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Summary

The goal of zero-shot RL is to provide algorithms for recovering optimal policies for all
possible reward functions given interaction data with the environment. Naturally, how well we
can recover the optimal policies highly depends on the quality of the data used to learn them. Up
until now, most algorithms leverage decoupled exploration policies for collecting data in order
to learn a generalist representation of all optimal policies. A central argument to this paper is
that the exploration policy should not be completely decoupled from the zero-shot algorithm and
should try to minimize the uncertainty that the algorithm has of its representations. We frame
the exploration problem for zero-shot RL as minimization of the epistemic uncertainty on the
learned value functions, and realize this in the case of well familiar algorithm, forward-backward
(FB) representations. Crucially, in several empirical settings, using an exploration policy that
maximizes the cumulative epistemic uncertainty of the FB representation leads to significant
improvements of the algorithm’s sample complexity. This enables us to learn well-performing
policies fast, with fewer amount of data than other exploration approaches.

Contribution(s)

1. This paper phrases the exploration problem for zero-shot RL as uncertainty minimization of

a posterior over occupancy measures for a particular representation of an occupancy measure.
The main difference to previous work is that, while previous work considers completely
off-policy exploration algorithms to collect data, this paper considers the uncertainty of the
model for data collection in an unsupervised RL setting.
Context: The representation for occupancy measure used is the F'B-representation (Touati
& Ollivier, 2021) which encodes all optimal policies. We use an ensemble method ap-
proximation to the posterior distribution. Crucially, because of non-uniqueness, the F'B
representation does not allow simple modeling of the posterior uncertainty over F'B via
ensemble disagreement — there is a necessity of having a single B representation in order to
have an informative notion of uncertainty. Furthermore, the F'-uncertainty is projected to the
more practical uncertainty over -functions for particular latent policy conditioning z.

2. We introduce an efficient algorithm for exploration tailored to forward-backward (FB)
representations which can be seen as a variant of uncertainty sampling (Lewis & Gale, 1994).
Context: The algorithm relies on sampling a posterior-mean greedy policy 7, which
has highest uncertainty in the predictive posterior distribution for a particular state s and
executing it in the environment. This exploration strategy, while simple and not considering
correlation in uncertainty reduction across all policies 7, , z € Z, is a surprisingly efficient
method for exploration in F'B representations.

3. Experimental validation of proposed exploration on several continuous control environments
from the DeepMind Control suite (Tassa et al., 2018) in the online learning setting, where we
evaluate zero-shot performance on different reward functions within several environments.
Context: There is no notion of exploration in the unsupervised RL setting, therefore there
is no need to balance the exploration-exploitation trade-off when collecting data. This setup
is fundamentally different than single-task online learning, where typically we balance an
intrinsic exploration signal or noise with the extrinsic task reward.
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Abstract

Zero-shot reinforcement learning is necessary for extracting optimal policies in absence
of concrete rewards for fast adaptation to future problem settings. Forward-backward
representations (/' B) have emerged as a promising method for learning optimal policies
in absence of rewards via a factorization of the policy occupancy measure. However,
up until now, F'B and many similar zero-shot reinforcement learning algorithms have
been decoupled from the exploration problem, generally relying on other exploration
algorithms for data collection. We argue that F'B representations should fundamentally
be used for exploration in order to learn more efficiently. With this goal in mind,
we design exploration policies that arise naturally from the F'B representation that
minimize the posterior variance of the F'B representation, hence minimizing its epistemic
uncertainty. We empirically demonstrate that such principled exploration strategies
improve sample complexity of the F'B algorithm considerably in comparison to other
exploration methods.
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Figure 1: We condition an exploration policy on a reward embedding z € Z maximizing the
predictive variance of ()™=, and execute it for collecting data during learning. At inference time, we
compute the reward embedding z based on reward evaluation of the dataset, aligned with Touati &
Ollivier (2021).
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1 Introduction

Reinforcement learning provides a framework to obtain optimal or near-optimal policies from sub-
optimal data given a reward function. However, we cannot possibly enumerate all rewards which
are of interest to solve in the future, and hence most RL approaches rely on fixed rewards for training,
limiting the generalizability of the learnt policies to new tasks. Zero-shot RL aims to close this gap, by
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learning optimal policies for all possible reward functions. In this way, an agent may, with a minimal
amount of extra computation, infer an optimal policy for any reward function given at test time.

There are several zero-shot RL methods that have been proposed to solve this problem. The earliest
instantiation of such methods is that of the successor representation (SR) in the tabular setting (Dayan,
1993), which has subsequently been extended to the continuous setting with function approximations
(Barreto et al., 2017). The caveat of SR is the need to assume a linear dependence between the reward
and a feature map, which needs to be handcrafted in advance by the user. This approach cannot easily
tackle generic rewards or goal-oriented RL. In the goal-oriented setting, for example, it would require
introducing one feature per possible goal state, requiring infinitely many features in continuous
spaces. Several frameworks have been proposed to learn this feature map efficiently (Hansen et al.,
2019; Liu & Abbeel, 2021; Wu et al., 2018). More recent work has proposed forward-backward
(F' B) representations (Touati & Ollivier, 2021), which aims to factorize the occupancy distribution of
the policies into a forward representation (/) of the current state and backward representation (B)
of a target state. While the linearity of SR’s allows us to infer the optimal policy by solving linear
regression onto the sampled rewards, F'B infers an optimal policy by Monte Carlo estimation of an
integral, which, given a well-learned factorization of the occupancy distribution yields the optimal
policy representation z for any given reward function. A critical part in both F'B and SR frameworks
is that of learning an accurate occupancy distribution (or successor measure ) for all policies, which
requires observing significant amount of environment state transitions.

Up until now, this problem has been tackled by using exploration policies that are decoupled from
the zero-shot algorithm (Touati & Ollivier, 2021; Touati et al., 2022), mostly involving exploration
policies trained with an intrinsic exploration reward (Eysenbach et al., 2018; Burda et al., 2018; Lee
et al., 2019; Liu & Abbeel, 2021; Pathak et al., 2017; 2019). Relevant to this work, Chen et al. (2017)
proposed ensemble disagreement on the (Q-value as an intrinsic reward for efficient exploration. Alter-
natively, ensemble disagreement has been utilized in dynamics models for guiding exploration (Pathak
et al., 2017). In fact, subsequently, many works have successfully used this type of approach for
exploration, connecting it with the notion of "epistemic uncertainty" (Vlastelica et al., 2021; Sukhija
etal., 2023; Sancaktar et al., 2022). While these methods yield successful exploration in some settings,
a major disadvantage is that the exploration bonus doesn’t depend on the rewards, so the exploration
may focus on irrelevant aspects of the environment unrelated to the task (Chen et al., 2017).

A key question of this work is how should we best interact with the environment to learn all
optimal policies in the unsupervised RL setting sample efficiently? We aim to collect samples that
are most informative about the occupancy measure of optimal policies encoded by a zero-shot
RL algorithm, in other words, we want to minimize the uncertainty over the occupancy measures.
To this end, for modeling the occupancy measures we utilize the learned F'B factorization of
occupancies (Touati & Ollivier, 2021) which also has a representation space of optimal policies.
Inspired by Lakshminarayanan et al. (2017), we model the posterior predictive uncertainty over the F'
representation by utilizing an ensemble of F' representations. Consequently, the disagreement of the
ensemble is a measure of uncertainty over F'. Because of the mechanics of the F'B representations,
this naturally translates to the predictive uncertainty over the value function Q™= (s, a) for particular
policy 7, parametrized by reward embedding z, which is a more useful notion of uncertainty.
Motivated by insights from Bayesian experimental design, we introduce an exploration algorithm that
samples policies that are greedy w.r.t. to the mean of the Q™= -posterior, but have highest uncertainty.
This can be seen as a variant of uncertainty sampling (Lewis & Gale, 1994). Our empirical evaluation
indicates that utilizing this notion of uncertainty significantly improves the sample complexity of F'B
with a suprisingly simple exploration algorithm.

In summary, in this work we provide an epistemic-uncertainty-guided method for efficiently learning
forward-backward representations that (i) exhibits zero-shot generalization in unsupervised RL,
(ii) leads to sample efficiency gains compared to other exploration alternatives and (iii) compares
favorably to current F'B methods when evaluated on several benchmarks.
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2 Related Work

Unsupervised Reinforcement Learning. Zero-shot (unsupervised) reinforcement learning frame-
works can be traced back to the concept of a successor representation (Dayan, 1993), which relies on
inferring the discounted occupancy measure of all policies. A direct extension of this are successor
features (Barreto et al., 2017), where a feature map is a assumed which linearizes the reward w.r.t. a
representation z, the main caveat being that the map needs to be a-priori specified. Consequently,
many extensions exist to learn the feature map (Hansen et al., 2019; Laskin et al., 2022). Orthogonally,
several works attempt to infer diverse skills in an online (Eysenbach et al., 2018) or offline fashion,
mostly optimizing for a mutual-information objective. In contrast to the former, forward-backward
representations assume a factorization of the occupancy measure, where z encodes an optimal value
function for a specific reward. These can be traced back to Blier et al. (2021), and subsequent
works have shown their effectiveness in deep RL benchmarks (Touati & Ollivier, 2021; Touati et al.,
2022; Pirotta et al., 2024; Tirinzoni et al., 2025), also dealing with the offline estimation problem of
the F'B (Jeen et al., 2023). In contrast to successor features, there has been no proper analysis of
exploration for learning F'B representations more efficiently. Our work aims to fill this gap.

Exploration in Reinforcement Learning. Lee et al. (2019) attempt to solve the exploration
problem by inferring the state marginal distribution of the policy and trying to match it to a user-
defined target distribution. Osband et al. (2016) propose ensembles of () values for exploration
by uniformly sampling a @) function and subsequently following a policy associated with it for
exploration. Several works have extended the classic upper confidence bound (UCB) exploration
strategy to deep RL via ensemble methods (Chen et al., 2017; Lee et al., 2021), with Lee et al.
(2021) additionally proposing to account for the error in ()-targets by down-weighting based on
ensemble disagreement. Sukhija et al. (2024) utilize an e-greedy policy with picking a Boltzmann
policy with a mutual-information term for the dynamics. Metelli et al. (2019) propagate uncertainty
over (0-values by constructing a TD update by Wasserstein barycenters V'; they propose several
variants for inferring a policy (mean estimation, particle sampling). Our work fits into the realm of
ensemble-based exploration techniques, however in the context of zero-shot RL.

Deep Bayesian Inference. The problem of exploration is closely related to active learning (Chaloner
& Verdinelli, 1995; Settles, 2009), also known as experimental design in the statistics literature. Active
learning methods that yield strong theoretical generally query data points based on information-
theoretic criteria (Krause et al., 2008; Settles, 2009; Hanneke, 2014). These methods have recently
generalized to deep learning. Since exact Bayesian inference is computationally intractable for neural
networks, a variety of approximations have been developed (Mackay, 1992; Neal, 2012). Gal et al.
(2017); Chen et al. (2017) propose more computationally efficient methods than Bayesian neural
networks, such as Monte Carlo dropout as an approximation of the posterior of the model parameters
(Gal et al., 2017) or closer to our work, ensemble of neural networks (Osband et al., 2016; Chen et al.,
2017; Lakshminarayanan et al., 2017) for predictive uncertainty quantification. Several recent works
further leverage such uncertainty estimates for active fine-tuning of vision or action models (Hiibotter
et al., 2024; Bagatella et al., 2024).

3 Background

In this paper we will utilize the standard notion of a reward-free Markov Decision Process which
is defined by a tuple M = (S, po, A, P, v), with state space S, initial state distribution pg, action
space A, transition kernel P and discount factor .

For the MDP M, a policy 7 : S — A induces the successor measure M™ (Blier et al., 2021) for any

initial state-action pair (sg, ag):

M7 (s9,a0,X) = thP((stH,atH) € X|sg,a0,m) VX CSx A )
>0
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Given M™ and a reward function 7 : § x A — R, we may write the value function of the policy 7
for reward r simply as Q7 (s,a) = >_,, ,» M™(s,a,s',a")r(s', a’).

Given a representation space Z = R? and a family of policies (7). z parameterized by z, the F B
representation looks for representations F' : S x A x Z — Z and B : § x A — Z, such that the
successor measure M ™= in (1) factorizes as:

M™ (sg, ag, $,a) =~ (F(sg, a0, 2), B(s,a)), w.(s)=argmax(F(s,a,z),z), 2)
acA

where z is the latent representation of the policy 7, of dimension d. Assuming (2) holds, then for
any reward function r, the policy 7, where z, := > s, 47(s,a)B(s,a) is optimal for r with
optimal Q-function Q% (s, a) = (F(s,a, z;), 2,-), i.e. the policy is guaranteed to be optimal for any
reward function (Touati & Ollivier, 2021)[Theorem 2].

In practice, we choose a parametric model Fy and By, for the I and B representations, as approxi-
mations to the true successor measure factorization. There are several off-the-shelf algorithms for
learning M ™= (Blier et al., 2021; Eysenbach et al., 2021), however the quality of the representation is
tightly coupled with 1) the chosen factorization dimension d and 2) the approximation error which
can be result of model miss-specification or lack of data. In this work we attempt to tackle the second
issue, which can be handled via quantifying posterior uncertainty and utilizing it to guide exploration,
as has been done in previous works (Osband et al., 2013; 2016; Chen et al., 2017).

3.1 Bayesian Reinforcement Learning

In the setting of Bayesian inference, ideally one would be able to formulate a prior distribution
over the parameters of the F'B representation © = (6, ¢) and subsequently, given evidence in
form of data at the i-th iteration, compute the posterior distribution via Bayes’ rule p(©|D;) =

%DP;‘@). This is intractable for high-dimensional ©, since it requires computing the marginal

P
p(Di) = Jo p(Di|©)p(©)dO. Hence, many works have utilized various approximations to posterior
distributions over neural networks (Blundell et al., 2015; Osband et al., 2016; Chen et al., 2017).

Beyond proper quantification of uncertainty over ©, which is typically taken to be as variance
or entropy of © ~ p(©|D;) for continuous ©, the uncertainty of the predictions is of crucial
interest in optimal data collection, which is a fundamental question in active learning and optimal
experimental design. In the field of bandits and reinforcement learning, this is also familiar under
the term exploration. For RL in particular, one might want to compute a posterior over the unknown
reward function 7 and transition kernel P of the MDP (Osband et al., 2013) or parameters of the Q-
value function — this is often approximated as an ensemble of neural networks in deep reinforcement
learning (Osband et al., 2016; Chen et al., 2017). Subsequently, this posterior is utilized in formulating
an exploration strategy by a policy, a popular choice being a Upper-Confidence Bound (UCB) strategy
by setting the policy to be 7(s) := arg max,c 4 Q(s,a) + a+/Var[Q(s, a)|s, a] (Chen et al., 2017),
encouraging more uncertain actions. This strategy stems from the well-known UCB algorithm in
the bandit literature (Auer et al., 2002; Auer, 2002). Further strategies exist that have been utilized
in the literature, such as Thompson sampling where a particle is sampled from the posterior and
subsequently exploited (Osband et al., 2013; Thompson, 1933).

Remark 3.1. All of these methods focus on the exploitation-exploration tradeoff, which is ill-defined in
the context of unsupervised reinforcement learning. This problem is fundamentally a pure exploration
problem.

4 Posterior uncertainty in forward-backward representations

In the unsupervised RL setting, accurately estimating the successor measure for all policies is of
crucial interest. Given our prior distribution over the parameters of the FB representation © = (6, ¢),
we are tasked with updating the posterior distribution over the parameters as new evidence is collected.
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158 Building on prior work that has successfully leveraged ensembles to approximate the posterior
159  distribution over @* (Osband et al., 2016; Chen et al., 2017), we consider a similar approach for the
160 FB representation. Crucially, Chen et al. (2017) suggest decoupled ) networks trained with standard
161 1-step TD error in order to approximate a posterior distribution given data D. The FB representation
162 entails a factorization of M into F' and B, therefore naturally we might be tempted to construct a
163  posterior over F' and B. This however can cause issues, especially when utilizing ensemble methods,
164  since the representation is non-unique (details can be found in Blier et al. (2021)). This is easy
165 to see if we view the F' and B functions as matrices, assuming a rotation matrix R, we have that
166 M = FTRR™'B = F' B, ie. F and B encode the same set of occupancy measures, however with
167  the representation space rotated. We alleviate this problem by fixing B and modeling the posterior
168  distribution over F' alone.

169 Following Chen et al. (2017), we adopt a naive posterior update over F': for the k-th ensemble
170  member in [0,..., K — 1], we minimize the empirical forward-backward loss over a batch of
171 b sampled transitions (s;,a;, s;+1)—g, independently sampled future states (s})’=, and reward
172 embeddings z;,

(006) =55 S0 ((Foulor 20, Bolsh)) =7 3 el sesn) (g (siv1,0,2), Bo (7))

0<4,j<b—1 acA
3
1
N Z Z <F9k(8i7aiazi)>B¢(8i)>7 (4)
0<i<b

173 where 0, and ¢~ denote the target networks for F - and B,-, respectively. In practice, an additional
174 orthonormahty regularization on B is added as per Touati & Ollivier (2021) to normalize the
175 covariance of B (otherwise one could for example scale F up and B down since only F7 B is fixed).

176  Equipped with a model to approximate the posterior distribution over forward representations, we
177  are left with determining a strategy for collecting evidence to maximally reduce uncertainty of the
178  posterior distribution, which is a challenging problem in deep learning. To design such an algorithm,
179  we take inspiration from Bayesian experiment design (MacKay, 1992; Chaloner & Verdinelli, 1995).
180  We shall adopt a well-known active learning heuristic — uncertainty sampling (Lewis & Gale, 1994),
181  which queries data points with the highest predictive uncertainty, but still provably minimizes posterior
182  uncertainty under a homoscedastic, independent Gaussian noise model.

183  Aligned with previous work that showed that disagreement in ensemble methods can be effectively
184  used for quantifying predictive uncertainty (Lakshminarayanan et al., 2017), for a given query point
185 =« = (s, a,z), we model our distribution over F' as a uniformly weighted mixture of {F;}X | of
186  Gaussian distributions i.e.

K
p(F |@;0,D) ~ Z (F; o, (), So, (), ©)
k

187 where x = (s,a,z) for ease of reading and g, , Xy, are the predicted mean and covariance by
188 ensemble member k.

189 In the limiting case of Xy, — 0 Vk, this posterior distribution becomes a mixture of Dirac delta
190 functions, with the corresponding covariance being

K

Cov[F |a;0,D] = Z (@) (Fi(w) — F(x)) " ©6)
k

191 where Fy, := pg, and F := % >, j19,. While in previous work the variance of point estimates has
192  been used in place of epistemic uncertainty exploration (Lakshminarayanan et al., 2017), here we
193  have a matrix quantity, the covariance of the F'-representations. One viable option is to measure
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Q .o (s,m(s,21),21)

Frxc(s,m(s,23),23) 2 Q 1 (5,7(s, 23), 23)

!

- = argmax Var(Q(s, (s, 2), )
z&Z}

Figure 2: Epistemically guided F'B exploration (FBEE). During exploration we uniformly sample
reward embeddings from a hypersphere (left), and take samples over our posterior distribution F'
as represented by the K ensemble members F.x (K = 4 in the figure) (middle-left). Then we
project our F-posterior to a Q-posterior via Q™= = (F(s,7,(s), z), z) (middle-right) and compute
the Q-predictive uncertainty for all sampled z’s (left) via ensemble disagreement. We finally explore
with the reward embedding 2% that has maximum Q-predictive uncertainty.

the volume of Eq. (6), by computing Det(Cov|[F'| s, a, z, D]), the trace or maximum eigenvalue.
There is however an argument against using Eq. (6) to quantify uncertainty to guide data collection.
The primary object of interest for us is Q™= for extracting greedy policies 7, that are optimal w.r.t.
some reward. We may utilize the relationship Q™ = (F (s, a, z), z), to project our F'-posterior to a
Q-posterior, to arrive to the Q-predictive uncertainty for the query sample (s, a, z).

K
Var[@™*(s,a) | D] = Z Fi(s,a,2) — F(s,a,z2),2)% @)
=0

This corresponds to a Gaussian approximation to predictive posteriors on (J™=. In case of a Gaussian
posterior, we have that its entropy is monotonic w.r.t. the variance, i.e. for the case of Eq. (7) the
predictive variance can be seen as a measure of information for the input query x. It is worth noting
that because of the non-trivial dependence between F7= and z, it is unclear how the predictive
uncertainty of F"= will affect the uncertainty on Q™=, which might be lower or higher after the
projection with z. This has the important consequence that minimizing the uncertainty on one versus
the other may lead to significantly different algorithmic behaviors.

S Epistemic exploration for FB representations

While we have a notion of posterior uncertainty phrased as the variance of the empirical predictive
Q-posterior distribution in Eq. (7), it is still unclear how one can best formulate an exploration
policy for collecting data to improve the F'B representation. To design such an algorithm, we take
inspiration from Bayesian experimental design (Chaloner & Verdinelli, 1995; MacKay, 1992). A
natural objective for active exploration is maximizing mutual information between F' and observed
transition data D;, which quantifies the reduction in entropy of F' conditioned on the observations.
In certain settings the predictive posterior variance is shown to be proportional to information
gain (MacKay, 1992), hence it is a reasonable "guide" for exploration.

In general, we are seeking to define an exploration policy 7 which is going to extend D;.,,_; to
Dj.,, such that the collected data D,, provides the most amount of information about F'"= for all
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{7.}.cz. To this end, we take the approach of selecting a 7, given s, a that we are most uncertain
about in terms of predictive variance, which may be seen as a variant of uncertainty sampling,

7 = arg max Var [anﬂz(s) Q7= (s,a)]]s,a, z]] st. z€Z, )

Tz

where we make use of the posterior predictive variance in Eq. (7), which captures the uncertainty of the
future return of 7. Although the exploration policy in Eq. (8) is a greedy policy w.r.t. (F™ (s, a), z),
we can still expect that executing 7, reduces the uncertainty over (Q™=. Moreover, the uncertainty of
different (Q-posteriors depends on z in a non-trivial way via F'"=, hence a reduction in uncertainty
in Q= is likely to reduce uncertainty across multiple z € Z. This is loosely motivated by the
"information never hurts" principle, which is a consequence of monotonicity of entropy H[X | Y] <
H[X] in light of new evidence Y. We provide pseudocode of our algorithm in Algorithm 1 and a
visual schematic in Fig. 2.

Remark 5.1. While our definition of the policy in Eq. (8) is purely explorational, in the absence of a
set of evaluation reward functions it is also reasonable, since there is no direct notion of "exploitation"
in purely unsupervised RL.

Algorithm 1 FB Uncertainty Sampling (FBEE)
Input: K-ensemble of Fy, and F9;§’ Bgand B, -.

1:
2: while not converged do

3. Pick 7% according to Eq. (8).

4. Collect data D; = Rollout(m?)

5 Add data to buffer Dy.,, = D1.p,—1 U D,,.
6:  Fit {Fy,} X, By and policies 7, with Dy.,.

6 Experiments

Our experimental section is designed to provide an empirical answer to the following two questions:
(i) Does FBEE exhibit similar zero-shot generalization in online unsupervised RL compared to
the original F'B method?, (ii) Does the epistemically guided exploration in FBEE lead to sample
efficiency gains compared to other exploration alternatives?, (iii) What is the effect of exploring over
reward embeddings z’s compared to over actions? and (iv) How often should we update the chosen
reward embedding 2% during an exploration episode?

Environments: We benchmark FBEE on 15 downstream tasks across 5 domains in the DeepMind
Control Suite (DMC) (Tassa et al., 2018), see Fig. 3). Details on the domains and tasks can be found
in Appendix A.l.

Baselines: We compare FBEE with several baselines for online unsupervised RL. The first baseline
is FB (Touati & Ollivier, 2021), the original FB algorithm that conducts uninformed exploration
by uniformly sampling random reward emedding z’s. We also compare against a naive RANDOM
policy that performs random exploration over the action space. We additionally compare against
FB-RND (Touati et al., 2022), which decouples the exploration method from the learning of the
F B representation by leveraging a pure exploration method, namely RND (Burda et al., 2018).
We note that the exploration bonuses distilled by RND remain independent of any estimate of FB
representations. Notably, in this setting, we can leverage precollected exploration datasets from
the Unsupervised Reinforcement Learning Benchmark (Laskin et al., 2021), and hence the FB
representation is trained fully offline. We also implement two variants of our algorithm: FBEE-
POLICY explicitly learns an exploration policy 7y : S — Z by maximizing the objective in Eq. (8)
through gradient descent, while FBEE-SAMPLING approximates the maximizer via zero-order
optimization. Due to lack of space, we reserve results of FBEE-POLICY to the Appendix. Finally, we
implement an ablation of our method FBEE-EPISODE to study the impact of how long to optimize
for the most uncertain reward embedding z¥. With FBEE-EPISODE, we only compute zZ (via
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Figure 3: Environments used in our experiments. (Left to right): Walker, Cheetah, Hopper,
Quadruped, Point-mass maze. Inthe Point-mass maze domain, we show an example
of initial state (yellow point), which always starts in the top-left room, and the 20 test goals (red
circles).

Eq. (8)) at the beginning of each training episode, whereas the default implementation optimizes for
it every 100 interaction steps (10 times more frequently). We implement this ablation for both FB
(FB-EPISODE) and our method FBEE -EPISODE.

Results We evaluate zero-shot performance of FBEE on 15 tasks across 5 domains in DMC every
100k exploration steps. At evaluation time, given a task reward function r(s, a), the agents acts with
the reward representation zr = E(s )~p[r(s, a)B(s, a)] for 1000 environment steps. The reward
function is bounded to [0,1], hence maximum return per task is of 1000. In practice, we compute the
expectation by taking the average over relabeled samples from the current replay buffer. Zero-shot
scores curves averaged across tasks for every domain are shown in Fig. 4. For zero-shot scores per
each task, see Fig. 6.

As shown in Fig. 4, FBEE asymptotically achieves similar or better performance than the original FB
method, hence answering our question i). Most importantly, we observe that in all the environments,
FBEE exhibits significant sample efficiency gains compared to FB across all domain, empirically
showcasing that FBEE achieves the most important goals of our work, which is that of driving efficient
exploration, hence answering our question ii). We notice that in easier tasks such as cheetah the
performance gap between FB and FBEE is reduced, showcasing that random exploration over reward
embeddings is still a fairly good strategy. In these lines, we would like to notice that we find somewhat
remarkable the general sample efficiency showcased by the naive FB exploration. We reserve to
future work a deeper analysis on this finding. This naturally flows to answering our question iii) by
which we empirically show that randomly exploring over reward embeddings leads to much sample
efficiency than doing it at the action level. This can be observed by the low performance of the
RANDOM among all domains.

Finally, we are left with question iv), evaluating the impact on the z¥ frequency update during an
exploration episode. We observe that for all methods the higher the frequency the better, although
differences are only highly noticeable for the hopper, maze tasks. For FBEE, this could be
caused by several reasons. Our posterior update over F' differs from theoretically sound approaches
(e.g., Metelli et al. (2019) suggested propagating uncertainty through a TD update involving Wasser-
stein barycenters), and can potentially incur in myopic behavior. In practice, however, practical
instantiations of similar algorithms (Metelli et al., 2019) resort to the same approach as ours. Our
hypothesis is that, as we update each of the ensemble members against its own target network, each
member provides a temporally extended (and consistent) estimate of the value uncertainty via TD
estimates, hence propagating uncertainty and alleviating myopic behavior. This was also observed
by Osband et al. (2016). A second hypothesis would be that of our exploration strategy 7 not
guaranteed of picking the z¥ to maximize uncertainty in Q over all 7’s, but instead picking the z that
greedily maximizes it. However, we empirically show that our method leads to significant sample
efficiency gains compared to other exploration alternatives and we leave this analysis for future work.

F-uncertainty versus (Q-uncertainty. As we have argued in Section 4, F™=-uncertainty and Q™=-
uncertainty may lead to different exploration behaviors. For purpose of demonstration, we analyze
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Figure 4: Zero-shot scores averaged over different downstream task as number of environment
samples increases. Metrics are averaged over 30 evaluation episodes and 10 independent random
seeds. Shaded area is 1-standard deviation. Topline is maximum score of FB-RND (offline method
with precollected data). Note: RND buffer for the Hopper task is not available in URLB benchmark
(Laskin et al., 2021).

293 the average uncertainty across state-action pairs for the Maze experiment. In Fig. 5 we observe how
294  the uncertainty of F'"= relates to the uncertainty of Q™= for different z samples in a particular F'B
295 checkpoint from training — although there is a slight positive correlation between the determinant of
296 CoVar[F™ | s,a, z] and Var[Q™ | s, a, 2]] in expectation. With a quite low R? score of 0.18, this
297 signifies that there is no strong correlation signal. In fact, we observe instances where we have high
298 (™= uncertainty and low '™+ uncertainty.

|CoVar[F™=|s, a, 2]
o
L

T T T T T T T
-2 -1 0 1 2 3 4

Var[Q™|s, a, 2]

Figure 5: Regression scatter plot of the determinant of CoVar[F™ | s, a, z] and Var[Q™ | s, a, 2] for
a F'B checkpoint in Maze experiment.
299 7 Conclusion

300 In this work we have proposed an epistemically-guided exploration framework for sample efficient
301 learning of I'B representations. We have done so by maintaining an ensemble approximation of the
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predictive posterior distribution over Q™+, and subsequently picking the least certain 7, in terms of
variance of Q™=, which can be seen as an instance of uncertainty sampling. This is a pure exploration
algorithm since the exploration-exploitation trade-off is non-existant in the zero-shot RL setting. In
experiments, this is a suprisingly effective exploration strategy which outperforms other exploration
algorithms on the DMC benchmark.

While this is an initial attempt at phrasing an exploration algorithm for zero-shot RL, many extensions
are henceforth possible, such as extending this approach to further uncertainty-based exploration
algorithms such as UCB or Thompson sampling. An efficient exploration algorithm necessarily needs
to take into account how information is correlated across different z € Z in order to maximally
reduce it with least amount of data. Finally, a full Bayesian treatment of F'B representations is still
an open question, especially with the assumption of a full posterior over F' and B, which is a difficult
object because of the non-uniqueness of F'B.
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A Appendix

A.1 Environments

All the environments are based on the DeepMind Control Suite(Tassa et al., 2018) and some adapted
by (Touati et al., 2022).

* Point-mass Maze: a 2-dimensional continuous maze with four rooms. The states are 4-dimensional
vectors encoding for positions and velocities of the point mass, and the actions are 2-dimensional
vectors. Importantly, the initial position of the point-mass is always sampled from a uniform
distribution over the spatial domain of the top-left room only. At test, we evaluate performance of
agents on 20 goal-reaching tasks (5 goals in each room described by their (x,y) coordinates. See
figure . This task is set as a goal-reaching task and hence we compute zp at evaluation time by:
zr = B(s).

* Cheetah: A 17 state-dimensional running planar biped consisting of positions and velocities
of robot joints. Actions are 6-dimensional. We evaluate on 4 tasks walk, run, walk
backward, run backward. Rewards are linearly proportional to the achieved velocity up to
the desired task velocity.

» Walker: A 24 state-dimensional planar walker consisting of positions and velocities of robot joints.
Actions are 6-dimensional. We evaluate on 4 tasks: stand, run, flip. Inthe stand task
reward is a combination of terms encouraging an upright torso and some minimal torso height. The
walk and run task rewards include a component linearly proportional to the achieved velocity up
to the desired task velocity. £11ip includes a component encouraging angular momentum.

* Hopper: A 15-dimensional planar one-legged hopper. Actions are 4 dimensional. We evaluate on
5tasks: stand, hop, flip. Inthe stand the reward encourages a minimal torso height. In
the hop, hop backward tasks the rewards have an additional term that is linearly proportional
to the achieved velocity up to the desired task velocity. Inthe f1ip, flip backward includes
a component encouraging angular momentum.

* Quadruped a four-leg spider navigating in 3D space. States and actions are 78 and 12 dimensional
respectively. We evaluate on 4 tasks: stand, walk, run Jjump. stand reward encourages
an upright torso, walk and run have an additional term that is linearly proportional to the achieved
velocity up to the desired task velocity. jump includes a term encouraging some minimal height of
the center of mass.

A.2 Prior information on rewards

When dealing with high dimensionality environments, learning future probabilities for all states is
very difficult and generally requires large d to accommodate for all possible rewards. In general,
we are often interested in rewards that depend not on the full state but on a subset of it. If this
is known in advance, the representation B can be trained on that part of the state only, with same
theoretical guarantees (Appendix, Theorem 4 (Touati & Ollivier, 2021)). Hence, when knowing
that the reward will be only a function of a subset of the state and action spaces GG, we can leverage
an environment-dependant feature map ¢ : S X A — G, and learn B(g) instead of B(s,a), where
g = ©(s,a). Importantly, rewards can be arbitrary functions of g. This was also suggested in
(Touati & Ollivier, 2021). In what follows, we list the feature maps that were used for the different
environments.

* Point-mass Maze: ¢(s,a) = [z, y].

* Chetah: ¢(s, a) = [v,, L, ] where v, is the velocity along the x-axis in the robot frame and L, is
the angular momentum about x-axis.

» Walker: ¢(s,a) = [vg,torso,, torso,,, ] where v, is the horizontal velocity of the center of mass,
torso, is the height of the torso and torso.,, is the projection from the z-axis of the torso to the
z-axis of the world frame.
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» Hopper: ¢(s,a) = [vy,torso. soot 1 Where v, is the horizontal velocity of the center of mass and
torso, root is the height of the torso with respect to the foot.

* Humanoid: ¢(s,a) = [torso.,v,torso,, | where torso, is the height of the torso, v is the velocity
of the center of mass in the local frame, and torso,,, is the projection from the z-axis of the torso
to the z-axis of the world frame.

* Quadruped ¢(s,a) = [v,torso,, ] where v is the torso velocity vector in the local frame and
torso,,, is the projection from the z-axis of the torso to the z-axis of the world frame.

B Hyperparameters

In Table | we summarize the hyperparameters used in our experiments. For a fair comparison, unless
specified, we used the same parameters among all methods. Most of the parameters were adapted
from (Touati et al., 2022).

Table 1: Hyperparameters.

Hyperparameter Value

Optimizer Adam (default hyperparameters)
Learning rate 1074

Batch size 256

Ratio gradient step/environment step 0.5

1 Z-dimension 50 (100 for maze)
Discount factor 0.98 (0.99 for maze)
Mix ratio for z sampling 0.3

Momentum coefficient for target networks update  0.99

Number of reward labels for task inference 104

Number of ensemble members 5

Frequency of z updates (training) 0.01

C Additional experiments

C.1 Zero-shot scores per task

We evaluate zero-shot performance of FBEE on 15 tasks across 5 domains in DMC every 100k
exploration steps. At evaluation time, given a task reward function (s, a), the agents acts with the
reward representation zp = E[r(s,a)B(s, a)] for 1000 environment steps. The reward function is
bounded to [0,1], hence maximum return per task is of 1000. In practice, we compute the expectation
by taking the average over relabeled samples from the current replay buffer. Zero-shot scores across
domains for all tasks is shown in Fig. 6. In this section we additionally show another ablation of
our method, namely FBEE-POLICY which explicitly learns an exploration policy mp : S — Z by
maximizing the objective in Eq. (8) through gradient descent. In general we observe that it performs
in par with FBEE-SAMPLING, and we attribute the mismatches in performance to not extensive
hyperparameter finetuning.
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Figure 6: Zero-shot scores for different downstream task as number of environment samples increases.
Metrics are averaged over 30 evaluation episodes and 10 independent random seeds. Shaded area is
1-standard deviation. Topline is maximum score of FB-RND (offline method with precollected data).
Note: RND buffer for the Hopper task is not available in URLB benchmark (Laskin et al., 2021).



