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Reinforcement Learning
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Soft Q-Learning
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Imitation Learning
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Behavior Cloning
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Inverse Reinforcement Learning

+ Goal: Learn reward function (R) or policy
+ Input: Expert demonstrations

{(Sévaéasiva’i) . . ) :,'%:1 ~TE

+ Input: (Optional) Environment samples

Learn a reward R such that

g = argmax E,|r(s,a)
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Inverse Q Learning

+ Goal: Learmrewardfunetion{R)-orpolicyLearn a Q-function
+ Input: Expert demonstrations
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Inverse Q Learning

+ Equivalent to Inverse Reinforcement Learning

Much simpler to solve!!!
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Inverse Q Learning
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Results: Offline IL
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Figure 2: Offline IL results. We plot the average environment returns vs the number of expert trajectories.
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Results: Atarl
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