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Overview: Confidence Intervals for OPE

@ Prior work on confidence intervals for off-policy evaluation:

o Trajectory-based concentration [TTG15, HSN17]: curse of horizon, long
interval.

e Bootstrap based methods [DNC*20, KN20]: Not safe (asymptotic guaran-
tee); require i.i.d. assumption on transition.

@ This work:
o Non-asymptotic guarantee: safe!

o Weaker data assumptions! General off-policy data collection procedures
satisfy the assumption!

o Tight: Shorter interval compared with trajectory-based methods.
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|
Real World RL Applications

AD

Medical Robotics Recommendation

o Knowing the performance of the policies is criticall

o Off-Policy Evaluation: leverage historical data to estimate target policy
performance!
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Policy Evaluation

@ Goal: Estimate the performance of policy m: J; = Eror[ Y5207 1]
o Off-policy Evaluation: © Leverage historical data to do the estimation.

o Historical data is limited, we need to quantify the uncertainty of the
estimation!

o Confidence Interval for Off-Policy Evaluation: Help us to make high-
stake decisions!
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|
Confidence Interval for OPE: Problem Setup

o Given data D, = {sj, aj, rj,s! }; collected from previous data in some
arbitrary way (off-policy, behavior-agnostic).

@ Goal: construct a 1 -4 confidence interval [J~, J*] for J;:

P(Jye[J, JT]>1-6.

OPE Confidence Interval ICLR2021  5/12



General ldea

@ Denote x = (s,a), we have the value function based estimator:

I i= EXNNOXW[QW(X)] .

@ Assume we have a feasible set Q,,, such that:

oP(RTeQ,)>1-4.
0Q,—>{Q"} as n > oo.

@ Define
+ -\ .
J"(resp. J7) = glagxn(resp. g;gn) Exnpoxr [Q(X)],
thanks to the property of Q,, we have

oP(UTe[J, ) 21-6.

o), Jf>J asn—> .
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]
Feasible Sets O,

o With a tight concentration inequalities for kernel loss [FLL19], we can
construct the feasible sets Q:

Qp:= {qe Q : Lx(q;Dp) < \/@} 7

where C is a computable constant, and Li(g; D,) is the empirical esti-
mation of kernel loss

Li(q:Dy) = % __Z’_jjl(q(x,-) =7q(x}) = ri) k(xi, %) (q(Xj) -79(x)) - rj)~
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Primal and Dual Bounds

@ We can obtain the upper bounds J* via

J5= sug {Euoxlql, st Lc(q;:Dn)<ent,
qe

where €, =/ M.

@ The lower bounds can be obtained by changing the maximizing to min-
imization.

@ Primal bounds: solve the optimization exactly to obtain a valid confi-
dence interval.
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Primal and Dual Bounds

@ Solving primal bound needs exact global optimum, which is not flexible
for neural approximation.

@ Instead, we derive its dual bounds:
I = inf (B, [W()r()]+ (9, Da) + en- [wlhw}
we

where /(q,Dn) := supgeg {Ep,[w(x)(vq(x") = q(x))] + Epo,x[q]}, which
can be solved with closed form by assuming Q is an RKHS.

o Dual Bound: it is always a valid confidence interval even when the
optimization is not solved exactly!
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Experimental Results
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Thanks!

A more detailed version: https://arxiv.org/pdf/2103.05741.pdf.
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