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environments?
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Pick a distance metric 𝐷 and transform

Transforming allows to optimize 𝜋 directly, rather
than through visitation 𝑑.
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Algorithm

Recall: we assumed we had 𝑑𝑅

If we have 𝑑𝑅:
Run constrained projection to get safe policy

If we don’t have 𝑑𝑅:
Run offline RL w.r.t reward to find 𝑑𝑅, then do constrained projection

Issue 2: What if the data set doesn’t capture MDP dynamics?
Answer: Novel finite sample upper confidence interval on policy cost

Details in the paper!
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For more details visit Poster #910


