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Opponent Exploitation by Opponent Modeling for
Probabilistic Imperfect Information Extensive Multi-player games

KEITA FURUI,†1 MAKOTO MIWA†2 and TAKASHI CHIKAYAMA†1

A Nash-equilibrium strategy is known to be effective for multi-player games, but this is not always the
best strategy because of the existence of naive players. In this paper, we propose a game playing strategy
for multi-player poker games. In this strategy, the player detects an opponent who dose not adopt the Nash-
equilibrium strategy and exploits the opponent without considering the other opponents. Experimental result
show the player with the proposed strategy was able to exploit a naive opponent and get more rewards than
the ε-Nash equilibrium player in some cases.
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ADE +0.9071667 +0.9268167 -1.833983
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