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Low-latency intelligent network data transmission scheduling
algorithm with high QoE
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Abstract; This paper proposes a low-latency intelligent network data transmission scheduling algorithm for real-time
network transmission demand scenarios of low latency, stable transmission, and high quality of experience (QoE).
The algorithm consists of two parts: data block queuing control strategy and congestion control strategy. The data
block queuing control strategy presents a cost-effective model that integrates the creation time and effective time of
data blocks, effectively solving the problem of uneven information transmission under transmission time constraint.
The congestion control strategy proposes a deep deterministic policy gradient ( DDPG) method based on the Gumbel
distribution sampling reparameterization with mixed experience prioritization model, which solves the problem that
DDPG is not applicable to the congestion control of discrete network action space and significantly improves the
quality of network congestion control by adaptively adjusting the sending parameters through learning. Results show
that the proposed queuing algorithm could effectively improve QoE in real-time transmission scenarios, and the
improved DDPG for congestion control could significantly reduce transmission delay. In the same scenario,
compared with traditional network data transmission scheduling algorithms, by integrating the proposed queuing and
congestion control strategies, the improved intelligent network data transmission scheduling algorithm could maintain
a good balance between low latency and stable transmission and provide higher data transmission quality.
Keywords: congestion control; low latency; queuing algorithm; deep deterministic policy gradient; quality of
experience ( QoE)
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Fig.1 Framework of proposed data transmission scheduling algorithm
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