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0O-shot 1-shot 100-shot

Methods R-G -R-G | R-G -R-G | R-G -R-G

SQILv2* (Reddy et al., 2019)  0.0£0.0 —1.0-0.0 ‘ 0.0+0.0 —1.0+0.0 | 1.0+0.0 1.0+0.0
Y®-learning © 0.2+0.1 —0.4+0.2 1.0+0.0 1.04+0.0 | 1.0£0.0 1.0+0.0
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0-shot 1-shot 100-shot
Methods R-G -R-G | R-G -R-G | R-G -R-G
SQILv2* (Reddy et al, 2019)  0.040.0 —1.040.0 | 0.040.0 —1.040.0 | 1.0+£0.0 1.0+0.0
YP-learning ¢ 0.240.1 —0.4+0.2 1.0400  1.040.0 | 1.0+£0.0 1.0+0.0

Zero-Shot Generalisation Bound of ¥ ®-Learning)
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«. Combination of our offline IRL method with generalised policy improvement.
B. Utilisation of no-reward demonstrations for accelerating RL.
v

. Graceful fallback to solitary RL when demos are of “poor” quality (theorem).

>,

. Few-shot transfer to new reward functions.

€. Scalable for deep RL, RGB observations.



