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An Opponent Modeling and Strategy Integration Framework for Texas Hold'em

ZHANG Meng"? LI Kai*? WU Zhe"? ZANG Yi-Fan"? XU Hang"? XING Jun-Liang"?

Abstract Texas Hold’em is a typical large-scale imperfect information game in the real world. Existing algorithms
computing Nash equilibriums in the Texas Hold’em have severe problems, including the heavy dependency on the
game’s abstract model, the considerable resource consumption, and the learned strategy’s conservatism prevents it
from maximizing the payoffs when facing different opponents. To alleviate these problems, we propose a light-
weight and efficient framework for imperfect information that can quickly adapt to new opponents/strategies. It
consists of two stages: The offline training stage and the online game stage. Based on the evolutionary theory, we
train policy networks to exploit opponents with distinct styles in the training stage. While during the game stage,
the agent first models the unknown opponent and then weighs the trained policies to integrate an adaptive strategy,
which maximizes the exploitation of the opponent. Experimental results in heads-up no-limit Texas Hold’em show
the superiority of the proposed framework. Strategy obtained by this framework significantly outperforms the exist-
ing methods when facing dynamic opponents.
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tion strategy integration
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Fig.1 Texas Hold'em card rules
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Fig.8 The influence of the hidden neurons in policy
output network on population fitness
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Fig.9 The influence of population survival rates on

population average fitness
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# 3 THRTRELR (mbb/h)

Table 3  Ablation study results (mbb/h)

B\ X O 0, O3 Oy Os Os O Os Orandom
Slumbot 702.53 12761 4942.58 14983 652.73 2623.14 484.29 2449.08 3387.13
Atar 999.92 29232 1494.92 27474 1391.04 12746 1371.10 34546 —
Apase 1000.00 22611 1205.05 20380 1109.84 9892.43 793.42 14568 5105.38
Agve 999.91 78.46 34.06 —5537.19 927.84 92.36 —631.55 —4461.82 -1068.44
Aint 999.92 29964 1305.04 27314 1316.21 12874 1380.88 18330 2738.98
A* 1000.00 24888 1310.34 27526 1286.08 11253 1020.38 16514 6359.36
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Table 4 Performance comparison results (mbb/h)

B ReA A* ASHE Slumbot Deepstack NFSP FIRAT Orandom
A — 675.68 —48.49 —896.76 32255 229.64 6359.36
ASHE —675.68 — —153.35 —1552.64 11904 —13.00 3177.68
Slumbot 48.49 153.35 — —103.44 8623.18 52.43 3387.13
DeepStack 896.76 1552.64 103.44 — 4084.27 139.41 1791.27
NFSP —32255 -11904 —8623.18 —4084.27 — —3257.75 —18819
HIHAT —229.64 13.00 —52.43 —139.41 3257.75 — —91.92

Orandom ~6859.36 ~3177.68 —3387.13 ~1791.27 18819 91.92 —
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Fig.11  The change of game performance in the
evaluation process
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Table 5

Light-weight comparison

I ZRIT BB R R

WV B 7R

FH# IR (GB) A BIR (h) TR (GB) THE B () Wi 7 5[] ()
A* ~30 ~2x10* CPU <0.5 <0.1 CPU <0.1
ASHE ~30 ~10° CPU ~30 <0.1 CPU <0.1
Slumbot =500 >10° CPU >500 >10 CPU ~1
DeepStack =500 >10°CPU>10° GPU >10 ~10°CPU~10° GPU ~30
NFSP =50 ~10' CPU~10° GPU ~1 <1 CPU<1 GPU <1
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