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[ Abstract] Existing artificial intelligence-based routing schemes are limited in géheralization performance, and fail to
adapt to the topological changes’ of nietworks. This paper proposes an intelligent routing strategy named SmartRoute
based on deep reinforcement learfiing. SmartRoute can dynamically adjust the routing strategy by sensing the network
traffic distribution in real time.Additionally, it combines the topology information perception ability of graph neural
network and the self-training ability of deep reinforcement learning to“improve’the intelligence of network routing
strategy.Experimental results show that SmartRoute saves up to 9.6% of end-totend delay, and exhibits higher robustness
than DRL-TE, TIDE\and other schemes.
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