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A Study of Adaptive QoS Routing scheme using
Policy—gradient Reinforcement Learning
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Abstract

In this paper, we propose a policy-gradient routing scheme under Reinforcement Learning that
can be used adaptive QoS routing. A policy-gradient RL routing can provide fast learning of
network environments as using optimal policy adapted average estimate rewards gradient values.
This technique shows that fast of leamning network environments results in high success rate of
routing. For prove it, we simulate and compare with three different schemes.

» Keyword : Localized QoS Routing, Reinforcement Learning, Markov Dedision Process, Partially Coservable Markov
Dedision Processes
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