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Cloud Platform Load Prediction Method Based on Temporal Convolutional Network

LI Yinghao,GUO Haogong.L.IU Panpan, XIANG Yihao and LIU Chengming

School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450000, China

Abstract Aiming at the problems of highly non-stationary cloud platform resource load data and low prediction accuracy due to
random noise,a cloud platform resource load prediction method is proposed by combining signal decomposition and deep learning
technologies. Firstly, the original data is decomposed using empirical mode decomposition(EMD) method to obtain multiple IMF
components;then a prediction model based on temporal convolutional network(TCN) is constructed to predict the IMF compo-
nents separately;finally, the prediction results are combined to obtain the final prediction value. The proposed method is compared
with traditional prediction methods and deep learning prediction methods,and a comparative experiment is carried out on Alibaba’s
open source data center resource monitoring log data set. Experimental data results show that the prediction errors of the pro-
posed method reduces by 36. 75% ,23.5% ,24. 44% ,and 24. 53% compared with ARIMA,Bi-LSTM,GRU and TCN, respective-
ly,and the prediction results have the best accuracy.

Keywords Cloud computing,l.oad prediction, Temporal convolutional network, Empirical mode decomposition
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Table 3 Module prediction results comparison
Module MAE RMSE R-Squared
TCN 4.8785 6.5356 0.5825
STCN 4.7967 6.2417 0.6011
MTCN 4.8343 6.3130 0.5912
E-TCN 4.3212 5.2133 0.6631
E-SMT 4.2907 4.9325 0.6832
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Fig. 8 Load prediction results of each model
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Table 4 Model evaluation index

Module MAE RMSE R-Squared Time/s
ARIMA 6.1513 7.7986 0.4394 67
Bi-LSTM 4.7069 6.4478 0.6306 65
GRU 4.7281 6.5282 0.6135 61
TCN 4.8785 6.5356 0.5825 75
E-SMT 4.2907 4.9325 0.6832 83
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