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Abstract

Consider the following instance of the Offline Meta Reinforcement Learning
(OMRL) problem: given the complete training logs of N conventional RL agents,
trained on IV different tasks, design a meta-agent that can quickly maximize reward
in a new, unseen task from the same task distribution. In particular, while each
conventional RL agent explored and exploited its own different task, the meta-agent
must identify regularities in the data that lead to effective exploration/exploitation
in the unseen task. Here, we take a Bayesian RL (BRL) view, and seek to learn
a Bayes-optimal policy from the offline data. Building on the recent VariBAD
BRL approach, we develop an off-policy BRL method that learns to plan an
exploration strategy based on an adaptive neural belief estimate. However, learning
to infer such a belief from offline data brings a new identifiability issue we term
MDP ambiguity. We characterize the problem, and suggest resolutions via data
collection and modification procedures. Finally, we evaluate our framework on a
diverse set of domains, including difficult sparse reward tasks, and demonstrate
learning of effective exploration behavior that is qualitatively different from the
exploration used by any RL agent in the data. Our code is available online at
https://github.com/Rondorf/BOReL.

1 Introduction

A central question in reinforcement learning (RL) is how to learn quickly (i.e., with few samples)
in a new environment. Meta-RL addresses this issue by training an agent on a large set of training
environments [5} 9]]. Intuitively, the meta-RL agent can learn regularities in the environments,
which allow quick learning in any environment that shares a similar structure. Indeed, recent work
demonstrated this by training memory-based controllers that ‘identify’ the domain [5, 128 [18]], or by
learning a parameter initialization that leads to good performance within a few gradient steps [9].

Another formulation of quick RL is Bayesian RL [BRL, [11]]. In BRL, the environment parameters
are treated as unobserved variables, with a known prior distribution. Consequentially, the standard
problem of maximizing expected returns (taken with respect to the posterior distribution) explicitly
accounts for the environment uncertainty, and its solution is a Bayes-optimal policy, wherein actions
optimally balance exploration and exploitation. Recently, Zintgraf et al. [36] showed that meta-RL
is in fact an instance of BRL, where the meta-RL environment distribution is simply the BRL prior.
Furthermore, a Bayes-optimal policy can be trained using standard RL methods, by adding to the
state the belief over the environment parameters. The VariBAD algorithm [36] implements this idea
using a variational autoencoder (VAE) for belief estimation and deep neural network policies.
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Figure 1: Offline meta-RL on the Semi-Circle domain: the task is to navigate to a goal position that
can be anywhere on the semi-circle. The reward is sparse (light-blue), and the offline data (left)
contains training logs of conventional RL agents trained to find individual goals. The meta-RL agent
(right) needs to find a policy that quickly finds the unknown goal, here, by searching across the
semi-circle in the first episode, and directly reaching it the second — a completely different strategy
from the dominant behaviors in the data.

— Episode 1
— Episode 2

Most meta-RL studies, including VariBAD, have focused on the online setting, where, during training,
the meta-RL policy is continually updated using data collected from running it in the training
environments. In domains where data collection is expensive, such as robotics and healthcare to name
a few, online training is a limiting factor. For standard RL, offline (a.k.a. batch) RL mitigates this
problem by learning from data collected beforehand by an arbitrary policy [7,21]. In this work we
investigate the offline approach to meta-RL (OMRL).

Any offline RL approach is heavily influenced by the data collection policy. To ground our inves-
tigation, we focus on the following practical settingﬂ we assume that data is collected by running
standard RL agents on a set of environments from the environment distribution. While the data was
not specifically collected for the meta-RL task, we hypothesize that regularities between the training
domains can still be learned, to provide faster learning in new environments. Figure [T]illustrates our
problem: in this navigation task, each RL agent in the data learned to find its own goal, and converged
to a behavior that quickly navigates toward it. The meta-RL agent, on the other hand, needs to learn a
completely different behavior that effectively searches for the unknown goal position.

Our method for solving OMRL is an off-policy variant of the VariBAD algorithm, based on replacing
the on-policy policy gradient optimization in VariBAD with an off-policy Q-learning based approach.
This, however, requires some care, as Q-learning applies to states of fully observed systems. We
show that the VariBAD approach of augmenting states with the belief in the data applies to the
off-policy setting as well, leading to an effective and practical algorithm. The offline setting, however,
brings about another challenge — when the agent visits different parts of the state space in different
environments, learning to identify the correct environment and obtain an accurate belief estimate
becomes challenging, a problem we term MDP ambiguity. We formalize this problem, and discuss
how it manifests in common scenarios such as sparse rewards or sparse differences in transitions.
Based on our formalization, we propose a general data collection strategy that can mitigate the
problem. Furthermore, when ambiguity is only due to reward differences, we show that a simple
reward relabelling trick suffices, without changing data collection. We collectively term our data
collection/relabelling and off-policy algorithm as Bayesian Offline Reinforcement Learning (BOReL).

In our experiments, we show that BOReL learns effective exploration policies from offline data on
both discrete and continuous control problems. We demonstrate significantly better exploration than
meta-RL methods based on Thompson sampling such as PEARL [28]], even when these methods
are allowed to train online. Furthermore, we explore the issue of MDP ambiguity in practice, and
demonstrate that, when applicable, our proposed solutions successfully mitigate it.

An important implication of our study is that without suitably collected data, MDP ambiguity can
make learning an effective offline BRL solution impossible. This stands in contrast to recent studies
in offline (non-Bayesian) RL [30} 10, [19], where the focus is on designing learning algorithms for
arbitrarily collected data, typically by avoiding actions that were not explored enough. Outside offline
RL, however, it is common to develop data collection methods based on formal limitations of the
problem. For example, the use of randomized controlled trials in medical treatments is well motivated
by the theory of causal inference [27]. The data collection methods we propose here are simple and
practical to implement, and as we demonstrate, effectively handle MDP ambiguity.

!The theory and algorithms we develop, however, are not limited to any particular data collection protocol.



Our main contributions are therefore as follows: to our knowledge, this is the first study of meta
learning exploration in the offline setting; we provide the necessary theory to extend VariBAD to
off-policy RL; we formulate MDP ambiguity, which characterizes which problems are solvable under
the offline BRL setting, and based on this formulation we propose several principled data collection
strategies; we show non-trivial empirical results that demonstrate significantly better exploration than
meta-RL methods based on Thompson sampling; finally, and of independent interest, our off-policy
algorithm significantly improves the sample efficiency of conventional VariBAD in the online setting.

2 Background

We recapitulate meta-RL, BRL and the VariBAD algorithm.

Meta-RL: In meta-RL, a distribution over tasks is assumed. A task Tj is described by a Markov
Decision Process [MDP, 2] M; = (S, A, Rj, Pi), where the state space S and the action space A
are shared across tasks, and R; and P;j are task specific reward and transition functions. Thus, we
write the task distribution as p(R, P). For simplicity, we assume throughout that the initial state
distribution Pjnit(so) is the same for all MDPs. The goal in meta-RL is to train an agent that can
quickly maximize reward in new, unseen tasks, drawn from p(R, P).

Bayesian Reinforcement Learning: The goal in BRL is to find the optimal policy 7 in an MDP,
when the transitions and rewards are not known in advance. Similar to meta-RL, we assume a prior
over the MDP parameters p(R, P), and seek to maximize the expected discounted return,
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where the expectation is taken with respect to both the uncertainty in state-action transitions St+1
P(jst,at), ax  m,and the uncertainty in the MDP parameters R, P p(R, P)E] Key here is that
this formulation naturally accounts for the exploration/exploitation tradeoff — an optimal agent must
plan its actions to reduce uncertainty in the MDP parameters, if such leads to higher rewards.

One way to approach the BRL problem is to model R, P as unobserved state variables in a partially
observed MDP [POMDP, 3], reducing the problem to solving a particular POMDP instance where the
unobserved variables do not change in time. The belief at time ¢, b¢, denotes the posterior probability
over R, P given the history of state transitions and rewards observed until this time by = P(R, Pjh.¢),
where h.t = Fsg, ag, 71,81 - . ., I't, stg (note that we denote the reward after observing the state and ac-
tion at time ¢ as r¢+1 = r(st, at)). The belief can be updated iteratively according to Bayes rule, where
bO(Ra P) = p(R7 P)’ and: bt+1(R) P) = P(R7 Pjh2t+1) / P(St+17 rt+1jhita R7 P)bt(R’ P)

Similar to the idea of solving a POMDP by representing it as an MDP over belief states, the state
in BRL can be augmented with the belief to result in the Bayes-Adaptive MDP model [BAMDP,
6]. Denote the augmented state sy = (s, b¢) and the augmented state space S* =S B, where
B denotes the belief space. The transitions in the BAMDP are given by: P*(sgijst,at) =
Ep, [P (st+1)st, ar)] 0 (bt+1 = P(R, Pjh:t+1)), and the reward in the BAMDP is the expected re-
ward with respect to the belief: R*(s{,at) = Ep, [R(st, at)]. The Bayes-optimal agent seeks to
maximize the expected discounted return in the BAMDDP, and the optimal solution of the BAMDP
gives the optimal BRL policy. As in standard MDPs, the optimal action-value function in the BAMDP
satisfies the Bellman equation: 8s™ 2 S™, a 2 A we have that

Q(s™.0) = RY(s".a) + 1Egr0 pr MaxQ(s™,a) . 2)

Computing a Bayes-optimal agent amounts to solving the BAMDP, where the optimal policy is a
function of the augmented state. For most problems this is intractable, as the augmented state space
is continuous and high-dimensional, and the posterior update is also intractable in general.

The VariBAD Algorithm: VariBAD [36]] approximates the Bayes-optimal solution by combining a
model for the MDP parameter uncertainty, and an optimization method for the corresponding BAMDP.
The MDP parameters are represented by a vector m 2 RY, corresponding to the latent variables in a

2For ease of presentation, we consider the infinite horizon discounted return. Our formulation easily extends
to the episodic and finite horizon settings, as considered in our experiments.



parametric generative model for the statg-reward trajectory distribution conditioned on the actions

is chosen to have the structuge(mjsg;ap;r1;s1:::;rt;st) = g (mjhy). That is, the ap-
proximate posterior is conditioned on the history up to titne The evidence lower bound

Dke (g (mjh.p)jip (m)): The main claim of Zintgraf et all3f] is thatq (mjh.;) can be taken as

an approximation of the belidf. In practice,g (mjh.;) is represented as a Gaussian distribution
g(mjh.t) = N( (h.); ( hy)), where and are learned recurrent neural networks. While other
neural belief representations could be used [15], we chose to focus on VariBAD for concreteness.

To approximately solve the BAMDR3E] exploit the fact that an optimal BAMDP policy is a function
of the state and belief, and therefore consider neural network policies that take the augmented
BAMDP state as input (a;jst; q (mjh.t)), where the posterior is practically represented by the
distribution parameters(h.;); ( h.t). The policies are trained using policy gradients, optimizing
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The expectation over MDP parameterdih (3) is approximated by averaging over training environments,
and the RL agent is trained online, alongside the VAE.

3 OMRL and Off-Policy VariBAD

In this section, we derive an off-policy variant of the VariBAD algorithm, and apply it to the OMRL
problem. We rst describe OMRL, and then present our algorithm.

3.1 OMRL Problem De nition

We follow the Meta-RL and BRL formulation described above, with a prior distribution over MDP
parameterp(R; P). We are provided training data of an agent interacting Witdifferent MDPs,

fR i;Pig:\'zl ; sampled from the prior. Each interaction is organizedasrajectories of length

H, o= sg’_;a'(;‘__;rgJ sy st 2 1;::5;N;j 2 1;:::; M, where the rewards satisfy

rel, = Ri(sy ;a ), the transitions satisfg’,; P i(js; ;& ), and the actions are chosen from

an arbitrary data collection policy. To ground our work in a speci ¢ context, we sometimes assume
that the trajectories are obtained from running a conventional RL agent in each one of the MDPs (i.e.,
the complete RL training logs), which implicitly speci es the data collection policy. We will later
investigate implications of this assumption, but emphasizethiigts merely an illustration, and our
approach does not place any such constraiithe trajectories can also be collected differently. Our
goal is to use the data for learning a Bayes-optimal policy, i.e., a polityat maximizes Eq[{1).

3.2 Off-Policy VariBAD

The on-policy VariBAD algorithm cannot be applied to our of ine setting. Our rst step is to modify
VariBAD to work off-policy. We start with an observation about the use of the BAMDP formulation
in VariBAD, which will motivate our subsequent development.

Does VariBAD really optimize the BAMDP? Recall that a BAMDP is in fact a reduction of a
POMDP to an MDP over augmented stasés= ('s; b), and with the rewards and transitions given

by R* andP™ . Thus, an optimal Markov policy for the BAMDP exists in the form ¢&* ). The
VariBAD policy, as described above, similarly takes as input the augmented state, and is thus capable
of representing an optimal BAMDP policy. HowevsRriBAD's policy optimization in Eq[{3) does

not make use of the BAMDP paramet&% andP* ! While at rst this may seem counterintuitive,

Eq. @) is in fact a sound objective for the BAMDP, as we now s[ﬁow.

Proposition 1. Let = sp;ap;r1;S1:::;ru; Sy denote a random trajectory from a xed history
dependent policy, generated according to the following process. First, MDP parameReis

3This result is closely related to the discussiorin [1, 26], here applied to our particular setting.



Figure 2: Reward ambiguity: from the two trajectories, it is impossible to know if there are two
MDPs with different rewards (blue and yellow circles), or one MDP with rewards at both locations.

are drawn from the priop(R;P). Then, the state trajectory is generated accordingsdo
Pinit , & (iso;ao;r1iiiisst), sea P (fsi;a) andrisy R (si;a). Leth denote the
postenor behefattlmetn = P(R; PJSQ ao rl;::"st) Then P(SHljSo ao; rl;::"rt,st,at)—

For on-policy VariBAD, Proposition 1 shows that the rewards and transitions in each trajectory can
be seen as sampled from a distribution tinaéxpectationis equal toR* andP™*, and therefore
maximizing Eq. 3 is valid. However, off-policy RL does not take as input trajectories, but tuples of the
form(s;a;r;s%  (state; action; reward; next state ), where states and actions can be sampled
from any distribution . For an arbitrary distribution of augmented states, we must replace the
rewards and transitions in our data wiR andP*, which can be dif cult to compute. Fortunately,
Proposition 1 shows that when collecting data by sampling complete trajectories and corresponding
beliefs, this is not necessary, as in expectation, the rewards and transitions are correctly sampled from
the BAMDP. In the following, we therefore focus on settings where data can be collected that way,
for example, by collecting logs of RL agents trained on the different training tasks.

Based on Proposition 1, we can use a state augmentation method similar to VariBAD, which we
refer to asstate relabelling Consider each trajectory in our data = s ;agJ ry siinst, as

de ned above. Recall that the VariBAD VAE encoder provides an esumate of the belief given the
state historyg(mjh.t) = N (' (h.t); ( h.)). Thus, we can run the encoder on every pattiagingth
history t‘ to obtain the belief at each time step. Following the BAMDP formulation, we de ne the
augmented staﬁq o= (sl i), where! = ((11); (). We next replace each state in our
datas;’ withs, " i , effectively transforming the data to as coming from a BAMDP. After applying
state relabelling, any off-policy RL algorithm can be applied to the modi ed data, for learning a
Bayes-optimal policy. In our experiments we used deep Q-learning [29Nor discrete action
domains, and soft actor critic [SAC, 17] for continuous control.

4 |denti ability Problems in OMRL

We take a closer look at the OMRL problem. While in principle, it is possible to simply run off-
policy VariBAD on the of ine data, we claim that in many problems this may not work well. The
reason is that the VariBAD belief update should reason about the uncertainty in the MDP parameters,
which requires to effectively distinguish between the different possible MDPs. Training the VAE to
distinguish between MDPs, howevdepends on the of ine datand might not always be possible.
This problem, which we teriviIDP ambiguity is illustrated in Figure 2: consider two MDPs, one
with rewards in the blue circle, and the other with rewards in the yellow circle. If the data contains
trajectories similar to the ones in the gure, it is impossible to distinguish between having two
different MDPs with the indicated rewards, or a single MDP with rewards at both the blue and yellow
circles. Accordingly, we cannot expect to learn a meaningful belief update. In the following, we
formalize MDP ambiguity, and how it can be avoided.

For an MDP de ned byR ; Pg, denote byPr.p. (s;a;r;s%) andPp. (s;a) the distribution over
(s;a;r;s% and(s; a), respectively, induced by a policy.

De nition 1 (MDP Ambiguity). Consider data coming from a set bf different MDPsM =
fRi;Pigh;, M , whereM is an hypothesis set of possible MDPs, and corresponding data col-
lection policiest ' gll, , resulting inN different data distribution® = fPg .5 i (s;a;1;s9gMY,

“To further clarify, if we could calculat®* , replacing all rewards in the trajectories wid will result in a
lower variance policy update, similar to expected SARSA [34].



We say that the data is ambiguous if there is an MBP,Pg 2 M and two policies and °such
thatPg, .p.. i (S;a;18%) = Prep; (sia;r;s9 andPg » . i (siam; s9 = Prp. o(s;a;r;s9, for

some 6 j. Otherwise, the data is termed identi able.

The essence of identi ability, as expressed in De nition 1, is that there is no single MDP in the
hypothesis set that can explain data from multiple MDPs in the data, as in this case it will be
impossible to learn an inference model that accurately distinguishes between the different MDPs,
even with in nite data® Let us now de ne the notion dflentifying state-actionandoverlapping
state-actionswhich will enable us to clearly state a simple suf cient condition for identi ability.

De nition 2 (Identifying State-Action) For a pair of MDPsi andj, we say thaf(s; a) is an
identifying state-action pair iR (s; a) 6 R;(s;a) and/orP;(sYs; a) 6 P; (sYs; a).

De nition 3 (Overlapping State-Action)Consider the setting in De nition 1. For a pair of MDRs
andj , we say that a state-action pd(s; a) overlaps if it has positive probability under battandj ,
i.e.,Pp,. i (s;a);PPj; i (s;a) > 0.

Identi ability strongly depends on the hypothesis bkt However, for learning deep neural network
inference models, we do not want to impose any structul oriT hus, in the following we provide a
suf cient identi ability condition that holds for any .

Proposition 2. Consider the setting in De nition 1. If for eveiy6 j there exists an identifying
state-action pair that overlaps, then the data is identi able.

Thus, if the agent has data on identifying state-actmintsined from different MDRst has the
capability to identify which data samples belong to which MDP. We next categorize several common
types of meta-RL problems according to identi ability, as per Proposition 2; we will later revisit this
dichotomy in our experiments. For our illustration, we assume that in each training MDP, the data
collecting policy is approximately optimal (this would be the case when training standard RL agents
on each MDP). Let us rst consider problems that only differ in the reward. Here, when identifying
state-actions (i.e., state-actions with different rewards) in different MDPs do not overlap, we will
have an identi ability problem. The sparse reward tasks in Figures 1 and 2 are examples of this case —
each agent will visit only its own reward area, resulting in ambiguity. When the rewards are dense,
however, it is much more likely that the data is identi able; common tasks like Half-Cheetah-Vel (cf.
Sec. 6) are examples of this settih§or MDPs that differ in their transitions, a similar argument can

be made about whether the identifying state-actions overlap or not. Most studies on online and of ine
meta-RL to date considered problems with overlapping identifying state-actions, where ambiguity is
not an issue. For example, in the Walker environment of Zintgraf eB@], the shape of the agent

is varied, which manifests in almost every transition, and a successful agent must walk forward,
thus many overlapping state-actions are visited; the Wind domain (cf. Sec. 6) is another example.
Examples of problems with non-overlapping identifying transitions are, for example, peg-in-hole
insertion where the hole position varies between tasks, or the Escape-Room domain in Sec. 6; in
such domains we expect ambiguity to be a concern. One can of course imagine combinations and
variations of the categories above — our aim is not to be exhaustive, but to illustrate which OMRL
problems are dif cult due to ambiguity, and which are not.

Note that MDP ambiguity is special to of ine meta-RL; in online meta-RL, the agent may be driven
by the online adapting policy (or guided explicitly) to explore states that reduce its ambiguity. We
also emphasize that this problem is not encountered in standard (non-meta) of ine RL, as the problem
here concerns théenti cation of the MDR which in standard RL is unique.

How can one collect data to mitigate MDP ambiguity? We present a simple, general modi cation to
the data collection scheme we tepolicy replaying, which, under mild conditions on the original
data collection policies, guarantees that the resulting data will be identi able. We importantly note
that changing the data collection method in-hindsight is not suitable for the of ine setting. Therefore,
the proposed scheme should be viewed gsideline for effective OMRL data collectiofor each

°P() = P% ) means equality almost everywhefe{ ) 6 P° ) means that equality almost everywhere
does not hold.

SFor simplicity, De nition 1 considers a discrete set of MDPs, and in nite data. In our experiments, we
validate that our insights also hold for nite data and continuous models.

"The ambiguity of sparse reward tasks is very different from the well-known exploration dif culty in RL
with sparse rewards (e.g., [1pmbiguity is not related to the RL algorithm but to the learned belief estimate



MDP, we propose collecting data in the following manner: randomly draw a data collection policy
fromf "g\,, collect a trajectory following that policy, and repeat. After this procedure, the new
data distributions are all associated wiitle samealata collection policy, which we denote.

Proposition 3. For everyi 6 j, denote the set of identifying state-action paird By. If for everyi

and every exists(s;;j ;a;; ) 21 suchthatPp . i (si; ;a; ) > 0, then replacing " with | for

all i results in identi able data.

Note that the requirement on identifying states in Proposition 3 is minimal — without it, the original
data collecting policies' are useless, as they do not visit any identifying states (e.g., consider the
example in Figure 2 with policies that do not visit the reward at all).

When the tasks only differ in their reward function, and the reward functions for the training
environments are known, policy replaying can be implemented in hindsigthgut changing the data
collection processThis technigue, which we terReward Relabelling (RR), is applicable under the

of ine setting, and described next. In RR, we replace the rewards in a trajectory from somé MDP

add to the dat& trajectories™™ ; k2 1;:::; K, wherenik = (s ag; pik gik oo pik gl )
where the relabelled rewardssatisfyf, = R;(sf*;a’). Thus, our relabelling effectively runs

i on MDPj, which is equivalent to performing policy replaying (in hindsight). We remark that the
assumption on known reward (during training) is mild, as the reward is the practitioner's method of
specifying the task goal, which is typically knowh3, 32, 31]; this assumption is also satis ed in all
meta-RL studies to date.

BOReL: we refer to the BOReL algorithm as the combination of the policy replaying/RR techniques
and off-policy RL applied to state-relabelled trajectories. In Appendix B we provide pseudo-code,
and detail how to apply the insights of Proposition 3 to a practical episodic RL setting.

5 Related Work

We focus on meta-RL — quickly learning to solve RL problems. Gradient-based approaches to
meta-RL seek policy parameters that can be updated to the current task with a few gradieft steps [
12, 29, 4]. These are essentially online methods, and several studies investigated learning of structured
exploration strategies in this settintg 29, 33]. Memory-based meta-RL, on the other hand, map

the observed history in a task to an action $, 35]. These methods effectively treat the problem as

a POMDP, and learn a memory based controller for it.

The connection between meta-learning and Bayesian methods, and between meta-RL and Bayesian
RL in particular, has been investigated in a series of recent pap@r{, 26, 36], and our work

closely follows these ideas. In particular, these works elucidate the difference between Thompson-
sampling based strategies, such as PEARA], [and Bayes-optimal policies, such as VariBAD,

and suggest to estimate the BAMDP belief using the latent state of deep generative rdudels.
contribution is an extension of these ideas to the of ine RL settirtch to the best of our knowledge

is novel. Technically, the VariBAD algorithm ir8f] is limited to on-policy RL, and the off-policy
method in L8] requires speci ¢ task descriptors during learning, while VariBAD, which our work

is based on, does not. One can also learn neural belief models using contrastive |dzinimgy [
methods and identi ability discussion apply to this case as well.

Concurrently and independently with our work,, Li et al. [22] proposed MBML, an of ine meta-

RL algorithm that combines BCQ@.{] with a task inference module. Interestingly, Li et &2]
describe a technique similar to reward relabelling for discouraging task inference to ignore rewards.
Here, we provide a formal and general characterization of identi ability problems in OMRL. Addi-
tionally, MBML does not take into account task uncertainty, and cannot plan actions that actively
explore to reduce this uncertainty — this is a form of Thompson sampling, where a task-conditional
policy reacts to the task inference (see Figure 12#)[ Our work is the rst to tackle of ine
meta-learning of Bayes-optimal exploration In addition, we demonstrate the rst of ine results

on sparse reward tasks, which, compared to the dense reward tagRf nedjuire a signi cantly

more complicated solution than Thompson sampling (see experiments section). We achieve this by
building on BRL theory, which both optimizes for Bayes-optimality and results in a much simpler
algorithm. Recent work on meta Q-learnirg) &lso does not incorporate task uncertainty, and thus
cannot be Bayes-optimal. The very recent work of Mitchell et2d] €onsiders a different of ine
meta-RL setting, where an of ine dataset from the test environment is available.



Classical works on BRL are comprehensively surveyed by Ghavamzadehldf.aD{ir work, in
comparison, allows training scalable deep BRL policies. Finally, there is growing interest in of ine
deep RL BO, 21]. In our experiments, a state-of-the-art method of this avor (CQL9) led to
minor improvements, though future of ine RL developments may possibly bene t OMRL too.

6 Experiments

In our experiments, we aim to demonstrate: (1) Learning approximately Bayes-optimal policies in
the of ine setting; and (2) The severity of MDP ambiguity, and the effectiveness of our proposed
resolutions. In the supplementary material, we also report that our off-policy method improves
meta-RL performance in the online setting.

Answering (1) is dif cult because the Bayes-optimal policy is generally intractable, and because our
results crucially depend on the available data. However, in deterministic domains with a single sparse
reward, the optimal solution amounts gearch all possible goal locations as ef ciently as possible,
and stay at goal once found; in subsequent episodes, move directly to 3eatherefore chose
domains where this behavior can be identi ed qualitatively. Quantitatively, we compare BOReL with
two Thompson sampling based methods: MBM2][using the same of ine datand PEARL P§],

using online dataand aim to show that the performance improvement due to being approximately
Bayes-optimal gives an advantageen under the of ine dateestriction.

Domains and evaluation metric: we evaluate learning to explore ef ciently in a diverse set of
domains: (1) A discreté 5 Gridworld [36]; (2) Semi-circle— a continuous point robot where

a sparse reward is located somewhere on a semi-circle (see Figure Aht{Semi-circle — a
challenging modi cation of the popular Ant-Goal tas}] fo a sparse reward setting similar to the
semi-circle task above (see Figure 5); Bglf-Cheetah-Vel[9], a popular high-dimensional control
domain with dense rewards; (Reacher-Image— 2-link robot reaching an unseen target located
somewhere on a quarter circle, with image observations and dense rewards (see Appendix D); (6)
Wind —a point robot navigating to a xed goal in the presence of varying wind; anB$éxape-Room

— a point robot that needs to escape a circular room where the only opening is somewhere on the
semi-circle (full details in Appendix D). These domains portray both discrete (1) and continuous (2-7)
dynamics, and environments that differ either in the rewards (1-5) or transitions (6-7). Domains (3),
(4) and (5) are high-dimensional, and the navigation problems (1-3, 7) require non-trivial exploration
behavior to quickly identify the task. Importantly, relating to the MDP ambiguity discussion in Sec. 4,
optimal policies for domains (1-3, 7) have non-overlapping identifying states; here we expect MDP
ambiguity to be a problem. On the other hand, in domains (4-6) the identifying states are expected
to overlap, as the rewards/transition differences are dense. To evaluate performance, we measure
average reward in the rs2 episodes on unseen tasks — this is where ef cient exploration makes a
critical difference? In the supplementary, we report results for more evaluation episodes.

Data collection and organization: For data collection, we used off-the-shelf DQN (Grid-
world) and SAC (continuous domains) implementations. To study the effect of data di-
versity, we diversi ed the ofine dataset by modifying the initial state distributi®p;

8For Gridworld, we measure average reward in the 4gtpisodes, and for Wind, only in the rst episode.

Figure 3: Of ine performance on domains with varying rewards. We compare BOReL with and
without reward relabeling (blue and red, respectively) with Thompson sampling baselines — calculated
exactly in Gridworld, and using online PEARL and of ine MBML for the other domains. Full
training curves for baselines appear in the supplementary; here we plot only the best performance.
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to either (1) uniform over a large region, (2) uniform over

a restricted region, or (3) xed to a single position. At

meta-test time, only the single xed position is used. The

tasks are episodic, but we want the agent to maintain its

belief between episodes, so that it can continually improve

performance (see Figure 1). We follow Zintgraf et 86]|

and aggregat& consecutive episodes of lengthto a

long trajectory of lengtlkk  H, and we do not reset the

hidden state in the VAE recurrent neural network after

episode termination. For reward relabelling, we replace .

either the rst or lask=2 trajectories with trajectories fromFigure 4: Ofine performance on do-
a randomly chosen MDP, and relabel their rewards. HBgins with varying transitions. We com-
policy replay we replace trajectories by sampling a neRir€ BOReL with and without policy re-
trajectory using the trained RL policy of another MDPlaying (blue and red, respectively) with
Technically, network architectures and hyperparametéfdine PEARL and of ine MBML.

were chosen similarly to [36], as detailed in the supplementary.

Main Results: In Figure 3 we compare our of ine algorithm with Thompson sampling based
methods, and also with an ablation of the reward relabelling method. For Gridworld, the Thomp-
son sampling method is computed exactly, while for the continuous environments, we use online
PEARL [28] — a strong baseline that it affected by our of ine data limitatigrand MBML [22].°

For these results the uniform initial state distribution was used to collect data. Notestagnif-

icantly outperform Thompson sampling based methods, demonstrating our claim of learning
non-trivial exploration from of ine data . These results are further explained qualitatively by ob-
serving the exploration behavior of our learned agents. In Figure 1 and in Figure 5, we visualize
the trajectories of the trained agents in the Semi-circle and Ant-Semi-circle domains, respéttively.
An approximately Bayes-optimal behavior is evident: in the rst episode, the agents search for
the goal along the semi-circle, and in the second episode, the agents maximize reward by mov-
ing directly towards the already found goal. Similar behaviors for Gridworld and Escape-Room
are reported in Appendix F. In contrast, a Thompson sampling based agent will never display
such search behavior, @gloes not plano proactively reduce uncertainty. Instead, such an agent
will randomly choose an un-visited possible goal at each episode and directly navigate towards
it (cf. Figure 1 in P2]). We further emphasize that the approximately Bayes-optimal search be-
havior is very different from the training data, in which the agents learned to reach speci c goals.

Our results also signify the severity of MDP
ambiguity, and align with the theory in Sec. 4.
In domains with non-overlapping identify-
ing states (1-3, 7), as expected, perfor-
mance without policy replaying (RR) is poor,
while in domains with overlapping identify-

ing states policy replaying has little effect

In Figure 7 in the supplementary, we provide
further insight into these results, by plotting
the belief update during the episode rollout for. ) o . .
Semi-circle: the belief starts as uniform on thE/9uUré 5: Ant-Semi-circle: - trajectories from
semi-circle, and narrows in on the target as thgained policy on a new goal. In the rst episode
agent explores the semi-circle. With reward rel§1€ nt searches for the goal, and in the second one
belling ablated, however, we show that the be”j directly moves toward the goal it has previously

does not update correctly, and the agent belie/ind- This search behavior is different from the
the reward is at the point it rst visited on thedoal-reaching behaviors that dominate the data.

semi-circle.

%Since the of cial implementation of MBML does not support discrete domains nor image observations,
we omit this baseline for Gridworld and Reacher-Image. We could not get the BCQ component of MBML
to produce reasonable results for Wind with policy replaying, nor for Escape-Room — with or without policy
replaying.

video is providedhttps://youtu.be/6Swg552YOU4



Data Quality Ablative Study: To evaluate Table 1: Average return in Ant-Semi-circle for of-
the dependency of our method on the of ine datine data with different initial state distributions:
quality, we report results for thgdifferent data Uniform distribution, uniform distribution exclud-
collection strategies described above (see Siy states on the semi-circl&xcluding s.c), and
plementary for more details), summarized in Taxed initial position (Fixed).

ble 1. As expected, data diversity is instrumental

to of ine training. However, as we qualitatively
show in Figure 10 in the supplementary, even BOReL BOReL+CQL
on the low-diversity datasets, our agents learned -

non-trivial exploration strategies that search far Uniform 1718 7.0 1760 10.2
the goal. This is especially remarkable for theExcluding s.c. 102.8 32.7 116.6 19.9
xed-d|str|bqt|_on dataset, where it is unlikely Fixed 092 274 1124 313
that any training trajectory traveled along the
semi-circle (see supplementary Figure 11).

One may ask whether OMRL presents the same challenge as standard of ine RL, and whether recent
of ine RL advances can mitigate the dependency on data diversity. To investigate this, we also
compare our method with a variant that uses CQ¥] - a state-of-the-art of ine RL method — to

train the critic network of the meta-RL agent. Interestingly, while CQL improved results (Table 1),
the effect of data diversity is much more signi cant. Together with our results on MDP ambiguity,
our investigation highlights the particular challenges of the OMRL problem.

7 Conclusion and Future Work

We presented the rst approximately Bayes-optimal of ine meta-RL algorithm, allowing to solve
problems where ef cient exploration is crucial. The connection between Bayesian RL and meta
learning allows to reduce the problem to of ine RL on belief-augmented states. However, learning a
neural belief update from of ine data is prone to MDP ambiguity. We formalized the problem, and
proposed a simple data collection protocol that guarantees identi ability. In the particular case of
tasks that differ in their rewards, our protocol can be implemented in hindsight, for arbitrarily of ine
data. Finally, we demonstrated state-of-the-art results on several challenging domains.

An important investigation that we leave to future work is to formalize the connection between task
diversity and task generalization. Additionally, it is intriguing whether other techniques can mitigate
MDP ambiguity, for example, by designing exploration policies that induce identi ability, or by using
domain knowledge to restrict the hypothesis set of possible MDPs in the belief.
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A Propositions Proofs

For ease of reading, we copy here the propositions from the main text.

Proposition 1. Let = sp;a9;r1;S1:::;rn;Sy denote a random trajectory from a xed history
dependent policy, generated according to the following process. First, MDP parameRei
are drawn from the priop(R ; P). Then, the state trajectory is generated accordinggto Piit ,

a (Jjsosao;r1;iii;st), stvr P (jsi;a) andrivr R (st;a). Leth denote the posterior

Proof. For the transitions, we have that,

z
P(st+1]So;a0;r0;: 55T St @)= P(St+1;R;Pjso;@o;ro;i::5rt; St & )dRdP
z
=  P(st+1jR;P;So; a0 ro;:nre; S a)P(R;Pjsosag;ro;:::ry;st; a )dRdP
=Erp[P(St+1JR;P ;S0 @0;0; 11151 St @) Sos 80303115 e; St ]
= Er.p [P(St+1]jSt;at)j Sosao;ro; 15t St; &l

Er:p n P(St+1jSt;a):
The proof for the rewards proceeds similarly. O

Extended De nitions and Proofs for Section 4

For the proofs of identi ability, we start by elaborating the formal de nition of our setting. For simplic-
ity, we assume that the MDRR ;; P; g\, are de ned over nite state-action spacgSj;jAj < 1 ).
Foreveryi=1;:::;N, let ' be a general stationary, stochastic, history-dependent pblithe

initial state distributiorP;,; is the same across all MDP5.

We assume that data is collected from trajectories of length at gt This is a convenient
assumption that holds in every practical scenario, and allows us to side step issues of de ning
visitation frequencies when! 1

Forsomed t  Tpax, denote byPp,. i ((s;@) = Pp,. i (St = s;& = a) the probability of

visiting the state-action pafs; a) at timet by running the policy ' on MDP with transition function
P; and initial state distributio®;, . Now, we de ne:

Pp,; (si@)= Pp,. fst = s;a = ag ;

t2f 0;:5T max O

that is,Pp,. (s;a) is the probability of observing state-actids; a) in the data from MDH.
Similarly, we de ne

Peri; (Siains?) = Pe; (s;@)Pi(sYs;a)Pe, (ris; a);
the probability of observing the tup(s; a; r; s9) in the data from MDR.
A trajectory from the replay policy, in MDP i is generated as follows. Let be a discrete

\We consider stationary policies for notation simplicity, although similar analysis can be made for non-
stationary policies.

12The idea of policy replaying can be extended to MDP with different initial state distributions by randomly
selecting the state distribution along with the policy. For simplicity, we do not consider this case, although a
similar analysis holds for it.
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Proposition 2. Consider the setting described in De nition 1. For a pair of MDPand |, we
de ne the identifying state-action pairs as the state-action pairs that s&fisfg; a) 6 Rj(s;a)
and/orP; (s9s; a) 6 P; (sYs;a). If for everyi 6 j there exists an identifying state-action pair that
has positive probability under bothandj, i.e.,Pp,. i (s;a); PP]; i (s;a@) > 0, then the data is

identi able.
Before we prove Proposition 2, we present the following lemma, which will be used later in the proof.

Lemma 1. Consider a pair of MDP$R; P) and(R% P9, and two policies and °. If there exists
an identifying state-action pair of the MDRs; a) that has positive probability under botP; )
and(P% 9,i.e.,Pp. (s;a);Ppo. o(s;a) > 0, thenPr.p. (s;a;r;8% 6 Propo ofs;a;r;s9.

Proof. Assume to the contrary th® .p. (S;a;r;s% = Propo. os; a;r;s9. Marginalizing over
ands® we obtain:

X
Prp: (S;a;1;89 = Prepo ofs;a;r;89

rs© rs 0
Pp. (s;a) = Ppo. ofs;a); 8(s;a):
Specically, we have Pp. (s;a) = Ppo. ofs;a). Since Pr.p: (s;a;1;89) =
Pr.p(r;sYs;a)Pp. (s;a) for everyr ands® andPp. (s;a) = Ppo o(s;a) > 0, it holds

thatPr.p (r;sYs;a) = Propo(r; s§s; a) for everyr ands®. By marginalizing oves®we get that

X
Pr.p(r;sYs;a) = Propo(r;s9s; a)
s0 s0
Pr(rjs;a) = Pro(rjs;a):
Similarly, by marginalizing over, we getP;(s%s;a) = P;(s%s;a). Overall, both reward and
transition function do not differ irfs;a), which contradicts the fact thés; a) is an identifying
state-action pair. O

We now prove Proposition 2.

Proof. Consider somé 6 j. Let(s;; ;a;; ) be an identifying state-action pair that has positive
probability under both andj . Assume to the contrary that there exists an MBR Pg 2 M and two
policies and °suchthaPg p.. i (s;a;r;89) = Prip. (s;a;1;s9 andPg o . i (i@, s9 =
Pr.p: o(s;a;r;s9).

Since (sij ;a; ) has positive probability under(P;; ") and Pr.p,: 1 (Sia;, s =
Pr:p: (s;a;1;89, then(sij ;a; ) must also have positive probability undg?; ) (otherwise,
there are ands®for whichPg p.. i (Sij ;& ;1;s%) > 0, whilePgr.p. (sij ;aij ;1,59 =0). Now,
since(si; ; & ) has positive probability under bo(f;; ') and(P; ), andPg .p,. i (S;a;T; sY =
Pr.p. (s;a;r;s9, according to Lemma 1, it cannot be an identifying state-action p&iRofP;)
and (R;P). Therefore, the MDFR ;Pg must satisfyP( jsij ;ai ) = Pi(jsij;a;) and
R(sij ;a5 ) = Ri(sij ;ay ).

The same argument can be made (s ; P; ; J') and(R;P; 9, resulting inP(jsij ;a; ) =
Pj (J:Si;j ;a,-;,- ) andR(si;j ;ai;j ) = Rj (Si;j ;a,-;,- ) Overall, we gePi ( jSi;j _; ai;,-_ ) = P( jSi;j ;_ai;_,- ) =
Pi(Jsij ;aij ) andRi(sij ;ai ) = R(sijay ) = Rj(sij;ay ), which is a contradiction, as
(sij ;& ) is an identifying state-action pair of MDFPsindj . O

Proposition 3. For everyi 6 j, denote the set of identifying state-action paird y. If for everyi
and everyj exists(s;; ;a;; ) 2| j suchthatPp . i (sjj ;a; ) > 0, then replacing ' with  for
all i results in identi able data.

Proof. Consider someé 6 j. We observe that by the construction of for every(s; a) pair that

satis esPp,. i (s;@) > 0, we also hav®p,; | (s;a) > 0. In particular, we hav®p,; | (s ;a;; ) >
0.
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We will show that eithe(s;; ; a;j ) also has positive probability und@®; ; ) or there must exist
some other state-action pair that has positive probability under(®th,) and(P;; ). This,
according to Proposition 2, will result in identi ability of the data.

We de ne the following sets of state-action pairs:
= f(s;a): Pp,. ,i(s;@)>0g; t=0;1:::; Tmax;

t
d= (s58):Pp; w(s5;8)= Pp,; 1(s5@)> 0 5 t=0;L:0; Tax:
Note that ‘0: Bj , as the initial state distributioRi,; and , are xed across all MDPs.

First, consider the case where for every 0;1;:::; Tnax We have | = i{j . Given thaf(s; ; a;; )
has positive probability und€P;; ), there exists somefor which(s;; ;aij ) 21 \ ;. Since
b= P, wehavesisai) 21 \ ', which meangs;; ; a;; ) also has positive probability
under(Pj; ).
Next, consider the case where there exists sbidé 1;:::; Tmax g for which ‘t 6 {' and let
f=minft: | 6 {'g. Notethatf'> 0, since we have already shown thdf = ¢ . Thus,
for everyt < fwe have { = ' = |, and forfit holds thatP, .  .¢(s;a) 6 Pp .  ¢(s;a).
If there exits a’< £ land(s;a) 2 I suchthaP;(js;a) 6 P;(js;a), then we are done as
o= {1, which means thds; a) is an identifying state-action pair that has positive probability
under both(Pi; () and(P;; r). Therefore, consider the case where for everyf ~land every
(s;@) 2 | we havePi(js;a) = Pj(js;a). We will show that there exis{s;a) 2 § , such that
Pi(js;a) 6 P;(]s;a).
Assume to the contrary that for evety; a) 2 'F , we havePi(js;a) = Pj(js;a), i.e., the

history up to timef, including the random variabbe that was used to choose a policy. We next
consider the probability of observing a history un¢®r; ),

Pp.: . (Np) = Pinit (So)Px(X) r(aojX;S0)Pp;: , (S1jX; So;a0) r(a1jX;So; ao; S1)

Ve
=Pinit (S0)Px(X) r(a0jx;S0)  Pi(stjst 178 1) r(&jX;So;a0;:::;St);
t=1

X;S0;20;55S ¢ 138 1 XS 038058 ¢ 1380 1
Pri; . (stiap) = Pey; (e ap);

which means that‘e = '€J , which contradicts the de nition . 0

15



B BORelL Pseudo-Code

Algorithm 1 BOReL

Input: A set of MDPsR i;Pigll;  p(R;P); k — # of consecutive episodes that comprise a
trajectory for VAE training.
Phase 1: Data Collection

Train standard RL agent (e.g., DQN, SAC) to sdiRe;; Pig

Save complete training to bufféx, = f | g;, where | is an episode of lengtH .
end for
Phase 2: Neural Belief Training

Concatenate every consecutive episodes froBy to form non-overlapping trajectories of
lengthH* = k  H. Denote them b = f |" g.
for trajectory !* in D;" do
if policy replayingthen
Uniformly draw a trained policy- f J gj'\‘:l .

Collectk=2 episodes ~ gjsz by running~ onfR ;P;g.

Replacethe rst or last (uniformly choseny=2 episodes of I with f 5 g}‘jlz .
else ifreward relabellinghen
Uniformly drawj f 1;:::; Ng.

Replacehe rewards!,, (s ;a} )inthe rstor last (uniformly chosenk=2 episodes of
" with rewardsty,; = R;(s{ ;a} ).
end if
end for
end for

Phase 3: State Relabelling
for trajectory * inD* do

Pass ¢ through encoder to obtam = ( 1); ( 1)
Replaces; in trajectory withs, = (s¢; ).
end for
end for
Phase 4: Of ine Meta-RL Training
Train off-policy RL agent (e.g., DQN, SAC) using the of ine data obtained from Phase 3.

C VAE Training Objective

For completeness, we follov3§] and outline the full training objective of the VAE. Consider the
approximate posteriayr (mjh.;) conditioned on the history up to timieIn this case, the ELBO can
be derived as follows:

z
logP(so;r1;81:::;8njag; t;an 1) =log  P(Sp;r1;S1:::;Sw;mjag;:::;ay 1)dm
P(So;r1;S1iii;SH;Mjdo; it an 1)
=log E jh. |
9Em q (jhy) q (mjh.)
Em g (jh.) [109P (Soiraisyiiiisuim;ao;:iiian 1)

|
m
3
a
B
o
«Q
o]
~~~
n
S
—
=
wn
st
wn
T
3
o8}
S
<8}
T
=
N’
=

Dk (g (mjh.t)jjp (m))
ELBO ((; ):
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The priorp (m) is set to be the previous posterigpr(mjh.; 1), with initial prior chosen to be

standard normg (m) = N (0;1). The decodep (So;r1;S1:::;Sujm;ap;:::;ayq 1) factorizes
to reward and next state mod@lgsYs; a; m) andp (rjs; a; m), according to:
logp (So;r1;S1:::;sujm;ao;:::;an 1) =log p(sojm)
A1
+ [logp (st+1jst;a;;m) +log p (resajse;a; m)l:
t=0

The overall training objective of the VAE is to maximize the sum of ELBO terms for different time
steps,

X
max  ELBO(; ): 4)
"t=0

D Environments Description
In this section we describe the details of the domains we experimented with.

Gridworld: A 5 5 gridworld environment as in3g]. The task distribution is de ned by the
location of a goal, which is unobserved and can be anywhere but around the starting state at the
bottom-left cell. For each task, the agent receives a rewarddf on non-goal cells anéll at the
goal, i.e.,
1 St=9

0:1; else,
wheres; is the current cell and is the goal cell.
Similarly to [3€], the horizon for this domain is set tth and we aggregate = 4 consecutive
episodes to form a trajectory of lengsh.

ry =

Semi-circle: A continuous 2D environment as in Figure 1, where the agent must navigate to an
unknown goal, randomly chosen on a semi-circle of radi{&8]. For each task, the agent receives a
reward of+1 if it is within a small radiug = 0:2 of the goal, and otherwise,

1, kXt Xgoakz

r =
t 0. else,

wherex; is the current 2D location. Action space is 2-dimensional and bourjdeX1; 0:1]%.
We set the horizon t60 and aggregatk = 2 consecutive episodes to form a trajectory of lent6.

MuJdoCo:

1. Half-Cheetah-Vel: In this environment, a half-cheetah agent must run at a xed target
velocity. Following recent works in meta-RI19,[28, 36], we consider velocities drawn
uniformly betweerD:0 and3:0. The reward in this environment is given by

M= J Vi Vgoaj 0:05 kak’

wherev; is the current velocity, ang is the current action. The horizon is se2@)and
we aggregat& = 2 consecutive episodes.

2. Ant-Semi-circle: In this environment, an ant needs to navigate to an unknown goal, ran-
domly chosen on a semi-circle, similarly to the Semi-circle task above.
When collecting data for this domain, we found that the standard SAC algoritiimvgs
not able to solve the task effectively due to the sparse reward (which is described later), and
did not produce trajectories that reached the goal. We thus modi ed the renbrdiuring
data collectionto be dense, and inversely proportional to the distance from the goal,

rdense= K x; Xgoaki 0:1 kak3

wherex; is the curren®D location andg; is the current action. After collecting the data
trajectories, we replaced all the dense rewards in the data with the sparse rewards that are
given by

L, kXt Xgoakz 0:2

sparse_ . 2
r = 01 kaks +
t 270 else.
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We note that [28] use a similar approach to cope with sparse rewards in the online setting.
The horizon is set t@00and we aggregate = 2 consecutive episodes.

3. Reacher-Image:In this environment, a two-link planar robot needs to reach an unknown
goal, randomly chosen on a quarter circle. The robot receives dense reward which is given
by

re = K X Xgoalkz
wherex; is the location of the robot's end effector. The agent observes single-channel
images of siz&4 64 of the environment (see Figure 6b). The horizon is sdi@and we
aggregatd = 2 consecutive episodes.

Wind: A continuous 2D domain with varying transitions, where the agent must navigate to a xed
(unknown) goal within a distance & = 1 from its initial state (the goal location is the same for all
tasks). Similarly to Semi-circle, the agent receives a rewardLof it is within a radiusr = 0:2 of
the goal, and® otherwise,
(= 1L, kst Sgoake 1

! 0; else.
For each task in this domain, the agent is experiencing a different “wind', which results in a shift in

the transitions, such that when taking act&r2 [ 0:1; 0:1]2 from states; in MDP M , the agent
transitions to a new statg,; , which is given by

St+1 = St t+ ar + Wy ;

wherew), is a task-speci ¢ wind, which is randomly drawn for each task from a uniform distribution
over[ 0:05 0:05]2. To navigate correctly to the goal and stay there, the agent must take actions that
cancel the wind effect.

We set the horizon t@5 and evaluate the performance in terms of average return withimsthe
episode of interaction on test tasks< 1).

Escape-Room: A continuous 2D domain where the agent must navigate outside a circular room of
radiusR = 1 through an opening, whose location is unknown. For all tasks, the central angle of the
opening is = 8. The tasks differ by the location of the opening — the center point of the opening is
sampled uniformly fronjO; ]. The reward function is sparse, task-independent, and given by

1, ksiko >R

r =
! 0. else.

The transition function, however, is task-dependent and given by

Stt at H :
_ Ksi+ aky ’ if intersection occurs

St+1 =
St + a; else,

whereintersection occursneans that the line that connesfsands; + a; and the wall of the circular

room intersects. To solve a task, the agent must search for the opening by moving along the wall
until he nds it.

We set the horizon t60 and aggregatk = 2 consecutive episodes to a form a trajectory of length
120

E Experimental Details

In this section we outline our training process and hyperparameters. Additional details and code
can be found alittps://github.com/AnonNeurlPS2021/BOReL . For training, we used a server

with 4 NVIDIA RTX 2080 GPUs. Note that collecting of ine data for each domain requires to rst
successfully train a large number of “standard’ RL agents, which can be demanding; we will make
our data available publicly.

For the discrete Gridworld domain we used DQ¥][with soft target network updates, as proposed
by [23], which was shown to improve the stability of learning. For the rest of the continuous domains,
we used SACT7] with the architectures of the actor and critic chosen similarly, and with a xed
entropy coef cient. For both DQN and SAC, we set the soft target update paramétéot®
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In our experiments we average performance @emdom seeds and present the mean and standard

deviation.

Our of ine training procedure is comprised 8fseparate training steps. First is the training of the

data collection RL agents. Each agent is trained on a different task from the task distribution.

For all domains but Reacher-Image, we used a similar architect@&df-connected (FC) hidden
layers of size that depends on the domain with ReLU activations, and set the batch2&ige to

For Reacher-Image, we used data augmentation techniques as suggested by Laskin et al. (2020).
Speci cally, we used random translations and cropping. Then, we pass the observation through a
convolutional neural network (CNN) with hidden layers followed b FC hidden layers.

The rest of the hyperparameters used for training the data collection RL agents are summarized in the

following table:

Gridworld Semi-circle | Cheetah & Ant | Reacher| Wind Escape-Room
Num. train tasks 21 80 100 & 80 50 40 60
Hidden layers size 16 32 128 1024 64 128
Num. iterations 200 300 1000 50 300 50
RL updates per iter. 500 500 2000 500 500 500
. -greedy, annealing
Eﬁg?@t&%‘gﬁ from1to0:1 0:01 0:2 005 0:01 0:01
' over100iterations

Collected ep. per iter 5 2 2 1 2 2
Learning rate/s 3104 3104 3104 1102|3104 3104
Discount factor () 0:99 0:9 0:99 0:99 0:9 0:9

The second training step is the VAE training after optionally applying reward relabelling/policy
replaying to the collected data.

The VAE consists of a recurrent encoder, which at time stees as input the tupl@y; re+1 ; St+1 ).

The state and reward are passed each through a different fully-connected (FC) layer (preceded by a
CNN feature-extractor in Reacher-Image). The state FC layer is 082iaad the reward FC layer

is of size8 for the Gridworld andL6 for the rest of the domains, all with ReLU activations. For all
environments but Gridworld, we also pass the action through a FC layer di&izith ReLU. Then,

the state and reward layers' outputs are concatenated along with the action (or with the output of
the action layer) and passed to a GRU of €2e128 (Gridworld/other domains). The GRU outputs

the Gaussian parametergh.;); ( h.;) of the latent vectom, whose dimensionality iSin all our
experiments.

For all reward-varying domains (all but Wind/Escape-Room), we only train reward-decoder (Similarly
to Zintgraf et al. B6]). For Wind and Escape-room we also train transition decoder. In all domains,
the decoder network/s are comprise®®fC layers, each of siZ&2.

The VAE is trained to optimize Equatidd), but similarly to 36], we weight the KL term in each
of the ELBO terms with some parameterwhich is not necessarily. In our experiments we used
=0:05.

After the VAE is trained, we apply state relabelling to the data collected by the RL agents, to create
a large of ine dataset that effectively comes from the BAMDP. Then, we train an off-policy RL
algorithm, which is our meta-RL agent, using the of ine data.

For the of ine meta-RL agents training, we used similar hyperparameters to those used for the data
collection RL agents training. For some of the domains, we enlarge the size of the hidden layers.

F Learned Belief and Policy Visualizations

In this section we visualize the learned belief states, in order to get more insight into the decision
making process of the agent during interaction. We also visualize trajectories of trained agents in
different domains.
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(a) Gridworld

(b) Reacher-Image (c) Escape-Room

(d) Wind

Figure 6: Interaction of trained agents with evaluated domains. In (a) we show interaction with
Gridworld, including belief update throughout interaction (for more details,3&® [In (b), (c) and

(d) we show typical behavior of trained agents interacting with Reacher-Image, Escape-Room and
Wind, respectively.

In Figure 6a, we visualize the interaction of a trained agent with the Gridworld environment, exactly
as visualized in Figure 3 at [36]. The agent reduces its uncertainty by effectively searching the goal.
After the goal is found, the agent stops and in subsequent episodes it directly moves toward it.

The Reacher domain is visualized in Figure 6b. In the left side, an RGB image of the domain is
presented. In the right side, we present the input image to the agent (which consists of a single-channel
and has lower resolution) along with successful trajectories that reaches a goal from the test set.

In Figure 6¢ we show the typical behavior of a trained agent in Escape-Room domain. Note that
in 'Test task 1' the agent nds the opening without colliding with the walls of the room and in the
second episode the agent follows a similar trajectory that leads to reward. On the other hand, in 'Test
task 2' the agent collides with the wall in the rst episode, and then it effectively searches for the
opening. After he nds it, in the second episode he directly escapes the room.

In Figure 6d we visualize trajectories of a trained agent on different test tasks in Wind domain. As
can be seen, after several steps in the environment, our agent learns to adapt to the varying wind, and
travels to the goal in a straight line. PEARL, on the other hand, only adapts after the rst episode, and
therefore obtains worse results (see Figure 4). We believe it is possible to improve PEARL to update
its posterior after every step, and in this case the improved PEARL will obtain similar performance
as our method in Wind. However, this will not work in the sparse domains described in the main
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Figure 7: Semi-circle belief visualization. The plots show the reward belief over the 2-dimensional
state space (obtained from the VAE) at different stages of interacting with the system. The red line
marks the agent trajectory, and the light blue circle marks the true reward locati@nOnce the

agent nds the true goal, it reduces the belief over other possible goals from the task distribution.
Middle: As long as the agent doesn't nd the goal, it explores ef ciently, reducing the uncertainty
until the goal is foundBottom: Without reward relabelling, the agent doesn't learn to differentiate
between different MDPs, and therefore fails to identify the goal.

text, where the Bayes adaptive exploration has an inherent advantage over Thompson sampling. We
emphasize that in Wind, MDP ambiguity is not a concern, since the data from all agents is largely
centered on the line between the agent's initial position and the goal. Thus, the effect of the wind on
these states can uniquely be identi ed in each task.

In Figure 7, we plot the reward belief (obtained from the VAE decoder) at different steps during
the agent's interaction in the Semi-circle domain. Note how the belief starts as uniform over the
semi-circle, and narrows in on the target as more evidence is collected. Also note that without reward
relabelling, the agent fails to nd the goal. In this instance of the MDP ambiguity problem, the
training data for the meta-RL agent consists of trajectories that mostly reach the goal, and as a result,
the agent believes that the reward is located at the rst point it reaches on the semi-circle.

G Data Quality Ablation

In our data quality ablative study, we consider the Ant-Semi-circle domain for which we modify the

initial state distribution during the data collection phase. The initial state distributions we consider
are visualized in Figure 8: Uniform distribution, uniform excluding states on the semi-circle, and

xed initial position.

(a) Uniform (b) Excluding s.c. (c) Fixed

Figure 8: Initial state distributions. Red locations indicate non-zero sampling probability.

Figure 9 shows the learning curves for the results presented in Table 1. For completeness, we add the
learning curve for the uniform distribution which is also presented in Figure 3.
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