynchronous control ratio (ACR), whereas Tγi is termed
the elasticity number.
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Lemma 2.1 [4]: Assume that no > 0 (o = 1, 2, . . . , k). Let Γ = {s = (s1, s2, . . . , sk)T | ∥so∥2 < no, o =
1, 2, . . . , k} denote a hypercube in Rk. Let f (s) denote a continuously differentiable real-valued function
in C1(Γ) that vanishes on the boundary ∂Γ of Γ, that is, f (s)|∂Γ = 0. Then, it holds that∫

Γ

ϕ2(s) ds ≤ n2
o

∫
Γ

∥∥∥∥∥∂ϕ(s)
∂so

∥∥∥∥∥2

2
ds.

Lemma 2.2 [15]: Let N ≥ 2, and let ξi denote the cofactor of the i-th diagonal element of the
Laplacian matrix associated with the directed graph (G, B), where B = (bi j)N×N . Then,

N∑
i, j=1

ξibi jFi j
(
vi(s, t), v j(s, t)

)
=

∑
δ∈Γ

W(δ)
∑

(x,r)∈E(Cδ)

Frx
(
vr(s, t), vx(s, t)

)
.

Here, Fi j : Rm × Rm → R, i, j ∈ N , is an arbitrary real-valued function. Moreover, W(δ) denotes
the weight associated with δ, Cδ denotes the directed cycle corresponding to δ, and Γ represents the
collection of all spanning unicyclic subgraphs of the digraph (G, B). Furthermore, if (G, B) is strongly
connected, then ξi > 0 holds for every i ∈ N . Throughout this paper, the digraph (G, B) is assumed to
be strongly connected.

Assumption 1. The vector-valued function fi(·) satisfies

(wi(s, t) − zi(s, t))T( fi(wi(s, t)) − fi(zi(s, t))
)
≤ αi(wi(s, t) − zi(s, t))T(wi(s, t) − zi(s, t)),

for some constant αi > 0.
Assumption 2. The coupling function Hi j(·, ·) satisfies

∥Hi j(s, y) − Hi j(ŝ, ŷ)∥2 ≤ δi j
(
∥s − ŝ∥2 + ∥y − ŷ∥2

)
,

for some constant δi j > 0 and for all s, ŝ, y, ŷ ∈ Rm.
Assumption 3. Under the specified initial and boundary conditions, the drive system (2.1) admits

globally bounded solutions on Γ × [0,+∞). In particular, there exists a positive constant Mz satisfying
∥zi(s, t)∥2 ≤ Mz, for every i ∈ N , s ∈ Γ, and t ≥ 0.

Remark 4. The above assumptions are introduced to facilitate the synchronization analysis of
reaction-diffusion neural networks and have clear physical meanings.

Assumption 1 imposes a one-sided Lipschitz condition on the activation functions, which is essential
for estimating the nonlinear terms in the Lyapunov analysis.

Assumption 2 guarantees the boundedness of the coupling effects among interconnected nodes,
allowing the synchronization criteria to be established for nonlinear network dynamics.

Assumption 3 ensures the global boundedness of the drive system states, which is necessary for
obtaining finite estimates in the stability analysis and is consistent with the physical limitations of
neural states.

These assumptions provide sufficient conditions for rigorous theoretical analysis while maintaining
the applicability of the proposed method to a broad class of reaction-diffusion neural networks.

Electronic Research Archive Volume 34, Issue 10, 7244–7260.
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3. Results

3.1. Sufficient conditions for ES

Theorem 3.1 Suppose that Assumptions 1–3 hold. Define

κ∗ = min
i

2λmin(Bio)
n2

o
− 2α − 3

∑
j

ai jδi j − α(3 + ε)
∑

j

bi j − 1 −
ηmax

ξmin


where

ηmax = max
i

∑
k

ξk
(
akiδki + αbki

) .
If κ∗ > 0 and h2 − he−µh +

2αh
ε

(∑
j

bi j +
1
ξi

∑
j
ξ jb ji

)
≤ 0, then the drive system (2.1) and the response

system (2.4) achieve ES for any 0 < κ < κ∗.
The following corollaries follow directly from Theorem 3.1.

Corollary 3.1. Under the conditions of Theorem 3.1, the synchronization error converges exponentially
with a convergence rate of at least ρ + κ, where

ρ = min{κ∗ − κ, δ, µ}.

Proof. The result follows directly from Theorem 3.1.
Corollary 3.2. Under the conditions of Theorem 3.1, any parameter satisfying

0 < κ < κ∗

guarantees ES of the considered reaction-diffusion neural networks.
Proof. The conclusion follows immediately from Theorem 3.1.

Proof. By Lemma 2.2, the strong connectivity of the digraph implies that ξi > 0 for all i ∈ N .
Accordingly, the following LKF is introduced:

V(t) =
N∑

i=1

ξi [Vi1(t) + Vi2(t) + Vi3(t)] (3.1)

Vi1(t) =
∫
Γ

eθ(t)∥vi(s, t)∥22 ds, (3.2)

Vi2(t) =
∫
Γ

∫ t

t−h
eδ(τ−t)∥vi(s, τ)∥22 dτ ds (3.3)

Vi3(t) = h
∫
Γ

∫ 0

−h

∫ t

t+θ
eµ(τ−t)

∥∥∥∥∥∂vi(s, τ)
∂τ

∥∥∥∥∥2

2
dτdθds (3.4)

From the choice θ(t) = κt with a design constant κ > 0 follows continuous differentiability of θ(t) on
[0,+∞) together with θ̇(t) = κ.The parameters δ > 0 and µ > 0 are design constants. They adjust the
weights of historical states and state derivatives, respectively.

Electronic Research Archive Volume 34, Issue 10, 7244–7260.
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The time derivatives of V1(t), V2(t), and V3(t) are derived as

V̇i1(t) =
∫
Γ

eθ(t)
[
κ∥vi∥

2
2 + 2vT

i
∂vi

∂t

]
ds (3.5)

V̇i2 =

∫
Γ

∥vi(t)∥22ds − e−δh
∫
Γ

∥vi(t − h)∥22ds − δVi2 (3.6)

V̇i3 ≤ h2
∫
Γ

∥∥∥∥∥∂vi(t)
∂t

∥∥∥∥∥2

ds − he−µh
∫
Γ

∫ t

t−h

∥∥∥∥∥∂vi(τ)
∂τ

∥∥∥∥∥2

dτds − µVi3 (3.7)

By substituting (2.7) into (3.5), we obtain:

V̇i1(t) =
∫
Γ

eθ(t)
{
κ∥vi∥

2
2 + 2vT

i

[ k∑
o=1

∂

∂so

(
Bio
∂vi

∂so

)
+ fi(wi) − fi(zi)

+

N∑
j=1

ai j
(
Hi j(wi,w j) − Hi j(zi, z j)

)
+ ui

]}
ds

(3.8)

Due to Lemma 2.1,we can get:∫
Γ

2eθ(t)vT
i

∑
o

∂

∂so

(
Bio
∂vi

∂so

)
ds ≤ −

∑
o

2λmin(Bio)
n2

o

∫
Γ

eθ(t)∥vi∥
2
2ds (3.9)

2
∫
Γ

eθ(t)vT
i
(
fi(wi) − fi(zi)

)
ds ≤ 2αiVi1 (3.10)

By Assumption 2, the coupling functions satisfy the Lipschitz continuity condition. We get:∥∥∥Hi j(wi,w j) − Hi j(zi, z j)
∥∥∥

2
≤ δi j

(
∥wi − zi∥2 + ∥w j − z j∥2

)
= δi j

(
∥vi∥2 + ∥v j∥2

)
.

(3.11)

Then, according to the Cauchy–Schwarz inequality and Young’s inequality, one obtains

2
∫
Γ

eθ(t)vT
i

N∑
j=1

ai j
(
Hi j(wi,w j) − Hi j(zi, z j)

)
ds ≤ 2

∑
j

ai jδi j

∫
Γ

eθ(t)
(
∥vi∥

2 + ∥vi∥∥v j∥
)
ds

≤ 3

∑
j

ai jδi j

 Vi1 +
∑

j

ai jδi j

∫
Γ

eθ(t)∥v j∥
2ds

(3.12)

Using the definitions of the triggering errors in (2.10)–(2.12), the sampled state difference can be
decomposed as z̃i(s, ti

r) − z̃ j(s, t j
r) =

[
z̃i(s, rh) − z̃ j(s, rh)

]
+

[
ei(s, rh) − e j(s, rh)

]
.
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Combining (2.10) with Jensen’s inequality yields that∥ei(s, rh)∥2 ≤ h
∫ rh

rh−h

∥∥∥∂vi(s,τ)
∂τ

∥∥∥2
dτ and

2
∫
Γ

eθ(t)vT
i uids = 2α

∫
Γ

eθ(t)vT
i

∑
j

bi j
[
(vi − v j) + (ei − e j)

]
ds

= 2α
∑

j

bi j

∫
Γ

eθ(t)vT
i (vi − v j)ds + 2α

∑
j

bi j

∫
Γ

eθ(t)vT
i (ei − e j)ds

≤ 3α

∑
j

bi j

 Vi1 + α
∑

j

bi j

∫
Γ

eθ(t)∥v j∥
2ds + αε

∑
j

bi j

 Vi1 +
α

ε

∑
j

bi j

∫
Γ

eθ(t)∥ei − e j∥
2ds

≤ α(3 + ε)

∑
j

bi j

 Vi1 + α
∑

j

bi j

∫
Γ

eθ(t)∥v j∥
2ds +

2α
ε

∑
j

bi j

∫
Γ

eθ(t)
(
∥ei∥

2 + ∥e j∥
2)ds

≤ α(3 + ε)

∑
j

bi j

 Vi1 + α
∑

j

bi j

∫
Γ

eθ(t)∥v j∥
2ds

+
2αh
ε

∑
j

bi j

∫
Γ

eθ(t)
∫ rh

rh−h

∥∥∥∥∥∂vi

∂τ

∥∥∥∥∥2

+

∥∥∥∥∥∥∂v j

∂τ

∥∥∥∥∥∥2 dτds.

(3.13)

From substituting (3.10)–(3.13) into (3.9) follows the final expression:

V̇i1 ≤

κ − 2λmin(Bio)
n2

o
+ 2α + 3

N∑
j=1

ai jδi j + α(3 + ε)
N∑

j=1

bi j

 Vi1 +

N∑
j=1

(ai jδi j + αbi j)
∫
Γ

eθ(t)∥v j∥
2ds

+
2αh
ε

N∑
j=1

bi j

∫
Γ

eθ(t)
∫ rh

rh−h

(
∥v̇i(τ)∥2 + ∥v̇ j(τ)∥2

)
dτds

(3.14)
since rh ≤ t < (r + 1)h,

∫ rh

rh−h

∥∥∥∂vi
∂τ

∥∥∥2
dτ ≤

∫ t

t−h

∥∥∥∂vi
∂τ

∥∥∥2
dτ.

Let ξ = (ξ1, . . . , ξN)T be the positive left eigenvector associated with the zero eigenvalue of the
Laplacian matrix L (Lemma 2.2).

Unlike LKFs for continuous or periodically sampled control systems, the proposed functional is
designed for the sampled-data event-triggered asynchronous intermittent control protocol and captures
the effects of sampled-data communication and intermittent control through state, historical-state, and
state-derivative terms.

Then, define the global Lyapunov functional

V̇(t) =
N∑

i=1

ξi
[
V̇i1(t) + V̇i2(t) + V̇i3(t)

]
(3.15)
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Substituting (3.14) into (3.15) yields∑
i

ξiV̇i1 ≤
∑

i

ξi

κ − 2λmin(Bio)
n2

o
+ 2α + 3

∑
j

ai jδi j + α(3 + ε)
∑

j

bi j

 Vi1

+
∑

i

ξi
∑

j

(ai jδi j + αbi j)
∫
Γ

eθ∥v j∥
2ds +

2αh
ε

∑
i

ξi
∑

j

bi j

∫
Γ

eθ
∫ t

t−h

(
∥v̇i∥

2 + ∥v̇ j∥
2)dτds

(3.16)∑
i

ξiV̇i2 =
∑

i

ξie−κtVi1 − e−δh
∑

i

ξi

∫
Γ

∥vi(t − h)∥2ds − δ
∑

i

ξiVi2. (3.17)

∑
i

ξiV̇i3 ≤ h2
∑

i

ξi

∫
Γ

∫ t

t−h
∥v̇i∥

2dτds − he−µh
∑

i

ξi

∫
Γ

∫ t

t−h
∥v̇i(τ)∥2dτds − µ

∑
i

ξiVi3 (3.18)

Combining partial terms in (3.16)–(3.18) leads to

2αh
ε

∑
i

ξi
∑

j

bi j

∫
Γ

eθ(t)
∫ rh

rh−h

(
∥v̇i∥

2 + ∥v̇ j∥
2)dτds ≤

2αh
ε

∑
i

ξi
∑

j

bi j

∫
Γ

∫ t

t−h

(
∥v̇i(τ)∥2 + ∥v̇ j(τ)∥2

)
dτds

(3.19)

h2
∑

i

ξi

∫
Γ

∫ t

t−h
∥v̇i∥

2dτds +
2αh
ε

∑
i

ξi
∑

j

bi j

∫
Γ

∫ t

t−h
∥v̇i∥

2dτds

+
2αh
ε

∑
j

(∑
i

ξibi j

) ∫
Γ

∫ t

t−h
∥v̇ j∥

2dτds − he−µh
∑

i

ξi

∫
Γ

∫ t

t−h
∥v̇i∥

2dτds

≤
∑

i

ξi

∫
Γ

∫ t

t−h


h2 − he−µh +

2αh
ε

∑
j

bi j

 ∥v̇i∥
2

 dτds +
2αh
ε

∑
j

(∑
i

ξibi j

) ∫
Γ

∫ t

t−h
∥v̇ j∥

2dτds

≤
∑

i

∫
Γ

∫ t

t−h

ξi
h2 − he−µh +

2αh
ε

∑
j

bi j

 + 2αh
ε

∑
j

ξ jb ji


 ∥v̇i∥

2dτds

(3.20)
By choosing h2 − he−µh + 2αh

ε

(∑
j bi j +

1
ξi

∑
j ξ jb ji

)
≤ 0, the integral term in (3.19) is nonpositive and

can therefore be discarded.

N∑
i=1

ξi

N∑
j=1

(ai jδi j + αbi j)
∫
Γ

eθ(t)∥v j(s, t)∥2ds =
N∑

j=1

 N∑
i=1

ξi(ai jδi j + αbi j)

 ∫
Γ

eθ(t)∥v j(s, t)∥2ds. (3.21)

Let ηi =
∑

k ξk
(
akiδki + αbki

)
and ηi ≤ ηmax = max

i
ηi, ξmin = min

i
ξi > 0. Then we arrive at∑

i ξi
∑

j
(
ai jδi j + αbi j

) ∫
Γ

eθ∥v j∥
2ds =

∑
i ηi

∫
Γ

eθ∥vi∥
2ds =

∑
i ηiVi1 ≤ ηmax

∑
i Vi1 ≤

ηmax

ξmin

∑
i ξiVi1.

Substituting (3.16)–(3.21) into (3.15), we obtain:

V̇(t) ≤
N∑

i=1

κ − 2λmin(Bio)
n2

o
+ 2α + 3

∑
j

ai jδi j + α(3 + ε)
∑

j

bi j + 1 +
ηmax

ξmin

 ξiVi1

− δ
∑

i

ξiVi2 − µ
∑

i

ξiVi3 (3.22)
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By introducing the following parameters:

κ∗ = min
i

2λmin(Bio)
n2

o
− 2α − 3

∑
j

ai jδi j − α(3 + ε)
∑

j

bi j − 1 −
ηmax

ξmin

 (3.23)

Then choose a design parameter κ satisfying 0 < κ < κ∗.
The condition (3.23) can be further rewritten as

V̇(t) ≤ −(κ∗ − κ)
∑

i

ξiVi1 − δ
∑

i

ξiVi2 − µ
∑

i

ξiVi3. (3.24)

Since κ∗ > 0 and 0 < κ < κ∗, one has κ∗ − κ > 0. Together with δ > 0 and µ > 0, define ρ =
min {κ∗ − κ, δ, µ} > 0.

Consequently,

V̇(t) ≤ −ρ
N∑

i=1

ξi (Vi1(t) + Vi2(t) + Vi3(t)) = −ρV(t). (3.25)

Then by the comparison principle,
V(t) ≤ V(0)e−ρt. (3.26)

Since Vi2(t) ≥ 0, Vi3(t) ≥ 0, one has V(t) ≥
∑N

i=1 ξiVi1(t). Let ξmin = min1≤i≤N ξi, therefore,
V(t) ≥ eκt

∑N
i=1 ξi

∫
Γ
∥vi(s, t)∥2ds.ThenV(t) ≥ ξmineκt

∫
Γ
∥v(s, t)∥2ds , and we obtain

ξmineκt
∫
Γ

∥v(s, t)∥2ds ≤ V(0)e−ρt. (3.27)

That is,
∫
Γ
∥v(s, t)∥2ds ≤ V(0)

ξmin
e−(ρ+κ)t. V(0) ≤ M0

∫
Γ
∥v(s, 0)∥2ds for some constant M0 > 0.

Then,
∫
Γ
∥v(s, t)∥2ds ≤ M0

ξmin
e−(ρ+κ)t

∫
Γ
∥v(s, 0)∥2ds. Therefore, by Definition 2.2, the drive system is

exponentially synchronized with the response system.

4. Simulation results

To illustrate the effectiveness of the proposed sampled-data event-triggered asynchronous aperiodic
intermittent control scheme and verify the theoretical results in Section 3, numerical simulations
are conducted. First, a four-node reaction-diffusion neural network is considered to demonstrate the
synchronization performance. Moreover, a 16-node network is further introduced to evaluate the
scalability and communication efficiency of the proposed method.

For the four-node network, the communication topology is described by the directed adjacency matrix

G =


0 1 0 0
0 0 0 1
1 0 0 0
1 0 1 0

 .
The spatial domain is selected as Γ = (−0.5, 0.5) with homogeneous Dirichlet boundary conditions.

The spatial interval is discretized into N = 80 grid points with ds ≈ 0.0127. The simulation time and
integration step are set as t = 10 and ∆t = 0.0005, respectively. The system parameters are selected as
k = [1.50, 1.30, 1.20, 1.10], c = [6.0, 5.5, 5.0, 5.0], and α = 0.6. The nonlinear activation function is
given by f (x) = |x+1|−|x−1|

2 .
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4.1. Synchronization performance

Figure 1 illustrates the spatiotemporal evolutions of the drive and response systems. The four subfig-
ures correspond to z1, w1, z2, and w2, respectively. Although different initial conditions are considered,
the response systems gradually converge to the drive systems, indicating successful synchronization
under the proposed controller.

Figure 2 shows the synchronization error under the typical threshold ϕ = 0.05. The error decreases
exponentially and exhibits an approximately linear trend in the semilogarithmic scale, which verifies the
exponential convergence property established in Theorem 3.1.

4.2. Threshold sensitivity analysis

To investigate the influence of the triggering threshold amplitude ϕ, four different values are consid-
ered: ϕ ∈ {0.02, 0.05, 0.20, 0.60}.

The triggering threshold φ governs the trade-off between synchronization performance and commu-
nication efficiency. A smaller value of φ yields more frequent triggering instants and faster convergence
of synchronization errors, whereas a larger φ decreases the frequency of communication updates yet
may degrade the synchronization rate. Moreover, since triggering instants are confined to the sampling
time sequence, the proposed strategy ensures a strictly positive minimum inter-event interval, thereby
eliminating Zeno behavior.

Figure 3 compares the synchronization errors and triggering characteristics under different threshold
values. Smaller thresholds provide faster convergence and lower synchronization errors, while larger
thresholds reduce triggering events at the cost of slower convergence. This result reveals the trade-off
between communication efficiency and synchronization performance.

4.3. Scalability and communication efficiency comparison

To further evaluate the scalability and effectiveness of the proposed method, a 16-node reaction-
diffusion neural network is considered. The proposed scheme is compared with continuous control
and periodic sampled-data control schemes in terms of synchronization performance and communica-
tion efficiency.

Figure 4 presents the synchronization performance comparison among the three control strategies.
All methods successfully achieve synchronization, demonstrating their effectiveness in stabilizing the
network. However, compared with continuous and periodic sampled-data control schemes, the proposed
event-triggered strategy achieves comparable convergence performance with fewer communication
updates, which highlights its advantage in reducing unnecessary information exchange.

Figure 5 depicts the number of triggering events for each node under the proposed control scheme.
The limited triggering frequency demonstrates that the proposed strategy reduces communication
transmissions while preserving synchronization performance in larger-scale networks.

The communication saving ratio is calculated as Rs =
Nbaseline−Nproposed

Nbaseline
× 100%.

The comparison results indicate that the proposed method can significantly reduce communica-
tion overhead while preserving desired synchronization performance, demonstrating its potential for
communication-efficient synchronization of large-scale reaction-diffusion neural networks.
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4.4. Discussion and consistency with theoretical results

The simulation results are consistent with the theoretical conclusions in Section 3. Figures 1 and 2
verify the synchronization capability and exponential convergence property of the proposed controller.
Figure 3 demonstrates the influence of the triggering threshold on synchronization performance and
communication efficiency. Furthermore, Figures 4 and 5 illustrate that the proposed strategy maintains
synchronization performance while reducing communication updates in larger-scale networks.

Therefore, the proposed sampled-data event-triggered asynchronous aperiodic intermittent control
scheme provides an effective and communication-efficient solution for synchronization of reaction-
diffusion neural networks.

Figure 1. Spatiotemporal state evolutions of the drive and response systems.
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Figure 2. ES error under a typical triggering threshold ϕ = 0.05.
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Figure 3. Effects of threshold amplitude on synchronization performance and triggering events.
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5. Conclusions

In this paper, a sampled-data event-triggered asynchronous aperiodic intermittent control strategy
has been developed for the ES of reaction-diffusion neural networks over directed topologies. By
constructing an LKF and utilizing graph-theoretic techniques, sufficient synchronization conditions
have been established, and the Zeno-free property of the proposed scheme has been verified.

Numerical results demonstrate that the proposed method achieves synchronization while reducing
communication transmissions. The threshold analysis further illustrates the trade-off between syn-
chronization performance and communication efficiency, confirming the effectiveness of the proposed
control strategy.

Future research will focus on extending the proposed framework to finite-time and fixed-time syn-
chronization problems, as well as investigating more practical scenarios involving model uncertainties,
communication delays, and switching topologies.
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