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Abstract; Most of the researches on traditional traffic engineering strategies focus on constructing and sol-
ving mathematical models. To reduce computational complexity,an experience-driven traffic allocation al-
gorithm based on multi-agent reinforcement learning was proposed. It can effectively distribute traffic on
pre-calculated paths without solving complex mathematical models and then fully utilize network re-
sources. The algorithm performs centralized training on the software defined networking controller, and
can be executed on the access switch or router in a distributed way after the training is completed. Fre-
quent interactions with the controller are avoided at the same time. Experiments show that the algorithm is
effective in reducing the end-to-end delay and increasing throughput of the network with respect to the
shortest-path and the equal-cost multi-path.
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