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Recall off-policy evaluation:
p(m) = E(s,a)~ar [R(s, a)] where PId" (s,a) := n(als) > ; T(s|5,a)d" (3, a)

DICE point estimator:
p(7) = E (s ayar [C*(5,a) - R(s,a)] where (" (5,a) = 552

[1] Nachum, et al. Dualdice: Behavior-agnostic estimation of discounted stationary distribution corrections.
[2] Yang, et al. Off-policy evaluation via the regularized lagrangian.
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[1] Nachum, et al. Dualdice: Behavior-agnostic estimation of discounted stationary distribution corrections.
[2] Yang, et al. Off-policy evaluation via the regularized lagrangian.
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Constraint embeddings:
* Density constraints: P, d" (s,a) := w(a|s) ), ; T'(s|s,a)d" (3, a)
Equivalently:Ag (s, a) := (1 —y)po(s)m(als) +~- Pid(s,a) —d(s,a) = 0

1] Farias and Roy. The linear programming approach to approximate dynamic programming.
2] Small, et al. A Hilbert space embedding for distributions.
3] Nachum, et al. Dualdice: Behavior-agnostic estimation of discounted stationary distribution corrections.
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* Density constraints: P, d" (s,a) := w(a|s) ), ; T'(s|s,a)d" (3, a)
Equivalently: A, (s, a) := (1 — 7)o (s)m(als) + - PTd(s,a) — d (s,a) = 0
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A
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= max 8 ($,Aq) — B P
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