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Container Quota Optimization Algorithm Based on GRNN and LSTM
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Abstract: In order to realize the automation of container quota setting and the maximization of cluster resource utili-
zation, this paper designed a container quota optimization algorithm. In this paper, LGN(long short-term memory and
GRNN network) was designed based on the LSTM(long short-term memory) and the GRNN(generalized regression neural
network). Also, the improved quantum particle swarm algorithm was used to optimize the hyperparameters of the network
structure to achieve automatic parameter adjustment and faster convergence speed. The steps of the container quota optimi-
zation algorithm are as follows. First, LGN is used to train the resource capacity model based on historical data. Then the
improved quantum particle swarm algorithm is adopted to optimize the model parameters. Finally, the resource capacity
model is designed to calculate container quotas. By comparing with the quotas generated by Google Container VPA (vertical
pod autoscaler) and HPA (horizontal pod autoscaler), the optimization algorithm proposed in this paper has at least 10% lower
total resource allocation and 6% higher resource utilization.
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