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An Adaptive Bitrate Algorithm Based on Video Classification

CHEN\Zihan, YE Jin, XIAO Qingyu
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[ Abstract] The Adaptive Bitrate( ABR )salgorithms for streaming media can dynamically adjust the bitrate of video blocks
according to network status, an@hig’improve the user Quality of Experience( QoE ). However, the existing algorithms usually
ignore the impact of video types onithe QoE, resulting in performance degradation.This paper proposes a bitrate selection
algorithm,, C-ABR ,which adaptsdo different types of videos.Corresponding utilization functions of user experience quality
are designed, and,the A3C€ model is trained by using the reinforcement learningalgorithm to improve the QoE.The experimental
results show that compared'with the current typical bitrate self-adaption algorithms, including Pensieve and MPC, the C-ABR
method improves the/QoE by 22.7% and 50.4% ,respectively.
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Fig.1 Deployment process of C-ABR algorithm
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Fig.2 Influence of each index under different video types
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Fig.4 Results of different algorithmsjin,three Kinds of videos
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