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Optimization of Optimal Coalition Structure,Generation Strategy
Based on Improved DQN

ZHAO Shuxu, ZHOU Hongz¢, WANG Xiaolong

(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, Gansu, China)

[ Abstract] Edge servers often need to collaborate to execute tasks by forming alliances when resources are limited.
Ensuring that tasks can be completed as quickly as#pessible/while reducing the cost of restructuring alliances is a
major challenge considering the dynamic changes\ifi server resource utilization for task execution. A coalition
structure optimization strategy based on dual®eep Q-Network (DDQN) optimization is proposed to address these
issues. First, with the optimization objeétive ‘of maximizing task completion efficiency and minimizing alliance-
building costs, the problem is modeled®as a Cost Introduced Markov Decision Process (CT-MDP) by defining the
state space, action space, and reward function. Second, in response to the problem of overestimating Q-values in
high-dimensional state spaces in_the \CT=-MDP, a lightweight optimal alliance structure search algorithm based on
DDQN is proposed. Two independent Q-networks are used to reduce the forward cumulative error during the
update process. To satisfy theystrict requirements of the edge devices for resource utilization during training, the
activation function is optimized to reduce the storage resource requirements of the training model. Finally, the
proposed algorithm is compared with Q-learning, DQN, Dueling DQN, and other algorithms using simulation
experiments. The results show that the proposed method has good convergence and stability, and it reduces alliance
construction costs and resource utilization by 20.36% and 12.12%, respectively, demonstrating the effectiveness
of the method.

[Key words) Artificial Intelligence (Al); Mobile Edge Computing (MEC) ; limited computing resources; resource
scheduling; coalition structure generation; Deep Reinforcement Learning (DRL)
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