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Abstract Aiming at the problem that traditional inverse reinforcement learning algorithms are slow,imprecise,or even unsolva-
ble when solving the reward function owing to insufficient expert demonstration samples and unknown state transition probabili-
tie.a meta-reinforcement learning method based on relative entropy is proposed. Using meta-learning methods. the target task
learning prior is constructed by integrating a set of meta-training sets that meet the same distribution as the target task. In the
model-free reinforcement learning problem,the relative entropy probability model is used to model the reward function and com-
bined with the prior to achieve the goal of quickly solving the reward function of the target task using a small number of samples
of the target task. The proposed algorithm and the RE IRL algorithm are applied to the classic Gridworld and Object World pro-
blems. Experiments show that the proposed algorithm can still solve the reward function better when the target task lacks a suffi-
cient number of expert demonstration samples and state transition probabilities information.
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(100 iterations)

Algorithm RMSE
Re-IRL 0.4282
ReEnt-MIRL 0.3223
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Fig. 4 Comparison of reward construction effects of two

algorithms after final convergence in Gridworld
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Table 2 RMSE of predicted and actual values of two algorithms

after final convergence in Gridworld

Algorithm RMSE
Re-IRL 0.2976
ReEnt-MIRL 0.1564
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Fig. 6 Comparison of the reward construction effects of two

algorithms after final convergence in Object World
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Table 3 RMSE of the predicted and actual values of two

algorithms after final convergence in Object World

Algorithm RMSE
Re-IRL 0.3534
ReEnt-MIRL 0.1787
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Fig. 7 Comparison of ReEnt-MIRL algorithm reward construction effects with different learning rates
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Table 4 RMSE between predicted value and true value of ReEnt-

MIRL algorithm with different learning rates

Learning-rate RMSE
0.05 0.2316
0.001 0.1578
0.01 0.1605
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