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Abstract

Game algorithms play an important role of artificial intelligence, we try to find
human intelligence by making computer play games more wisely. Researches of
game algorithms from earlier two-player games and perfect information games
extend to multi-player games and imperfect information games. There are many
kinds of game algorithms. In this thesis, we apply some of these algorithms to the
pokergame Bigtwo. We also analyze the various algorithms.

Key words:

Game algorithm, artificial intelligence, multi-player game, max" algorithm,
pokergame Bigtwo
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