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A resource-balanced deep reinforcement learning container
scheduling optimization strategy

HUANG Yichen, CHEN Qingkui

( School of Optical—-electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: With the growing development of cloud computing, higher requirements have been put forward for the utilization of
computer hardware and software, The deployment of microservices through container encapsulation has become an industry
paradigm. This article focuses on load imbalance and diversified service hardware requirements in container scheduling, propose a
resource control container scheduling optimization strategy RCCS—-D3QN based on Dueling Double DQN reinforcement learning
algorithm. By collecting the consumption of various resources in the cluster in real time and combining it with the weight factor,
using the resource satisfaction rate and the cluster resource balance rate, a reward and punishment function is constructed to
implement the reinforcement learning model. By building an interactive environment through the simulation platform RayCloudSim
and training the algorithm network, which verify the effectiveness of the results based on actual microservices. The experimental
results show that compared with the traditional scheduling algorithm, the RCCS-D3QN algorithm can significantly improve resource
utilization and load balancing while ensuring quality of service.
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