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A second order decision-making dynamic offloading method for

vehicle edge computing tasks
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Abstract: In response to the issue of low computational performance of edge computing systems when
dealing with discrete-continuous hybrid decision-making problems in vehicular network edge computing
scenarios, a distributed multi—stage decision—making strategy for dynamic offloading of vehicular network
edge computing tasks based on deep reinforcement learning is proposed. By dividing the task processing
procedure into two sub—problems: offloading decisions and resource allocation, an algorithm framework
capable of handling both discrete and continuous action domains was designed based on the D3DQN
network and TD3 network. In order to further enhance effective search in the action space and improve

algorithm performance, an optimization and dynamic priority update mechanism for search in the action
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space was designed. Finally, based on the above algorithm framework and optimization mechanisms, a

multi-stage decision—making algorithm for dynamic offloading of vehicle network edge computing tasks

was developed and implemented. This algorithm can effectively solve discrete—continuous hybrid decision—

making problems in vehicle network edge computing scenarios, utilize edge computing system resources,

and ensure that vehicles can complete the offloading of computing tasks with minimal delay and energy

consumption, according to the current network status and task size. Simulation results show that,

compared with baseline offloading methods, the proposed method has faster convergence and lower latency

energy consumption. It can make better use of the computing resources of the edge system to provide

computing services for vehicle edge task requests, thus further enhancing the quality of service for users.

Key words: internet of vehicles; mobile edge computing; deep reinforcement learning; dynamic task

offloading; resource allocation
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Fig. 1 Multi-server multi—task vehicle task offloading system
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