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Research on Application of Deep Learning in SDN

LI Peng—fei, SHAO Wei-zhuan
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Abstract : Software defined networking (SDN) , as an innovational network framework ,can enable programmers to control and define the
networks by software programming. Its features of separation of control plane and forwarding plane and open programmable have provid-
ed a new experimental approach for the study of new Internet architecture and greatly promoted the development of the next generation of
Internet. Deep learning has many advantages over traditional machine learning, and it can discover multi—layer features and represent
higher-level features as more abstract data features. The deep learning network model has a strong feature learning ability due to its mul-
tiple hidden layers, which is a great improvement compared with the machine learning model. With the rapid development of deep learn-
ing, it is necessary to introduce deep learning into the SDN which is promoted in further development. The application of deep learning

in SDN is illustrated from five aspects including architecture , data source,rapid feature extraction, deep learning algorithm selection and a-

nalysis of existing applications of deep learning in SDN.
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