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Off-dynamics Reinforcement Learning

Source domain (simulation) Target domain (real-world)

• Different transition probability: 𝑃!"# 𝑠$%& 𝑠$, 𝑎$ 	≠ 𝑃$"' 𝑠$%& 𝑠$, 𝑎$
• Same state, action space and reward function.
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Limitation of existing reward shaping methods DARC [1]

Target Domain 

Minimize Reverse KL Divergence

Source Domain 
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6=
Optimal policy Learning policy

• DARC policy is suboptimal in the target domain.
• DARC relies on the assumption of target optimal

policy performs well in the source domain.

[1] Eysenbach B, Asawa S, Chaudhari S, et al. Off-dynamics reinforcement learning: Training 
for transfer with domain classifiers[J]. arXiv preprint arXiv:2006.13916, 2020.



Domain Adaptation and Reward 
Augmented Imitation Learning (DARAIL)
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Domain Adaptation and Reward 
Augmented Imitation Learning (DARAIL)
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Imitation Learning (DARAIL)

Imitation learning policy



Experiments
• Experiment on Mujoco: HalfCheetah, Ant, Walker2d and Reacher
• Dynamics shift:

• Broken environment: set the 0-th index action to 0.
• Modifying parameters: set the scale of gravity/density from 1.0 to 0.5/1.5 

in the target domain.

• Evaluate with mean reward and standard deviation among multiple runs. 



Comparison with DARC
• DARC evaluation worse than DARC training.
• DARAIL outperforms DARC evaluation results.



DARAIL outperforms other baselines



Summary

• Propose DARAIL for off-dynamics RL. 
• Recognize the limitations of DARC and other works with same 

reward shaping method.
• Propose imitation learning with augmented reward estimator to 

address the limitation of DARC.
• Propose an error bound with a relaxed assumption.


