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Abstract—Large-scale substations face challenges such as com-
plex inspections, high labor costs, and limited communication, re-
quiring intelligent and efficient solutions. An air-ground system of
unmanned aerial vehicles (UAVs) and inspection robots (IRs) offers
strong mobility and wide coverage. Wireless Ad Hoc Networks
(WANETs), with their scalability, self-organization, and reliability,
enable secure, stable, and decentralized communication, making
them ideal for supporting substation inspections. The integrated
Air-Ground-WANET system features a high-dimensional state
space, strong coupling, and challenging multi-objective trade-offs.
Dynamic topologies and constraints further complicate optimiza-
tion. Traditional methods lack real-time adaptability, while conven-
tional reinforcement learning (RL) often suffers from oscillation
and instability, limiting practical use. To address these challenges,
this paper proposes a multi-agent RL framework with Lyapunov
stability guarantees, employing a structurally constrained mono-
tonic neural network controller to ensure convergence and sta-
bility during training. A topology-aware graph attention Critic
network is designed to effectively capture spatial dependencies and
node coordination, improving policy evaluation accuracy. Addi-
tionally, a policy optimization mechanism incorporating topology-
aware gradient regularization and neighborhood consistency con-
straints is introduced to enhance coordination and training stability
in dynamic communication environments. Extensive simulations
demonstrate its effectiveness and superior performance in complex
scenarios.
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I. INTRODUCTION

A. Background

A S THE power grid expands and operating environments
grow more complex, substation maintenance faces in-

creasing technical and efficiency challenges [1], [2], [3]. An
integrated air-ground inspection system combines ground in-
spection robots (IRs) with unmanned aerial vehicles (UAVs),
leveraging UAVs for efficient, flexible, wide-area coverage and
IRs for detailed equipment monitoring. This integration enables
comprehensive three-dimensional inspection and maintenance.
Real-time data transmission is critical for system operation.
However, due to the geographic isolation of substations and strict
security requirements, public networks often fail to meet the
low-delay and high-security needs of on-site operations. Wire-
less Ad Hoc Networks (WANETs), with their self-organizing
and dynamic topology features, offer an ideal communication
infrastructure for air-ground collaborative inspection. In the
WANET system, each node can transmit, receive, and relay data,
enhancing system flexibility and robustness. WANET technol-
ogy has shown great potential in various domains, including
smart cities, agriculture, and power grids [4], [5], [6].

In a substation, UAVs conduct precise inspections of electrical
equipment across wide and complex areas. At the same time, IRs
can monitor in detail the infrastructure on the ground, forming
a comprehensive air–ground collaborative framework [7]. In
such dynamic environments, WANETs ensure stable data trans-
mission, reliably delivering information collected by UAVs and
IRs. When nodes are distant from terminals, data is transmitted
via multi-hop routing. Lower transmission power increases hop
count and delay, while higher power reduces delay, however,
it increases interference, contention, and energy use, thereby
reducing network efficiency. Due to the continuous movement
of inspection devices, WANET topologies must dynamically
adapt to changing positions. The integrated UAV-IR-WANET
communication system is highly dynamic and uncertain, with a
high-dimensional state space and vast solution space, making
optimization particularly challenging. Furthermore, although
higher transmission power improves communication quality,
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it also increases energy consumption and reduces device en-
durance [8], [9], reflecting an inherent trade-off among these
performance metrics. The system’s many interdependent deci-
sion nodes further complicate control, a disturbance in one node
can trigger cascading effects, leading to performance instability.
These globally coupled dynamics require joint optimization
of conflicting objectives-such as energy efficiency, delay, and
link quality-under stringent real-time and stability requirements.
This paper designs a robust real-time control strategy for a
UAV-IR-WANET system.

B. Contribution

(1) This paper formulates the air–ground integrated substation
inspection process as a distributed partially observable Markov
decision process (Dec-POMDP) with multi-objective coupling,
incorporating key states such as delay, energy consumption, and
communication quality.

(2) To handle high-dimensional dynamics and multi-node
coupling, a Lyapunov-stable multi-agent reinforcement learn-
ing (MARL) framework is proposed, featuring a structurally
constrained monotonic neural network controller to ensure con-
vergence and stability.

(3) A topology-aware graph attention Critic combining GCN
and self-attention is designed to capture spatial dependencies
and coordination, while a topology-aware gradient regulariza-
tion mechanism with neighborhood consistency enhances coop-
erative training stability.

(4) A 3D substation communication environment is con-
structed for evaluation. The proposed method is benchmarked
against mainstream MARL baselines under routine and special-
ized inspection tasks.

C. Paper Organization

This paper is organized as follows: Section II introduces
related work; Section III describes the air-ground inspection
communication environment and multi-objective optimization
model; Section IV outlines the problem formulation and solu-
tion framework; Section V presents the stability-guaranteed RL
controller and topology-aware graph attention Critic; Section VI
provides simulation validation; Section VII concludes the work.

II. RELATED WORKS

A. Mathematical Optimization Methods

Mathematical modeling and optimization have been widely
adopted in wireless communications for resource allocation,
topology control, and scheduling due to their rigor and inter-
pretability [3], [10], [11]. Early studies developed cross-layer
optimization frameworks to jointly handle routing, power con-
trol, and scheduling [12], and further leveraged convex optimiza-
tion to explicitly capture Physical–MAC coupling for energy-
efficient allocation [13]. Energy-efficiency maximization has
also been formulated via fractional programming, enabling an-
alytically tractable solutions under QoS constraints [14]. To
meet ultra-reliable and low-latency communication (URLLC)

requirements, reliability and latency constraints were incorpo-
rated into convex cross-layer designs for precise service regu-
lation [15]. Beyond convex settings, several works combined
combinatorial and continuous optimization to address multi-
hop routing and power allocation under interference cancella-
tion [16], while mixed-integer nonlinear programming has been
used for joint subcarrier assignment, scheduling, and power
control [17]. With increasing spatial-resource complexity, robust
optimization and convex relaxation have been applied to UAV
trajectory/beamforming/power design [18], and semidefinite
programming has been adopted for phase-shift and beamform-
ing optimization in IRS-assisted systems [19]. Comprehensive
overviews of convex and distributed optimization for communi-
cation networks can be found in [20]. For energy-efficient net-
work optimization, sequential fractional programming has been
used to iteratively convexify and solve efficiency-maximization
problems [21], while global optimization frameworks further
extend power control and receiver design [22]. Distributed ap-
proaches have also been explored, such as congestion-aware
routing–scheduling algorithms that improve throughput under
fairness and energy constraints [23], and column-generation-
based joint scheduling and power control schemes that enhance
energy efficiency with near-optimal performance [24].

Despite their theoretical advantages, these methods encounter
significant challenges in large-scale, dynamic, or uncertain
networks, where constructing accurate models is difficult and
computational demands are high, thereby hindering real-time
adaptability. Moreover, their strong reliance on precise system
modeling restricts flexibility and limits their ability to generalize
across diverse scenarios.

B. Heuristic and Evolutionary Optimization Methods

Heuristic algorithms aim to efficiently obtain near-optimal so-
lutions by leveraging empirical rules and approximation strate-
gies, and have been widely adopted for complex non-convex
and NP-hard problems. To improve global exploration and
convergence, [25] proposed a hybrid optimizer that integrates
an improved Whale Optimization Algorithm with Grey Wolf
Optimizer, where dynamic weighting and pseudo-opposition-
based learning enhance solution quality in both benchmarks
and wireless-network optimization. For IoT service deploy-
ment, [26] developed a quantum particle swarm optimization
method with quantum encoding and dual-hashing decoding,
enabling joint optimization of throughput, energy consump-
tion, delay, and computational load. In [27], a dictionary-
based search combined with Pareto-relative dominance achieves
energy-efficient IoT service composition while maintaining user
satisfaction. Beyond IoT, heuristic search has also been ex-
tensively explored in wireless sensor networks (WSNs). [28]
introduced a heuristic joint rate and resource allocation strategy
to extend network lifetime, while [29] developed an ant colony
optimization framework for routing and energy management via
pheromone-guided path exploration. A comprehensive survey
in [30] summarized particle swarm optimization applications in
deployment, localization, clustering, and data aggregation, high-
lighting the suitability of swarm-intelligence heuristics for WSN
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optimization. Bio-inspired heuristics were further applied in [31]
to improve intrusion detection using an enhanced V-detector
negative-selection mechanism. To address coverage-related ob-
jectives, [32] adopted a multi-species evolutionary algorithm for
visual sensor networks, and [33] proposed a multifactorial evo-
lutionary framework that simultaneously optimizes coverage,
energy, and lifetime via cross-task genetic transfer. In addition,
multi-objective evolutionary methods have been investigated
for joint deployment and power assignment [34], topology and
scheduling co-design [35], and beamforming with power con-
trol [36], demonstrating the effectiveness of population-based
heuristics in balancing interference mitigation, coverage, and
energy efficiency.

Although heuristic and evolutionary algorithms offer strong
flexibility and perform well in large-scale, nonlinear, and con-
strained environments, their effectiveness often depends on em-
pirical design choices. These methods typically lack theoretical
convergence guarantees and are susceptible to local optima, par-
ticularly under dynamic or uncertain conditions. Moreover, their
performance is highly sensitive to parameter tuning, which can
reduce robustness and limit their generalizability in real-world
applications.

C. Machine Learning Optimization Methods

In recent years, machine learning (ML) has been extensively
applied in wireless and communication networks, providing an
effective way to balance system performance and computational
complexity [37], [38], [95], [96]. For example, [39] proposes
a two-stage self-supervised framework for multi-hop network
capacity optimization via structure classification and applica-
tion identification. Reinforcement learning (RL), which learns
decision policies through interactions with the environment, has
been widely adopted in robotics and autonomous driving [40],
[41], and is gaining increasing attention in topology optimiza-
tion due to its adaptability and reduced modeling dependency.
For instance, [42] develops an RL-based power-control scheme
for indoor base stations to maintain target SINR levels. In
contrast, [43] introduces a deep RL-assisted local search with
permutation-equivariant networks for intelligent neighborhood
selection. In [44], deep RL is integrated with graph neural net-
works (GNNs) for routing, mapping traffic-allocation decisions
to element-wise GNN outputs. An RL-based adaptive transmis-
sion framework is proposed in [45] to handle nonstationary chan-
nels and improve spectral efficiency under Bit Error Rate (BER)
constraints. Beyond these, ML/RL techniques have also been
applied to scheduling and spectrum utilization [46], large-scale
6G resource management [47], UAV trajectory and communica-
tion co-optimization [48], interference-aware device-to-device
(D2D) allocation [49]. Joint optimization of power allocation
and intelligent reflecting surface (IRS) configurations in OFDM
systems [50]. Moreover, [51] investigates DRL-based network
slicing for massive MIMO systems under dynamic traffic.
Lightweight predictors have been explored for energy-efficient
radio access network (RAN) slicing and operational overhead
reduction [52], as well as intelligent access-point activation and
load balancing [53]. To accelerate training, experience-retention

mechanisms are incorporated into DRL for beyond-5G resource
allocation [54]. Finally, ML-based optimization frameworks
have been summarized for IoT-driven wireless systems [55],
wireless sensor networks [56], and massive wearable-device
spectrum allocation [57].

It is worth noting, in [93], the authors propose a DRL-based
resource scheduling method for UAV-assisted emergency com-
munication networks, while [94] develops a Transformer-based
UAV trajectory planning approach for AoI-minimal data collec-
tion in UAV-aided IoT networks. In contrast, this paper focuses
on distributed online transmit power control for substation in-
spection Air–Ground–WANETs, jointly optimizing end-to-end
delay, endurance, and communication quality under dynamic
multi-hop topologies.

ML-based methods have shown strong effectiveness in dy-
namic and unstructured environments, supporting end-to-end
policy learning and autonomous decision-making. However, the
inherent stochasticity of their training processes often leads to
instability in convergence and limited interpretability.

D. Stability-Assured Optimization Methods

Recent research has increasingly emphasized optimization
frameworks with explicit and theoretically grounded stability
guarantees, driven by the demand for reliable performance in
highly dynamic wireless and edge computing environments.
In [58], a Lyapunov drift-plus-penalty–based edge resource
management method is developed to minimize long-term en-
ergy consumption while ensuring queue stability. In [59], an
energy-efficient goal-oriented communication scheme is pro-
posed, where Lyapunov optimization stabilizes multi-user ser-
vice queues under dynamic task arrivals. In [60], a stochas-
tic queueing model with per-slot Lyapunov control is applied
to Low Earth Orbit (LEO)-assisted mobile edge computing,
guaranteeing bounded task queues despite fluctuating demands.
In [61], a Lyapunov-guided deep reinforcement learning frame-
work is introduced to achieve provable delay stability for proac-
tive sensing-task offloading at roadside units. In [62], a mobility-
aware satellite edge computing strategy is formulated using
Lyapunov control to maintain stable offloading and energy–
delay performance under uncertain satellite–ground conditions.
In [63], a two-timescale hierarchical optimization framework
is presented and analytically proven stable through cross-layer
stability analysis, enabling robust service deployment and task
scheduling. In [64], a robust stability-oriented routing method is
developed for LEO satellite networks, addressing unpredictable
link and topology variations. In [65], a UAV-assisted computing
framework integrates trajectory optimization with a stability-
guaranteed offloading mechanism to maintain steady delay
queues in dynamic airborne environments. In [66], an industrial
IoT resource allocation scheme with built-in stability control is
proposed, ensuring reliable operation under fluctuating traffic
loads. In [67], a distributed constrained optimization method
is designed with formal stability and convergence guarantees
for privacy-preserving federated learning over time-varying
communication graphs. In [68], a stability-constrained peer-
offloading strategy is introduced for satellite edge computing,
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TABLE I
SUMMARY OF REPRESENTATIVE COMMUNICATION OPTIMIZATION METHODS

ensuring balanced and stable task execution across heteroge-
neous nodes. In [69], a reliability- and stability-aware offloading
mechanism is developed for integrated satellite–terrestrial net-
works, providing controllable performance under adversarial or
resource disturbances.

However, many existing stability-oriented methods are pri-
marily designed for single-agent or centrally controlled sys-
tems and often rely on simplified stability conditions that are
not explicitly embedded into the multi-agent policy structure,
making them less suitable for systems with coupled dynamics
and rapidly varying topologies.

E. Communications Enabled by Unmanned Systems

Recent years have seen a rapid growth of research on
unmanned-system–enabled communication networks, in which
UAVs and other autonomous platforms function as agile aerial
nodes to enhance connectivity, coverage, and service continuity.
Beyond performance improvement, an increasing body of work
has begun to focus on stability-guaranteed network optimiza-
tion, aiming to ensure reliable communication under mobility,
channel fluctuations, and resource uncertainty. For instance, [70]
provides a stability-oriented analysis of UAV-assisted com-
munication, examining the interplay among mobility, channel
variation, and resource allocation and summarizing guidelines
for maintaining robust connectivity under dynamic flight con-
ditions. [71] offers a survey of UAV–B5G client architectures,
highlighting adaptive non-terrestrial access mechanisms that
can mitigate link disruptions and throughput oscillations. [72]
delivers an analytical overview of UAV-enabled communication
models, discussing how coordinated topology management and
interference-aware channel allocation improve network reliabil-
ity. [73] reviews UAV-assisted communication paradigms for
6G networks, emphasizing regulation-aware deployment and
robust beamforming as key means to enhance link stability.
Building on these insights, [74] proposes a joint trajectory and
resource optimization method for UAV-assisted systems that
enhances communication stability by stabilizing latency, sensing
quality, and data throughput. [75] introduces a multi-service
UAV-enabled IoT access mechanism that ensures stable QoS
across heterogeneous traffic through dynamic scheduling and

interference control. [76] formulates a stability-oriented re-
source allocation scheme for UAV-enabled wireless-powered
mobile edge computing (MEC) networks, leveraging hybrid
passive–active communication to guarantee consistent energy
supply and data-rate performance under mobility. [77] develops
a UAV-assisted maritime communication framework that im-
proves link stability via joint trajectory and power optimization
to maintain reliable surveillance in highly volatile maritime
channels.

However, despite these advances, most existing studies still do
not provide explicit stability guarantees for air–ground collabo-
rative communications, as their optimization and control mech-
anisms are not designed to maintain robust performance under
coupled air–ground dynamics and rapidly varying topologies.
Table I presents a concise comparison of representative works
across the major categories.

III. PRELIMINARIES

A. Problem Description

Real-time equipment monitoring is crucial for reliable substa-
tion operation. We employ an integrated air–ground inspection
system utilizing UAVs and IRs. Since public networks are often
restricted due to security and geographical constraints [78],
WANETs are adopted for their reliable, self-organizing capa-
bilities. As shown in Fig. 1, the UAV and IR collect data along
fixed routes and forward it to a terminal via multi-hop relay
nodes.

We assume: (a) a common channel with adjustable power; (b)
uniform antenna gain and sensitivity; (c) stable transmission;
and (d) energy-constrained UAVs and IRs. Recognizing that
power settings dictate the range-energy trade-off, this work aims
to jointly optimize delay, endurance, and quality via dynamic
power control strategies.

Fig. 2 illustrates two communication modes. In direct mode
(A), devices transmit to the terminal at maximum power, leading
to high energy consumption. Conversely, multi-hop mode (B)
utilizes relays to lower power demand and extend endurance.
Intelligent agents dynamically adjust power to ensure stable,
energy-efficient, and real-time transmission.
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Fig. 1. Air-Ground-WANET substation inspection system.

Fig. 2. Two operational modes for frame transmission during inspections.

B. System Model

1) Delay Modeling: In WANET substations, E2E delay is a
critical metric for evaluating data transmission efficiency. Delay
is primarily affected by factors such as transmission power
between nodes, the number of transmission hops, and MAC-
layer channel contention. Proper power adjustment optimizes
the path, minimizes E2E delay, and ensures reliability. This
paper considers system delay as composed of three main parts.

a) MAC Layer Delay: The IEEE 802.15.4 protocol uses the
CSMA/CA to minimize collisions and improve wireless effi-
ciency. To enhance channel contention, we introduce a custom
backoff mechanism. Each node starts at an initial backoff stage
with contention window ω0. If the channel is busy, the stage
increases (i→ i+ 1), and the window expands exponentially:
ωi = 2min(i,m)ω0, i ∈ {0, 1, . . . ,H− 1}, wherem = 5 is the
maximum exponential threshold, andH is the maximum backoff
depth. In each slot, if the channel is idle (probability 1− Pα),
the backoff counter decreases; if busy (probability Pα), the node
increments the stage and resets the counter. Further details are

provided in [79]. The channel busy probability is given in (1).

Pα = 1− (1− e−λTslot
)N (node)

g (1)

wherePg = 1− e−λTslot is the probability that a node generates

data within a time slot Tslot, and N (node)
g denotes the number

of neighboring nodes. The MAC-layer channel access delay can
be derived from the steady-state distribution of a Markov chain
model, as shown in [80] (4).

By solving (4) in [80], the average backoff time at stage i can
be derived as shown in (2).

T
(i)
b =

W(b)
i −1∑
j=0

jω(i,j)t
(slot)
s , i ∈ [0,H] (2)

whereT(i)
b is the average duration in the i-th backoff stage;ω(i,j)

is the steady-state probability of being in state (i, j); and t
(slot)
s

is the fixed state transition time. More detailed information can
be found in [81]. In summary, total MAC delay is the weighted
sum of backoff times over all stages, as shown in (3).

T(layer)
mac =

H∑
i=0

⎡⎣T(i)
b

2i+3−1∑
j=0

ω(i,j)

⎤⎦ (3)

b) Transmission Delay: Based on the MAC access process in (a),
we model the per-hop transmission delay as an expected value
that incorporates potential retransmissions and the associated
MAC access overhead. In a WANET, the transmission time Ttp
of a data packet depends on its sizeLpacket (bits) and the channel
bandwidth Bch, expressed in (4).

T
(link)
tx =

Lpacket
Bch log2(1 + SNR)

(4)

In practical communication, data packets may be lost due to
channel contention, interference, and noise. Thus, the transmis-
sion failure probability Pf must be considered. It depends on
the node’s channel contention probability Pg and the number of

neighboring nodes N (node)
g , as shown in (5).

Pf = Pg · (1− Pα)
N (node)

g (5)

where Pα denotes the probability that the channel is busy. If
a transmission fails, the data packet must be retransmitted, in-
creasing the total transmission delay. Thus, considering both the
channel contention delay T

(layer)
mac and the effective transmission

time, the expected total delay is given by (6).

T
(hop)
tp =

∞∑
k=0

(1− Pf ) (Pf )
k ·
(
T
(link)
tx + k · T(layer)

mac

)
(6)

c) Queueing Delay: Beyond access and transmission latency,
relay buffering under stochastic arrivals introduces queueing
delay, with the service rate determined by the MAC-layer packet
processing time. In the WANET environment, the queueing
delay at each node can be modeled as an M/M/1 queue. Packet
arrivals follow a Poisson process with rate λ, and service times
are exponentially distributed with rate μ = 1/T

(layer)
mac , where

T
(layer)
mac is the MAC layer transmission time per packet. To
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maintain stability, the load must satisfy ρ(queue) = λ/μ < 1,
ensuring arrivals are slower than service. Under steady-state,
the average queueing delay T

(node)
q , including both waiting and

service time, is given by (7).

T(node)
q =

1

μ− λ
=

T
(layer)
mac

1− λT
(layer)
mac

(7)

According to Little’s theorem, the average queue lengthAq and

the queueing delay T
(node)
q relate as shown in (8).

Aq = λT(node)
q (8)

In summary, the single-hop delay Tnode equals the sum of
MAC delay, transmission time, and queueing delay: Tnode =
T
(layer)
mac + T

(link)
tx + T

(node)
q . The E2E delay over a multi-hop

path is the total of all nodes’ single-hop delays, as shown in (9).

Te2e =
∑

k∈Path
T
(k)
node (9)

where k denotes the k-th relay node along the data packet’s
transmission path from the source node to the terminal node.

2) Transmission Power Modeling: In the substation inspec-
tion environment studied, modeling and optimizing transmission
power is key to balancing communication performance. We
relate transmission power to communication distance using the
logarithmic path loss model, as shown in (10).

Φ
(i)
t = Φ(i)

r + Lpath (d0) + 10ηpathlog10

(
d

d0

)
+ Ξ(shadow)

σ

(10)

The wireless channel model is based on an improved log-
distance path loss model, comprising deterministic and stochas-
tic components. In the deterministic part, Φ

(i)
r denotes the

received signal strength (dBm), and Φ
(i)
t is the transmit power

of node i. The reference path loss at baseline distance d0 =
1m, denoted Lpath(d0), depends on antenna characteristics and
operating frequency. The distance between transmitter i and
receiver j is dij = ‖pi − pj‖2, where pi = [x1, x2, x3]

� and
pj = [x′1, x

′
2, x

′
3]
� are their spatial coordinates. This geometry

governs the spatial attenuation of electromagnetic waves. The
path loss exponent ηpath, set to 2.5 after calibration, reflects
medium attenuation and increases with environmental com-
plexity. The stochastic componentΞ(shadow)

σ ∼ N (0, σ2
Ξ)models

signal variations due to shadow fading from multipath effects.
3) Endurance Modeling: First, a multi-dimensional UAV en-

ergy model is developed, capturing flight and communication
energy consumption. Equation (11) details the flight energy,
which includes blade profile, induced, and fuselage drag power
components.

Eflyi = Ebla
(
1 +

3v2i
e2tip

)
︸ ︷︷ ︸

blade profile power

+ E ind

(√
1 +

v4i
4v40
− v2i

2v20

) 1
2

︸ ︷︷ ︸
induced power

+
1

2
dfusρdensrotddisv3i︸ ︷︷ ︸

fuselage drag power

(11)

where Ebla and E ind denote the blade profile power and induced
power, respectively. Specifically, pbla is the power to overcome
aerodynamic drag as the rotor blades spin, while pind is the
power loss from the downwash airflow generated during lift.
Both depend on the UAV’s aerodynamic parameters, as given in
(12) and (13).

Ebla =
cpro

8
ρdensrotrdisv3blar

3
rad (12)

where, cpro denotes the blade profile drag coefficient; ρden is
the air density; srot represents the rotor solidity (the ratio of total
blade area to the rotor disc area); rdis is the rotor disc area;
rrad denotes the rotor blade radius; and vbla is the blade angular
velocity (rotational speed).

E ind =
(
1 + f inc

)
w

3
2

(2ρdenrdis)
1
2

(13)

where f inc is the induced power increment factor (related to
rotor design efficiency), and w denotes the UAV’s weight.
The energy consumption for data packet transmission and re-
ception is expressed as: E(uav)tc = Φ

(uav)
t · T(uav)

tx + E(uav)circuit,

where Φ
(uav)
t is the UAV’s transmission power, T(uav)

tx is the
transmission time, and E(uav)circuit is the baseline circuit power
consumption. Therefore, the total energy consumption of the
UAV is: E(uav)total = Eflyi + E(uav)tc .

A multi-dimensional energy consumption model is also de-
veloped for the IR, focusing on two key aspects: mobility
energy consumption and data packet transmission/reception en-
ergy consumption. The mobility energy consumption consists
of the motor’s baseline power and the rolling friction power, as
expressed in (14).

Emovei = Ebase︸ ︷︷ ︸
basic motor power

+ Erol︸︷︷︸
rolling frictional power

(14)

where Ebase represents the baseline energy consumption to
keep the motors idling and power the control systems and
sensors. It is independent of the robot’s speed and is given
by: Ebase = (IidleVsys) · ti, where Iidle is the motor no-load
current, Vsys the system voltage, and ti the operation time. Erol
denotes the energy required to overcome rolling friction between
the wheels and the ground, proportional to the robot’s weight and
speed: Erol = frolmrobgvi·ti

ηmot , where frol is the rolling resistance

coefficient, mrob the robot’s mass, g the gravitational acceler-
ation, vi the speed, and ηmot the motor efficiency. Similar to
the UAV, the IR’s energy for data transmission and reception
is: E(ir)tc = Φ

(ir)
t · T(ir)

tx + E(ir)circuit. Thus, the IR’s total energy

consumption is: E(ir)total = Emovei + E(ir)tc

4) Communication Quality Modeling: Communication
quality critically influences data reliability and system stability.
This section models WANET communication quality and
examines how transmission power affects performance.
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In wireless systems, signal quality is evaluated by the
Signal-to-Noise Ratio (SNR), which depends on received
signal strength. Since transmission power directly impacts the
received signal, the received power based on the logarithmic
path loss model is expressed in (15).

Φ(i)
r = Φ

(i)
t − Lpath (d0)− 10ηpath log10

(
d

d0

)
− Ξ(shadow)

σ

(15)

Based on the above equation, the SNR, which serves as a key
indicator of signal quality, can be expressed as (16).

ΓE2E
ui =

Φ
(i)
r �y

u∑N
q 	=u �q,y + ς2E2E

(16)

where �y
u denotes the channel gain between nodes, accounting

for path loss and antenna gain. The term
∑N
q 	=u �q,y represents

co-channel interference from other inspection devices, while
ς2E2E is the thermal noise power. A higher SNR generally im-
proves data transmission quality, however, excessively high SNR
requires increased transmission power, which may shorten node
battery life and cause interference to nearby nodes. Therefore,
determining the optimal transmission power is crucial when
adjusting signal strength.

IV. PROBLEM FORMULATION

This paper focuses on an air-ground integrated inspection
system in substation scenarios. The goal is to dynamically adjust
the transmission power of inspection devices (UAVs and IR)
and WANET relay nodes to enable efficient multi-hop data
transmission, while optimizing E2E communication delay, de-
vice endurance, and overall communication quality. As detailed
in Section III, this problem is formulated as a multi-objective
dynamic optimization problem posed as a vector optimization,
as presented in (17)–(23). Specifically, we denote x(t) as the
system state and Φ(t) as the decision variable.

min
Φ

(i)
t

F(Φ
(i)
t ) = [Te2e,−E ,−Γavg]� (17)

s.t. C1 : Φ
(i)min
t ≤ Φ

(i)
t [t] ≤ Φ

(i)max
t (18)

C2 : Φ
(i)
t ≥ Φmin(receive)

+Lpath(d0)+10ηpath log10

(
dij
d0

)
(19)

C3 : T ≤ Te2e ≤ T (20)

C4 :
∥∥∥ΔtΦ

(i)
t [t]

∥∥∥ ≤ ε (21)

C5 : E(uav/ir)Res [t] = E(uav/ir)Ini [0]−
∫ t

0

E(uav/ir)total [τ ]dτ≥0

(22)

C6 : Γavg ≥ Γmin (23)

To ensure that the dynamic power optimization in the sub-
station inspection system meets physical feasibility, communi-
cation reliability, and multi-objective coordination, this paper

defines the following constraints, C1: Power range constraint.
The transmission power of node i at time t isΦ(i)

t [t], bounded by
the device’s minimum and maximum power limits Φ(i)min

t and
Φ

(i)max
t , ensuring power stays within hardware capabilities. C2:

Topology connectivity constraint. C3: Constrains the E2E delay
Te2e within [T,T] to ensure timely task execution without vio-
lating delay requirements. C4: Power variation rate constraint,
limits the instantaneous rate of power change not to exceed a
threshold ε, preventing communication fluctuations. C5: En-
durance constraint, the remaining energy of UAV/IR devices sat-
isfies E(uav/ir)Res [t] = E(uav/ir)Ini [0]− ∫ t0 E(uav/ir)total [t] dt ≥ 0, en-

suring the residual energy is always non-negative, where E(uav)Ini

denotes the initial Energy and the integral term is the cumula-
tive energy consumption. C6: Lower bound on communication
quality. Requires the average communication quality metric to
remain above a specified threshold.

As described in Section III, based on the multi-dimensional
coupled characteristics of the system state, the impact of power
adjustment on delay, energy consumption, and communication
quality can be simplified and modeled as a discrete-time linear
dynamic system in state-space form, expressed as: x(t+ 1) =
Hx(t) + IΦ(t) +w(t). where, the system state is abstracted
as x(t), simplified as x(t) = (Te2e, E(uav/ir)Res ,Γavg)

�, and the

control input vector is Φ(t) = [Φ
(1)
t (t),Φ

(2)
t (t), . . . ,Φ

(n)
t (t)]�.

H ∈ R
3×3 is the state transition coefficient matrix. Note that

we introduce this simplified linear state-space model for for-
mal expression. The matrixH = diag(h̄1, h̄2, h̄3) represents the
temporal autocorrelation of each state variable and is approxi-
mated as a diagonal structure to simplify theoretical analysis
and modeling. Its specific values are implicitly captured dur-
ing the learning process. w denotes a stochastic process noise
term. Furthermore, the model can be represented as a closed-
loop multidimensional control dynamic equation: x(t+ 1) =
IΦ(t) + xenv(t), where the control input Φ(t) is defined as:
Φ

(i)
t [k + 1] = Φ

(i)
t [k] + ΔT · πi(St), with St representing the

generalized state input.

V. PROBLEM SOLUTION

In this section, we reformulate the sequential nonconvex
optimization problem as a Dec-POMDP to support real-time,
distributed decision-making. Building on this, we develop a
stable MATD3 framework [89], as illustrated in Fig. 3. The
proposed framework incorporates Lyapunov-based constraints
and a topology-aware critic to enforce closed-loop stability and
to capture dependencies induced by dynamic network graphs.

A. Multi-Agent Reinforcement Learning Framework

In the dynamic optimization of the substation air-ground
integrated inspection system, we model the power adjustment
process as a Dec-POMDP and solve it using Multi-Agent
Twin Delayed Deep Deterministic Policy Gradient (MATD3).
In our multi-agent setup, all agents share a joint environment
state st ∈ S . Each agent i selects an action ait ∈ Ai ⊆ R

di ,
and the joint action is at = (a1t , a

2
t , . . . , a

N
t ) ∈ A =

∏N
i=1Ai.

Authorized licensed use limited to: University of North Texas. Downloaded on June 17,2026 at 16:59:31 UTC from IEEE Xplore.  Restrictions apply. 



TANG et al.: TOPOLOGY-AWARE STABLE MULTI-AGENT RL FRAMEWORK FOR AIR–GROUND–WANET INSPECTION 8185

Fig. 3. Overall framework of the method.

The environment evolves according to the transition probabil-
ity St+1 ∼ P(St+1 | St,at). Each agent employs an indepen-
dent policy network μθi : Oi → Ai, mapping local observa-
tions to continuous actions. To improve training stability and
reduce Q-value overestimation, each agent also maintains twin
Q-networks {Q(1)

φ1
i
(S,a),Q(2)

φ2
i
(S,a)}. After sampling tuples

(St,Oit,at, rit,St+1,Oit+1) from the replay buffer, the target Q-

value is computed as yit = rit + γ ·mink=1,2Q(k)

φk
i

(St+1,at+1),

where μθi and Q(k)

φk
i

denote the delayed target networks. The
critic networks are updated by minimizing the mean squared
error loss, as given in (24).

L
φ
(k)
i

= ES∼D

[(
Q
φ
(k)
i

(St,at)− yit
)2]

, k = 1, 2 (24)

The actor network employs a delayed update mechanism,
aiming to maximize the state-action value function of agent i.
The objective function is given by (25).

Jθi = ES∼D
[
Q
φ
(1)
i

(St, μθi (Oii) ,a−it )] (25)

where a−it denotes the actions currently taken by all agents
except agent i. The parameter updates are performed via gradient
ascent as described in (26).

∇θiJθi

≈ ES∼D

[
∇θiμθi

(Oii) · ∇aiQφ(1)
i

(St, ai,a−it ) |
ai=μθi(Oi

i)

]
(26)

B. Markov Decision Process

To transform the dynamic power adjustment problem in
the substation inspection scenario into an RL task, we model
it as a Dec-POMDP. This process is defined by the tuple
〈N ,S,A,P,R, γ〉, where N is the set of agents (UAV, IR,
and WANET relay nodes); S denotes the joint state space; A
represents the continuous action space;P : S ×A× S → [0, 1]
is the state transition probability;R : S ×A → R

n is the multi-
objective reward function; γ ∈ [0, 1) is the discount factor.

1) State Space: The system state space S is defined as the
Cartesian product of delay, transmission power, energy, and
communication quality states: S = T×Φ×E× Γ, where T
represents the system delay state. The total system delay in the

WANET is expressed as T = {∑n
i=1 T

(i)
node : T

(i)
node ∈ (0,d)},

where T
(i)
node denotes the single-hop delay at node i. Φ denotes

the transmission power state, including the real-time transmit
power of UAV/IR devices and all WANET relay nodes: Φ =

{Φ(i)
t | Φ(i)

t ∈ [Φ
(i)min
t ,Φ

(i)max
t ]}.Equantifies the energy state

of inspection devices, representing the residual battery levels
normalized between 0 and 1: E = {E(uav)Res , E(ir)Res} ⊆ [0, 1]2. Γ
evaluates link stability and interference levels, defined as: Γ =

{Γavg,mink∈Pactive
Γ
(k)
SNR}, where mink∈Pactive

Γ
(k)
SNR repre-

sents the minimum SNR among all nodes on the critical com-
munication path Pactive, which determines communication re-
liability.

2) Observation Space: In the distributed MARL architec-
ture, each agent-including UAVs, IRs, and wireless ad hoc
network nodes-has a local observation space designed to en-
compass four key state dimensions: 1. E2E system total de-
lay Te2e, representing task execution efficiency; 2. Node’s
real-time transmission power Φ

(i)
t , reflecting communication

energy consumption; 3. Residual energy of mobile inspec-
tion devices {E(uav)Res , E(ir)Res}, indicating the sustainable opera-
tion time of the devices; 4. Composite communication quality
metrics {Γavg,mink∈Pactive

Γ
(k)
SNR}. This observation space,

by capturing multidimensional state information, provides a
comprehensive environmental feature representation for the
agents’ cooperative decision-making. The observation space
serves as the actual input for each agent to perform real-
time decisions. For example, for Agent 1, the real-time ob-
servation at time t is expressed as O1,t = {Te2e,Φ(1)

t , E(uav)Res ,

E(ir)Res,Γavg,mink∈Pactive
Γ
(k)
SNR}.

3) Action: To achieve multi-node collaborative power opti-
mization in the substation inspection scenario, this paper con-
structs a distributed agent architecture based on RL. For the
heterogeneous network system composed of WANET nodes
and mobile inspection devices, a discrete-time dynamic control
equation is defined as: Φ(i)

t [k + 1] = Φ
(i)
t [k] + ΔT · πi(S(i)t ),

where ΔT is the control period. Each agent generates a power
adjustment value constrained by hardware limits through its
policy network πθ. Specifically, each agent optimizes the power
increment in real time via the policy πθ : S → A, where the ac-
tion space of agent i is Ai = {Δa ∈ R

+ | −c ≤ Δa ≤ c}, and
c denotes the maximum transmit power increment the agent can
generate. The power update rule is defined as: ak+1

i = aki +Δa.
4) Reward: In dynamic power optimization for air-ground

integrated substation inspection, balancing E2E delay, device
endurance, and communication quality is vital for efficient and
stable performance. To enable agents to handle multi-objective
trade-offs, we design a dynamically weighted composite reward
function that adapts to real-time conditions and the time-varying
complexity of the scenario, as defined in (27).

R(S,A)= ωd · exp
(
−Tref − Te2e

Tref

)
+ ωΦ ·

(
ΔΦ

(uav/ir)
t

1 + ΔΦ
(uav/ir)
t

)

Authorized licensed use limited to: University of North Texas. Downloaded on June 17,2026 at 16:59:31 UTC from IEEE Xplore.  Restrictions apply. 



8186 IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING, VOL. 13, 2026

Fig. 4. Definition of system stability.

+ ωe · ln
(
1 +

1

Etotal + ε

)
+ ωq ·

(
Γavg − Γmin

Γmax − Γmin

)
(27)

The reward function R(S,A) integrates key performance
metrics-communication delay, energy consumption. The first
term, e−(

Tref−Te2e
Tref ), captures E2E delay using exponential decay to

encourage low delay. The second term, ΔΦ
(uav/ir)
t

1+ΔΦ
(uav/ir)
t

, measures

transmission power variation, penalizing sudden changes to
reduce energy spikes and prolong operation. The third term,
ln(1 + 1

Etotal+ε
), evaluates total energy usage, where lower con-

sumption yields higher reward; ε is a numerical stability con-
stant, and the log form prevents gradient explosion. The fourth
term, Γavg−Γmin

Γmax−Γmin
, normalizes average channel quality to promote

reliable communication. The reward weights ωd, ωΦ, ωe, ωq
are empirically tuned through multiple trials to balance the
multi-objective optimization goals and ensure stable training
performance.

C. Joint Inspection System Stability Conditions

Based on the hybrid systems theoretical framework, we pro-
pose a stability-guaranteed DRL architecture to address multi-
objective optimization and control problems in substation col-
laborative inspection tasks. Communication stability is defined
as the maintenance of key performance indicators within ac-
ceptable bounds, as detailed in Definition 1. The core of the
proposed method lies in constraining the policy search space
within the feasible region defined by Lyapunov stability analysis
and establishing convergence criteria based on the generalized
LaSalle’s invariance principle. A set of necessary and sufficient
conditions is then derived to ensure the stable operation of
the closed-loop system. This theoretical framework introduces
a state-dependent constraint mechanism that confines the RL
exploration process within a positively invariant region of at-
traction, thereby ensuring that system responses during policy
optimization consistently converge to the neighborhood of the
equilibrium point. Fig. 4 shows the stable and unstable states of
the system.

Definition 1. (Multi-Metric Stabilization Set): A closed-loop
air-ground integrated multi-hop communication system is said
to be multi-metric stable if, for any initial system state
(Te2e(0), E(0),Γavg(0)), its trajectory (Te2e(t), E(t),Γavg(t))
eventually converges to a feasible performance set Sperf ⊂ R

3,
which is defined as: Sperf = {(Te2e, E ,Γavg) ∈ R

3 |T ≤
Te2e ≤ T, E ≥ E , Γavg ≥ Γ}. If the system satisfies
the following convergence condition: limt→∞ dist
((Te2e(t), E(t),Γavg(t)), Sperf) = 0, then the system is

considered multi-metric stable. where, the distance function is
defined as: dist(x,Sperf) = minx′∈Sperf ‖x− x′‖, where x =
(Te2e, E ,Γavg).

To ensure system stability during constrained RL, we use
Lyapunov stability theory to limit the policy search to controllers
satisfying stability conditions. Specifically, we derive and ana-
lyze stability based on the Lyapunov direct method combined
with a generalized LaSalle’s invariance principle.

Proposition 1: (LaSalle’s Theorem for Discrete-Time
Systems [82]). Consider a discrete-time dynamical system
x(t+ 1) = f(x(t)), and suppose there exists a continu-
ously differentiable function V : Rn → R such that: 1. Non-
negativity: V(x) ≥ 0 for all x ∈ R

n; 2. Non-increasing prop-
erty: V(f(x))− V(x) ≤ 0 for all x ∈ R

n. Define the set E :=
{x ∈ R

n | V(f(x))− V(x) = 0}, and letM⊆ E be the largest
invariant set contained in E (i.e., all trajectories that start inM
remain inM for all time). If there exists a constant a ∈ R

+ such
that the sublevel set La := {x ∈ R

n | V(x) ≤ a} is bounded,
then for any initial state x(0) ∈ La, the trajectory x(t) asymp-
totically converges to M, that is: limt→∞ dist(x(t),M) = 0.
Furthermore, if V(x)→∞ as ‖x‖ → ∞ (i.e., V is radially
unbounded), then the above result holds for any initial state
x(0) ∈ R

n.
To ensure the stability of the proposed control algorithm,

it is crucial to identify a control policy π = −ψθ(St) and a
Lyapunov function V that jointly satisfy the stability conditions
stated in Proposition 1. Since the control policy depends on
the system state St, the system dynamics can be approximated
as x(t+ 1) = x(t)− ψθ(St) := fπ(x(t)). To facilitate the sta-
bility analysis, we construct a quadratic Lyapunov function as
shown in (28), where A is a positive definite identity matrix.

V (x) = (x− fπ (x))�A−1 (x− fπ (x)) (28)

According to the LaSalle’s invariance principle stated in
Proposition 1, if the Lyapunov function V(·) satisfies the condi-
tion V(fπ(x))− V(x) ≤ 0 for the system state update mapping
fπ(x), and the equality holds if and only if x ∈ Sperf, i.e.,
V(fπ(x))− V(x) = 0⇔ x ∈ Sperf, then it follows that, for any
initial state x(0) ∈ R

n, the system trajectory x(t) will asymp-
totically converge to the largest invariant subset contained in
Sperf. Under the control policyπ, the system exhibits asymptotic
stability and will eventually remain within the set of states that
satisfy the performance-stability conditions.

Our primary objective is to construct a control policy of the
form π = −ψθ(St) such that the resulting closed-loop system
satisfies the requirement of asymptotic stability. To achieve this,
we introduce a Lyapunov functionV(·) and impose the following
two conditions: 1. For any state x /∈ Sperf, V(fπ(x))− V(x) <
0, indicating that the system state strictly decreases in this
region; 2. For allx ∈ Sperf,V(fπ(x))− V(x) = 0, implying that
the Lyapunov function remains invariant over the performance-
optimal subset. In Theorem 1, we propose a sufficient structural
condition to ensure the above properties hold, thereby guaran-
teeing the stability of the system.

Theorem 1. (Inspection Stability Condition): Suppose that
for any controller i, its corresponding control function ψθi(·)
is continuously differentiable over its domain. When the system
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statexi lies within the interval [xi,xi] � Sperf, the control policy
satisfies πi = −ψθi(St) = 0. Moreover, when the system state
xi /∈ Sperf, the Jacobian of the controller with respect to the state
satisfies the following stability inequality:− 2

ΔT
A−1 � ∂π

∂x � 0,
where A � 0 is a positive definite matrix representing system
stability, and ΔT denotes the control update interval. This en-
sures that when the system state deviates from the stable region,
the controller can provide timely feedback to drive the state
back, thus maintaining system stability. (Proof is provided in
Appendix 1.)

Based on the Lyapunov function V(x) constructed in (28),
to ensure system stability under the control policy, we need
to further derive that it satisfies the monotonic non-increasing
condition. Specifically, fπ(x) denotes the target state trajectory
obtained by mapping the current system state x through the
policy π. A smaller value of the Lyapunov function V(x) indi-
cates that the system is closer to the desired stable equilibrium.
Therefore, we expect V(x) to be non-increasing during the
system evolution. This property can be indirectly ensured by
constraining the partial derivative of the policy function with
respect to the state variables, i.e., requiring ∂π

∂x � 0, which
guarantees that the state feedback induces a convergent behavior
in the system dynamics, thereby contributing to the stability of
the system.

Furthermore, as the sampling period ΔT increases, ∂π∂x must
satisfy a bounded constraint with a lower bound of− 2

ΔT and an
upper bound of 0. Considering that contemporary wireless nodes
typically operate at very high sampling frequencies, in most
scenarios the left-hand condition − 2

ΔT A
−1 � ∂π

∂x is naturally
satisfied. Therefore, our primary focus is on the upper bound
constraint. The decentralized nature of MARL implies that ∂π∂x
is a diagonal matrix, as shown in (29). To meet the stability
requirements, we design each element

∂ψθi

∂xi
> 0 to be strictly

monotonically increasing.

∂π

∂x
= − diag

(
∂ψθ1
∂x1

,
∂ψθ2
∂x2

, . . . ,
∂ψθi
∂xi

)
(29)

D. Design of Stability Controllers

Combining the structural constraints on stable controllers
given in Theorem 1, this work designs an RL control strategy
with guaranteed stability. According to the stability criterion in
Theorem 1, to ensure the system state ultimately converges to
the equilibrium point, the policy function must strictly satisfy a
monotonic increasing property. To achieve this, we incorporate
a monotonicity constraint structure into the policy network
and model the policy function using neural networks with ex-
plicit monotonic features. Previous studies [83], [84], [85] have
proposed several feasible methods for constructing monotonic
neural networks.

A multivariate function f : Rn → R is said to be monotoni-
cally non-decreasing with respect to the variable xi if and only
if:

x0i > x1i ⇒ f
(
x1, . . . , x

0
i , . . . , xn

) ≥ f
(
x1, . . . , x

1
i , . . . , xn

)
(30)

Additionally, a monotonically increasing indicator vector t
is introduced, such that when ti = 1, the corresponding partial
derivative is required to satisfy the enforced constraint ∂f(xi)

∂xi
≥

0.
Definition 2. (Monotonicity-Constrained Weight Transfor-

mation): For a weight matrix W ∈ R
n×m, the constrained op-

eration | · |t is defined as shown in (31).

|W|t =

⎡⎢⎣|ω11| · · · |ω1m|
...

. . .
...

|ωn1| · · · |ωnm|

⎤⎥⎦ ◦
⎡⎢⎣t...
t

⎤⎥⎦ 1T (31)

where ◦ denotes the Hadamard product, and 1 is an all-ones
vector of dimension m.

Lemma 1. (Monotonicity-Preserving Neural Network via
ReLU Composition): Consider a function φ : Rd → R imple-
mented by a piecewise-constructed neural network. When mod-
eled in the following form, its output components φ(+)(x) and
φ(−)(x) satisfy strict monotonicity and origin-centered con-
trollability constraints, respectively. The positive component is
defined as shown in (32).

φ(+) (x) =

M∑
k=1

Wkρ (1x+ bk) (32)

where the activation function ρ(·) is the element-wise ReLU
defined as ρ(x) = max(0,x), and satisfies the constraints in
(33)-(34).

�∑
k=1

Wi � 0, ∀� = 1, 2, . . . ,M (33)

b1 = 0, b� ≤ b�−1, ∀� = 2, 3, . . . ,M (34)

where ρ(·) = max(x, 0) is the ReLU activation function;Wi =
[ω1
i , ω

2
i , . . . , ω

m
i ] is the weight vector corresponding to Def-

inition 2; and bi = [b1i , b
2
i , . . . , b

m
i ]T is the bias vector. This

construction must satisfy the conditions of (35).

φ(−) (x) =
M∑
k=1

|Wi|t ρ (−1x+ ck) (35)

The weights and biases are required to satisfy the monotonic-
ity conditions of (36).

�∑
k=1

Wi � 0, ∀� = 1, 2, . . . ,M (36)

c1 = 0, c� ≤ c�−1, ∀� = 2, 3, . . . ,M (37)

The following Theorem 2 formally establishes that the func-
tion forms constructed in (32) and (35) can approximate any
target function satisfying the specified conditions.

Theorem 2: (Monotone Function Approximation Theorem)
Let r(x) be a continuous, Lipschitz continuous, bounded, and
monotonic function that passes through the origin, with bounded
derivatives, defined on a compact set X and mapping to the
real numbers R. For any ε > 0, there exists a function φ(x) =
φ(+)(x) + φ(−)(x), constructed as in (32) and (35), such that
for all x ∈ X, |r(x)− φ(x)| < ε.
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Fig. 5. Topology-aware graph attention collaborative critic network.

E. Topology-Aware Graph Attention Collaborative Critic
Network

As described in Section V.C, after the stability controller gen-
erates control actions, a topology-aware graph attention Critic
network evaluates the system’s state-action value in real time.
As shown in Fig. 5, the architecture includes three modules: a
multi-source feature embedding layer that fuses topology, node
states, and actions; a hierarchical topology coupling module
with a cascaded GCN–Self-Attention–GCN structure to capture
spatial and global dependencies; and a distributed value output
layer that balances local accuracy with global consistency. At
the input stage, all agents share a unified encoder module.
Each agent’s input includes its local observation oi,t, current
action ai,t, and the system’s real-time adjacency matrix Mt.
The encoder, composed of fully connected layers, concatenates
oi,t and ai,t into a feature vector h

(0)
i . This feature, together

withMt, is then fed into the first GCN layer to perform graph
convolution as defined in (38).

h
(1)
i = σ

(
D̃−

1
2 ÃD̃−

1
2h

(0)
i W(1)

)
(38)

where h
(1)
i ∈ R

N×dl is the node feature matrix of the first
GCN layer; W(1) ∈ R

dl×dl+1 is the trainable weight matrix;
σ(·) denotes the ReLU function; Ã = A+ I is the adjacency
matrixAwith added self-loops (identity matrix); D̃ is the degree
matrix of Ã; and D̃−

1
2 ÃD̃−

1
2 represents the symmetrically

normalized adjacency matrix.
After obtaining the topology embedding h

(1)
i , a parameter-

shared Self-Attention module is introduced to capture global
interactions among all nodes. This module adopts a unified
weight-sharing mechanism to ensure consistent and general-
izable feature interactions. Let the output of the first GCN
layer be H(1) = [h

(1)
1 , . . . ,h

(1)
n ] ∈ R

n×d. The computation of
the Self-Attention module is described in (39).

k
(
h
(1)
i

)
= v

⎛⎜⎝h
(1)
i Wq ·

(
h
(1)
i Wk

)�
√
dk

⎞⎟⎠ · (h(1)
i Wv

)
(39)

where WQ,WK ,WV ∈ R
d×dk are the query, key, and value

projection matrices shared by all nodes, ensuring that the model
captures interactions among all nodes using only a single set
of parameters. The output features are denoted as H(2) =

[h
(2)
1 , . . . ,h

(2)
n ], which serve as the input to the subsequent

GCN layer. The features fused through the attention mechanism
are then fed into the second GCN layer to enhance global
context awareness. The features after the second GCN layer are
denoted asH(3) = [h

(3)
1 , . . . ,h

(3)
n ]. The finalh(3)

i represents the
high-dimensional embedding after two rounds of graph convo-
lution and one attention interaction, fully integrating topology
structure, node states, and system collaborative semantics.

Finally, the feature h
(3)
i is passed to the corresponding De-

coder module to estimate the action-state value for each agent at
the current time step. This module uses a parameter-independent
multilayer perceptron (MLP), enabling each node to indepen-
dently output its local action valueQi,t while preserving collabo-
rative interaction information for policy training. Notably, when
constructing the topology-aware collaborative policy objective,
we introduce a set of MLPs to nonlinearly map the attention
maskA = (h

(1)
i Wq · (h(1)

i Wk)
�)/
√
dk, generating weighting

coefficients ω(n)
ij corresponding to the number of agents ( (41)).

These weights are adaptively learned from feature similarity and
topology, reflecting neighbors’ influence on the agent’s policy
adjustment. Note that ωij is used only during policy training
for regularization and does not affect policy execution or action
generation.

F. Learning and Optimization

This section presents the optimization and update mech-
anisms of the Actor–Critic networks. To address the high-
dimensional and non-convex inspection control problem, we
employ the MATD3 algorithm with a topology-aware graph
attention Critic, enabling coordinated agent training to balance
delay, energy consumption, and communication quality.

During each training iteration, agents sample state tran-
sitions from the replay buffer to update their twin Critic
networks Qψi1 and Qψi2. The target Q-value is com-
puted using the delayed target networks as Yit = Rit +
γmink=1,2Q(k)

ψθ
i(Ot+1, ψθ

i
(Ot+1)), where ψθ

i
and Qψθi(k)

denote the target networks. To improve stability and generaliza-
tion of the Critic under multi-agent collaboration, a topology-
aware gradient regularization term is introduced, incorporating
action sensitivity control and neighborhood consistency con-
straints, as defined in (40).

L
ψ

(k)
i

= ES∼D

[(
Q
ψ

(k)
i

(St,at)−yit
)2]

+
∥∥∥∇ai

t
Qiψ(Ot,at)

∥∥∥2
+
∑
j∈N (i)

∥∥∥∇aj
t
Qiψ −∇aj

t
Qjψ
∥∥∥2 (40)

where Term 1 is the TD error that minimizes the mean-squared
difference between the Critic’s predicted and target Q-values.
Term 2 penalizes the squared norm of the Critic’s action gradient
∇ai

t
Q, limiting sensitivity to the agent’s action and promoting
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function smoothness. Term 3 enforces neighborhood action-
gradient consistency by minimizing the squared differences be-
tween the action gradients of agent i and its neighbors j ∈ N (i),
fostering coordinated policies and stable multi-agent training.

There exist complex topological couplings among agents,
where each agent’s action influences both its own performance
and that of its neighbors. To improve coordination and overall
system performance, a topology-aware collaborative policy ob-
jective is introduced. Specifically, the policy objective of agent
i is defined in (41).

J (θi) = EOt

[Qiψ (Ot, ψiθ(Ot))]
− ω[i]

ij Ej∈N (i)

[∥∥∥ψiθ(Ot)− ψjθ(Ot)∥∥∥2] (41)

where the first term represents the value estimate of the current
action by the Critic network corresponding to the policy, aiming
to maximize the agent’s long-term return; the second term is the
neighborhood action consistency regularization, which charac-
terizes the policy correlation between agent i and its neighbors.
By applying a weighted penalty on the differences in policy
outputs, it encourages neighboring agents to maintain consistent
action updates, thereby enhancing coordination among policies
and overall system stability. During the training of the policy
network, the parameters θi are updated by maximizing the
objective functionJ (θi), with the corresponding gradient given
in (42).

∇θiJθi = Eδ∼Ot

[
∇ai

t
Qψi(Ot,at) · ∇θiψiθ(Ot)

]
− 2ωij

∑
j∈N (i)

(
ψiθ(Ot)− ψjθ(Ot)

)
· ∇θiψiθ(Ot)

(42)

This work employs a soft update mechanism to maintain
the target network parameters. Specifically, the Critic’s target

parameters ψθ
i

are updated from the main network ψiθ using

ψ
i ← τψi + (1− τ)ψi, where τ ∈ (0, 1) is the soft update

coefficient controlling the update rate for smooth parameter
changes. The Actor’s target parameters are updated in the same
manner, synchronized with the Critic. The overall procedure is
summarized in Algorithm 1.

VI. CASE STUDY

A. Experimental Setup

To verify the effectiveness of the proposed approach, we
implemented the scenario in Fig. 1 within a simulation envi-
ronment. A 3D space of 50 m× 50 m× 10 m was constructed
for node deployment, as illustrated in Fig. 6. The system in-
cludes 11 nodes, with node 1 serving as the terminal receiver.
The algorithm is developed and implemented in PyTorch. All
simulations are performed on a workstation equipped with
an NVIDIA GeForce RTX 4080 GPU (16GB) and an Intel
CoreTMi7-14700KF processor. Algorithm parameters, environ-
ment settings, and device endurance parameters are listed in
Tables II–IV. Additional environment and energy consumption
model configurations are detailed in [79], [86], [87], [88].

Algorithm 1: MARL Algorithm for Air-Ground-WANET
Substation Inspection Problem.

1: Initialize policy/target policy network parameters θ, θ′,
Q-network/target Q-network parameters ψ1, ψ2, ψ

′
1, ψ

′
2,

and replay buffer D
2: for agent i = 1, 2, . . . , N do
3: Initialize actor network θ with random parameters
4: Initialize target networks θ′ ← θ
5: end for
6: Set global time step: T ← 0
7: for episode = 1 to T do
8: for time step t = 1, 2, . . . , T do
9: Interact with the environment and obtain a

transition (st, o
i
t, at, r

i
t, st+1, o

i
t+1), and store it in

D
10: Sample a mini-batch of N transitions

(st, o
i
t, at, r

i
t, st+1, o

i
t+1) from D

11: end for
12: Update global time step: T ← T + 1
13: for agent i = 1, 2, . . . , N do
14: Select action with exploration noise

a ∼ πψ(s) + ε, ε ∼ N (0, σ)
15: Observe reward r and new state st+1, then store

transition tuple (st, o
i
t, at, r

i
t, st+1, o

i
t+1) in D

16: for j = 1 to Nc do
17: For each transition τ ∼ (st, o

i
t, at, r

i
t, st+1, o

i
t+1)

in the batch, calculate the target Q-value
yi = r + γmini=1,2Q

−
ψi
(st+1, μ

−
θ (st+1))

18: Calculate the online Q-values Qψ1
(st, μθ(st))

and Qψ2
(st, μθ(st))

19: Update the parameters ψ1, ψ2 of the critic
network

20: end for
21: for j = 1 to Na do
22: Prevent overestimation by using the smaller

Q-values minQψi
(st, μ(st; θ))

23: Compute the action sensitivity term
‖∇ai

t
Qiψ(Ot,at)‖2

24: Compute the regularization term∑
j∈N (i) ‖∇aj

t
Qiψ −∇aj

t
Qjψ‖2

25: Calculate the critic network loss using (40)
26: Compute the action consistency regularization

ω
[i]
ij Ej∈N (i)[‖ψiθ(Ot)− ψjθ(Ot)‖2]

27: Calculate the actor network loss using (41)
28: end for
29: Perform soft updates on the target critic and actor

networks
30: end for
31: end for

TABLE II
ALGORITHM PARAMETER SETTINGS
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Fig. 6. Representative air-ground WANET inspection scenarios.

TABLE III
ENVIRONMENTAL PARAMETER SETTINGS

TABLE IV
DEVICE ENDURANCE PARAMETER SETTINGS

To verify the adaptability and effectiveness of the proposed
communication-aware air-ground collaborative inspection strat-
egy in real-world settings, two representative scenarios are
designed, as shown in Fig. 6. The figure depicts two typical
air-ground WANET inspection modes: (A) Case 1 represents
a routine inspection with evenly distributed targets, where the
UAV and IR follow predefined paths to inspect aerial and ground
equipment, enabling clear task division and efficient planning;
(B) Case 2 reflects special tasks involving concentrated equip-
ment or temporary faults, requiring manual adjustments to the
UAV’s altitude and the IR’s route to detect the task area. To
verify the superiority of the proposed algorithm, we reproduced
several mainstream MARL algorithms in the same environment,
including MATD3 [89], MAPPO [90], and QMIX [91].

B. Comparison of Rewards for the Two Cases

Fig. 7 illustrates the reward trends of different algorithms
in Case 1 and Case 2. The proposed method consistently out-
performs the baselines in both scenarios. In Case 1, it rapidly
increases and stabilizes the reward at 55–60, notably higher
than MATD3 (30–35), MAPPO (40), and QMIX (45), with
smaller fluctuations and narrower shaded regions, indicating
higher stability. In Case 2, although task complexity reduces

overall rewards, the proposed method still achieves the best per-
formance, stabilizing around 40–45 compared to 30–38 for other
algorithms. It converges faster with lower variance, demonstrat-
ing strong adaptability and stable effectiveness across both cases.

To evaluate performance in practical scenarios, we tested the
proposed method alongside three baselines in a unified environ-
ment. To simulate dynamics, the inspection device node update
rate was increased tenfold, while other parameters remained
unchanged. Fig. 8 shows the reward curves for Case 1 and Case
2. The proposed method consistently outperforms the baselines,
exhibiting higher stability and smaller fluctuations. In Case 1, its
reward stabilizes around 60, surpassing QMIX (50), MAPPO,
and MATD3 (40–45). In Case 2, despite increased complexity,
it maintains about 45, outperforming QMIX (37), MATD3,
and MAPPO (30–35). These results indicate that the proposed
method is more stable and adapts better to changing conditions.

C. Comparison of Delay for the Two Cases

Fig. 9 illustrates the average delay variations during training
for different algorithms under Case 1 and Case 2, with error bars
representing standard deviations. All algorithms achieve delay
reduction, indicating policy optimization. However, the pro-
posed method consistently attains the lowest delay and smallest
variance, showing strong stability and fast convergence. In Case
1, delay reduction is smooth across algorithms, while in Case 2,
delay increases due to higher environmental complexity. Even
so, our method maintains superior generalization, robustness,
and minimal fluctuations. MATD3 performs well but slightly
lags behind, whereas MAPPO and QMIX exhibit notable volatil-
ity in Case 2, reflecting greater sensitivity to environmental
changes.

Fig. 10 compares the delay performance of different al-
gorithms in two scenarios. In Case 1, all algorithms exhibit
small delay fluctuations (0.28–0.36), with the proposed method
achieving the lowest average delay, indicating superior schedul-
ing efficiency and stability. In Case 2, higher task complexity
slightly increases delays, especially for MATD3 and MAPPO,
showing degraded scheduling performance. In contrast, the
proposed method maintains low delay and stable convergence,
demonstrating better generalization and robustness.

D. Comparison of Transmission Power for the Two Cases

Fig. 11 illustrates the dynamic evolution of UAV and IR
transmit power (dBm) across four algorithms in two inspection
scenarios. All algorithms eventually converge, demonstrating
learning capability. However, the proposed method achieves
faster convergence, better power stability, and smoother control,
maintaining lower and more consistent power levels. In contrast,
MATD3 and MAPPO exhibit strong mid-training oscillations,
while QMIX stabilizes later but fluctuates significantly in the
early stages.

Fig. 12 shows the variations in UAV and IR transmit power
over training episodes for different algorithms under two cases.
In Case 1, our method maintains the lowest and most stable
power levels around 16 dBm, outperforming MATD3, MAPPO,
and QMIX. In Case 2, although environmental complexity
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Fig. 7. Training reward for different algorithms.

Fig. 8. Testing reward for different algorithms.

Fig. 9. Training delay for different algorithms.

Fig. 10. Testing delay for different algorithms.
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Fig. 11. Training transmission power for different algorithms.

Fig. 12. Testing transmission power for different algorithms.

Fig. 13. UAV and IR battery levels during training in Case 1/Case 2.

increases and baseline algorithms exhibit higher fluctuations,
our method remains stable around 16.5 dBm, demonstrating
superior robustness and energy efficiency. Overall, the proposed
approach achieves low, stable transmit power across varying
scenarios.

E. Comparison of Device Endurance for the Two Cases

Fig. 13 illustrates the UAV and IR battery trends during train-
ing in Case 1 and Case 2. As training progresses, battery levels
decrease for all algorithms, but at different rates. The proposed
method achieves the slowest depletion and highest final stability
in both cases, indicating superior endurance. In Case 1, the UAV

Fig. 14. The SNR performance of our algorithm.

battery stabilizes after about 400 episodes with 12.5% consump-
tion, maintaining 87.5% remaining power—higher than MATD3
(85%), MAPPO (83%), and QMIX (85%). In Case 2, it retains
about 85% battery, while others drop to 80–82.5%. The IR shows
similar results, maintaining about 86% in Case 1 and 84% in
Case 2, 2–4 points higher than other methods. The proposed
method effectively reduces UAV and IR energy consumption
via adaptive power control, enhancing endurance and energy
efficiency in dynamic environments.

F. Comparison of SNR for the Two Cases

Fig. 14 illustrates the SNR (in dB) variation during train-
ing for the proposed method under two inspection scenarios,
Case 1 and Case 2. In both cases, the average SNR remains
above the predefined threshold, confirming that the proposed
power control strategy maintains communication quality while
optimizing other metrics. In Case 1, the SNR stabilizes around
14 dB with a narrow fluctuation range (13–15.5 dB), indicating
stable communication. In Case 2, despite higher task complexity,
the SNR stays around 14.5 dB with a slightly wider range
(13–16.5 dB), showing that the method effectively adapts to
complex conditions and ensures reliable link quality.

G. Sensitivity Analysis on the Number of Communication
Nodes

To evaluate the scalability of the proposed method across net-
work sizes, we performed a node-scale sensitivity study. Holding
the task scenario and all other settings constant, we increased
the number of communication nodes from 11 to 25, randomly
placing the newly added nodes, and fixed the random seed at
100. The results are presented in Fig. 15. As the network grows,
multi-agent coordination becomes more challenging, which de-
grades the performance of the baseline methods. In Case 1,
our method maintains a stable training reward of approximately
56 across all network sizes, yielding nearly a 40% gain over
the weakest baseline, MAPPO (≈ 40), and preserving a clear
advantage over the stronger baseline, QMIX (≈ 50). In Case 2,
when the number of nodes reaches 25, MAPPO’s delay increases
to above 0.33 s. By contrast, aided by an efficient communication
mechanism, our algorithm consistently maintains a low delay of
approximately 0.30 s with minimal fluctuations.

H. Effect of Interfering Factors on Performance

Node Failure: To evaluate the robustness of the proposed
method to communication node failures, we inject a node-fault
disturbance in both Case 1 and Case 2. Specifically, at episode
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Fig. 15. Sensitivity analysis of algorithm performance under different network scales.

Fig. 16. Reward under a node-failure scenario in Case 1 and Case 2.

400, relay node 6 is forced to fail, emulating typical WANET
disruptions caused by hardware malfunction or temporary dis-
connection due to battery depletion. Fig. 16 shows the reward
trajectories before and after the fault. The node failure causes
a short-term performance drop; however, the system gradually
recovers and re-converges to a stable operating regime. In Case
1, the reward decreases from approximately 55–57 to 31–33 and
then recovers to 56–60; in Case 2, it drops from roughly 46–48
to 24–27 and subsequently rebounds, stabilizing at about 42–46.
These results suggest that the proposed method can quickly
recover from disturbances and remains stable when the network
topology changes abruptly.

Signal Interference: To evaluate system robustness under
complex interference, we model external disturbances as re-
duced link reliability, quantified by a lower packet delivery
ratio (PDR). Specifically, we examine three PDR levels—90%,
80%, and 70%—corresponding to weak, moderate, and strong
interference, respectively; the no-interference setting serves as
the baseline. As shown in Fig. 17, once interference is introduced
at Episode 20, all disturbed cases exhibit a marked increase
in end-to-end delay and larger oscillations, indicating that re-
duced reliability triggers retransmissions and route changes,
thereby degrading short-term performance. A consistent pattern

emerges: lower PDR leads to higher delay peaks and a longer
recovery period before the system reaches a stable regime.
Nevertheless, after several episodes of policy self-adaptation, the
delay decreases and converges to a steady state. Experimental
results demonstrate that the proposed algorithm can tolerate
abrupt disturbances and achieve self-recovery under external
interference.

I. Effect of Stability-Constrained Controllers on Performance

To evaluate the effect of the proposed monotonic structural
constraint on multi-agent policy learning, we ablate the mono-
tonicity constraint while keeping all other experimental settings
unchanged. Specifically, we replace the monotonic network
with a standard (non-monotonic) multilayer perceptron (MLP).
Fig. 18 presents the training return curves for Case 1 and Case 2.
The monotonic constraint accelerates convergence and improves
the final return in both scenarios. In contrast, removing the con-
straint leads to larger training fluctuations and consistently lower
returns in the later training stages. Experimental results indicate
that the monotonic constraint reduces training oscillations and
improves learning robustness.
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Fig. 17. E2E delay under different PDR levels with interference injection.

Fig. 18. Effect of monotonicity constraint on reward.

Fig. 19. Sensitivity of reward and delay to actor hidden size under Case 1 and
Case 2.

J. Ablation Studies

Model size: As shown in Fig. 19, we vary the Actor hidden-
layer width over a broader range (64, 128, 256, 512, 1024, and
2048) to further assess the effectiveness of the lightweight Actor
design. Overall, Case 1 is only mildly sensitive to network width:
the converged return remains stable across configurations, and
reducing the Actor width from 256 to 64 results in only an
approximately 5% performance drop, indicating limited reliance
on large model capacity under relatively stable conditions. In
the more challenging Case 2, increasing the width to a moderate
scale yields a more pronounced improvement (about 22% from
64 to 256), suggesting higher representational demands under
strong perturbations. Beyond 256, however, further widening

(512-2048) provides no additional gains and may slightly de-
grade performance, reflecting potential over-parameterization.
Accordingly, a width of 128 offers a balanced choice for edge
devices, whereas 256 is preferable for performance-oriented
deployment on resource-rich nodes. The observed delay trend
is consistent with the reward-based analysis, further supporting
a favorable balance between performance and efficiency.

Each module: To quantify the contribution of each major
component in the proposed framework, we conduct an ablation
study under Case 1 and Case 2, comparing the full model
(Full) with three degraded variants: w/o Stable (removing
the stability-structure constraint), w/o Topo-Critic (removing
the topology-aware critic), and w/o Topo-Reg (removing the
topology-consistency regularization). As shown in Fig. 20, Full
consistently yields higher rewards and lower E2E delays across
both cases, while also achieving better SNR and energy-saving
ratios, demonstrating the complementary benefits of these mod-
ules. Notably, w/o Stable suffers the most severe degradation,
with a marked reward drop and increased delay, indicating that
the stability structure is critical to convergence quality and train-
ing stability. Removing Topo-Critic or Topo-Reg also degrades
performance, with the impact becoming more pronounced in
the more challenging Case 2. Experiments demonstrate that
topology-aware evaluation and consistency regularization
are critical to robust collaborative decision-making,
protecting against deterioration in delay, SNR, and energy
metrics.
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Fig. 20. Ablation results under two cases.

VII. CONCLUSION

We propose a multi-objective optimization framework for
integrated aerial–ground substation inspection based on multi-
agent graph RL. By jointly controlling the transmit power of
UAVs, IRs, and WANET relay nodes, the framework balances
E2E delay, energy efficiency, and communication quality. We
model the system as a Dec-POMDP and develop a stability-
constrained algorithm that incorporates a topology-aware graph-
attention critic and gradient regularization to improve train-
ing stability and multi-agent coordination. The proposed
method outperforms MATD3, MAPPO, and QMIX in stability,
adaptability, and energy efficiency, demonstrating superior ro-
bustness and generalization in dynamic tasks.

Despite its strong stability performance in simulation, the
proposed framework has several limitations. First, the simulated
substation WANET abstracts channel dynamics and interference
patterns. Second, the topology-aware graph-attention critic and
gradient regularization may impose substantial computational
overhead, particularly in large-scale networks. Future work will
incorporate more realistic channel models, perform hardware-
in-the-loop validation to improve scalability and deployment
efficiency.

APPENDIX A
PROOF OF THEOREM 1

Proof: Recall the closed-loop delay dynamics x(t+
1) = fπ(x(t)) with π = −ψθ(St). Define y(x(t)) = x(t)−
fπ(x(t)). The Lyapunov function is defined as shown in (43).

V(x(t)) = y(x(t))�A−1y(x(t)) (43)

We further express y(x(t+ 1)) in terms of y(x(t)) as shown in
(44).

y(x(t+ 1)) = y(x(t)) +

∫ 1

0

∂y

∂x
(x(t)

+ x ·Δx(t)) ·Δx(t) dx (44)

By Kowalewski’s Mean Value Theorem (Theorem 1 in [92]), we
have:

y(x(t+ 1)) = y(x(t)) + Jh (x(t+ 1)− x(t)) (45)

where,

Jh =

n∑
i=1

λi
∂y

∂x
(x(t) + ki(x(t+ 1)− x(t))) (46)

with ki ∈ [0, 1], λi ≥ 0 and
∑n
i=1 λi = 1. Note that:

x(t+ 1)− x(t) = fπ(x(t))− x(t) = −y(x(t)) (47)

so we get (48).

y(x(t+ 1)) = (I − Jh) y(x(t)) (48)

Then the Lyapunov function at the next step becomes:

V(x(t+ 1)) = y(x(t+ 1))�A−1y(x(t+ 1))

= y(x(t))�(I − Jh)�A−1(I − Jh)y(x(t)) (49)

Let G(x, θ) = ∂fπ
∂x + ∂fπ

∂π
∂π
∂x be the Jacobian of the closed-loop

dynamics, and define:

JG =

n∑
i=1

λiG (x(t) + ki(x(t+ 1)− x(t)), θ) (50)

From the definition, we have JG = I − Jh. Therefore:

V(x(t+ 1))− V(x(t))= y(x(t))�
(
J�GA

−1JG−A−1
)
y(x(t))

(51)

By Jensen’s inequality, for any x ∈ R
n:

x�J�GA
−1JGx =

∥∥∥A−1/2JGx∥∥∥2
=

∥∥∥∥∥
n∑
i=1

λiA
−1/2G (x(t) + ki(x(t+ 1)− x(t)), θ)x

∥∥∥∥∥
2

≤
n∑
i=1

λi

∥∥∥A−1/2G (x(t) + ki(x(t+ 1)− x(t)), θ)x
∥∥∥2
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=

n∑
i=1

λix
�G�A−1Gx (52)

where G is evaluated at x(t) + ki(x(t+ 1)− x(t)). There-
fore, if G�A−1G −A−1 ≺ 0 for all x ∈ X , then V(x(t+ 1))−
V(x(t)) < 0 whenever y(x(t)) 	= 0, i.e., the Lyapunov function
is strictly decreasing along system trajectories.

Finally, since ψθi(x) = 0 for x ∈ [x,x], we have V(x(t+
1))− V(x(t)) = 0 implies x(t) ∈ Sx. Given that G(x, θ) =
I + IΔTA

∂π
∂x , the condition becomes:(

I + IΔTA
∂π

∂x

)�
A−1

(
I + IΔTA

∂π

∂x

)
−A−1 ≺ 0 (53)

Due to the decentralized structure, ∂π∂x is diagonal. Expanding
the matrix product yields:

− 2

ΔT
A−1 ≺ ∂π

∂x
≺ 0 (54)

By LaSalle’s Invariance Principle and the condition
lim‖x‖→∞ ‖ψθ(x)‖ =∞, the stability condition is thus estab-
lished as summarized in Theorem 1. Proof completed. �

APPENDIX B
PROOF OF LEMMA 1

Proof: Constraint (34) specifies a decreasing structure for
the bias terms bli, that is, b1i ≥ b2i ≥ · · · ≥ bMi , which imposes a
monotonicity condition across the layers l = 1, 2, . . . ,M .

b1i = 0, b2i ≤ b1i , b3i ≤ b2i , . . . , bmi ≤ bm−1i (55)

This ensures that each sub-function ψli(xi) = Wl
i · σ(1xi +

bli) is sequentially activated as the input xi increases. Specifi-
cally, when xi ∈ [−b2i ,−b1i ), only the first unit ψ1

i is activated;
when xi ∈ [−b3i ,−b2i ), both ψ1

i and ψ2
i are activated simultane-

ously; and so on. Therefore, the overall function (56) is piecewise
linear.

φ
(+)
i (xi) =

m∑
l=1

ψli(xi) (56)

where the slope of each segment corresponds to the cumulative
sum of the weights associated with the currently activated units.
Let the k-th segment correspond to the interval [xk,xk+1], then
its slope is given by Ck =

∑k
j=1 W

j
i . According to Constraint

(33), the cumulative weights for each segment satisfy (57).

k∑
j=1

Wj
i ≥ 0, ∀k = 1, 2, . . . ,m (57)

Thus, the slope of each segment is non-negative, and the overall
function remains monotonically increasing within its domain.
Consequently, for any xa < xb, we have:

φ
(+)
i (xb)− φ(+)

i (xa) =

∫ xb

xa

dφ
(+)
i

dx
dx ≥ 0 (58)

Moreover, the function near the origin satisfies: when xi =
0, since b1i = 0 and for all l ≥ 2, bli ≤ 0, we have ρ(bli) =
max(0, bli) = 0. Therefore, φ(+)(0) =

∑m
l=1 W

l
i · ρ(bli) = 0.

When xi < 0, because all bli ≤ 0, it follows that xi + bli < 0,

so ρ(xi + bli) = 0 for all l, which implies φ(+)
i (xi) = 0. Sim-

ilarly, according to constraints 36-37, it can be proven that the
negative term construction φ(−)i (xi) is zero for xi ≥ 0, and is a
piecewise linear, monotonically increasing function for xi < 0.
Proof completed. �

APPENDIX C
PROOF OF THEOREM 2

Proof: Let the first derivative of the function r(x) be bounded
by a constant α on the domain X. Consider dividing X into an
equidistant grid with interval β = 1

n . For each interval [kβ, (k +
1)β], we define the linear interpolation function as shown in (59).

y(x) = r (kβ) +
r ((k + 1)β)− r (kβ)

β
(x− kβ) (59)

The function satisfies y(kβ) = r(kβ) and y((k + 1)β) =
r((k + 1)β) at the two endpoints. Since r(x) is a monotonic
function, it is easy to conclude that for any x ∈ [kβ, (k + 1)β],
the following holds:

r (kβ) ≤ r(x) ≤ r ((k+1)β) , r (kβ) ≤ y(x) ≤ r ((k + 1)β)
(60)

Thus, the upper bound of the interpolation error is shown in (61).

|y(x)− r(x)| ≤ |r ((k + 1)β)− r (kβ)| . (61)

Next, by applying the mean value theorem, we have:

r ((k + 1)β)− r (kβ) = β · ∂r(c)
∂x

(62)

where the point c lies within the interval (kβ, (k + 1)β). Since
the derivative is bounded by α, we further obtain:

|y(x)− r(x)| ≤ βα (63)

Next, we consider constructing a class of piecewise linear
functions as shown in (64).

y(x) = r (kβ) +
r ((k + 1)β)− r (kβ)

β
(x− kβ) (64)

We will show that this class of functions can be constructed
by (32) and (35). For simplicity, let y(x) be the non-negative
part approximated by the function φ(+)(x). Define the initial
parameters as b11 = 0 and W1

1 = r(β), and then set:

b∗k = (k − 1)β,

k∑
j=1

Wi
j =

r (kβ)− r ((k − 1)β)

β
,

k = 2, 3, . . . , n. (65)

The function f+(x) constructed in this way matches the behav-
ior of y(x) on each interval. Therefore, |f(x)− r(x)| ≤ βα.By
choosing β < ε

α , the error can be controlled within any given
precision ε. Proof completed. �
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