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Abstract

Along with the constant growth of massive online social networks such as Facebook, Twitter, Weixin and Weibo, a
tremendous amount of network data sets are generated. How to represent the data is an important aspect when we
apply machine learning techniques to analyze network data sets. Firstly, the research background was introduced
and the definitions of NRL (network representation learning) were related. According to the categories of different
algorithms, five kinds of primary NRL algorithms were introduced. Particularly, a detailed introduction to NRL
algorithms based deep learning techniques was given emphatically. Then the evaluation methods and application

scenarios of NRL were discussed. Finally, the research prospect of NRL in the future was discussed.
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