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Task Scheduling for Internet of Vehicles Based on Deep Reinforcement Learning
in Edge Computing

Abstract

Abstract: Aiming at the offloading and execution of delay-constrained computing tasks for internet of
vehicles in edge computing, a task scheduling method based on deep reinforcement learning is proposed.
In multi-edge server scenario, a software-defined network-aided internet of vehicles task offloading
system is built. On this basis, the task scheduling model of vehicle computation offloading is given.
According to the characteristics of task scheduling, a scheduling method based on an improved pointer
network is designed. Considering the complexity of task scheduling and computing resource allocation,
the deep reinforcement learning algorithm is used to train the pointer network. The vehicle offloading
tasks is scheduled by the trained pointer network. The simulation results show that with the same
computing resources of edge servers, the proposed method is better than other methods in processing
the number of delay-constrained computing tasks, and effectively improves the service capability of the
internet of vehicles task offloading system.
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