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QoE optimization of delay—sensitive cloud performance services
based on Deep Q—Network
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Beijing 100024, China)

Abstract: The problem of resource allocation in the network has been paid much attention, especially in the
transmission of ultra-high-definition video streams, so the effective management of resources is very
important. However, with the diversification of network services and the increasing types of business, the
traditional resource allocation strategy often appears to be not flexible and intelligent enough. Deep Q-
Network (DQN) is a kind of neural network model which can learn and adjust resource allocation strategy
adaptively. It is based on the neural network and Q-Learning algorithm, through continuous trial and
learning to decide the best resource allocation scheme. This paper aimed to study a delay-sensitive service
resource scheduling algorithm based on DQN in the cloud performing arts scene, so as to meet the
diversified service requirements in today's networks. Simulation results show that the delay-sensitive
service resource scheduling algorithm based on DQN can significantly improve the Quality of Experience
(QoE), indicating that the proposed algorithm can better meet the needs of delay-sensitive services.
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