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Abstract
Edge computing has been cited as having the drawback of processing delays caused by concentrated load on a single edge server, and
computational offloading techniques have been proposed to solve this problem. In this study, we aimed to realize computational offloading that
distributes the load of edge servers and performs real-time processing through an offloading mechanism using the deep reinforcement learning
algorithm DDPG. In the preliminary experiment, the offload decision was based on the location and load ratio of the offload destination edge
server, and in the main experiment, the offload decision was based on the location, load ratio, and utilization of CPU and other resources of the

offload destination edge server. We confirmed that the rewards increased in both the preliminary and main experiments, and we can say that

the optimal offload policy was learned.
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