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Reinforcement Learning and Control as Probabilistic
Inference: Tutorial and Review

https://arxiv.org/pdf/1805.00909.pdf
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Off-Dynamics Reinforcement Learning:
Training for Transfer with Domain Classifiers

https://arxiv.org/abs/2006.13916
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Algorithm 1 Domain Adaptation with Rewards from
Classifiers [DARC]

I: fort =1,--- ,num iterations do

2 Dovaree +— Diguree U ROLLOUT 7, M agurce )

3 if t mod r = () then

4 Duamer +— Dharger U ROLLOUT( 7, M targer)

3 8 — 8 —nValld)

?: T8, e, Se41) +— v(se,a:) + Arise, as, 5641)
B

7w +— MAXENT RL(7, DPwurce, 7)
return
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Figure 3. Environments: (L to R) broken reacher, broken half
cheetah, broken ant, and half cheetah obstacle.
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