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Short-term Cloud Resource Prediction Model Based on Temporal
Convolution and Long Short-term Memory

CHEN Ji-li"*, LI Hai-jun'?, XIE Xiao-lan'*"
(1. College of Information Science and Engineering, Guilin University of Technology, Guilin 541004, China;
2. Guangxi Key Laboratory of Embedded Technology and Intelligent Systems, Guilin 541004, China)

[ Abstract] With the continuous development of container cloud technology, it is of great significance to predict and analyze the over-
all trend and peak of cloud resource requests for efficient utilization and reasonable allocation of container cloud resources. Deep learn-
ing technology for load prediction has become a key technology to solve the unbalanced utilization of container cloud resources. Aiming
at the problems of low prediction accuracy and insufficient capture sequence features existing in the current single model and combina-
tion model of load prediction, a cloud resource combination prediction model based on temporal convolutional network-long short-term
memory ( TCN-LSTM ) was proposed. The hollow convolution in the combination model increased the sensitivity field without reducing
the feature size to obtain longer time series features. The residual network could transfer information across layers to accelerate the con-
vergence of the network, and the obtained time series features could effectively improve the prediction accuracy of LSTM. Useing
Alibaba’s publicly available dataset to make predictions, the experiment shows that the proposed model is compared with the single pre-
diction model and other combined models, and the error index-mean absolute error( MAE) is reduced by 8% ~13.7% and root mean
squared error (RMSE) by 9.8% ~13. 1% , which proves the effectiveness of the proposed model.

[ Keywords] container cloud; cloud resource prediction; temporal convolutional network ; long short-term memory network
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Fig. 9  The predicted value of the machine 1 model compared to the true value
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