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Abstract With the deepening of 5G research and the advancement of commercialization,it also brings various challenges. Among
them, the resource management of 5G communication system is a key challenge for the research of 5G network. Network Function
Virtualization (NFV) technology provides key support for 5G implementation,and it also introduces new research directions for
5G resource management issues, However, resource management in network function virtualization scenarios is a more complex
issue. In particular,different placements of virtual network functions have different effects on their performance. Firstly, this pa-
per analyzed and studied the impact of NFV resource allocation methods and NFV placement on performance. On this basis, this
paper mainly discussed machine learning based on the example proposed by Knowledge Definition Network (KDN). The technol-
ogy is applied to the study of virtual network function memory resource management, constructing a neural network learning
model,and predicting memory resource consumption. Secondly, the focus of this paper is on the extraction of the characteristics of
the input traffic. The traffic is mainly represented by a set of features, which represent small batches of information from the data
link layer to the transport layer, where the memory consumption is from the hypervisor. The average memory consumption of the
batch is obtained on the performance monitoring tool. Finally. this paper aimed to manage memory resources by using neural net-
works to predict memory resource consumption.
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Table 1 Feature set for describing traffic

Batch number TimeStamp (in ps) of the last packet

Transmitted bytes
Number of TCP packets
Average length of the packets

Number of packets
Number of UDP packets
Number of IPv4 packets
Num. of the ICMP packets over IPv4
Num. of SYN-TCP packets
Num. of different source ports in
TCP packets
Num. of different source ports
in UDP packets

Number of IPv6 packets
Num. of the ICMP packets over IPv6
Average inter-arrival time between
consecutive packets
Num. of different destination ports
in TCP packets
Num. OF d{f‘fe‘rent souree ports Num. of different IP source addresses
in TCP packets
Num. of different IP destination Standard deviation of the length
addresses of the packets
Num. of different IP source Num. of different IP destination

addresses mask 1,2 addresses mask 1,2,3
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