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This paper explores the use of deep reinforcement learning (DRL) to enable autonomous decision-
making and strategy optimization in dynamic graphical games. The proposed approach consists 
of several key components. First, local performance metrics are defined to reduce computational 
complexity and minimize information exchange among agents. Second, an online iterative algorithm is 
developed, leveraging Deep Neural Networks to solve dynamic graphical games with input constraints. 
This algorithm employs an Actor-Critic framework, where the Actor network learns optimal policies 
and the Critic network estimates value functions. Third, a distributed policy iteration mechanism 
allows each intelligent agent to make decisions based solely on local information. Finally, experimental 
results validate the effectiveness of the proposed method. The findings show that the DRL-based 
online iterative algorithm significantly improves decision accuracy and convergence speed, reduces 
computational complexity, and demonstrates strong performance and scalability in addressing 
optimal control problems in dynamic graphical intelligent games.
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Research background and motivations
In recent years, with the rapid advancement of artificial intelligence, deep reinforcement learning (DRL) has 
emerged as a powerful learning paradigm and has become an essential tool for solving complex decision-making 
problems1–3. Dynamic graphical games, as an important model of strategic interaction, are widely applied in 
fields such as economics, social sciences, and military operations4,5. These games involve agents making 
decisions in constantly evolving environments, which places high demands on computational intelligence6. 
However, traditional approaches based on classical game theory and decision theory often struggle to cope with 
the dynamic and uncertain nature of such environments7–9. This paper focuses on zero-sum dynamic graphical 
games with input constraints, characterized by three key features. First, the game environment is represented as a 
weighted directed graph, where nodes correspond to agents and edge weights reflect interaction characteristics, 
such as the strength of cooperation or the cost of competition. Second, agents make decisions based on 
local neighborhood information, while facing constraints related to resource allocation and communication 
bandwidth. Third, the game aims to balance individual payoffs with the pursuit of global equilibrium in a 
dynamic setting. Consequently, developing effective methods for autonomous decision-making and strategy 
optimization using DRL has become both a significant research challenge and a growing area of interest.

In dynamic graphical games, each intelligent agent must make decisions based on the current state of 
the environment to achieve optimal control outcomes10. These games often involve both cooperation and 
competition among multiple entities, requiring agents to act within constantly changing conditions to maximize 
either individual gains or overall collective performance. Traditional decision-making methods often fall short 
in such complex scenarios, as they typically depend on static models or predefined rules that lack adaptability to 
dynamic environments11. The inclusion of practical constraints—such as input limitations—further complicates 
the problem, making it even more difficult for conventional methods to handle effectively12. Input constraints 
may involve resource limitations, environmental factors, or bandwidth restrictions, all of which reduce 
the available action space and narrow the decision-making scope of agents. In these situations, traditional 
approaches often struggle to find optimal solutions efficiently, as they tend to rely on exhaustive searches or 
comprehensive modeling of the entire state space. This leads to high computational complexity and makes them 
particularly vulnerable to the curse of dimensionality13. To address these challenges, there is a clear need for a 
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novel decision-making framework that can utilize real-time environmental data and local information to achieve 
optimal control through learning and adaptation. DRL, as a powerful learning paradigm, offers the flexibility 
and scalability required to operate in complex, dynamic environments. By leveraging DRL models, intelligent 
agents can learn from experience and continuously improve their decision strategies, enabling them to better 
adapt to the uncertainties and structural complexities inherent in dynamic graphical games.

In current research on dynamic graphical games, traditional approaches—such as static game-theoretic 
models—can handle certain deterministic scenarios but often fail to address the complexity introduced by 
environmental dynamics and multi-agent interactions. The key innovation of this paper lies in the integration of 
local performance metrics (LPM) with a distributed Actor-Critic framework, tackling these challenges from both 
theoretical and methodological perspectives. While prior work has explored the use of Graph Neural Networks 
(GNNs) or modifications of Q-learning algorithms, their performance is often constrained by a dependence 
on global state information sharing, which becomes inefficient in environments with input constraints. 
In contrast, the proposed LPM approach defines local value functions within each agent’s neighborhood, 
effectively decomposing the global game problem into a set of distributed optimization subproblems. This 
design significantly reduces the computational complexity of policy iteration. Furthermore, the online iterative 
algorithm developed in this paper facilitates asynchronous policy updates and localized information fusion 
across agents by dynamically adjusting the weighting matrix H. This mechanism overcomes the limitations of 
traditional Actor-Critic methods by enabling agents to optimize their policies using only local observations, thus 
supporting efficient cooperation in complex and dynamic settings. Additionally, the proposed method introduces 
an active disturbance compensation mechanism, which enhances the robustness of policy performance even 
under strict input constraints. These theoretical advancements and technical innovations constitute the core 
contributions of this paper, establishing a novel methodological foundation for real-time decision-making and 
optimization in dynamic graphical games.

Research objectives
The primary objective of this paper is to investigate autonomous decision-making and strategy optimization for 
intelligent agents in dynamic graphical games through the application of DRL. In such games, agents must make 
decisions based on the current state of a continuously evolving environment to achieve optimal control outcomes. 
Traditional decision-making methods often fall short in handling the complexity and uncertainty inherent in 
these environments, particularly when practical constraints—such as input limitations—are introduced, further 
increasing the difficulty of the problem. To address these challenges, this paper aims to develop a DRL-based 
approach that enables intelligent agents to autonomously learn and optimize their decision strategies. The 
ultimate goal is to provide a robust and scalable solution for decision-making in dynamic graphical games, 
capable of adapting to environmental changes and operating effectively under resource constraints.

Recent works
Dynamic graphical games, as a prominent research focus within the field of artificial intelligence, have attracted 
considerable attention and exploration from scholars in recent years. Numerous studies have examined the 
application of DRL to address the challenges of decision-making in such environments. For example, Chen et al.14 
proposed an innovative algorithm that integrates Graph Convolutional Neural Networks with Deep Q-Networks 
(DQN), resulting in a Graph Convolutional Q-Network designed to serve as both an information fusion module 
and a decision processor. Their results demonstrated that the model effectively aggregated information from 
sensory and connectivity sources, enabling efficient lane-changing decisions for multiple Connected Autonomous 
Vehicles, thereby improving safety and mobility. Similarly, Oh et al.15 combined reinforcement learning with 
Deep Neural Networks (DNN) to present a practical approach incorporating a novel self-play curriculum and 
a data skipping technique. In their study, three distinct agent behaviors were created using reward shaping, 
and agents were co-trained to enhance performance. The data skipping technique significantly improved data 
efficiency and encouraged exploration within a large action space. In foundational work, Momenikorbekandi 
and Abbod16 employed classic reinforcement learning algorithms such as Q-learning and State-Action-Reward-
State’-Action to establish a basic framework for dynamic decision-making problems. However, these traditional 
approaches often face challenges related to state space explosion and high computational complexity when 
applied to dynamic graphical games. In response, many researchers have sought to enhance the expressiveness 
and scalability of decision models by incorporating deep learning techniques. Stember and Shalu17, for instance, 
proposed a DQN that integrates deep learning with reinforcement learning, offering a novel solution for 
handling large-scale state spaces. Despite these advancements, applying such methods to dynamic, multi-agent 
environments remains difficult, particularly due to the complexity of cooperation and competition among 
agents. To address these limitations, Qiu et al.18 introduced a DQN-based method tailored to optimal control 
in multi-agent games, demonstrating promising performance under dynamic conditions. Meanwhile, Zhang et 
al.19 explored the use of GNNs to model the state and action spaces in dynamic graphical games. Their findings 
showed that GNNs effectively capture complex relational structures, providing valuable support for intelligent 
agent decision-making. Additionally, Ye et al.20 examined the potential of distributed policy iteration in dynamic 
graphical games. They proposed a distributed learning framework based on multi-agent systems, enabling each 
agent to optimize its decisions using only local information while engaging in interactive learning with other 
agents. Their research offers a new perspective on addressing the challenges of coordination and competition in 
dynamic multi-agent games.

In recent years, Xu et al.21 proposed a data-driven path-tracking control method that enables collaborative 
path planning for autonomous vehicles through offline policy learning. However, their framework depends on 
centralized optimization based on global environmental information, which limits its effectiveness in multi-
agent dynamic games where only local observations are available. This reliance on centralized data restricts the 
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scalability of the algorithm, particularly in input-constrained scenarios. Similarly, Nguyen et al.22 conducted a 
comprehensive review of multi-agent DRL approaches. While their work offers valuable insights, it primarily 
focuses on centralized value function update mechanisms. Consequently, it does not address the integration and 
optimization of local information within distributed policy iteration frameworks. This gap makes it difficult to 
effectively handle the high-frequency state variations and decentralized decision-making requirements typical 
of dynamic graphical games.

Furthermore, Gu et al.23 developed a metaverse evacuation training system, which innovatively applies DRL 
to multi-agent collaboration. However, their reward function primarily focuses on global evacuation efficiency, 
without considering a quantitative model for local interaction efficiency. This limitation reduces the algorithm’s 
robustness, particularly in resource-constrained scenarios. In contrast, the LPMs proposed here defines value 
functions within each agent’s local neighborhood, decomposing the global optimization task into distributed 
subproblems. This approach not only reduces computational complexity but also preserves the flexibility 
required for multi-agent cooperation. Table 1 summarizes the core differences between the proposed method 
and the approaches discussed in the literature.

Additionally, Zhao et al.24 explored the integration of DRL with adaptive dynamic programming, but their 
study did not address the modeling of graph structures in dynamic graphical games. In contrast, this paper 
establishes a strong connection between graph topology and policy updates through matrix symmetry. Sadeghi 
et al.25 proposed a supply chain finance optimization solution within a blockchain and machine learning 
framework; however, their model lacks adaptability to dynamic game environments. In comparison, the online 
iterative algorithm introduced in this paper effectively responds to environmental disturbances by dynamically 
adjusting the weight matrix. These comparisons highlight the limitations of existing research and underscore the 
innovative advancements in method design and applicability presented in this paper.

Although recent work has enhanced state representation through the use of GNNs, the efficiency of local 
information exchange in multi-agent games remains constrained by the computational burden of global policy 
updates. Existing methods often fail to address the crucial aspects of information exchange and collaboration 
among intelligent agents, leading to a performance decline when applied to multi-agent games. Furthermore, 
many approaches exhibit high computational complexity when factoring in practical constraints, such as input 
limitations, which undermines their effectiveness in real-world applications. Additionally, existing models often 
fail to adequately capture and analyze the dynamic changes in states and actions within evolving environments, 
leading to poor generalization of the algorithms. In light of these challenges, this paper investigates how to 
enhance existing methods, improve algorithm performance, and address the practical application issues in 
dynamic graphical games.

Research methodology
Definition and significance of LPM
Existing Actor-Critic methods, while capable of addressing certain dynamic decision-making problems, rely on 
global state information sharing for policy updates. This reliance proves challenging in multi-agent games, where 
local observation constraints are inherent. In response, this paper proposes a distributed Actor-Critic framework 
driven by LPMs, featuring three key innovations: First, by defining local value functions, the global game is 
decomposed into neighborhood optimization subproblems, thus avoiding the "curse of dimensionality" typically 
encountered in traditional methods, such as centralized Q-learning. Second, an online iterative algorithm is 
introduced, facilitating asynchronous policy updates for multi-agent strategies based on dynamically adjusted 
weight matrices. This overcomes the synchronization communication bottleneck that often hinders distributed 
policy iteration. Third, an active compensation mechanism for disturbance noise is incorporated, ensuring 
policy robustness under input constraints, and enhancing adaptability to dynamic uncertainty in comparison to 
global reward-based designs.

By integrating LPMs into the distributed Actor-Critic framework, this paper decomposes the global 
optimization problem into local decision sub-tasks, thereby overcoming the limitations of traditional approaches. 
To formalize the zero-sum game problem, this paper adopts the Q-function framework, where the value of the 
Q-function is defined with respect to the agent’s state α, current control strategy u, and disturbance w 26–29. 
The function Q(x, u, ω) replaces the traditional value function V (a), which satisfies the Riccati equation and 
depends solely on the current state α. The dynamic behavior of the discrete-time linear system is modeled as 
Eq. (1):

	 x (k + 1) = Ax (k) + Bu (k) + Eω(k)� (1)

In Eq. (1), the formulation characterizes the evolution of agent states within a dynamic graphical game. The state 
transition matrix A captures the intrinsic dynamics of the environment, the control input matrix B quantifies 

Method Computational complexity Applicable scenarios Supports input constraints Information interaction mode

Xu et al.21 High (global optimization) Single-agent path tracking No Centralized global information sharing

Nguyen et al.22 Medium Multi-agent general framework Partial Hybrid (local + global)

Gu et al.23 High Collaborative evacuation training No Global reward-driven

Proposed Method Low Dynamic graph games Yes Distributed local information fusion

Table 1.  Core differences between the proposed method and related research.
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the influence of control actions on state transitions, and the disturbance matrix B models uncertainties induced 
by external perturbations. This formal structure lays the dynamical foundation for the definition of LPMs used in 
subsequent analysis. The vector x (k) denotes the system’s state at time step k, encompassing internal information 
about the agent or system. The control input vector u (k) represents the externally applied actions intended to 
influence the system’s trajectory30. The disturbance vector ω(k) captures external disruptions, which may stem 
from environmental variability, sensor noise, or other uncertainties. The matrix A is the state transition matrix, 
which describes how the system state evolves from time step k to (k + 1). It encapsulates the internal structure 
and dynamic properties of the system. The matrix B is the control input matrix, characterizing the effect of 
control inputs on the system’s state changes. It defines the functional relationship between the applied control 
actions and resulting state variations. The matrix E is the disturbance matrix, modeling the influence of external 
disturbances or noise on state transitions. It quantifies the extent to which uncertainties, such as environmental 
perturbations or sensor errors, affect the system’s evolution31–33. The performance metric for discrete linear 
systems is formally defined in Eq. (2):

	
=

∞∑
i=k

αT Rα +
∞∑

k=1

u (k)T Qu (k) −
∞∑

i=k

ωT λ2ω� (2)

In Eq. (2), R is a symmetric weight matrix that reflects the relative importance of the state variables, and W  is 
a constant representing disturbance gain. The optimal performance metric corresponds to the value function34, 
as defined in Eq. (3):

	
V (α) = minµmaxωJ =

∞∑
i=k

[αT Rα + u (k)∗T
Qu (k)∗ − ω∗T

λ2ω∗]� (3)

In Eq. (3), u (k)∗ denotes the control policy that minimizes the performance cost, while ω∗ represents the worst-
case disturbance. By starting from i = k + 1, the optimal Bellman equation is derived, as shown in Eqs. (4) and 
(5):

	

V ∗ (αk) = αT Rα + u (k)∗T u (k)∗ − λω∗T ω∗

+
∞∑

i=k+1

[αT Rα + u (k)∗T u (k)∗ − ω∗T λ2ω∗] = r (α (k) , u (k)∗ , ω∗) + V ∗ (αk+1)
� (4)

	 r = αT Rα + u (k)∗T
u (k)∗ − λ2ω∗T

ω∗� (5)

Assuming that the zero-sum game has a solution, the optimal value function derived from the Bellman equation 
satisfies Eq. (6):

	 V ∗ (αk) = αT P α� (6)

In Eq.  (6), P > 0 denotes a positive definite matrix that satisfies the discrete-time Riccati equation35,36, as 
expressed in Eq. (7):

	
P = AT P A + R −

[
AT P B
AT P E

]T

×
[

I + BT P B BT P E
ET P B ET P E − λ2I

]−1

× [ BT P A ET P A] � (7)

The paper introduces a distributed strategy optimization framework based on the online iterative algorithm. 
The core idea is to dynamically update control strategies using local neighborhood information, facilitating 
efficient decision-making in dynamic graph games. The global optimization problem is transformed into an 
iterative update process for the local weight matrix H  through block matrix inversion, as expressed in Eq. (7). 
This approach ensures that the policy L and disturbance compensation term K  can be computed efficiently, 
as detailed in Eqs.  (8) and (9), which represent the optimal control strategy and disturbance compensation, 
respectively.

	 u (k)∗ = Lx (k)� (8)

	 ω∗ = Kx (k)� (9)

The conditions for L and K  are derived from the system’s dynamics and are given by Eqs. (10) and (11):

	 L = (I + BT P B − BT P E(ET P E − λ2I)−1
ET P B)−1 × (BT P E(ET P E − λ2I)−1

ET P A − BT P A)� (10)

	 K = (ET P E − λ2I − ET P B(I + BT P B)−1
BT P E)−1 × (ET P B(I + BT P B)−1

BT P A − ET P A)� (11)

The experimental section introduces the definition of the intelligent agent’s Q-function37,38, which quantifies the 
long-term performance of the agent’s policy under system dynamics and disturbances. Equation (12) presents 
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the Q-function in a quadratic form, incorporating the state xk , the control strategy µk , and the disturbance 
noise ωk :

	 Q∗ (xk, µk, ωk) = [ xT
k µT

k ωT
k ]H[ xT

k µT
k ωT

k ]T � (12)

In Eq.  (12), H  is a symmetric weight matrix. This Q-function serves as a surrogate for the value function39, 
incorporating both immediate and future performance criteria. Leveraging Eqs. (1) and (6), the Q-function is 
expanded as Eq. (13):

	 Q∗ (xk, µk, ωk) = xT
k Rxk + µT

k µk − λ2ωT
k ωk + xT

k+1P xk+1� (13)

Rewriting Eq. (13) in matrix form yields a compact quadratic representation:

	
Q∗ (xk, µk, ωk) =

[
xk

µk

ωk

]T

H

[
xk

µk

ωk

]
� (14)

The explicit construction of the symmetric weight matrix H is provided in Eq. (15):

	
H =

[
AT P A + R AT P B AT P E

BT P A BT P B + I BT P E
ET P A ET P B ET P E − λ2I

]
� (15)

Equation (15) presents the explicit formulation of the matrix H in terms of the system matrices and the weighting 
matrix 40–43. This formulation plays a critical role in minimizing the degree of information coupling among 
multiple agents in a distributed control setting. The symmetric structure of H is deliberately designed to ensure 
the decomposability of LPMs, which in turn facilitates independent yet coordinated optimization of control 
policies across agents in a multi-agent system. The equivalence between the Q-function and the value function 
is illustrated in Eq. (16):

	
V ∗ (αk) = αT P α = Q∗ (xk, µk, ωk) =

[
xk

µk

ωk

]T

H

[
xk

µk

ωk

]
� (16)

Through further derivation, matrix relationships involving 44,45 yield the optimal control strategy L and the 
optimal disturbance response strategy K, as expressed in Eqs. (17) and (18):

	 L =
(
Hµµ − HµωH−1

ωω Hωµ

)−1(HµωH−1
ωω Hωx − Hµx)� (17)

	 K =
(
Hωω − HωµH−1

µµ Hµω

)−1(HωµH−1
µµ Hµx − Hωx)� (18)

Design of online iterative algorithm based on DNNs
This paper employs DNNs to approximate the Q-function, leveraging their powerful representation capability to 
enhance the learning of optimal policies. The architecture of the neural network plays a pivotal role in influencing 
both the performance and convergence rate of the algorithm46–48. Key design considerations for each layer of the 
neural network are summarized in Table 2.

To train the neural network, this paper integrates Q-learning—an online iterative reinforcement learning 
algorithm used to derive optimal action strategies across different states. The Q-learning-based iterative 
process enables the intelligent agent to learn optimal strategies in dynamic game environments, particularly in 
the context of distributed graphical games49. The main steps of the online iterative algorithm using DNNs are 
presented in Table 3:

In summary, the Q-learning algorithm updates the Q-value function iteratively using Eq. (19):

	 Qi+1 (xk, µk, ωk) = r(xk, µk, ωk) + Vi (xk+1)� (19)

In Eq. (19), i represents the current iteration number, Qi+1 represents the Q-value corresponding to the current 
state xk , control strategy µk , and disturbance ωk  that the (i + 1)-th iteration. iteration. This value is obtained 
by summing the immediate reward r(xk, µk, ωk) and the estimated value function Vi (xk+1) of the subsequent 
state xk+150. The value function is approximated using Eq. (20):

Neural networks Considerations at each level

Input layer The number of neurons equals the dimensionality of the state space plus the dimensions of the control input and the disturbance

Hidden layer Learns feature representations of states, control strategies, and disturbances to approximate the Q-function effectively

Output layer The number of neurons corresponds to the number of feasible control actions

Table 2.  Factors considered in designing the neural network.
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	 Q̂ (z, H) = zT Hz� (20)

In Eq. (20), z is a state vector composed of the variables x, µ, and ω, and Q̂ (z, H) is the estimated Q-value 
for a given state vector z and symmetric weight matrix H . Since H  is symmetric, it can be vectorized into a 
column vector h consisting of its unique elements, with Hij + Hji used to reduce redundancy. This leads to the 
expression of the Q-function in vectorized form, as shown in Eq. (21):

	 Q̂i (z, h) = hT zi� (21)

In Eq. (21), z represents the transformed input vector composed of quadratic and interaction terms from z, such 
as 

[
z2

1 , z1z2, · · · , z2
2 , z2z3, · · · , z2

n

]
51. The objective function used to fit the Q-function is defined in Eq. (22):

	 di (z, h) = r (xk, µ̂k, ω̂k) + Qi(xk+1, µ̂k+1, ω̂k+1)� (22)

In Eq.  (22), di (z, h) represents the target output, composed of the immediate reward and the predicted 
Q-value of the next state under the current approximation ℎ in the i-th iteration52. The corresponding square 
approximation error between the target and the predicted value is expressed in Eq. (23):

	 err = 1/2(di (z, h) − Q̂i (z, h))
2� (23)

This error quantifies the difference between the true target di and the current estimate Q̂i. To minimize this 
error, the weight vector h is updated via gradient descent, as shown in Eq. (24):

	 hi+1 = (di (z, h) − Q̂i (z, h))zi� (24)

In Eq. (24), hi+1 denotes the updated weight vector in the (i + 1)-th iteration, and zi the transformed state-
action-disturbance vector used for training53.

Application and algorithm details of the actor-critic framework
The Actor-Critic framework is a widely used reinforcement learning algorithm, which can be visualized in Fig. 1.

In this framework, the Actor network, responsible for policy generation, outputs the control action µk  
based on the current state xk . The Critic network, on the other hand, evaluates the long-term reward using the 
state value function V (xk). Both networks are updated collaboratively through gradient descent, allowing for 
alternating optimization of the policy and the value function.

The Actor-Critic framework is composed of two main components: the Actor and the Critic. The Actor is 
responsible for learning the policy, which involves selecting actions based on the current state. The Critic, on 
the other hand, is tasked with learning the value function, evaluating the long-term value of states. These two 
components communicate and collaborate through DNNs, continuously optimizing and improving the overall 
performance of the agent.

In the algorithm details section of the Actor-Critic framework, the design and implementation of the online 
iterative algorithm are outlined. Key aspects include:

	1.	 LPMs: To reduce computational complexity and minimize information exchange, LPMs are introduced. 
These metrics assess the agent’s performance within its local state space, reducing the computational cost 
associated with global performance metrics. By guiding the learning of the Actor in local decision-making, 
these metrics enhance the efficiency of the online iteration process, improving the overall effectiveness of the 
algorithm.

	2.	 Temporal Difference Method (Q-learning): The algorithm incorporates the temporal difference method 
from Q-learning, combining the strengths of deep learning and reinforcement learning. This approach ena-
bles better handling of complex state and action spaces. Through the use of DNNs, the functions of both the 
Actor and Critic are approximated, facilitating efficient learning even in high-dimensional environments.

The framework includes two core components:

	1.	 Actor Network: The Actor is responsible for learning the policy, selecting actions based on the current state. 
The network’s output is a probability distribution over actions, which can be deterministic or probabilistic, 

Steps Description

Step 1: Initialize parameters, including the weight vector, the number of iterations, and initial policy weights (all set to zero)

Step 2: Sample multiple groups of states, compute relevant values using current weights, and calculate the average over multiple samples

Step 3: Use the computed values to construct matrix H , and update the control policy L and disturbance compensation term K  for the (i + 1)-th iteration

Step 4: Repeat Step 2-Step 3 until the weight h converges

Table 3.  Main steps of the online iterative algorithm using DNNs.
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depending on the specific nature of the problem. The parameters of the Actor network are updated through 
gradient descent, maximizing the LPMs.

	2.	 Critic Network: The Critic is responsible for learning the value function, which evaluates the long-term re-
turn of states. The Critic network outputs an estimate of the state value, representing the expected return the 
agent can achieve in a given state. The value function is updated by minimizing the temporal difference error, 
which is the difference between the actual received reward and the current estimate.

Through the continuous collaboration between the Actor and Critic networks, the Actor-Critic framework learns 
optimal policies and more accurately estimates the value function of states. This mutual interaction between the 
two networks enables the agent to refine its strategy, ultimately leading to improved overall performance.

The flow of the online iterative algorithm within the network is depicted in Fig. 2.
In Fig. 2, the algorithm begins by initializing the weight matrices and initial trajectories for all agents. These 

trajectories include state, control inputs, and disturbance noise. At this stage, an initial policy is generated randomly 
to ensure diversity among the agents during the early exploration phase. The Actor network then generates 
the control policy based on the current state, and its fitted value is calculated using the LPMS. The primary 
function of this step is to evaluate the immediate reward of the current policy, which serves as a benchmark 
for subsequent weight updates. The Environment-Interaction system then generates the next state based on the 
current policy and disturbance noise, following the state transition equation. This step simulates the interaction 
process between the environment and the agents within the dynamic game, providing the data required for 
policy optimization. Step 2 involves calculating the average value of the weight matrix H  across multiple state 
samples, which helps avoid bias from single-sample variations. In Step 3, the updated H  is used to solve for the 
control policy L and disturbance compensation K , reflecting the core principle of local information fusion. 
If the policy has not yet converged, the Critic network updates the value function parameters using temporal 
difference error, while the Actor network adjusts the control policy parameters through policy gradients. This 
collaborative mechanism between the two networks—referred to as the Actor-Critic framework—ensures the 
alternating optimization of the policy and evaluation of the value function. The algorithm continues this process 
until the change rate of the weight matrix falls below a specified threshold, or the average return stabilizes, 
signaling that convergence has been achieved. At this point, training is terminated. The process of the distributed 
online iterative algorithm is illustrated in Fig. 3.

In Fig.  3, the environment parameters, such as graph topology and input constraints, along with the 
initial states of the agents, are set during the game initialization. Agents update their strategies based on local 
neighborhood information and counteract environmental noise through disturbance compensation terms. This 
step embodies the core concept of distributed optimization—achieving global equilibrium through the reliance 
on local information. The algorithm then checks whether the current policy satisfies the value function coverage 
(Value Coverage), ensuring that all potential states are sufficiently explored. If the coverage condition is not met 
(No), an additional exploration mechanism is triggered, such as increasing the probability of random actions to 
encourage further exploration. If the condition is met (Yes), the algorithm proceeds to the termination check. 
The game continues until it reaches predefined termination conditions, such as a maximum number of steps or 
a victory/loss determination. Once these conditions are met, the current round concludes, and the performance 
data of the strategies is recorded for further analysis.

Fig. 1.  Actor-critic framework.
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Experimental design and performance evaluation
Datasets collection
This paper uses a Web graphical dataset, which includes networks extracted from 62 games. The networks 
are weighted, directed, and temporal. In this dataset, each node represents a participant. Directed edges are 
established from node u to node v every 1/3 s, with the edge weights reflecting the probability that participant u 
is looking at participant v or a laptop.

Experimental environment
The experimental environment is configured as follows:

	1.	 Processor: Intel Core i9-10900 K, featuring a 3.7 GHz frequency and 20 cores
	2.	 Memory: 64 GB DDR4
	3.	 Storage: 1 TB NVMe SSD, enabling fast data read and write operations
	4.	 Operating System: Ubuntu 20.04 LTS, ensuring a stable environment for development and execution
	5.	 GPU: NVIDIA GeForce RTX 3080, with 10 GB GDDR6X VRAM, accelerating deep learning model training 

and effectively managing large-scale parallel computing tasks.

Parameters setting
The experimental setup based on the Online Iterative Algorithm, as outlined in the previous sections, is designed 
to validate the effectiveness of local policy optimization under input constraints. The neural network structure 
(Actor network: 2 layers with 64 neurons; Critic network: 2 layers with 128 neurons) is grounded in literature 

Fig. 2.  Flow of the online iterative algorithm in the network.
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and experimental validation. Research by Zhou and Zhang54 shows that medium-sized hidden layers (64–128 
neurons) offer the best balance between model expressiveness and computational efficiency, making them 
particularly suitable for real-time decision-making in dynamic games54. Pre-experimentation compared different 
hidden layer configurations (e.g., 32/64/128 neurons) in terms of convergence speed and final performance. The 
results revealed that the 64-neuron structure provided the optimal trade-off between training steps (350 K steps) 
and average return (81.40%). The Critic network with 128 neurons, on the other hand, was necessary to handle 

Fig. 3.  Flow of dynamic graphical intelligent games in actor-critic DRL.
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higher-dimensional value functions (such as the state value matrix in Eq.  (6)), requiring a larger capacity to 
avoid underfitting. The experimental parameter settings for this paper are shown in Table 4:

The parameter choices strike a balance between algorithm efficiency and policy exploration. The batch size 
for experience replay was set to 64, determined through pre-experiments. Smaller batches (e.g., 32) speed up 
individual training steps but increase gradient estimate variance. Larger batches (e.g., 128) stabilize the learning 
process but significantly increase memory usage. The 64 batch size provides the best trade-off, in line with the 
parameter design for the material optimization task. The exploration rate (ε) follows a linear decay mechanism. 
The initial value of ε is set to 0.8 to ensure sufficient random exploration, decreasing by 0.01 per training 
round until it stabilizes at ε = 0.1. This design avoids the early convergence problem often caused by traditional 
exponential decay, ensuring the algorithm retains some exploration capacity in later training phases to handle 
dynamic environmental disturbances.

Performance evaluation
The experimental results for various neural network structures are presented in Fig. 4. As training steps increase, 
agent performance improves across all tested configurations; however, notable differences emerge based on 
network size. Under the 64-neuron configuration, agent performance remains relatively stable, with the average 
return increasing from 25.69% to a peak of 65.88% after 350 training steps. The 128-neuron structure exhibits 
some initial performance fluctuations but ultimately achieves the highest average return of 70.29% due to its 
enhanced capacity to capture complex policy patterns. In contrast, both the 256- and 384-neuron configurations 
show strong early-stage performance. However, the 256-neuron network slightly underperforms in the later 
stages compared to other configurations. Although the 384-neuron structure achieves good early performance 
with fewer training steps, its learning curve flattens as training progresses, indicating a slower convergence 
rate. Overall, the 128-neuron configuration demonstrates superior long-term performance, balancing model 
expressiveness with training efficiency. The 384-neuron structure, while initially effective, likely suffers from 
parameter redundancy that hinders convergence speed. These findings empirically support the selection of 
appropriately scaled network architectures that optimize both computational efficiency and learning effectiveness.

Figure 5 compares the test accuracy of various models. The proposed model achieves the best performance, 
with a maximum accuracy of 88.20% and an average accuracy of 81.40%, reflecting both high precision and 
robustness in test scenarios. In contrast, the DQN achieves 79.20% maximum accuracy and 78.00% average 
accuracy, while the Double Deep Q-Network (DDQN) reaches a higher peak accuracy of 83.00% but a lower 
average accuracy of 68.80%. These results highlight the superior generalization capability of the proposed 
method.

The impact of various reinforcement learning enhancements is illustrated in Fig.  6. Among the applied 
techniques, prioritized experience replay yields the highest gains, boosting maximum accuracy to 91.20% 
and average accuracy to 84.10%. Experience replay alone also provides a significant improvement, achieving 
a maximum accuracy of 90.50% and an average of 83.20%. In contrast, techniques such as DDQN and multi-
step returns offer more modest enhancements, suggesting that memory-based sampling mechanisms contribute 
most significantly to the model’s learning effectiveness.

Table 5 presents the key performance metrics of several models evaluated in dynamic graph game scenarios. 
As shown, the complete model proposed in this paper outperforms traditional DQN and DDQN models in both 
computational efficiency (9.6 s per round) and stability (average accuracy of 81.40%). Although the prioritized 
experience replay technique achieves the highest peak accuracy (91.20%) among the individual enhancements, 
it falls slightly behind the complete model in terms of convergence speed (320  k steps) and computational 
time (10.8 s per round). These results highlight the advantages of integrating LPMs within a distributed Actor-
Critic framework, which allows the proposed method to significantly reduce computational overhead without 
sacrificing accuracy. For example, compared to DDQN, the proposed model reduces computation time by 32.4% 

Parameter Value

Number of agents 10

State space dimensions 4

Action space dimensions 2

Number of training rounds 500

Steps per round 50

Exploration rate Initial value ε: 0.8, decreases by 0.01 per round, minimum εmin : 0.1

Reward discount factor 0.9

Learning rate 0.001

Neural network structure Actor: two hidden layers, 64 neurons each; Critic: two hidden layers, 128 neurons each

Optimizer Adam

Loss function mean square error

Training batch size 64

The initial state of the agent Randomly generated within the state space

Interference noise Gaussian white noise with mean 0 and standard deviation 0.1

Table 4.  experimental parameter settings.
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and improves average accuracy by 12.6 percentage points—an advantage that is particularly important in large-
scale dynamic game applications, such as multi-Unmanned Aerial Vehicle cooperative control. Additionally, 
the model achieves convergence in 350 k steps, which is 16.7% faster than the DQN baseline (420 k steps), 
demonstrating the effectiveness of the online iterative algorithm in accelerating policy optimization. These 
comparative results not only validate the practical efficacy of the proposed approach but also offer empirical 
guidance for algorithm selection in real-world engineering deployments.

Discussion
The distributed Actor-Critic framework proposed in this study, driven by LPMs, is experimentally validated in 
a zero-sum game setting. However, its theoretical foundation suggests strong potential for extension to non-
zero-sum scenarios. For example, in cooperative dynamic graph games, the reward function can be adapted by 
incorporating team-based reward components, transforming competitive payoffs into shared gains. Additionally, 
the disturbance compensation mechanism remains relevant in hybrid game environments that blend adversarial 
and cooperative dynamics, where disturbance noise can be redefined as environmental uncertainty or behavioral 
perturbations from non-hostile agents. Recent research, such as the study by Xue et al.55 on complex social 
systems, has shown that similar distributed architectures can facilitate multi-objective optimization through 
reward shaping, further validating the generalizability of the proposed method. While the current experiments 
primarily assess the model’s performance in zero-sum contexts, future work will focus on extending the 
framework to mixed-game environments that involve both cooperative and competitive interactions.

The DRL model proposed in this paper demonstrates significant performance improvements in dynamic 
graphical intelligent gaming. These results align with those of Hu et al.56, who highlighted the advantages of 
DRL in addressing complex environments, particularly in dynamic decision-making problems. By utilizing 
the Actor-Critic framework, the model in this paper successfully achieves autonomous decision-making and 
strategy optimization for agents, effectively addressing optimal control challenges in dynamic graphical games. 
Furthermore, the experimental results reveal that the choice of neural network structures, particularly the number 

Fig. 4.  Experimental results for different neural network structures.
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of channels, has a significant impact on model performance. This finding is consistent with the conclusions 
of Nafisah et al.57, who emphasized the critical role of neural network architecture in deep learning models. 
Additionally, by comparing the accuracy results across different models, the proposed model outperforms 
traditional DQN and DDQN models in both maximum and average accuracy. This further supports Nafisah et 
al.’s work, which underscores the importance of improvement techniques in enhancing the performance of DRL 
models.

Conclusion
Research contribution
This paper introduces a novel approach that combines LPMs with a distributed Actor-Critic framework, 
effectively addressing the bottlenecks of multi-agent cooperation in dynamic graph games. Traditional methods, 
such as global Q-learning or centralized policy optimization, struggle to adapt to input constraints in dynamic 
environments due to their dependence on complete state information. In contrast, by defining local value 
functions and employing an online iterative algorithm, this paper allows agents to autonomously optimize their 
decisions using only local neighborhood information. Experimental results not only validate the theoretical 
design by demonstrating advantages in convergence speed and computational efficiency, but also underscore 
the method’s potential for real-time decision-making applications, such as vehicle coordination in intelligent 
transportation systems and dynamic path planning for drone formations.

Future works and research limitations
Future research can be pursued in three key directions: First, exploring the generalization of non-zero-sum 
games by introducing cooperative reward mechanisms, thereby extending the method’s applicability to hybrid 
cooperation-competition scenarios. Second, optimizing algorithm efficiency by designing lightweight network 
structures, such as incorporating graph attention mechanisms, to handle high-dimensional state spaces and 
support more complex industrial control problems. Third, enhancing the model’s adaptability to different 
environments through the application of transfer learning in heterogeneous agent games. These research 
directions not only build on the theoretical innovations presented in this paper but also offer practical technical 
pathways for the engineering implementation of dynamic graph games.

Fig. 5.  Test accuracy results for different models.
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Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author Jiahui 
Li on reasonable request via e-mail jiahui.li@gzhu.edu.cn.
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Model Peak accuracy (%) Average accuracy (%) Convergence steps (k) Computation time (s/round)

Model 79.20 78.00 420 12.5

DQN (Ref 17.) 83.00 68.80 380 14.2

DDQN (Ref 18.) 91.20 84.10 320 10.8

Prioritized Experience Replay 90.50 83.20 340 11.3

Improved Experience Replay 88.20 81.40 350 9.6

Table 5.  Performance comparison of different models in dynamic graph games.

 

Fig. 6.  Results of different enhancement techniques on the performance of the reinforcement learning model 
proposed in this paper.
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