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Intelligent prediction method of virtual network function resource
capacity for polymorphic network service slicing
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Abstract: To solve the problem of network slicing performance degradation caused by untimely adjustment of VNF
deployment scheme on network slicing in polymorphic network scenario, a VNF resource capacity prediction method
based on spatial-temporal feature extraction was proposed, which aimed to pre-deploy VNF by forecasting for upcoming
slicing needs. Firstly, the data flow time series used for prediction were weighted, and then the processed time series and
its dependent spatial topology information were inputted into the network model. Then, the spatial distribution features of
the time series were reorganized through the graph convolution network, and then the timing dependence of the input data
was perceived by the gated recurrent unit. Finally, based on the mapping relationship between the data flow sequence and
the number of VNF instances, the feed forward neural network outputted the VNF resource demand prediction view. The
experimental results show that the proposed method improves the demand prediction accuracy by 6.54% over the com-
parison method with the highest prediction accuracy.
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