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Abstract: In order to achieve routing optimization in the Software Defined Network (SDN) environment, deep
reinforcement learning is imposed to the SDN routing process and a mechanism based on deep reinforcement
learning is proposed to optimize routing. This mechanism can improve network performance such as delay,
throughput, and realize black-box optimization in continuous time, which surely reduces network operation and
maintenance costs. Besides, the proposed routing optimization mechanism is evaluated through a series of
experiments. The experimental results show that the proposed SDN routing optimization mechanism has good

convergence and effectiveness, and can provide better routing configurations and performance stability than
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traditional routing protocols.
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