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Knowledge-defined Intelligent Traffic Scheduling Mechanism in Computing Network
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1 School of Computer Science and Engineering, Northeastern University,Shenyang 110169, China

2 School of Information Science and Engineering, Northeastern University,Shenyang 110819, China

Abstract At present,the knowledge-defined network empowers the development of Al technology,and the computing power net-
work provides the computing power resources required by Al. The two gradually tend to integrate to form the knowledge defined
computing networking(KDCN), KDCN has empowered the development of many new network applications, such as the meta-
verse, AR/ VR, east-west computing. These new applications have a great demand for computing power resources and network re-
sources,and are called heavy hitter(HH). The existence of HH flow seriously aggravates the congestion of KDCN network. In
response to this challenge, this paper proposes an intelligent traffic scheduling mechanism, which aims to solve the congestion
problem in KDCN through deep Q neural networks. Compared with the offline training processsa real-time closed loop is estab-
lished between traffic data detection and acquisition, model training,and congestion flow modulation decision-making to realize the
online training of the deep Q neural network model. Based on this closed-loop control, the intelligent flow modulation model can
realize continuous evolution through continuous learning,and is used to provide real-time decision-making. Experimental results
show that the proposed algorithm is superior to the existing methods in resource utilization, throughput,average packet loss rate
and so on.

Keywords Knowledge definition computing networking,Deep Q neural networks, Intelligent congestion flow modulation, Heavy

hitter flow,Closed loop control
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