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Feature Weight Perception-based Prediction of Virtual Network Function Resource Demands

WANG Huaigin' , LUO Jian'"*and WANG Haiyan'**

1 School of Computer Science, Nanjing University of Post and Telecommunications, Nanjing 210023, China

2 Jiangsu High Technology Research Key Laboratory for Wireless Sensor Networks, Nanjing University of Post and Telecommunications, Nanjing
210023, China

Abstract Virtual network function(VNF) provides services in the form of service function chain(SFC) to meet the performance

requirements of different services. Due to the dynamic nature of the network,allocating fixed resources to VNF instances will lead

to excessive or insufficient resources for VNF instances. Previous studies have not distinguished the importance of network load

characteristics related to VNF profiles. Therefore,a dynamic VNF resource demand prediction method based on feature weight

perception is proposed. Firstly, ECANet is used to learn the weight values of VNF features,to reduce the negative impact of use-

less features on the model prediction results. Secondly, because the VNF profile data set has structural characteristics, when

building the VNF resource prediction model, it is necessary to consider mining the deep interrelationship between features by

strengthening feature interaction. It is proposed to use the deep feature interactive network(DIN) to enhance the interaction be-

tween network load features and VNF performance features,so as to improve the prediction accuracy of the model. Finally,com-

pared with similar methods on the benchmark dataset,it is found that the proposed method has more advantages in the effective-

ness and accuracy of prediction.

Keywords Resource prediction,Service function chain, Virtual network function, Efficient channel attention network, Feature in-

teraction
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Table 2 Experimental results on Nginx VNF dataset and Squid
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Nginx VNF Squid VNF
Methods
RMSE R2 RMSE R2

Logistic-Regression 0.2793 0.7663 0.2724 0.8143
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