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How do we ensure that a policy fulfils the criteria to safely
interact with an environment, without ever testing it on the
environment? Our solution is HAMBO, a practical method for
conservative off-policy evaluation.

Problem Setting

‣

The HAMBO Framework

rem 3.8). To the best of our knowledge, HAMBO is the
first provably consistent and conservative approach for OPE
in continuous action-state spaces. We then propose scalable
Bayesian neural network (BNN) variants of HAMBO
and empirically evaluate them on various continuous
control tasks. Importantly, we demonstrate that, even when
the regularity conditions are not met, HAMBO reliably
provides tight lower bounds on the true expected return.

2 PROBLEM SETTING

We consider a finite horizon Markov decision process
(MDP) M = (S,A, p0, p, r, T ) with continuous state and
action spaces S ✓ Rds and A ✓ Rda , initial state dis-
tribution p0(s0), reward function r(at, st) and horizon
T 2 N. In particular, we consider stochastic transition dy-
namics that are governed by st+1 = f(st,at) + ✏t where
f : S⇥A ! S is unknown and ✏t 2 Rds is independent, ad-
ditive transition noise with distribution p✏(✏t|st,at). Hence,
the transition distribution p follows as p(st+1|st,at) =
p✏(st+1 � f(st,at)|st,at). For simplicity, we assume that
the reward function is known. However, all results can
straightforwardly be extended to unknown rewards.

The agent interacts with the environment according to
a policy ⇡(at|st), which is a distribution over actions,
conditioned on the current state st. The performance
of a policy is typically measured by its expected return
J(⇡) := Jp(⇡) := Es0⇠p0 [V

⇡
p,0(s0)] where V

⇡
t (s) :=

V
⇡
p,t(s) := Ep,⇡[Gt|St = s] is the value function and

Gt :=
PT

t0=t+1 r(st0 ,at0) is the return. For simplicity, we
omit a discount factor in the return computation. However,
all results presented can be straightforwardly adapted to
discounted rewards. Furthermore, we denote the occupancy
measure of policy ⇡ as

⇢
⇡(s,a) :=

1

T

T�1X

t=0

p(st = s,at = a|⇡,M) ,

that is, the probability density function of being in state s
and performing action a at any point of time t = 0, ..., T�1.

We study the problem of offline policy evaluation where
the task is to evaluate the performance, i.e. estimate the ex-
pected return J(⇡e), of a given evaluation policy ⇡e while
only using an offline dataset Db = {(si,ai, ri, s0i)}ni=1 of
observed transitions. The key challenge in OPE is the dis-
tribution shift between the (unknown) behavior policy ⇡b

which generated the dataset Db and the policy ⇡e which we
would like to evaluate. If ⇡b differs from ⇡e, their state occu-
pancy measures ⇢⇡b and ⇢

⇡e can look significantly different.
As a result, the dataset Db which is generated based on
⇢
⇡b may contain many samples in regions of the state-action

space which ⇡e is unlikely to visit and limited data in regions
that are relevant for accurately evaluating ⇡e. In some cases,
the support of ⇢⇡b might not even contain the support of

⇢
⇡e , i.e., 9(s,a) 2 S ⇥A : ⇢⇡e(s,a) > 0^ ⇢

⇡b(s,a) = 0.
Since OPE methods have to make predictions under such
strong distribution shifts their estimates suffer from high
variance and are prone to overestimate the performance of
the policy.

OPE is particularly relevant in applications where we need
to ensure a certain level of performance before a policy can
be deployed online. Hence, it is often important to reliably
determine whether or not the policy ⇡e meets its minimum
performance requirements. We formalize this problem as
conservative offline policy evaluation (see Definition 2.1)
where we want to ideally find a tight lower bound on the
expected return that holds with high-probability:

Definition 2.1 (Conservative Offline Policy Evaluation).
Let M be an MDP and Db 2 (S⇥A⇥R⇥S)n a dataset of
transitions, collected with a behavior policy ⇡b on M. Then
the task of conservative OPE is: Given the offline dataset
Db, a policy ⇡e to evaluate and a confidence level � 2 (0, 1),
find the largest possible lower-bound b 2 R, which satisfies
b  J(⇡e) with probability at least 1� �.

In some applications [e.g., Brunke et al., 2022], safety
criteria are not directly encoded in the reward and instead,
are expressed as additional constraints in the form of
E(s,a)⇠⇢⇡e [ci(s,a)] � 0. To determine with high confi-
dence whether ⇡e meets these constraints, we can apply
COPE to each ci individually.

3 COPE VIA ADVERSARIAL
TRANSITION MODELS

We take a model-based approach to COPE, and use a
statistical model to estimate which transition functions
h : S ⇥ A ! S from a hypothesis space H are plausi-
ble given the offline data Db of size n. Then, we employ this
statistical model of the transition dynamics to estimate the
policy value J(⇡e). For this estimate, we want to guarantee
with high probability that it does not exceed the true policy
value. To ensure this, we need to be able to reliably quantify
the epistemic uncertainty of our model estimates.

Uncertainty quantification can be done with either a
frequentist approach that produces mean and confidence
estimate µn(s,a) and �n(s,a) or with a Bayesian model
that maintains a posterior distribution p(h|Db) over
dynamics models in H. In the Bayesian case, we denote
µn(s,a) := Eh⇠p(h|Db)[h(s,a)] as the posterior mean
and �2

n(s,a) := diag(Eh,h0⇠p(h|Db)[h(s,a)h
0(s,a)>])

as the posterior variance. In either case, we require that our
statistical model of h is calibrated:

Assumption 3.1 (Calibrated model). A statistical model
(µn,�n,�n), with �n(�) 2 R+ as a scalar function that
depends on the confidence level � 2 (0, 1], is calibrated
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r : S ⇥A ! R
‣ With noisy, unknown transitions

Transition distribution:

‣

‣

Modeling with Gaussian Processes (GPs)

Modeling with Bayesian Neural Networks (BNNs)

‣ HAMBO estimate for increasing horizons:
Lower bound becomes tighter for smaller horizons.

‣

s0 = s̃0

s̃1
s̃2 s̃3

⇡(s̃0)

⌘(s̃0) ⇡(s̃1)
⌘(s̃1) ⇡(s̃2) ⌘(s̃2)

Sparse reward
State distribution
One-step uncertainty
�t�t(s̃n,⇡(s̃n))

Figure 2: Illustration of the optimistic trajectory s̃n from H-UCRL. The policy ⇡ is used to choose the
next-state distribution, and the variables ⌘ to choose the next state optimistically inside the one-step
confidence interval (dark grey bars). The true dynamics is contained inside the light grey confidence
intervals, but, after the first step, not necessarily inside the dark grey bars. Even when the expected
reward w.r.t. the epistemic uncertainty is small (red cross compared to light grey bar), H-UCRL
efficiently finds the high-reward region (red cross). Instead, greedy exploitation strategies fail.

Thompson Sampling A theoretically grounded exploration strategy is Thompson sampling, which
optimizes the policy w.r.t. a single model that is sampled from p(f̃ | D1:t) at every episode. Formally,

f̃t ⇠ p(f̃ | D1:t), ⇡TS

t = argmax
⇡2⇧

J(f̃t,⇡). (5)

This is different to PETS-1, as the former algorithm optimizes w.r.t. the average of the (consistent)
model trajectories instead of a single model. In general, it is intractable to sample from p(f̃ | D1:t).
Nevertheless, after the sampling step, the optimization problem is equivalent to greedy exploitation
of the sampled model. Thus, the same optimization algorithms can be used to solve (4) and (5).

Upper-Confidence Reinforcement Learning (UCRL) The final exploration strategy we address
is UCRL exploration (Jaksch et al., 2010), which optimizes jointly over policies and models inside
the set Mt = {f̃ | |f̃(s,a) � µt(s,a)|  �t�t(s,a) 8s,a 2 S ⇥ A} that contains all statistically-
plausible models compatible with Assumption 2. The UCRL algorithm is

⇡UCRL

t = argmax
⇡2⇧

max
f̃2Mt

J(f̃ ,⇡). (6)

Instead of greedy exploitation, these algorithms optimize an optimistic policy that maximizes
performance over all plausible models. Unfortunately, this joint optimization is in general intractable
and algorithms designed for greedy exploitation (4) do not generally solve the UCRL objective (6).

3 Hallucinated Upper Confidence Reinforcement Learning (H-UCRL)

We propose a practical variant of the UCRL-exploration (6) algorithm. Namely, we reparameterize
the functions f̃ 2 Mt as f̃ = µt�1(s,a)+�t�1⌃t�1(s,a)⌘(s,a), for some function ⌘ : Rp⇥Rq !
[�1, 1]p. This transformation is similar in spirit to the re-parameterization trick from Kingma and
Welling (2013), except that ⌘(s,a) are functions. The key insight is that instead of optimizing over
dynamics in f̃ 2 Mt as in UCRL, it suffices to optimize over the functions ⌘(·). We call this
algorithm H-UCRL, formally:
⇡H�UCRL

t = argmax
⇡2⇧

max
⌘(·)2[�1,1]p

J(f̃ ,⇡), s.t. f̃(s,a) = µt�1(s,a) + �t�1⌃t�1(s,a)⌘(s,a). (7)

At a high level, the policy ⇡ acts on the inputs (actions) of the dynamics and chooses the next-state
distribution. In turn, the optimization variables ⌘ act in the outputs of the dynamics to select the
most-optimistic outcome from within the confidence intervals. We call the optimization variables the
hallucinated controls as the agent hallucinates control authority to find the most-optimistic model.

The H-UCRL algorithm does not explicitly propagate uncertainty over the horizon. Instead, it does
so implicitly by using the pointwise uncertainty estimates from the model to recursively plan an
optimistic trajectory, as illustrated in Fig. 2. This has the practical advantage that the model only has
to be well-calibrated for 1-step predictions and not N -step predictions. In practice, the parameter �t

trades off between exploration and exploitation.

3.1 Solving the Optimization Problem

Problem (7) is still intractable as it requires to optimize over general functions. The crucial
insight is that we can make the H-UCRL algorithm (7) practical by optimizing over a smaller class
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e.g.: GPs, BNNs

‣

Hallucinate pessimistic trajectoriesGiven an offline dataset of transitions and an evaluation policy,
how to reliably estimate the performance of the policy in safety-
critical domains?

‣ ‣

HAMBO uses an uncertainty-aware model to estimate a tight
and provably consistent lower bound on the evaluation policy’s
performance.

‣

We show that empirically HAMBO reliably gives a lower bound
on the performance and analyze its behavior with varying
dataset sizes and horizons for both Gaussian Process and
Bayesian Neural Network models.

‣

Regret

Theorem (HAMBO lower-bounds the expected return)

Suppose r , f , and ⇡e are Lipschitz-continuous, and the
model (µ̂n, �̂n) is calibrated. Then HAMBO lower and upper
bounds the expected risk, w.h.p.

J̃n(⇡e)  J(⇡e)  J̃n(⇡e) + Cn E(s,a)k�̂n(s, a)k2

Theorem (HAMBO converges to the expected return)

Under mild assumptions on the MDP, and if
supp(⇡e) ✓ supp(⇡b), HAMBO converges almost surely

J̃n(⇡e)
n!1���! J(⇡e)
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Cn = O

✓
L̄rT

2
⇣
L̄f +

p
ds�n(�)L̄�

⌘T◆

Applications: Safe Offline RL, Uncertainty-aware offline RL‣

(coordinate-wise)

Regret

Theorem (HAMBO lower-bounds the expected return)

Suppose r , f , and ⇡e are Lipschitz-continuous, and the
model (µn,�n) is calibrated. Then HAMBO lower and
upper bounds the expected risk, w.h.p.

J̃n(⇡e)  J(⇡e)  J̃n(⇡e) + Cn E(s,a)k�n(s, a)k2

Theorem (HAMBO converges to the expected return)

Under mild assumptions on the MDP, and if
supp(⇡e) ✓ supp(⇡b), HAMBO converges almost surely

J̃n(⇡e)
n!1���! J(⇡e)

‣ HAMBO lower bound convergences to the true return

‣

‣ Estimate BNN posterior mean and variance from ensemble: 

‣ (Even more) practical variant: HAMBO-DAINF :

<latexit sha1_base64="EFTB3a/CSgu/OqIfNw9sOoBRvnE="></latexit>

Using Db, develop a calibrated model (µn,�n)

using Stein-Variational Gradient Descent (SVGD).
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<latexit sha1_base64="/WfKCGHFWdk0LN2PAr6B1DF9gRs=">AAACHHicbZDLSsNAFIYnXmu9RV26GSxCBSmJirosunFZwV6gCWEynbRDJxdmToQS+yBufBU3LhRx40LwbZy2EWrrgYGP/z+HM+f3E8EVWNa3sbC4tLyyWlgrrm9sbm2bO7sNFaeSsjqNRSxbPlFM8IjVgYNgrUQyEvqCNf3+9chv3jOpeBzdwSBhbki6EQ84JaAlzzx1WKK40AjYUTzEiZf9SsPylPmAlQfHmHhw5Jklq2KNC8+DnUMJ5VXzzE+nE9M0ZBFQQZRq21YCbkYkcCrYsOikiiWE9kmXtTVGJGTKzcbHDfGhVjo4iKV+EeCxOj2RkVCpQejrzpBAT816I/E/r51CcOlmPEpSYBGdLApSgSHGo6Rwh0tGQQw0ECq5/iumPSIJBZ1nUYdgz548D42Tin1esW/PStWrPI4C2kcHqIxsdIGq6AbVUB1R9Iie0St6M56MF+Pd+Ji0Lhj5zB76U8bXD+aoodY=</latexit>

✏t ⇠ p✏(✏t|st, at)
<latexit sha1_base64="6QF8RL2QGsuKMiJvNOpDGzsWYqg=">AAACFnicbVDJSgNBFOyJe9yiHr00BiESDTMi6kUIevEYwSyQCUNP503S2LPQ/UYIQ77Ci7/ixYMiXsWbf2NnOWi0oKGoqsfrV34ihUbb/rJyc/MLi0vLK/nVtfWNzcLWdkPHqeJQ57GMVctnGqSIoI4CJbQSBSz0JTT9u6uR37wHpUUc3eIggU7IepEIBGdoJK9wpL0My87wIguGnnYlBFjSHh5S5qGrRK+PB2UXEi2kSaNXKNoVewz6lzhTUiRT1LzCp9uNeRpChFwyrduOnWAnYwoFlzDMu6mGhPE71oO2oRELQXey8VlDum+ULg1iZV6EdKz+nMhYqPUg9E0yZNjXs95I/M9rpxicdzIRJSlCxCeLglRSjOmoI9oVCjjKgSGMK2H+SnmfKcbRNJk3JTizJ/8ljeOKc1pxbk6K1ctpHctkl+yREnHIGamSa1IjdcLJA3kiL+TVerSerTfrfRLNWdOZHfIL1sc3MRCfZg==</latexit>

st+1 = fs (st, at) + ✏t

<latexit sha1_base64="/3vcjG/gEDtHHvLcPAH/hzZUm/0="></latexit>

p (st+1|st, at) = p✏ (st+1 � f (st, at) |st, at)

Transition data collected by behavior policy :
<latexit sha1_base64="6ng/afjuuUXzajv/Rw4I2d0eaoQ="></latexit>

Db = {(si, ai, ri, s0i)}
n
i=1

<latexit sha1_base64="Vfg2Do0/3f3YRlX1PstcpN9HVtM=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cKpi20oWy2m3bpZhN2J0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemEph0HW/ndLa+sbmVnm7srO7t39QPTxqmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px3cxvP3FtRKIecZLyIKZDJSLBKFrJ76WiH/arNbfuzkFWiVeQGhRo9qtfvUHCspgrZJIa0/XcFIOcahRM8mmllxmeUjamQ961VNGYmyCfHzslZ1YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2JD8JZfXiWti7p3VfceLmuN2yKOMpzAKZyDB9fQgHtogg8MBDzDK7w5ynlx3p2PRWvJKWaO4Q+czx/C446o</latexit>⇡b

Expected return of evaluation policy              : 

Find largest possible lower bound          that satisfies 

with probability at least        . 
<latexit sha1_base64="J+2FVkUpaA8yZYqITo+skgPYrk4=">AAAB8XicdVDLSsNAFJ3UV62vqks3g0VwY5hEY+uu6MZlBfvANpTJZNIOnUzCzEQooX/hxoUibv0bd/6N04egogcuHM65l3vvCVLOlEbowyosLa+srhXXSxubW9s75d29lkoySWiTJDyRnQArypmgTc00p51UUhwHnLaD0dXUb99TqVgibvU4pX6MB4JFjGBtpDsHnsBeSLnG/XIF2Y6HPM+FyHaryEOOId5F7bTqQsdGM1TAAo1++b0XJiSLqdCEY6W6Dkq1n2OpGeF0UupliqaYjPCAdg0VOKbKz2cXT+CRUUIYJdKU0HCmfp/IcazUOA5MZ4z1UP32puJfXjfTUc3PmUgzTQWZL4oyDnUCp+/DkElKNB8bgolk5lZIhlhiok1IJRPC16fwf9Jybefcdm7OKvXLRRxFcAAOwTFwQBXUwTVogCYgQIAH8ASeLWU9Wi/W67y1YC1m9sEPWG+ffAyQKw==</latexit>

1� �

<latexit sha1_base64="hr9VMjDhGkcvN12P2uUo/Y+8QzY="></latexit>

J̃  J (⇡e)

<latexit sha1_base64="5Cmb3jWm2o8UrdpuOXw+RcxpqU8=">AAACAXicdVBNSwMxEM3Wr1q/ql4EL8EieFqy1bX1VvQinqrYWuguJZumbWg2uyRZoSz14l/x4kERr/4Lb/4bs20FFX0w8Hhvhpl5QcyZ0gh9WLm5+YXFpfxyYWV1bX2juLnVVFEiCW2QiEeyFWBFORO0oZnmtBVLisOA05tgeJb5N7dUKhaJaz2KqR/ivmA9RrA2Uqe442nGuzS9GEOPCeiFWA+CIL0ad4olZDsuct0yRHa5glzkGOKeVA8rZejYaIISmKHeKb573YgkIRWacKxU20Gx9lMsNSOcjgteomiMyRD3adtQgUOq/HTywRjuG6ULe5E0JTScqN8nUhwqNQoD05ldqH57mfiX1050r+qnTMSJpoJMF/USDnUEszhgl0lKNB8Zgolk5lZIBlhiok1oBRPC16fwf9Is286x7VwelWqnszjyYBfsgQPggAqogXNQBw1AwB14AE/g2bq3Hq0X63XamrNmM9vgB6y3T7+3lxs=</latexit>

J̃ 2 R

Use offline data      to train calibrated model 
<latexit sha1_base64="wcLzI1M9NR0yoG8YmyqzwzNSw1E=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclRkRdVnUhcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nZXVtfWNzcJWcXtnd2+/dHDY0FGiKKvTSESqFaBmgktWN9wI1ooVwzAQrBmMbjO/OWZK80g+mknM/BAHkvc5RWMlvxOiGVIU6d20G3RLZbfizkCWiZeTMuSodUtfnV5Ek5BJQwVq3fbc2PgpKsOpYNNiJ9EsRjrCAWtbKjFk2k9noafk1Co90o+UfdKQmfp7I8VQ60kY2MkspF70MvE/r52Y/rWfchknhkk6P9RPBDERyRogPa4YNWJiCVLFbVZCh6iQGttT0ZbgLX55mTTOK95lxXu4KFdv8joKcAwncAYeXEEV7qEGdaDwBM/wCm/O2Hlx3p2P+eiKk+8cwR84nz/unZI1</latexit>Db

<latexit sha1_base64="oFYAv+fT3/Vm8WuO69N7sffcBME=">AAACBnicbVDLSgMxFM3UV62vUZciBItQQcqMiLosunFZwT6gU8qdNG1Dk8yQZIQydOXGX3HjQhG3foM7/8a0nYW2Hgice8693NwTxpxp43nfTm5peWV1Lb9e2Njc2t5xd/fqOkoUoTUS8Ug1Q9CUM0lrhhlOm7GiIEJOG+HwZuI3HqjSLJL3ZhTTtoC+ZD1GwFip4x6WggGYNBDJuCNP8azQrC/A1icdt+iVvSnwIvEzUkQZqh33K+hGJBFUGsJB65bvxaadgjKMcDouBImmMZAh9GnLUgmC6nY6PWOMj63Sxb1I2ScNnqq/J1IQWo9EaDsFmIGe9ybif14rMb2rdspknBgqyWxRL+HYRHiSCe4yRYnhI0uAKGb/iskAFBBjkyvYEPz5kxdJ/azsX5T9u/Ni5TqLI48O0BEqIR9dogq6RVVUQwQ9omf0it6cJ+fFeXc+Zq05J5vZR3/gfP4AA+uY1w==</latexit>

(µ̂n, �̂n)
<latexit sha1_base64="O5AZvLhUQss7dCyUZyScnWHjXOM="></latexit>

P (8(s, a) : |µ̂n(s, a)� f(s, a)|  �n�̂n(s, a)) � 1� �

<latexit sha1_base64="cscJrootjLyhGSoRBokZ8TgG5pI="></latexit>

p⌘ (st+1|st, at) p✏ (st+1�µ̂n (st, at)��n⌘ (st, at) �̂n (st, at))

<latexit sha1_base64="z5Sm0JOLz9BxMUxhotiW0sc4u3w="></latexit>

J(⇡e) = E⇡e,p✏

TX

t=0

r (st, at)

<latexit sha1_base64="umf3e47Sep5vT0mxd2/uw8brdZs=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAYhXsKuiHoMevEYwTwgWZbZSScZMvtgpjcQ1vyJFw+KePVPvPk3TpI9aGJBQ1HVTXdXkEih0XG+rcLa+sbmVnG7tLO7t39gHx41dZwqDg0ey1i1A6ZBiggaKFBCO1HAwkBCKxjdzfzWGJQWcfSIkwS8kA0i0RecoZF82+4mwocK85E+Ue3juW+XnaozB10lbk7KJEfdt7+6vZinIUTIJdO64zoJehlTKLiEaambakgYH7EBdAyNWAjay+aXT+mZUXq0HytTEdK5+nsiY6HWkzAwnSHDoV72ZuJ/XifF/o2XiShJESK+WNRPJcWYzmKgPaGAo5wYwrgS5lbKh0wxjiaskgnBXX55lTQvqu5V1X24LNdu8ziK5ISckgpxyTWpkXtSJw3CyZg8k1fyZmXWi/VufSxaC1Y+c0z+wPr8AVXwktE=</latexit>

⇡e(at|st)

<latexit sha1_base64="8OPP+SjGnnN5cviU5HNRRq77tc8="></latexit>

µ̂n(s, a) =
1

K

KX

k=1

f✓k(s, a) �̂2
n(s, a) =

1

K

KX

k=1

(f✓k(s, a)� µn(s, a))
2

Obtain lower bound by choosing adversarial transitions
<latexit sha1_base64="9ofPVrFDng6h27yktt4yz4iQnvg="></latexit>

J̃(⇡e) min
⌘

Ep⌘,⇡e

"
TX

t=0

r (st, at)

#

<latexit sha1_base64="9Dy7freGNX5Kcn+WZIhQ2S5U3t4=">AAACC3icdVA9TxtBEN2DAI75cqBMs7KFRGXdIb5MZUFD6UixjWRb1tx6jFfs7Z525xDWyX0a/goNBVFEyx9Il3+T9UekJMCTRnp6b0Yz8+JUSUdh+CtYWv6wsrpW+Fhc39jc2i592mk5k1mBTWGUsVcxOFRSY5MkKbxKLUISK2zHNxdTv32L1kmjv9I4xV4C11oOpQDyUr9U7iLBGe8S3lE+AqUyITUQDrgwmqxRbtIvVcLqYXRUq9X4axJVwxkqbIFGv/SzOzAiS1CTUOBcJwpT6uVgSQqFk2I3c5iCuIFr7HiqIUHXy2e/TPieVwZ8aKwvTXym/j2RQ+LcOIl9ZwI0cv97U/Etr5PR8LSXS51mhFrMFw0zxcnwaTB8IC0KUmNPQFjpb+ViBBYE+fiKPoQ/n/L3SeugGh1Xoy+Hlfr5Io4C+8zKbJ9F7ITV2SVrsCYT7Bt7YE/se3AfPAY/gud561KwmNll/yB4+Q1y6pv/</latexit>

⌘ : hallucinated controls
<latexit sha1_base64="jcWBSqL6ToKn0AlrEGDJmUSOitg="></latexit>

s̃t : adversarially chosen state

<latexit sha1_base64="8ig6MVeeAjEdRCqWF6w2vuSW8KI="></latexit>

J̃DAinf (⇡e) = min
k2{1,...,K}

J̃f✓k (⇡e)

<latexit sha1_base64="OQJ2IED9kWxOYolhlwSVRxe8wd0="></latexit>

! treat ⌘ as a vector or parametrize with a network
<latexit sha1_base64="SaDvoOc8pskfgyTbELdNJhziO4w="></latexit>

! optimize for ⌘ using any trajectory or policy optimizer, respectively.

Env: Pendulum-v1

use      and     to hallucinate pessimistic trajectories 
<latexit sha1_base64="pXLutfTVM4aIzJD7idDLofsJB7w=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegF48RzAN2lzA7mSRD5rHM9AphyWd48aCIV7/Gm3/jJNmDJhY0FFXddHclqeAWfP/bK62tb2xulbcrO7t7+wfVw6O21ZmhrEW10KabEMsEV6wFHATrpoYRmQjWScZ3M7/zxIzlWj3CJGWxJEPFB5wScFIYjQjkkcymPdWr1vy6PwdeJUFBaqhAs1f9ivqaZpIpoIJYGwZ+CnFODHAq2LQSZZalhI7JkIWOKiKZjfP5yVN85pQ+HmjjSgGeq78nciKtncjEdUoCI7vszcT/vDCDwU2cc5VmwBRdLBpkAoPGs/9xnxtGQUwcIdRwdyumI2IIBZdSxYUQLL+8StoX9eCqHjxc1hq3RRxldIJO0TkK0DVqoHvURC1EkUbP6BW9eeC9eO/ex6K15BUzx+gPvM8ftwmRig==</latexit>

µ̂n
<latexit sha1_base64="+enshmEq5NgV5xt8/Og9c3zaKfo=">AAAB9XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWMF+wFtLJvtpl26uwm7E6WE/g8vHhTx6n/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmFldW19o7hZ2tre2d0r7x80TZxqyho0FrFuh8QwwRVrIEfB2olmRIaCtcLRzdRvPTJteKzucZywQJKB4hGnBK300B0SzLqGDySZ9FSvXPGq3gzuMvFzUoEc9V75q9uPaSqZQiqIMR3fSzDIiEZOBZuUuqlhCaEjMmAdSxWRzATZ7OqJe2KVvhvF2pZCd6b+nsiINGYsQ9spCQ7NojcV//M6KUZXQcZVkiJTdL4oSoWLsTuNwO1zzSiKsSWEam5vdemQaELRBlWyIfiLLy+T5lnVv6j6d+eV2nUeRxGO4BhOwYdLqMEt1KEBFDQ8wyu8OU/Oi/PufMxbC04+cwh/4Hz+AAASktc=</latexit>

�̂n
<latexit sha1_base64="WApCHYfP4cCa82NQbc/+tgT+V/s=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWMFWwtpKJvtpl262Q27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvSgU36HnfTmlldW19o7xZ2dre2d2r7h+0jco0ZS2qhNKdiBgmuGQt5ChYJ9WMJJFgD9HoZuo/PDJtuJL3OE5ZmJCB5DGnBK0UdDUfDJForZ561ZpX92Zwl4lfkBoUaPaqX92+olnCJFJBjAl8L8UwJxo5FWxS6WaGpYSOyIAFlkqSMBPms5Mn7olV+m6stC2J7kz9PZGTxJhxEtnOhODQLHpT8T8vyDC+CnMu0wyZpPNFcSZcVO70f7fPNaMoxpYQqrm91aVDoglFm1LFhuAvvrxM2md1/6Lu353XGtdFHGU4gmM4BR8uoQG30IQWUFDwDK/w5qDz4rw7H/PWklPMHMIfOJ8/xLORkw==</latexit>!

Estimate          for each NN model, then pick worst
<latexit sha1_base64="PKxHRlTYWL0uuhb1fPaS8aI1axU=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoMQL2FXRD0GvYinCOYByRJmJ51kyOzsOjMrhCU/4cWDIl79HW/+jZNkD5pY0FBUddPdFcSCa+O6305uZXVtfSO/Wdja3tndK+4fNHSUKIZ1FolItQKqUXCJdcONwFaskIaBwGYwupn6zSdUmkfywYxj9EM6kLzPGTVWat2VOzHv4mm3WHIr7gxkmXgZKUGGWrf41elFLAlRGiao1m3PjY2fUmU4EzgpdBKNMWUjOsC2pZKGqP10du+EnFilR/qRsiUNmam/J1Iaaj0OA9sZUjPUi95U/M9rJ6Z/5adcxolByeaL+okgJiLT50mPK2RGjC2hTHF7K2FDqigzNqKCDcFbfHmZNM4q3kXFuz8vVa+zOPJwBMdQBg8uoQq3UIM6MBDwDK/w5jw6L8678zFvzTnZzCH8gfP5AyYyj2Q=</latexit>

J(⇡e)
<latexit sha1_base64="WApCHYfP4cCa82NQbc/+tgT+V/s=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWMFWwtpKJvtpl262Q27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvSgU36HnfTmlldW19o7xZ2dre2d2r7h+0jco0ZS2qhNKdiBgmuGQt5ChYJ9WMJJFgD9HoZuo/PDJtuJL3OE5ZmJCB5DGnBK0UdDUfDJForZ561ZpX92Zwl4lfkBoUaPaqX92+olnCJFJBjAl8L8UwJxo5FWxS6WaGpYSOyIAFlkqSMBPms5Mn7olV+m6stC2J7kz9PZGTxJhxEtnOhODQLHpT8T8vyDC+CnMu0wyZpPNFcSZcVO70f7fPNaMoxpYQqrm91aVDoglFm1LFhuAvvrxM2md1/6Lu353XGtdFHGU4gmM4BR8uoQG30IQWUFDwDK/w5qDz4rw7H/PWklPMHMIfOJ8/xLORkw==</latexit>!

HAMBO estimate for varying dataset sizes: 
Lower bound gets closer to the true return with more data.

‣
<latexit sha1_base64="WApCHYfP4cCa82NQbc/+tgT+V/s=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWMFWwtpKJvtpl262Q27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvSgU36HnfTmlldW19o7xZ2dre2d2r7h+0jco0ZS2qhNKdiBgmuGQt5ChYJ9WMJJFgD9HoZuo/PDJtuJL3OE5ZmJCB5DGnBK0UdDUfDJForZ561ZpX92Zwl4lfkBoUaPaqX92+olnCJFJBjAl8L8UwJxo5FWxS6WaGpYSOyIAFlkqSMBPms5Mn7olV+m6stC2J7kz9PZGTxJhxEtnOhODQLHpT8T8vyDC+CnMu0wyZpPNFcSZcVO70f7fPNaMoxpYQqrm91aVDoglFm1LFhuAvvrxM2md1/6Lu353XGtdFHGU4gmM4BR8uoQG30IQWUFDwDK/w5qDz4rw7H/PWklPMHMIfOJ8/xLORkw==</latexit>!

<latexit sha1_base64="WApCHYfP4cCa82NQbc/+tgT+V/s=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWMFWwtpKJvtpl262Q27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvSgU36HnfTmlldW19o7xZ2dre2d2r7h+0jco0ZS2qhNKdiBgmuGQt5ChYJ9WMJJFgD9HoZuo/PDJtuJL3OE5ZmJCB5DGnBK0UdDUfDJForZ561ZpX92Zwl4lfkBoUaPaqX92+olnCJFJBjAl8L8UwJxo5FWxS6WaGpYSOyIAFlkqSMBPms5Mn7olV+m6stC2J7kz9PZGTxJhxEtnOhODQLHpT8T8vyDC+CnMu0wyZpPNFcSZcVO70f7fPNaMoxpYQqrm91aVDoglFm1LFhuAvvrxM2md1/6Lu353XGtdFHGU4gmM4BR8uoQG30IQWUFDwDK/w5qDz4rw7H/PWklPMHMIfOJ8/xLORkw==</latexit>!


