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Abstract : Alpha Go is the first Al robot to defeat human
professional go players and the first world champion in go. It was
developed by DeepMind team of Google company. Since its birth in 2016,
it has defeated Lee Sedol, the world go champion at that time, with a 4:1
record. In 2017, the DeepMind team launched Alpha Go Zero, the
strongest version of Alpha Go. The biggest feature of Alpha Go Zero is
that it does not rely on human prior knowledge. Chess belongs to a kind
of two person antagonistic game, its essence is a two person zero sum
game relying on logical reasoning. This paper hopes that by studying the
implementation of Alpha Go Zero, we can transfer its idea to chess, and

provide a new design idea for the development of chess software.

Keywords : Chinese Chess Prior—Knowledge of human
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