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Survey on Deep Learning Applicatons in Software Defined Networking Research

YANG Yang', LV Guang-Hong', ZHAO Hui', LI Peng-Fei'

'(School of Computer Computer, Sichuan University, Chengdu 610065, China)

Abstract: Software Defined Networking (SDN), which separates data forwarding from control, is a complete overthrow of traditional
network architecture, introducing new opportunities and challenges for all aspects of network research. With the traditional network
research methods encountering bottlenecks in SDN, deep learning based methods have been introduced into the research of SDN,
resulting in plenty of achievements in real-time intelligent network management and control, which promotes the further development of
SDN research. This paper investigates the promoting factors of introducing deep learning into SDN, such as deep learning development
platform, training datasets and intelligent SDN architectures; introduces the deep learning applications in SDN research fields such as
intelligent routing, intrusion detection, traffic perception and other applications systematically, and analyzes the features and shortcomings
of those deep learning applications in detail; Finally, prospects the future research direction and trend of SDN.
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Fig.1 Feedback Control Loop in SDN
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TensorFlow Google Java,C++,Go,Python Linux,macOS,Windows,Android
Theano Montreal University Python Cross-platform
Caffe/Caffe2 BVLC C++,Python,Matlab Linux,macOS,Windows
Keras Francois Chollet Python,C++ Linux,macOS,Windows
Torch/PyTorch LualIT/Python Linux,macOS,Android
CNTK Microsoft Python,C#,C ++ Linux,Windows
DL4J Skymind Java,Scala,Clojure Unix,Windows
WILL Prevision C,Python, assembly language ~ Windows,Unix, Embedded system
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Fig.3 Knowledge Defined Networking
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