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Computation offloading decision in video edge computing
based on deep reinforcement learning

ZHOU Chenjing, LUO Shuyun

('School of computer science and technology ( Artificial Intelligence) , Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract; The video edge computing architecture provides a solution for real-time video processing by offloading partial or all of
the video to the edge end close to the network for processing. A video edge computing system is built to accelerate video processing.
The computational offloading problem is modelled for a specific fault detection video task, taking into account the real-time and
accuracy requirements of video processing. In order to adapt to the dynamic network environment, the problem is transformed into a
Markovian decision process and a deep reinforcement learning —based video computational offloading policy is proposed. The
experimental results indicate that the offloading strategy is able to minimize system latency with guaranteed accuracy compared to
other baseline strategy.
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Fig. 1 Video edge computing system
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Table 4 Comparison of system accuracy with different number of
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