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This paper presents a novel inverse reinforcement learning method, which estimates a reward function from
arbitrary trajectories and their scores. Whereas standard inverse reinforcement learning methods query (near-)
optimal demonstrations to an expert and estimate a linear reward function, our method 1) queries scores of arbitrary
trajectories, and 2) estimates a non-linear reward function. Our method inherits a benefit of score-based inverse
reinforcement learning enabling the expert to free him/herself from a burden to generate demonstration trajectories.
The method also can estimate a non-linear reward function by introducing kernel function to score-based inverse
reinforcement learning. We tested our method by a control task of a simulated robotic manipulator. The results
demonstrate that our method estimates a non-linear reward function, from which reinforcement learner generate
trajectories with a high score.
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Fig. 1 Simulator of a 2-link manipulator

Fig. 2 A heatmap of distance to the target from the end-effector
w.r.t. link angles

Fig. 3 Average score of each 50 episodes
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(a) Proposed method
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Fig. 4 Estimated reward function (link angles)

(a) Proposed method

(b) DM-IRL

Fig. 5 Estimated reward function (load torque)
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