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Edge video offloading strategy based on deep reinforcement learning
ZHOU Chenjing, LUO Shuyun

( School of Computer Science and Technology ( School of Artificial Intelligence) , Zhejiang Sci—Tech University,
Hangzhou 310018, China)

Abstract: With the development of the Internet of Things and the proliferation of smart devices, video processing technology has
been widely applied in daily life. Applications such as autonomous driving and product quality inspection increasingly demand real-
time video processing. Mobile edge computing provides computing resources for devices with limited computational power and
energy, supporting time—sensitive tasks and offering a new computational architecture for real-time video processing. This paper
constructs a video computation offloading scenario focused on video detection tasks, with system latency as the optimization
objective. It establishes a computation offloading model and a Markov decision model. Considering the complex dynamic factors of
the computation offloading scenario, such as bandwidth fluctuations, number of devices, and task size, a computation offloading
strategy based on deep reinforcement learning is proposed to minimize system latency. Experiments show that this offloading strategy
adapts well to complex offloading scenarios and effectively reduces system latency.
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