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[ Abstract] Edge computing*for Internet of Vehicles(IoV) is key to réalizingshighly reliable and low-latency IoV systems.
However, existing methods generally have the problems of scene convergenee and system modeling limitations, and are faced
with complex training processes and disaster maintenance risks.By combining the cloud computing technology, this paper
proposes a collaborative edge and cloud offloading scheme/based on multi-agent reinforcement learning.The strategy uses
the stochastic geometry theory to calculate the coverage probability/of the offloading nodes and pre-match the vehicular nodes
to offloading objects.On this basis, the linear Q function decomposition method is used to reflect the mapping relationship
between each agent’s multi-utility factor and task.decision.Then through the collaborative cloud and edge computing mech
anism, each agent’s decision records are uploadedito the cloud as experience,and the more comprehensively trained neural network
is returned to the edge nodes.The results of simulation'show that the proposed scheme outperforms the computing strategies using
only fixed edge servers in terms of powet consumption and latency. The method reduces the algorithm complexity, and can
significantly improve the collaborative.€dge'and ¢cloud offloading ability to realize highly reliable and low-latency task offloading.
[Key words] Internet of Vehicle§(IoV ) §multi-agent reinforcement learning ; stochastic geometry theory; collaborative
edge and cloud computing ; task,offloading strategy ; resource allocation
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