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Abstract: Modern video players employ adaptive bitrate(ABR) algorithms to improve user quality of experience
(QoE). Aiming at the problems of the existing ABR algorithms, for example, these algorithms usually lead to frequent re-
buffering, video freezes, low video quality, or inaccurate network throughput prediction. In this paper, we propose a deep re-
inforcement learning algorithm based on ABR(DRLA). DRLA trains the neural network with the actual network bandwidth
data, and requests the video with the best bit rate from the video server by collecting the client buffer occupancy rate and
network throughput. DRLA optimizes the loss function with the baseline function method. To encourage exploration, we
add an entropy regularization term to the update rule of the policy network. Then, DRLA uses constraints to limit the diver-
gence of the new and old policies. Besides, DRLA optimizes the policy to use trust region to improve QoE. Compared with
the existing ABR algorithms on the QoE metrics, DRLA reduces training time, is more robust, and can further improve
QoE, and the experimental results verify the effectiveness of this algorithm.
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