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Abstract: With the widespread popularity of mobile Internet the number of social network users have al-
so increased exponentially in recent years such as Twitter and Weibo. At the same time the number of
social bots in social networks has also increased significantly. These social bots not only spread advertise—
ments and vulgar information but even imitate normal users to manipulate public opinion provoke oppo—
sition and affect normal communication between normal users and the atmosphere of social network.

Therefore machine account detection came into being. It is necessary to detect social bots in social plat—
forms to avoid misleading normal users and present a real public opinion environment. This article intro—
duces the mainstream social bot detection solutions over the years: crowdsourcing detection platforms

machine learning-based solutions deep learning-based solutions and social graph-based solutions. It also
introduces various algorithm technologies for social bot detection and summarizes the advantages and dis—

advantages of each technology. Finally this article summarizes some problems and difficulties in the cur—
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rent machine account detection and looks forward to the future development direction of related research.

Key words: social bot; social network; sybil; machine learning; deep learning
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