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Abstract

Goal-Conditioned Reinforcement Learning (GCRL) enables agents to au-
tonomously acquire diverse behaviors, but faces major challenges in visual envi-
ronments due to high-dimensional, semantically sparse observations. In the online
setting, where agents learn representations while exploring, the latent space evolves
with the agent’s policy, to capture newly discovered areas of the environment.
However, without incentivization to maximize state coverage in the representation,
classical approaches based on auto-encoders may converge to latent spaces that
over-represent a restricted set of states frequently visited by the agent. This is
exacerbated in an intrinsic motivation setting, where the agent uses the distribution
encoded in the latent space to sample the goals it learns to master. To address
this issue, we propose to progressively enforce distributional shifts towards a
uniform distribution over the full state space, to ensure a full coverage of skills
that can be learned in the environment. We introduce DRAG (Distributionally
Robust Auto-Encoding for GCRL), a method that combines the β-VAE framework
with Distributionally Robust Optimization. DRAG leverages an adversarial neural
weighter of training states of the VAE, to account for the mismatch between the
current data distribution and unseen parts of the environment. This allows the
agent to construct semantically meaningful latent spaces beyond its immediate
experience. Our approach improves state space coverage and downstream control
performance on hard exploration environments such as mazes and robotic control
involving walls to bypass, without pre-training nor prior environment knowledge.

1 Introduction

Goal-Conditioned Reinforcement Learning (GCRL) enables agents to master diverse behaviors in
complex environments without requiring predefined reward functions. This capability is particularly
valuable for building autonomous systems that can adapt to various tasks, especially in navigation
and robotics manipulation environments [Plappert et al., 2018, Rajeswaran et al., 2018, Tassa et al.,
2018, Yu et al., 2021]. However, when working with visual inputs, agents face significant challenges:
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observations are high-dimensional and lack explicit semantic information, making intrinsic goal
generation for exploration, reward calculation, and policy learning substantially more dif�cult.

A common approach to address these challenges involves learning a compact latent representation
of the observation space, that captures semantic information while reducing dimensionality [Nair
et al., 2018, Colas et al., 2018, Pong et al., 2019, Hafner et al., 2019a, Laskin et al., 2020, Gallouédec
and Dellandréa, 2023]. Assuming a compact - information-preserving - representation that encodes
the main variation factors from the whole state space, agents can leverage latent codes as lower-
dimensional inputs. In the GCRL setting, agents are conditioned with goals encoded as latent codes,
usually referred to as skills [Campos et al., 2020], which reduces control noise and enables ef�cient
training. Thus, many works build agents on such pre-trained representations of the environment
[Mendonca et al., 2023, Zhou et al., 2025], but usually leave aside the question of the collection of
training data, by assuming the availability of a state distribution from which sampling is ef�cient.
Without such knowledge, some methods use auxiliary exploration policies for data collection [Campos
et al., 2020, Yarats et al., 2021, Mendonca et al., 2021], such as maximum entropy strategies Hazan
et al. [2019] or curiosity-driven exploration Pathak et al. [2017], but these often struggle in high-
dimensional or stochastic environments due to density estimation and dynamics learning dif�culties.

An alternative, which we focus on in this work, is theonlinesetting: the representation is learned
jointly with the agent's policy, using rollouts to train an encoder-decoder. This allows the representa-
tion to evolve with the agent's progress and potentially cover the full state space. Unlike auxiliary
exploration, GCRL-driven representation learning aligns training with a meaningful behavioral
distribution, which naturally acts as a curriculum. A representative approach isRIG [Nair et al.,
2018], where a VAE encodes visited states, and latent samples from the prior are used as "imagined"
goals—creating a feedback loop between representation and policy learning.

However, this process suffers from key limitations. A common critique is that continual encoder
training leads todistributional shift —a well-known issue in machine learning—which destabilizes
policy learning and reduces exploration diversity. In this collaborative setting, we identify two distinct
sources of shift: one from theagent's perspective, where the meaning of the latent codes it receives
as inputs continuously evolves; and one from theencoder's perspective, in the distribution of visited
states to be encoded during rollouts. While policy instability caused by distributional shift from the
agent's perspective can be mitigated using a delayed encoder, we argue that distributional shift in
the encoder's input data—i.e., the states reached during rollouts—is not only desirable, but essential
for exploring the environment and expanding the representation. Rather than limiting such shift, we
propose to anticipate and deliberately steer it using a principled method, ensuring that it bene�ts
exploration and learning rather than undermining them.

Our main contribution is to leverageDistributionally Robust Optimization (DRO) [Delage and
Ye, 2010] to guide the evolution of the representation. By integrating DRO with a� -VAE [Higgins
et al., 2017a], we introduceDRAG (Distributionally Robust Auto-Encoding for GCRL), which uses
an adversarial weighter to emphasize underrepresented states. This allows the agent to build latent
spaces that generalize beyond its current experience, progressively covering the state space.

Our contributions are:

• We introduce a DRO-based VAE framework tailored to GCRL.

• We reinterpret SKEW-FIT [Pong et al., 2019] as a non-parametric instance of DRO-VAE.

• We proposeDRAG, a - more stable - parametric DRO-VAE approach to encourage state
coverage through adversarial neural weighting.

• We show that when encoder learning anticipates distributional shift, explicit exploration
strategies become unnecessary inRIG-like methods; the latent prior alone generates mean-
ingful goals. This enables focusing on selecting goals of intermediate dif�culty (GOIDs
Florensa et al. [2018]) to improve sample ef�ciency.

Our approach improves state space coverage and downstream control performance on hard exploration
environments such as mazes and robotic control involving walls to bypass, without pre-training nor
prior environment knowledge.
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Figure 1: General framework of online VAE representation learning in RL.Green: RL loop using the
VAE encoder to convert high-dimensional statesst to latent stateszt . Blue: latent goalzg sampling
(from prior distribution or replay buffer) and selection.Red: Representation Learning with VAE,
using data from the replay buffer combined with Distributionally Robust Optimisation (DRO).

2 Background & Related Work

2.1 Problem Statement: Unsupervised Goal-conditioned Reinforcement Learning

In this work, we consider the multi-goal reinforcement learning (RL) setting, de�ned as an extended
Markov Decision Process (MDP)M = < S; T; A; G; R g; S0; X > , whereS is a set of continuous
states,T is the transition function,A the set of actions,S0 the distribution of starting states,X the
observation function andRg the reward function parametrized by a goalg 2 G. In our unsupervised
setting, we are interested in �nding control policies that are able to reach any state inS from
the distribution of starting statesS0. Thus, we consider thatG � S. S being continuous, we
set the reward functionRg as depending on a threshold distance� from the goalg: for any state
s 2 S, we consider the sparse reward functionRg(s) = 1[jjs � gjj2 < � ]. Rg(s) > 0 is only
possible once per trajectory. For simplicity, we also consider that any pixel observationx 2 X
corresponds to a single states 2 S. Thus, given an horizonT, the optimal policy is de�ned as
� � = max � Eg2 G E� � � ( � jg) [

P T
t =0 Rg(st )], where� = ( s0; a1; s1; :::; sT ) is a trajectory, and� (� jg)

is the distribution of trajectories giveng in the MDP when following policy� .

2.2 Multi-task Intrinsically Motivated Agents

Multitask Intrinsically Motivated Agents provide a powerful framework in GCRL to tackle un-
supervised settings by enabling agents to self-generate and pursue diverse tasks without external
prior knowledge of the environment via anintrinsic goal distribution. This approach has proven
effective for complex problems such as robotic control and navigation, and has also shown bene�ts
in accelerating learning in supervised tasks where goals are known in advance [Colas et al., 2018,
Ren et al., 2019, Hartikainen et al., 2020, Gallouédec and Dellandréa, 2023]. Various criteria have
been investigated for the formulation of the intrinsic goal distribution. Many of them focus on
exploration, to encourage novelty or diversity in the agent's behavior [Warde-Farley et al., 2018,
Pong et al., 2019, Pitis et al., 2020, Gallouédec and Dellandréa, 2023, Kim et al., 2023]. Among
them, MEGA [Pitis et al., 2020] de�nes a density estimatorpS

t from the buffer (e.g., via a KDE) and
samples goals at the tail of the estimated distribution to foster exploration.SKEW-FIT Pong et al.
[2019] maximizes the entropy of the behavior distribution. It performs goal sampling from a skewed
distributionpskewedt (s), designed as an importance resampling of samples from the buffer with a rate
1=pS

t to simulate sampling from the uniform distribution. Other approaches are focused on control
success and agent progress, by looking at goals that mostly bene�t improvements of the trained policy.
This includes learning progress criteria [Colas et al., 2019], or the selection of goals of intermediate
dif�culty (GOIDs) [Sukhbaatar et al., 2017, Florensa et al., 2018, Zhang et al., 2020, Castanet et al.,
2022], not too easy or too hard to master for the agent, depending on its current level. Approaches
from that family, such asGOALGAN [Florensa et al., 2018] orSVGG [Castanet et al., 2022] usually
rely on an auxiliary network that produces a GOIDs distribution based on a success predictor.
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2.3 Online Representation Learning with GCRL

Variational Auto Encoders (VAEs) present appealing properties when it comes to learning latent state
representations in RL. With their probabilistic formulation, the observation space can be represented
by the latent prior distribution, which enables several operations to take place, such as goal sampling
in GCRL [Nair et al., 2018, Pong et al., 2019, Gallouédec and Dellandréa, 2023] and having access
to the log-likelihood of trajectories for model-based RL and planning [Higgins et al., 2017b, Hafner
et al., 2019b,a, Lee et al., 2020b]. The seminal workRIG [Nair et al., 2018], which is the foundation
of our paper, is an online GCRL method that jointly trains a latent representation and a policy
� (a j zx ; zg), wherezg is a goal sampled in the latent space, andzx = q (x) is a VAE encoding of
observationx of the current state. During training, the agent samples a goalzg � p(z), with p(z) the
prior (typically N (0; I )), and performs a policy rollout duringT steps or until the latent goal and
the encoded current state are close enough. The policy is then optimized via policy gradient, using
e.g. a sparse reward in the latent space, and the visited states are inserted in a training buffer for the
VAE. This framework enables the agent to autonomously acquire diverse behaviors without extrinsic
rewards, by aligning representation learning and control. The policy collects new examples for the
VAE training, which in turn produces new goals to guide the policy, implicitly de�ning an automatic
exploration curriculum. To avoid exploration bottlenecks, which is the main drawback ofRIG, the
SKEW-FIT principle introduced in the previous section for the sampling of uniform training goals
was also applied in the context of GCRL representation learning, on top ofRIG. SKEW-FIT for visual
inputs [Pong et al., 2019] is, to our knowledge, the most related approach to our work, which can be
seen as an instance of our framework, as we show below.

Beyond generative models based on VAE, other types of encoder-decoder approaches have been
introduced in the context of unsupervised RL, including normalizing �ows [Lee et al., 2020a] and
diffusion models [Emami et al., 2023], each offering different trade-offs in terms of expressivity,
stability, and sample quality. In addition, contrastive learning methods [Oord et al., 2018, Srinivas
et al., 2020, Stooke et al., 2021, Lu et al., 2019, Li et al., 2021, Aubret et al., 2023] have been
employed to learn compact and dynamic-aware representations, without relying on reconstruction-
based objectives. Some methods rely on pre-trained generalistic models such as DinoV2 to compute
semantically meaningful features from visual observations [Zhou et al., 2025], although usually
inducing additional computational cost.

In this work, we use the� -VAE framework [Higgins et al., 2017a], for simplicity and to follow the
main trend initiated byRIG Nair et al. [2018]. However, the principle introduced in Section 2.4 could
easily be applied to many other representation learning frameworks. The general framework of online
VAE representation learning in GCRL is depicted in Figure 1. Compared toRIG, it includes a DRO
resampling component, which we discuss in the following.

2.4 Distributionally Robust Optimization

This section introduces the general principles of Distributionally Robust Optimization (DRO) [Delage
and Ye, 2010, Ben-Tal et al., 2013, Duchi et al., 2021], developed in the context of supervised machine
learning to address the problem of distributional shift, which happens when a model is deployed on a
data distribution different from the one used for its training. DRO proposes to anticipate possible shifts
by optimizing model performance against the worst-case distribution within a speci�ed set around
the training distribution. Formally, given a family of possible data distributionsQ, DRO considers
the following adversarial risk minimization problem:min � 2 � maxq2Q E(x;y ) � q [`(f � (x); y)], with `
a speci�ed loss function which compares the predictionf � (x) with a given ground truthy.

In the absence of a prede�ned uncertainty setQ, DRO methods strive to de�ne such an uncertainty set
relying on heuristics. This has been the subject of many research papers, see [Rahimian and Mehrotra,
2019] for a broad and comprehensive review of these approaches. In the following, we build on the
formulation proposed in [Michel et al., 2022], which considersQ as the set of distributions whose
KL-divergence w.r.t. the training data distributionp is upper-bounded by a given threshold� .
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Likelihood Ratios Reformulation AssumingQ as a set of distributions that are absolutely continu-
ous with respect top1, the inner maximization problem of DRO can be reformulated using importance
weightsr (x; y) such thatq = rp [Michel et al., 2022]. In that case, we have:

E(x;y ) � q [`(f � (x); y)] = E(x;y ) � p [r (x; y)`(f � (x); y)], which is convenient as training data is as-
sumed to followp.

Given a training dataset� = f (x i ; yi )gN
i =1 sampled fromp, the optimization problem considered in

[Michel et al., 2022] is then de�ned as:

min
�

max
r

1
N

NX

i =1

r (x i ; yi )( `(f � (x i ); yi ) � � log r (x i ; yi )) s.t.
1
N

NX

i =1

r (x i ; yi ) = 1 ; (1)

where the constraint ensures that theq function keeps a valid integration property for a distribution
(i.e.,

R
X ;Y q(x; y)dxdy = 1 ). The term� logr is a relaxation of a KL constraint, which ensures that

q does not diverge too far fromp2. � is an hyper-parameter that acts as a regularizer ensuring a
trade-off between generalization to shifts (low� ) and accuracy on training distribution (high� ).

From this formulation, we can see that the risk associated to a shift of test distribution can be mitigated
simply by associating adversarial weightsr i := r (x i ; yi ) to every sample(x i ; yi ) from the training
dataset, respecting�r := 1

N

P N
i =1 r i = 1 . That said,r can be viewed as proportional to a categorical

distribution de�ned on the components of the training set.

Analytical solution: Given any functionh : X ! R, the distributionq that maximizesEq[h(x)] +
� H q, with H q the Shannon entropy ofq, is the maximum entropy distributionq(x) / eh(x )=� .
Thus, we can easily deduce that the inner maximization problem of(1) has an analytical solution

in r i = N
el ( f � (x i ) ;y i )) =�

P N
j =1 el ( f � (x j ) ;y j )) =�

(proof in Appendix C.1). The spread ofQ is controlled with a

temperature weight� , which can be seen as the weight of a Shannon entropy regularizer de�ned on
discrepancies ofq regardingp.

Solution based on likelihood ratios: While appealing, it is well-known that the use of this
analytical solution forr may induce an unstable optimization process in DRO, as weights may vary
abruptly for even very slight variations of the classi�er outputs. Moreover, it implies individual
weights, only interlinked via the outputs from the classi�er, while one could prefer smoother weight
allocation regarding inputs. This is particularly true for online processes like our RL setting, with
new training samples periodically introduced in the learning buffer.

Following Michel et al. [2022, 2021], we rather focus in our contribution in the next section on
likelihood ratios de�ned as functionsr  (x; y) parameterized by a neural networkf  , where we set:

r  (x i ; yi ) = n
expf  (x i ;y i )

P n
j =1 expf  (x j ;y j )

; 8 mini-batchf (x j ; yj )gn
j =1 ; (2)

wheref  is periodically trained on mini-batches ofn samples from the training set, using �xed
current� parameters, according to the unconstrained inner maximization problem of(1) for a given
number of gradient steps. This parameterization enforces the validity constraint at the batch-level,
through batch normalization hard-coded in the formulation ofr  . Though it does not truly respect
the full validity constraint from(1) in the case of small batches, this performs well for commonly
used batch sizes in many classi�cation benchmarks [Michel et al., 2022]. Classi�ers obtained through
the alternated min-max optimization of(1) are more robust to distribution shifts than their classical
counterparts. Using shallow or regularized networksf  is advised, as strong Lipschitz-ness ofr (x; y)
allows to treat similar samples similarly in the input space, which guarantees better generalization and
stability of the learning process. These generalization and stability properties lack to non-parametric
versions of DRO, such as a version using the analytical solution for inner-maximization presented
above, which could be viewed as the optimalr  based on an in�nite-capacity neural networkf  . In
the next section, we build on this framework to set a representation learning process for RL, that
encourages the agent to explore.

1In the situation where all distributions inQ are absolutely continuous with respect top, for all measurable
subsetA � X � Y and allq 2 Q , q(A) > 0 only if p(A) > 0.

2This can be seen easily, observing that:KL (qjj p) =
R

q(x) log(q(x)=p(x))dx =
R

p(x)r (x) log r (x)dx).
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3 Distributionally Robust Auto-Encoding for GCRL

To anticipate distributional shift naturally arising in GCRL with online representation learning, we
�rst propose the design of a DRO-VAE approach, which was never considered in the literature to the
best of our knowledge3. Then, we include it in our GCRL framework, namedDRAG, see Figure 1.

3.1 DRO-VAE

Classic VAE learning aims at minimizing the negative log-likelihood:L = � Ex � p(x ) logp�;� (x),
with p�;� (x ) the predictive posterior, which can be written as:p�;� (x) =

R
p(z)p� (xjz)dz, wherep(z)

is a prior over latent encoding of the datax, commonly taken asN (0; I ), andp� (xjz) is the likelihood
of x knowingz and the parameters of the decoding model� . Given that this marginalization can
be subject to very high variance, the idea is to use an encoding distributionq� (zjx) to estimate this
generation probability [Kingma and Welling, 2013]. For any distributionq� such thatq� (zjx) > 0
for anyz with p(z) > 0, we have:p�;� (x) = Ez� q� (zjx ) p(z)p� (xjz)=q� (zjx).

In our instance of the DRO framework, we thus consider the following optimization problem:

min
�;�

max
� 2 �

� Ex � � (x ) logp�;� (x); (3)

where� is the uncertainty set of distributions of our DRO-VAE approach. As in standard DRO, we
introduce a weighting functionr : X ! R+ which aims at modeling�p for any distribution� 2 � ,
and respects both validity (i.e.,Epr (x) = 1 ) and shape constraints (i.e.,KL (� jjp) � � , for a given
pre-de�ned� > 0). Relaxing the KL constraint by introducing a� hyper-parameter, we can get a
similar optimization problem as in classical DRO. However, aslogp�;� (x) is intractable directly, we
consider a slightly different objective:

min �;� � Ex � p r � (x) log p�;� (x); (4)

with r � = arg max
r :Ep r =1

� Ex � p r (x) ~L �;� (x) � � Ex � p r (x) log r (x);

where the only difference is that the inner maximization considers an approximation~L �;� (x) �
logp�;� (x). ~L �;� (x) is estimated via Monte-Carlo importance sampling, as~L �;� (x) =
log

P M
j =1 exp(logp� (xjzj ) + log p� (zj ) � logq� (zj jx)) � log(M ) given M sampleszj from

q� (zj jx) for any x, which can be computed accurately (without loss of low log values) using
the LogSumExp trick.

This formulation suggests a learning algorithm which alternates between updating the weighting
functionr and optimizing the VAE. At each VAE step, the encoder-decoder networks are optimized
considering a weighted version of the classical ELBO. Denoting asr the weighting function adapted
for current VAE parameters via (4), we have:

Ex � p(x ) r (x) log p�;� (x) � Ex � p(x ) r (x)Ez� q� (zjx ) log
p(z)p� (xjz)

q� (zjx)

�
nX

i =1

r (x i )
n

0

@ 1
m

mX

j =1

logp� (x i jz
j
i ) � KL (q� (zjx i )jjp(z))

1

A ; (5)

where this approximated lower-boundL DRO-VAE
�;�;r (f x i gn

i =1 ) can be estimated at each step via Monte-
Carlo based on mini-batches ofn data points(x i )n

i =1 from the training buffer andm latent codes
(zj

i )m
j =1 for each data pointx i . Optimization is performed using the reparameterization trick, where

each latent codezj
i is obtained from a deterministic transformation of a white noise� j

i � N (0; I ).

3.2 DRAG

Plugging our DRO-VAE in our GCRL framework as depicted in Figure 1 thus simply comes down to
weight (of resample) each samplex i taken from the replay buffer with a weightr i .

3This is not surprising, as in classical VAE settings, the aim is to modelp with the highest �delity.
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As shown in Section 2.4, classical DRO maximization in Equation(4) has a closed-form solution:
r i / e� ~L �;� (x i )=� . In Appendix C.2, we show that in our GCRL setting, this reduces to theSKEW-FIT
method, where VAE training samples are resampled based on theirpskewed distribution.

We claim that the instability of non-parametric DRO, well-known in the context of supervised ML,
is ampli�ed in our online RL setting, where the sampling distributionp depends on the behavior
of a constantly evolving RL agent. OurDRAG method thus considers the parametric version of the
weighting function, implying a neural weighterf  : X ! R as de�ned in Equation(2), trained
periodically for a given number of gradient steps on the inner maximization problem of (4).

In our experiments, we use for our weighterf  a similar CNN architecture as the encoder of the
VAE, but with a greatly smaller learning rate for stability (as it induces a regularizing lag behind
the encoder, and hence enforces a desirable smooth weighting w.r.t. the input space). We also use
a delayed copy of the VAE to avoid instabilities of encoding from the agent's perspective. The full
pseudo-code of our approach is given in Algorithm 1 in Appendix B.

4 Experiments

Our experiments seek to highlight the impact ofDRAG on the ef�ciency of GCRL from pixel input4.
As depicted in Figure 2, we structure this section around two experimental steps that seek to answer
the two following research questions in isolation:

� Representation Learning strategy: DoesDRAG helps overcoming exploration bottlenecks of
RIG-like approaches? (Figure 2a)

� Latent goal sampling strategy: What is the impact of additional intrinsic motivation when using
the representation trained withDRAG? (Figure 2b)

(a) Representation Learning strategy experiments. (b) Latent Goal selection strategy experiments

Figure 2: Our two questions: (a) how doesDRAG perform as a representation learning approach? (b)
how doesDRAG impact goal sampling approaches from the literature?

In all experiments, the policy� � (�jz; zg) is trained using theTQC off-policy RL algorithm [Kuznetsov
et al., 2020], conditioned on the latent state and goal. Learning is guided by a sparse reward in
the latent space, de�ned asRg(s) = r (zx ; zg) = 1 [jzx � zg j2 < � ], wherex stands as the pixel
mapping ofs andzx its encoding. Experimental details are given in Appendix A.

Evaluation Our main evaluation metric is thesuccess coverage, which measures the control of any
policy � on the entire space of states, de�ned as:

S(� ) =
1

jĜj

X

g2 Ĝ

E
�
1[9s 2 �; jjs � gjj2 < � j� � � (:jz0 = q (X (s0)) ; zg = q (X (g))) ; s0 � S0]

�
;

whereĜ is a test set of goals evenly spread onS, andX (:) stands for the projection of the input
state to its pixel representation. Note that goal achievement is measured in the true state space. The
knowledge ofS is only used for evaluation metrics, remaining hidden to the agent.

4The code is available at https://github.com/nicolascastanet/DRAG
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Environments We consider two kinds of environments, with observations as images of size82� 82.
Additional results on image of size128� 128are also provided in appendix D.5. InPixel continuous
PointMazes, we evaluate the different algorithms over 4 hard-to-explore continuous point mazes.
The action space is a continuous vector(�x; �y ) = [0 ; 1]2. Episodes start at the bottom left corner
of the maze. Reaching the farthest area requires at least 40 steps in any maze. States and goals are
pixel top-down view of the maze with a red dot highlighting the corresponding xy position.Pixel
Reach-Hard-Wallsis adapted from the Reach-v2 MetaWorld benchmark [Yu et al., 2021]. We add
4 brick walls that limit the robotic arm's ability to move freely. At the start of every episode, the
robotic arm is stuck between the walls.

4.1 Representation Learning strategy

In this initial stage of our experiments, we set aside the intrinsic motivation component of GCRL and
adopt the standard practice of sampling goals from the learned prior of the VAE, i.e.zg � N (0; I ).
Our objective is to compareDRAG, which trains the VAE on data sampled from a distribution
proportional tor  (x) p� � (x), with the classicalRIG approach, which samples uniformly from the
replay buffer, i.e.prig(x) / p� � (x). We also include a variant taken fromSKEW-FIT, where the VAE
is trained on samples drawn from a skewed distribution de�ned aspskewed(x) / p� � (x) � , with � < 0
an hyper-parameter that acts analogously to� from DRAG (with � = � 1=� , see Appendix C.2).

Figure 3: Evolution of the success coverage over PointMazes and Reach-Hard-Walls environments
(6 seeds each) for 4M steps (shaded areas as standard deviation). Bottom: Median, Interquartile
Mean, Mean and Optimality Gap of success coverage across the all runs after 4M steps. We plot
these metrics and con�dence intervals using the Rliable library [Agarwal et al., 2021].

Success Coverage evaluationResults in Figure 3 show the evolution of the success coverage
over 4M steps. We see thatDRAG signi�cantly outperformsRIG andSKEW-FIT. These results
corroborate that online representation learning withRIG is unable to overcome an exploration
bottleneck. Therefore, aRIG agent can only explore and control a very small part of the environment.
Furthermore, the success coverage ofRIG is systematically capped to a certain value.SKEW-FIT is
often able to overcome the exploration bottleneck but suffers from high instability, which indeed
corresponds to the main drawback of non-parametric DRO, highlighted in Michel et al. [2021].
Therefore,SKEW-FIT is unable to reliably maximize the success coverage. On the other hand,
DRAG is more stable due to the use of parametric likelihood ratios and is able to maximize the
success coverage. Additional results and visualizations on these experiments are presented in
Appendix D.1. In particular, they show a greatly better organized latent space withDRAG than with
other approaches. We also show in appendix D.2 thatDRAG obtains better latent representations
in terms of the trustworthiness score [Venna and Kaski, 2001], which measures the preservation of
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