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techniques: opportunities and challenges
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Abstract: The development of the fifth-generation wireless communications (5G) system is promoted by the high re-
quirements of the high reliability and super-high network capacity. However, existing communication techniques are hard
to achieve the high requirements due to the more and more complexity design in 5G system. Currently, deep learning is
considered one of effective tools to handle the physical layer wireless communications. Several potential applications
based on deep learning were reviewed, and their effectiveness were confirmed. Finally, several potential techniques in
deep learning based physical layer wireless communications were pointed out.
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