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Two-Player Zero-Sum Games via Two-Stage Averaging

Mizuki HIRANOY®  YOSHIMASA TSURUOKA!:P)

Abstract: Many algorithms for finding Nash equilibrium in two-player zero-sum games need to approxi-
mate the Nash equilibrium by averaging strategies. In order to apply these algorithms to large-scale games,
the strategies are represented by neural networks to reduce the computational cost. However, learning the
average of strategies with neural networks amplify the representation error and affects the approximation
performance. Experiments for large-scale games showed that the approximation of the average is not stable.
The instability of the approximation may degrade the approximation performance through the algorithm.
We propose a two-stage averaging method in which the stability is improved by further averaging the aver-
aged strategy. Experiments showed that the proposed method not only stabilises the approximation of the
average, but also improves the approximation performance.

Improving Performance of Approximating Nash Equilibrium in
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