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Software-defined networking QoS optimization
based on deep reinforcement learning
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Abstract: To solve the problem that the QoS optimization schemes which based on heuristic algorithm degraded often
due to the mismatch between parameters and network characteristics in software-defined networking scenarios, a soft-
ware-defined networking QoS optimization algorithm based on deep reinforcement learning was proposed. Firstly, the
network resources and state information were integrated into the network model, and then the flow perception capability
was improved by the long short-term memory, and finally the dynamic flow scheduling strategy, which satisfied the spe-
cific QoS objectives, were generated in combination with deep reinforcement learning. The experimental results show
that, compared with the existing algorithms, the proposed algorithm not only ensures the end-to-end delay and packet loss
rate, but also improves the network load balancing by 22.7% and increases the throughput by 8.2%.
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