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Abstract—The task offloading decision in the Internet of Vehicles is not only a necessary means to improve the efficiency
of the system, reduce energy consumption, and extend vehicle range, but also a key technology to promote the
development of applications such as intelligent transportation and autonomous driving. This paper summarizes and
reviews the existing researches on the traditional algorithm based task offloading strategies and deep reinforcement

learning based task offloading strategies, analyzes the existing problems in current research and provides ideas for future

research work.
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