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Cluster load prediction model with BiLSTM incorporating attention mechanism
LUO Bang, ZHANG Yunhua

(School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract; Load forecasting for server clusters contributes to optimizing cluster resource allocation and improving the utilization of
cluster resources. Addressing the issue of low prediction accuracy in traditional load forecasting algorithms, this paper proposes a
load prediction model, called Att—BiLSTM, which integrates an attention mechanism into the Bidirectional Long Short-Term
Memory (BiLSTM) network model. This model takes into full consideration factors such as server CPU, memory, disk, and
network. It leverages the bidirectional information flow characteristics of the BILSTM network and employs an attention mechanism
to focus on crucial information within the load time series, ultimately enhancing prediction accuracy. Experimental results indicate
that, in comparison to existing load prediction models, including ARIMA, CNN-LSTM, and BiLSTM, the Att—BiLSTM model

demonstrates superior predictive performance.
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Fig. 1 The structure of LSTM
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Fig. 3 Principle of attention mechanism
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Table 2 Comparison of experimental results
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ARIMA 0.142 0.116 9.734
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