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Abstract With the rapid development of cloud computing technology,more and more users choose to use cloud services,and the
problem of mismatch between load requests and resource supply becomes increasingly prominent. As a result, user requests can-
not be timely responded, which greatly affects the cloud service quality. Real-time prediction of load requests will help the timely
supply of resources. To solve the problem of low performance of load prediction methods in the cloud computing environment,a
cloud computing load prediction method based on hybrid model of complete ensemble empirical mode decomposition with adaptive
noise and convolutional long short-term memory(CEEMDAN-ConvL.STM) is proposed. To begin with, the data sequence is de-

composed into several sub-sequences which are easy to analyze and model. Then the convolutional long short-term memory(Conv-
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LSTM) prediction model is used to predict the series of sub-sequences. The research idea based on multi-process parallel compu-

tation is adopted to realize multi-sequence parallel prediction and Bayesian optimization parameter tuning. Finally, the prediction

values are integrated and superimposed to obtain the prediction output of the whole model, to achieve the goal of high-precision

prediction of the original complex sequence data. The CEEMDAN-Conv.STM hybrid model is verified by using the Google clus-

ter workload data set. Experiment results show that the CEEMDAN-ConvLSTM hybrid model had a good prediction effect. Com-

pared with the autoregressive differential moving average model (ARIMA) , long short-term memory network (LSTM) and the

convolutional long short-term memory (ConvLSTM), the Root Mean Square Error (RMSE) increases by 30. 9%, 30. 1% and

22.5% srespectively.
Keywords

nique, Bayesian optimization
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Table 2 Valuation for each prediction model

—— i 38 AR
RMSE MAE R-squared

ARIMA 0.9197 0.6651 0.9797
LSTM 0.9088 0.6804 0.9802
XGBoost 0.9474 0.7196 0.9780
ConvLSTM 0.8197 0.6045 0.9835
CNN-LSTM 0.8398 0.6226 0.9818
EMD-LSTM 0.8747 0.6414 0.9812
EMD-ConvLSTM 0.7456 0.5126 0.9867
CEEMDAN-ConvLLSTM 0.6351 0.4703 0.9903
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Table 3 Prediction esults

P RMSE
CEEMDAN-ConvLLSTM CNN-LSTM
1 0.5184 0.7615
2 0.6351 0.7983
3 0.6953 0.8398
4 0.7095 0.9500
5 0.7122 0.9863
6 0.5637 0.8271

R4 EREFEWIILR

Table 4  Significant difference analysis results

ZRR SS df F
7 0.14714 1 100.2482

P-value Ferit
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Table 5 Composition model prediction evaluation based on LSTM

S—— : i AR
RMSE MAE R-squared
LSTM 0.9088 0.6804 0.9802
ConvL.STM 0.8197 0.6045 0.9835
CNN-LSTM 0.8398 0.6226 0.9818
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Table 6 Composition model prediction evaluation based on

decomposition algorithm

S— i 4 AR
RMSE MAE R-squared
ConvL.STM 0.8197 0.6045 0.9835
EMD-ConvLSTM 0.7456 0.5126 0.9867
CEEMDAN-ConvLSTM 0.6351 0.4703 0.9903
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Table 7 Comparison of characteristics of several optimization
algorithms
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Table 8 Comparison of model execution time

, F /s
A e
MR HAT
CEEMDAN-ConvLSTM 108.5993 14.9337
BO-CEEMDAN-ConvLLSTM 1008. 9683 295.5669
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