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[ Abstract] Increasingly more applications are deployed in the cloud, causing the violent power fluctuation of cloud data
consumption and unbalancing resource usage in cloud data centers.Efficient load forecasting is an essential technology for
solving these problems.Targeting the low prediction accuracy.and long prediction time of current load prediction models, a
combined prediction GRU-LSTM model based on Gated Recurrent Unit(GRU) and Long-Short Term Memory (LSTM)
network is established.The network structure of the model includes three layers.The first layer adopts GRU , which reduces
the training time of the model using the advantages.of having few GRU parameters and easy convergence.The second and
third layers adopt LSTM , which improves the prediction accuracy of the model by combining the advantages of many LSTM
parameters.On this basis, the missing values and standardization of the dataset are processed.After the feature selection of
the original sequence using the random forest algorithm, a set of new sequence values are obtained. The sequence values are
used as the input of the GRU-LSTM ¢combined prediction model to efficiently predict the cloud computing resources.
Experiments are performed on the Cluster-trace-v2018 public dataset.Using the proposed GRU-LSTM model, the Mean Square
Error(MSE) of the prediction results and average prediction time reduced by 6~9 and shortened by approximately 10%,
respectively, compared with the traditional single prediction ARIMA, LSTM, and GRU models and existing combined
prediction ARIMA-LSTM and Refined LSTM models.

[Key words] cloud computing; load forecasting; forecasting model; Gated Recurrent Unit (GRU) ; Long-Short Term
Memory(LSTM) network
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Stacked LSTM 24.5956 4.9594 3.5381 53977 04537 82
ARIMA-LSTM 23.7432 4.8727 3.4885 5.3453 04612 88

GRU-LSTM  18.1050 4.2550 3.0383 4.8311 0.5235 78
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