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Off-policy Evaluation (OPE)
Given M = (S, A, R, T, uo,v) and m(:|s;)
Policy value
p(m) = (1 =) - Eqgrn(s0)[@" (50, a0)]

S0~ 140
p(ﬂ') — IIE‘:(s,a,)rvd“ [R(87 a’)]
Off-policy evaluation via DICE 1
p(m) = B apnar [C*(5,0) - R(s,a)] Where ¢* (s,a) = 52

DICE estimators: DualDICE, GenDICE, GradientDICE, ...
? Connections

Ofir Nachum, Yinlam Chow, Bo Dai, Lihong Li. DualDICE: Behavior-agnostic estimation of discounted stationary distribution corrections. In Advances in Neural Information Processing Systems
Ruiyi Zhang, Bo Dai, Lihong Li, and Dale Schuurmans. GenDICE: Generalized offline estimation of stationary values. In International Conference on Learning Representations
Shangtong Zhang, Bo Liu, and Shimon Whiteson. GradientDICE: Rethinking generalized offline estimation of stationary values. arXiv preprint



p(7) as Linear Programs (LPs)
Primal Q-LP p(r)= min (1 -=9)E,.[Q(s,a)],

Q:Sx A—R
s.t., Q(s,a) = R(s,a) +v-P"Q(s,a)

Dual d-LP  p(m) =  max Eq4[R(s,a)],

d:SXA—R
s.t., d(s,a) = (1 — y)uo(s)w(als) +~ - Prd(s,a)

Lagrangian max;ming L(d, Q) := (1 — ) - Eqgrn(s)[Q(50, a0)]

So~ M0

+ £ o, (Rlss) +7P"Q(s,0) — Qs 0)

Off-policy max min Lp (¢, Q) :=[(1 =) - Eagr(se) [@(s0, a0)

S0~ KO0

+ IE‘j’(s,cb,fr,s')NalfD . (T T 7Q(8/7 a,) B Q(S’ a))]

a’~m(s") d

C:dD




Regularized Lagrangian
max min LD(C) Qa ) :(1 - ’7) ) ]anrwr(so)[Q(Sm CL())] +

¢~0 Q, S0~ o
T ]E(S,a,'r,sl)f\/dD [C(S7 a’) ' (aR ' R(37 CL) + 7@(3/7 CL,) _ Q(Sa CL) _ )]
a’~m(s’)
+ (XQ | E(s,a)NdD [f]- (Q(‘S? a’))] o ) E(s,a)mdD [f2 (C(S7 a’))]

Regularization choices

e Primal and regularization: /1, f2 convex functions
e Reward ap € {0,1}

o Positivity ¢*(s,a) = Jp=% > 0

o Eqo [C(s,a)] =1



Regularized Lagrangian
max min LD(C) Qv ) :(1 o 7) ) ]anww(so)[Q(‘SOa CL())] +

¢~0 Q, S0~ Lo
T IE(S,CL,'P,S')NdD [C(S7 a’) ' (aR ' R(87 a) + 7@(3,7 CL,) _ Q(87 a) _ )]
a’~m(s’)
T QaQ - E(S,a)wdD /1(Q(s;a))] — ac - E(s,a)mdD [f2(¢(s,a))].

Estimator choices

e Primal estimator: jg(7) := (1 — %) 'anNW(So)[QA(SO’ ag)] + \.

A

e Dual estimator: p¢(7) := E(; 4 ryuar[C(8,a) - 7).

o Lagrangian: pq ¢ () := po(m) + pc(m) + B, 4 1 o'y a® [é (s,a) (vQ(s',a') — Q(s,a) — X)]

a’~m(s")



Regularized Lagrangian
max min LD(Cv Q, ) ::(1 - 7) ' ]anww(so)[Q(‘SOv aO)] +

¢~0 Q, S0~ Lo
T IE(s,a,fr,s')fvclD [C(Sv a) ' (aR ' R(S’ a) + ’YQ(Sla a,) _ Q(87 a) — )]
a’~m(s")
T aQ - Ilg‘:(,s’a)mdD [fl (Q(S7 CL))] o ) E(s,a)NdD [f2 (C(S7 CL))]

Solution baseness

Regularization (with or without ) PQ Pc¢ PQ.¢
¢ free Unbiased , Unbiased
ar =1 Biased .
=0 ¢> 0 Biased
ag >0 N ¢ free
¢= 0
f Biased
ar =1 ¢ free e Unbiased | Unbiased
>0 ¢>0
ag =0 N ¢ free
= :




Regularized Lagrangian

max min LD(C, Q, ) :(1 — ’7) . ]EaONW(So)[Q(Sm a’O)] T
¢~0 Q, S0~ O

T ]E(S,a,r,S')NdD [C(Sa a’) ) (aR ) R(S7 CL) + 7Q(8’7 CL,) - Q(S’ CL) o )]

a’~m(s")

T @Q - ]E(s,a)rvdD [-fl (Q(S7 CI,))] o ) I[:?‘(s,a,)rver [f2 (C(S7 a’))]

Recover OPE estimators

e DualDICE -+ (ag =0,0, =1,ar = 0) without (> 0 and without
e GenDICE — (Q’Q =1, =0,ar = 0) (> 0 with

e GradientDICE ~+ (ag =1,0, =0,ar = 0) without (> 0 and with
e DR-MWQL - (ag =0,0, =0,ar = 1) without (> 0 and without
e MWL +— (ag =0,0, =0,ar = 0) without (> 0 and without

<o BestDICE —— (ag =0, =1,ag =0/1) with (> 0 and with \.~_>
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BestDICE Performance
Estimator choice: 0¢ > P, 0.

Dual est. Lagrangian est. Lagrangian est. Primal est.
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Reward scale invariance
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