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Task Offloading Algorithm Based on Federated Deep Reinforcement Learning for Internet of
Vehicles
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Fujian Provincial Key Laboratory of Networking Computing and Intelligent Information Processing, Fuzhou 350108, China

Abstract With the rapid development of the service system of Internet of Vehicles applications, vehicles with limited computa-
tional resources have difficulty in handling these computation-intensive and latency-sensitive applications. As a key technique in
mobile edge computing,task offloading can address the challenge. Specially,a task offloading algorithm based on federated deep
reinforcement learning( TOFDRL) is proposed for dynamic multi-vehicle multi-road-side-unit(multi-RSU) task offloading envi-
ronment in Internet of Vehicles. Each vehicle is considered as an agent,and a federated learning {ramework is used to train each
agent. Each agent makes distributed decisions,aiming to minimize the average system response time. Evaluation experiments are
set up to compare and analyze the performance of the proposed algorithm under a variety of dynamically changing scenarios. Si-
mulation results show that the average response time of system solved by the proposed algorithm is shorter than that of the rule-
based algorithm and the multi-agent deep reinforcement learning algorithm, close to the ideal scheme, and its solution time is
much shorter than the ideal solution. Experimental results demonstrate that the proposed algorithm is able to solve an average

system response time which is close to the ideal solution within an acceptable execution time.
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