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Artificial Intelligence (Al) has been engaged in a new wave of development since 2016.
Especially, the continuous breakthrough of AlphaGo has shown the great potential of Al. This paper briefly
reviewed two history lines of Al research, expounded the role of algorithm, data and computing power
in AlphaGo operation, and analyzed the application bottlenecks of Al in two major areas: healthcare and
power system. Moreover, the future of Al algorithm research, engineering applications, data availability and
ethical and legal risk were also prospected.
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