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Analysis and Prediction of Cloud VM CPU Load Based on EMPC-BCGRU

XIE Tonglei,DENG Li, YOU Wenlong and LI Ruilong
College of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China

Hubei Province Key Laboratory of Intelligent Information Processing and Real-time Industrial System, Wuhan 430065, China

Abstract Cloud platform resource prediction is of great significance for resource management and energy saving. Cloud VM tech-
nology is a virtualization method implemented by the cloud to make full use of physical resources, but effective cloud VM load
prediction is still challenging, because the cloud VM load has periodic and aperiodic change patterns and sudden load peaks,and
the cloud VM load is affected by the random submission of jobs by users. In order to accurately analyze the change mode of VM
load and improve the performance of VM CPU load prediction,a cloud VM load prediction method based on decomposition-pre-
diction is proposed. Through EMD and PCA of cloud VM load mode decomposition, the characteristic fluctuation sequences of
different time scales are obtained. The convolution layer of the prediction model can fully extract the decomposed features, and
learn the forward and backward dependencies of the sequence through the bidirectional gated cyclic neural network, which im-
proves the ability of the prediction model to learn the load change mode of the VM. Finally, single-step and multi-step prediction
experiments are performed on the 2019 VM data sets generated by Microsoft Azure in the real cloud environment, which verifies
the effectiveness of the prediction method.

Keywords Cloud VM, Decomposition mode, Intrinsic mode function.,l.oad prediction, Neural network model
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Table 2 Comparison of prediction performance of different methods

Model RMSE MAE R?
ARIMA 5.4453 1.7438 0.9448
GRU 4.7425 1.3650 0.9583
Bi-LSTM 4.4043 1.1507 0.9640
BC-LSTM 4.2567 1.4051 0.9664
EMPC-BCGRU 3.2693 0.9976 0.9807
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Table 3 Ablation experimental results of model components
Model RMSE MAE R?
BiGRU 4.3839 1.1382 0.9643
BCGRU 4.3380 1.8735 0.9651
EM-BCGRU 3.3936 1.2756 0.9792
EMPC-BCGRU 3.2693 0.9976 0.9807
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Fig. 9 Comparison of predicted values and true values
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