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Interpretation of the artificial intelligence technology behind Alphago

LIU Zhi-ging!, WU Xiu-zhu
(College of Software, Beijing University of Posts and Telecommunications, Beijing 100876, China)

Abstract: With the application of artificial intelligence in various fields, more and more problems have been solved.
But computer Go has been a difficult problem in the field of artificial intelligence, because of the complexity of the game.
AlphaGo team has trained a Go Al program which took advantage of an important branch of artificial intelligence — deep
learning. In March 2016 AlphaGo won 4-1 the game with professional Go player Lee se-dol (9P), received extensive

attention of the public.
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confidence bound 1 applied to trees)
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