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The HAMBO Framework —e—Real Neutral OPE  =—e=HAMBO (1 =50)

How do we ensure that a policy tulfils the criteria to safely 1.2
interact with an environment, without ever testing it on the
environment? Our solution is HAMBO, a practical method for P(V(s,a): |fn(s,a) = f(s,a)| < Bnon(s,a)) >1—10 0.8 -

conservative otf-policy evaluation. e..: GPs. BNNs 0.6 -
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» Use offline data Dy to train calibrated model (fin,0y)
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» Given an offline dataset of transitions and an evaluation policy, » Hallucinate pessimistic trajectories 0.21
how to reliably estimate the performance of the policy in safety-
critical domains?
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» HAMBO uses an uncertainty-aware model to estimate a tight 8¢  adversarially chosen state - - Modeling with Bayesian Neural Networks (BNNs)
S 3
and provably consistent lower bound on the evaluation policy’s S] ——_ J %g)\fn(ég) . . .
~ 1{S1 7T(SQ)
performance /'T n(89) T(S1) » Using Dy, train a BNN with ensemble of K neural networks
Sp = §g (So) {01,...,0K} using Stein-Variational Gradient Descent (SVGD).

> We show that empirically HAMBO reliably gives a lower bound . . . o , , ,

on the performance and analyze its behavior with varying » Obtain lower bound by ChOOSlIlg adversarial transitions > Kstimate BNN posterior mean and variance from ensemble:

dataset sizes and horizons for both Gaussian Process and 5 T ) A 1 . 1 ,

Bayesian Neural Network models. J(7e) mnin D Z r(se, ar) fin(s,a) = - ]; fo.(s,a) Gy(s,a) = - 1; (for (s,a) — pn(s,a))

| +=0 _ B B

» Applications: Safe Offline RL, Uncertainty-aware offline RL — treat n as a vector or parametrize with a network — use [bn, and 7, to hallucinate pessimistic trajectories

— optimize for n using any trajectory or policy optimizer, respectively.

, > (Even more) practical variant: HAMBO-DAINF :
Problem Setting . .
Theorem (HAMBO lower-bounds the expected return) — Estimate J () for each NN model, then pick worst
» Continuous state and action space finite-horizon MDP Suppose r, f’ and Te are Lipschitz—continuous, and the jDAINF (7'(6) — ) IlninK jfek (7-(6)
M = (S, A, po,p, 7, T) model (fi,,6,) is calibrated. Then HAMBOQO lower and upper St K
B PO bounds the expected risk, w.h.p. » HAMBO estimate for varying dataset sizes:
ACRb S CRs r:SxA—-R — Lower bound gets closer to the true return with more data.
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Iransition distribution: Modeling with Gaussian Processes (GPs) : * 20 )
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6 Theorem (HAMBO converges to the expected return) T S S —
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> Lransition data collected by behavior policy b Under mild assumptions on the MDP, and if 0.0 1% 0 o 05 106 4x108
C Dataset Size n Dataset Size n
Dy = {(s1,ai,74, )}, supp(me) C supp(mp), HAMBO converges almost surely

» HAMBO estimate for increasing horizons:
— Lower bound becomes tighter for smaller horizons.
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» Expected return of evaluation policy We(at\st):
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