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A Design Method of CDN Traffic Scheduling System Based on
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Abstract: The traditional CDN traffic scheduling system mostly adopts heuristic method or planning meth-
od, which has the disadvantages of high maintenance cost and poor real-time performance, resulting in weak
quality of service control. This paper studies a design framework of CDN traffic scheduling system based on
deep reinforcement learning. The framework defines and models traffic scheduling, firstly it triggers scheduling
by constructing fault alarm network based on Markov chain, and constructs deep reinforcement learning model
based on DQN which constructs quality evaluation reward function based on stacking model. Simulation results
verify the effectiveness of the scheduling framework.
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