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Abstract: The service content in the Internet of Vehicles scenario is massive and highly dynamic, which makes
the traditional caching mechanism unable to perceive better the dynamic changes of the content, and the
contradiction between the huge number of access devices and the limited resources of edge cache devices will
cause the problem of poor system latency performance. In view of the above problems, a reinforcement learning-
based joint content caching and power allocation algorithm is proposed. First, considering the joint
optimization of content caching and power allocation, an optimization model is established to minimize the
overall system delay. Second, this optimization problem is modeled as a Markov Decision Process (MDP), and
the selection of content caches and content providers is further mapped as discrete action sets, and power
allocation is mapped as continuous parameters corresponding to discrete actions. Finally, this problem with a
discrete-continuous mixed action space is solved with the aid of the Parametric Deep Q-Networks (P-DQN)
algorithm. The simulation results show that the proposed algorithm can improve the local cache hit rate and
reduce the system transmission delay compared with the comparison algorithms.
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