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Abstract: To address the issue of global information loss due to ineffective communication
among edge servers in partially observable environment, an inter-edge server communication
mechanism based on a graph attention mechanism is constructed, where the mobile edge
computing (MEC) system is represented as a graph structure, allowing message passing between
edge servers through the edges in the graph to indirectly obtain the global state information of the
MEC system. The dual attention mechanism is introduced to enable agents to focus more on
communication messages that are more useful for policy optimization, thereby accelerating the
convergence speed of the model and improving algorithm performance. Simulation experimental
results demonstrate that compared to baseline algorithms, the proposed algorithm effectively
reduces task completion delay and energy consumption while exhibiting faster convergence speed.
Key words: mobile edge computing (MEC) ; deep reinforcement learning; task offloading;
resource allocation; message communication
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Fig.5 System rewards of different algorithms
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Fig. 6 Average task completion delay of different

algorithms
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Fig. 7 Average energy consumption of different
algorithms
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Fig. 8 Convergence of the three algorithms
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Fig. 9 Impact of the number of mobile devices
on algorithm delay
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