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Effect of Objective Function on Estimated Rewards by Inverse Reinforcement Learning
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Inverse Reinforcement Learning (IRL) is a promising framework for estimating a reward function under the given

optimal policy. An original idea of IRL is proposed by Russell et.al.

where the objective function is calculated

by summation of the difference of maximum Q-value and other Q-value of a state over the whole states, and then

maximized this value.

While, in this paper, the objective function is defined by each state.

That is, there are

multiple objective functions. Each objective function is calculated by the difference of maximum Q-value and other

Q-value of a state.

Then, we solve an IRL problem as the multiobjective optimization problem. This paper is shown the effectiveness
of our defined objective function for estimating the reward function via some experiments.
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2: Comparison of convergence curves (5x5-GridWorld)
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