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Abstract: HTTP adaptive streaming (HAS) has become the standard for adaptive video streaming service. In changing
network environments, current hardcoded-based rate adaptation algorithm was less flexible, and it is insufficient to con-
sider the quality of experience (QoE). To optimize the QoE of users, a rate control approach based on Q-learning strategy
was proposed. the client environments of HTTP adaptive video streaming was modeled and the state transition rule was
defined. Three parameters related to QoE were quantified and a novel reward function was constructed. The experiments

were employed by the Q-learning rate control approach in two typical HAS algorithms. The experiments show the rate
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control approach can enhance the stability of rate switching in HAS clients.
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