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AlphaGo’s breakthrough and challenges of wargaming
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Abstract This paper summarizes the principles, new methods, technological breakthrough, and the epistemological sense of AlphaGo.
Then the bottleneck of intelligent wargaming is analyzed, and the significance of intelligent situation awareness in wargaming is addressed.
Next, the way to realize situation awareness in operations is proposed. Finally, new challenges of man—machine intelligence for wargaming
are discussed.

Keywords AlphaGo; deep learning; wargaming; situation awareness

(st HT)



