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Multi-type load joint forecasting method of virtual machine
based on convolution neural network

Yu Xian® ™ | Li Zhenyu" , Zhang Guangxing” , Xie Gaogang ™
( " Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
( ™ University of Chinese Academy of Sciences, Beijing 100190)
( ™" Computer Network Information Center, Chinese Academy of Sciences, Beijing 100190)
Abstract
Virtual machine (VM) load prediction has always played a vital role in improving cloud data center resource
utilization and user service quality. However, existing prediction approaches usually only consider a single type of
VM load. In real cloud environment, these approaches are either hard to guarantee the prediction accuracy, or be-
cause of the need to establish multiple prediction models simultaneously, they will generate much training and pre-
diction time overhead. Therefore, in view of the fact that the existing prediction approaches cannot effectively bal-
ance the prediction accuracy and time overhead in scenarios involving multiple types of loads, a multi-type load
joint forecasting method (TSF) is proposed based on convolutional neural network (CNN). Tt automatically con-
structs and exiracts the key training sample, and fully learns the potential temporal and spatial characteristics among
them, such that it can effectively reduce training and prediction time consumption, and improves the prediction pre-
cision while taking into account the multiple types of VM loads.
Key words: cloud data center, virtual machine (VM) , multi-type load joint forecasting ( TSF) , convolution-

al neural network (CNN) , local spatial feature enhancement
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