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The purpose of this study is to encourage a desirable actions among the multiple agents by means of estimating
the reward function. We take two types of games, the coordination game and Stag Hunt game. Since both games
have dual equilibria, the agent should be given an appropriate direction to converse into the same and optimal

equilibrium

In this paper, we introduce Inverse Reinforcement Learning (IRL) which is required to be given an optimal
sequence of actions to find the incentive in order to make agents reach global optimal solution. Our main con-
tribution is to show how to apply IRL to design the reward under the environment of n-persons’ game. Through
some empirical results, we show the performances of mechanisms which were acquired by RL and IRL for solving

dilemma of the coordination game and Stag Hunt game.
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(b) A set of agent’s states

O 1: Multi-Step Stag-Hunt game

Expected Value of Sta,

Average Payoffs
Exp.value

100
Steps

150 200

0 150 200 250 30 30 400 450 500
VIs.

(a) Coordination game (b) Stag-Hunt game

O 2: Learning curves of the agents
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0 3: Induce convergence to the unique equilibrium via in-
verse reinforcement learning
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0 4: R': Estimated reward function of master’s (I = 2)
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O 5: Average of required steps to be converged

0 3: Effect of introducing IRL
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