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Abstract: 1IoT (industrial Internet of Things) devices send tasks that cannot be computed locally
to edge servers for processing. However, different device densities result in imbalanced
computational workloads among various edge servers, leading to significant computation
latency. To solve this problem, a task migration algorithm based on modified deep deterministic
policy gradient (MDDPG) is proposed. The algorithm has a mechanism of priority empirical
replay and random weight averaging based on depth deterministic strategy gradient to find the
best migration strategy and reduce the computation delay of the task. Experimental results show
that MDDPG algorithm has a better performance than the traditional algorithms.
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on delay
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