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Abstract

Learning to control an agent from offline data
collected in a rich pixel-based visual observation
space is vital for real-world applications of rein-
forcement learning (RL). A major challenge in
this setting is the presence of input information
that is hard to model and irrelevant to controlling
the agent. This problem has been approached by
the theoretical RL community through the lens of
exogenous information, i.e., any control-irrelevant
information contained in observations. For exam-
ple, a robot navigating in busy streets needs to
ignore irrelevant information, such as other peo-
ple walking in the background, textures of ob-
jects, or birds in the sky. In this paper, we focus
on the setting with visually detailed exogenous
information and introduce new offline RL bench-
marks that offer the ability to study this prob-
lem. We find that contemporary representation
learning techniques can fail on datasets where the
noise is a complex and time-dependent process,
which is prevalent in practical applications. To ad-
dress these, we propose to use multi-step inverse
models to learn Agent-Centric Representations
for Offline-RL (ACRO). Despite being simple
and reward-free, we show theoretically and em-
pirically that the representation created by this
objective greatly outperforms baselines.

1. Introduction

Effective real-world applications of reinforcement learning
or sequential decision-making must cope with exogenous
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information in sensory data. For example, visual datasets of
a robot or car navigating in busy city streets might contain
information such as advertisement billboards, birds in the
sky, or other people crossing the road. Parts of the observa-
tion (such as birds in the sky) are irrelevant for controlling
the agent, while other parts (such as people crossing along
the navigation route) are extremely relevant. How can we
effectively learn a representation of the world that extracts
just the relevant information for controlling the agent while
ignoring irrelevant information?

Real-world tasks are often more easily solved with fixed of-
fline datasets since operating from offline data enables thor-
ough testing before deployment, which can ensure safety,
reliability, and quality in the deployed policy (Lange et al.,
2012; Ebert et al., 2018; Kumar et al., 2019; Jaques et al.,
2019; Levine et al., 2020). The Offline-RL setting also
eliminates the need to address exploration and planning,
which come into play during data collection.! Although
approaches from representation learning have been studied
in the online case, yielding improvements, exogenous in-
formation has proved to be empirically challenging. In this
paper, we therefore ask the question: is it possible to learn
distraction-invariant representations from rich observations
in offline RL?

Approaches for discovering small tabular MDPs (<500 dis-
crete latent states) or linear control problems invariant to
exogenous information have been introduced (Dietterich
et al., 2018; Efroni et al., 2021; 2022a;b) before. However,
the planning and exploration techniques in these algorithms
are difficult to scale. A key insight that Lamb et al. (2022)
uncovered is the usefulness of multi-step action prediction
for learning exogenous-invariant representation. However
this work was limited to settings where the endogenous dy-
namic is tabular and contains small amount of latent states.
Further, they did not use the learned representations to solve
a downstream task.

We propose to learn Agent-Centric Representations for
Offline-RL (ACRO) using multi-step inverse models, which
predict actions given current and future observations, as
in Figure 2. ACRO avoids the problem of learning distrac-

!This elimination, however, can make offline RL more difficult
if the wrong data is collected.
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Figure 1: Left: Representation Learning for Visual Offline RL in Presence of Exogenous Information. We propose
ACRO, that recovers the agent-centric latent representations from visual data which includes uncontrollable irrelevant
information, such as observations of other agents acting in the same environment. Right: Normalized Results Summary.
ACRO learns to ignore the observations of task irrelevant agents, while baselines tend to capture such exogenous information.
We use different offline datasets with varying levels of exogenous information (Section 4) and find that baseline methods
consistently under-perform w.r.t. ACRO, as is supported by our theoretical analysis. Experimental results are normalized
(averaged) across domains and different types of datasets (expert, medium-expert and medium).

tors because they are not predictive of the agent’s actions.
This property even holds for temporally-correlated exoge-
nous information. At the same time, we show that multi-step
inverse models capture all the information that is sufficient
for controlling the agent while being entirely reward-free,
which we refer to as the agent-centric representation. Our
first contribution is to show that ACRO outperforms all cur-
rent baselines on datasets from policies of varying quality
and stochasticity. Figure 1 gives an illustration of ACRO
along with a summary of experimental findings.

A second core contribution of this work is to develop and
release several new offline-RL benchmarks designed to have
especially challenging exogenous information. In particular,
we focus on diverse temporally-correlated exogenous infor-
mation with datasets where (1) every episode has a different
video playing in the background, (2) the same STL-10 image
is placed to the side or corner of the observation throughout
the episode, and (3) the observation consists of the views of
nine independent agents but the actions only control one of
them (see Fig. 1). Task (3) is challenging since the agent
that is controllable must be learned from data.

Finally, we also introduce a new theoretical analysis (Sec-
tion 2.2) that explores the connection between exogenous
noise in the learned representation and the success of Offline-
RL. In particular, we show that Bellman completeness is
achieved from the agent-centric representation of ACRO
while representations which include exogenous noise may
not verify it. Bellman completeness has been previously

shown to be a sufficient condition for the convergence of
offline RL methods based on Bellman error minimization
(Munos, 2003; Munos & Szepesvari, 2008). This highlights
the challenges of Offline RL with exogenous information at
the observation level.

2. ACRO: Agent-Centric Representations for
Offline-RL

2.1. Preliminaries

We consider a Markov Decision Process (MDP) setting for
modeling systems with both relevant and irrelevant com-
ponents (also referred as exogenous block MDP in Efroni
et al. (2021)). This MDP consists of a set of observations,
X'; a set of latent states, Z; a set of actions, A; a transition
distribution, T (z° | z; &); an emission distribution q(x | z);
a reward function R : X x A — R; and a start state dis-
tribution (z). We also assume that the support of the
emission distributions of any two latent states are disjoint.
The latent state is decoupled into two parts z = (S; €) where
s € S is the agent-centric state and e € & is the exoge-
nous state. For z;z° € Z;a € A the transition function
is decoupled as T (2" | z;a) = T(s" | s;a)Te(€’ | €); and
the reward only depends on (S; a). These definitions imply
that there exist mappings » : X - Sand 7¢: X — &
from observations to the corresponding agent-centric and
exogenous and uncontrollable latent states. As in Lamb
et al. (2022), we assume that the agent-centric dynam-
ics is deterministic. The agent interacts with the environ-
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ment, generating a latent state, observation and action se-
quence, (z1;X1;81;22;X2;82;- -+ ;) where z; ~ (-) and
Xt ~ q(- | Zt). The agent does not observe the latent
states (Z1;Zo; - - - ), instead receiving only the observations
(X1; X2; - - - ). The agent chooses actions using a policy dis-
tribution (@ | X). A policy is an exo-free policy if it is not
a function of the exogenous noise. Formally, for any X; and
Xo, if ?(Xl) = ?(Xz), then ( | X]_) = ( | X2).

We consider learning representations from an offline dataset
D = (X;A) consisting of sequences of N observations
X = (Xg;X2;X3; ;XN ) and the corresponding actions
A = (as1;82;a3;::;;an ). We are in the rich-observation
setting, i.e., observation X¢ € R™ is sufficient to decode zt.
Our focus is on pre-training an encoder : R™ — RY on
D such that the frozen representation St = (X¢) is suitable
for offline policy optimization. In our setting, we assume
that the reward function is free of exogenous noise, and only
depends on the endogenous part of the observation space.

2.2. Benefits of Exogenous Invariant Representation in
Offline RL

Due to its importance to practical applications, the offline
RL setting has been extensively studied by the theoretical
community. The majority of provable value-based offline
RL algorithms follow a Bellman error minimization ap-
proach (Munos, 2003; Munos & Szepesvari, 2008; Antos
et al., 2008), in line with the techniques used in practice.
The common representational assumptions needed to derive
these results are: (A1) the function class contains the op-
timal Q function (realizability), (A2) the data distribution
is sufficiently diverse (concentrability), and (A3) Bellman
completeness (Munos & Szepesvari, 2008). This last condi-
tion states that the function class can properly represent the
Bellman backup of any function it contains.

Definition 2.1 (Bellman Completeness). We say that a
function class F is Bellman complete if it is closed un-
der the Bellman operator. That is, for any f € F it
holds that 7f € F, where (7TF)(x;a) = R(x;a) +
Ex Txojxay[maxq F(X';a")] forall (x;a) € X x A.

Chen & Jiang (2019) conjectured that (A1) and (A2) alone
are not sufficient for sample efficient offline RL, and, re-
cently, Foster et al. (2021) established a lower bound proving
this claim. Thus, the representational requirements needed
for offline RL are more intricate than in supervised learning.

With these observations in mind, we highlight a key ad-
vantage of the agent-centric representation - relatively to
other representations in the offline RL setting. Namely,
we show one can construct a Bellman complete function
class on top of -, while some representations that include
exogenous information provably violate Bellman complete-
ness. To formalize these claims, we denote by Qs =
{(s;a) — [0;1] : (s;a) € S x A} the set of Q-functions

defined over S, and for a given representation , we let
F()=A{(s5a) » Q( (s);a): Q€ Osi(s;a) € S x A}
denote the set of Q-functions defined on top of . The
following proposition states that the Agent-Centric repre-
sentation leads to a Bellman complete function class (all
proofs in Appendix A.1/ Appendix A.2).

Proposition 2.2 (ACRO Representation is Bellman Com-
plete). F( ») is Bellman complete.

Next, we show that there exists a representation strictly more
expressive than ACRO (i.e., one that includes exogenous
information and all the agent-centric information) which,
surprisingly, violates the Bellman completeness property.

Proposition 2.3 (Exogenous Information May Violate Bell-
man Completeness). There exists which is a refinement
of » such that F( ) is not Bellman complete.

This proposition implies that exogenous information be-
ing included in the representation may break the Bellman
completeness assumption, which is a requirement for estab-
lishing the convergence of offline RL algorithms based on
Bellman error minimization. From this perspective, addi-
tional information in the representation may deteriorate the
performance of offline RL. Conversely, a coarser represen-
tation may trivially violate the realizability assumption Al:
such a representation may merge states on which the optimal
Q-function differs, preventing it from being realized.

Together, these observations motivate the experimental
pipeline used this work: learn the agent-centric representa-
tion by optimizing Equation 30, then perform offline RL on
top of it. In doing so, we obtain a representation that is suffi-
cient for optimal performance, and yet filters the exogenous
information which can (i) be impossible to exactly model,
and (ii) hurt the offline RL performance.

2.3. Proposed Method: ACRO

Learning Representations: To learn representations that
discard exogenous information, we leverage prior works
from the theoretical RL community and train a multi-step
inverse action prediction model, which captures long-range
dependencies thanks to its conditioning on distant future
observations. This leads to the ACRO objective, namely
to predict the action conditioning on (X¢) and  (X¢+k)-
Note that even though we are conditioning on the future
observation, we only predict the first action instead of the
sequence of actions up to the k-th timestep, as the former is
easier to learn (K is sampled up to a maximum span of K).

Our proposed method, which we call Agent-Centric Repre-
sentations for Offline-RL (ACRO), optimizes the following

2Let X be a finite set of elements. Given a partition P of X let
its induced equivalence relation be denoted by  p. A partition P
is finer than Py if for any X1; X2 2 X such that X; p, Xz italso
holds that X1 p, Xa.
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proposed a multi-step inverse model where the learnt repre-
sentation () is regularized, so that( ) discards irrelevant
details from observations. This was accomplished by
using vector-quantization on the encoder's output, forcing
discrete latent states to be learnt for constructing a tabular
MDP for latent recovery. In contrasACRO is not limited

to tabular settings and learns a continuous endogenous latent
state without a bottleneck. The learnt pre-trained representa-
tion () is used for policy optimization in of ine RL. More
details of our algorithm are discussed in Appendix E.3.

Figure 2:ACRO. is a multi-step inverse model that predicts ¢ ine RL:  Given the learnt representation we can

the rst action conditioned on the current state andthefuture}hen use any existing of ine RL algorithm. The perfor-
state.+ denotes concatenation. mance on the downstream task depends on the robustness of
the learnt representation For our experiments, we build

off from the open source code base accompanying the v-dé4rl
benchmark (Lu et al., 2022b). We implement the pre-trained
representation objectives in a model-free setting, where we
useTD3 + BC as the baseline of ine RL algorithnt?].

The policy improvement objective fopthe baselipe RL algo-
This approach (Figure 2) is motivated by two desiderata: (iyithmis givenby:.L (D)= Ex,p Q (S;&) where
ignoring exogenous information and (i) capturing the latents, =  (augx,)) is the encoded augmented visual observa-
state that is necessary for control. The invariance lemmgon, s, = (s;)+ (action with clipped noise to smooth
(Efroni et al., 2021) (see Appendix B.1 for proof) states thattargets, clip(N (0; 2); c:0). The criticQ(s; (s))
optimal action predictor models can be obtained withoufs evaluated by a TD loss, and we use re-parameterized gra-
dependence on exogenous noise, when the data-collectifients through the critic for policy improvement step. The
policy is assumed not to depend on it either. overall loss for policy improvement using the encodkd

At the same time, prior work has shown that single-stedS:
inverse models of action prediction can fail to capture the
full agent-centric latent state (Efroni et al., 2021; Lamb

et al., 2022; Hutter & Hansen, 2022). One type of counter- . . .
. ! . For pixel based visual observations, recent work (Lu et al.,
example for single-step inverse models stems from a failur

X : 3022b) used TD3 algoroithm along wiblrQ + BC, where
to capture long-range dependencies. For example, in an_ - : . .
. . o it additionally applies the data augmentations on pixel based
empty gridworld, a pair of positions that are two or more. . i
: inputs. DrQ passes the gradients of the critic to learn the
spaces apart can be mapped to the same representation witll- .

) . . encoder, and there are no separate or explicit represen-
out increasing the loss of a one-step inverse model. Another .. - L .
. : ation losses other than the critic estimation, for training

simple counter-example involves a problem where the las . ) .
. . ) L . the encoder in DrQ. We use the same of ine experiment
action the agent took is recorded in the observation, in which

. ) . . pipeline from (Lu et al., 2022a), where representations are
case the encoder can simply retrieve that action directl ) .
L . . X . )(Jre-tralned with ACRO.
while ignoring all other information (although recording all
recent actions in the observation is an issue for multi-stej2.4. DoesACRO also remove task relevant information?
inverse models). The use of multi-step inverse models r&e

solves both of these counter-examples and is able to Iearcnenﬂg%ﬁg;igﬁisn;llylsr; ?r?frg:)mnz:g;e;gitut{] sbag?:tnst i
the full agent-centric state (Efroni et al., 2021). Detailed P b )

theoretical analysis OAACRO provided in appendix B, with that the agent can affect. Let us consider two variants of a

speci ¢ counterexamples to one-step models in B.4 gridworld environment in which actions move the agent in
P P P o the four directions (left, right, up, and down), and the agent

We emphasize here that even though inverse models of ais-able to move a block without the block itself having any
tion prediction have appeared in past literature (as discussezgffect on the agent. In a push variant, the agent moves the
in related works), they are often proposed for the purposeblock when it moves towards it (moving off the edge of the
of exploration and reward bonus. In contrast, we proposegridworld wraps onto the other side, to prevent the block
to learn the multi-step inverse model to explicitly uncoverfrom getting trapped in the corners). In a pull variant, the
a representation that contains only the agent-centric, emgent moves the block along with itself unless it moves to
dogenous part of the state. Recently, Lamb et al. (202Zhe outer edge of the grid, which causes the agent to drop

objective based on a multi-step inverse model:

»2argmax E log(P(asj (xt); (Xt+k))) (1)
2 t UO;N);
kK UOK)

h i
L (D)= Esap Q (sua) ( (s) a)® (2

4
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Table 1:Overview of Properties of prior works on rep-  which turns on after the break is applied on a car (De Haan
resentation learning in RL, in particular their robustness tcet al., 2019). Behavior Cloning predicts actions given cur-
exogenous information. The comparisonAGRO aims  rent state and may also condition on future returns. This
to be as generous as possible to the baselihésused to s invariant to exogenous noise but can struggle with non-
indicate a known counterexample for a given property. Weexpert policies and generally fails to learn agent-centric
compare the properties (i) Time-Independent Exogenougtent state. Inverse models predicting sequences of actions,
Invariant (ii) Reward-Free (i) Exogenous Invariant (iv) like GLAMOR (Paster et al., 2020) considers an online
Non-Expert Policy (v) Full Agent-Centric Representation. setting where they learn an action sequence as a sequential

_ multi-step inverse model and rollout via random shooting
TD3 1-Step Behavior BYOL ACRO

AGOTMS | (prg) CURL PRML PBC A jnverse cloning Explore (Ours) and re-scoring, using both the inverse-model accuracies and
L an action-prior distribution. Additional discussion and ex-
Reward | . 4 . s s 5 5 5 perin_we_ntal results c_omp{arim;pRO _vvith action sequence
Exogenous prediction, are provided in appendix B.3.

Invariant 7 7 7 3 7 3 3 ? 3

Non-E: rt . . .
e e Contrastive Methods CURL (Augmentation Contrastive,

EZ'L. 3 7 5 7 3 7 3 . 3 (Laskin et al., 2020)) learns a representation which is invari-

ant to a class of data augmentations while being different

across random example pairs. Depending on what aug-
the block. We trainedACRO on 500000 samples on each of mentations and datasets are used, the learnt representations
these environments, and found that the learnt representatiomould generally learn exogenous noise and also fail to cap-
captures the state of both the agent and the block, whiléure agent-centric latent states (which could be removed by
discarding exogenous noise. Detailed experimental resul§ome augmentationsfOMER andDRIML (Time Con-
extensive discussion included in Appendix D.1. trastive, (Misra et al., 2020), (Mazoure et al., 2020)) learns

representations which can discriminate between adjacent

This demon;trates tha}t the agent-.centric representation bbservations in a rollout and pairs of random observations.
more extensive than might be imagined at rstglance. Any-rpig hag peen proven to not be invariant to exogenous in-

thing that in uences the actions t?"eﬂ by the policy n_eecj%ormation and neither can capture the agent-centric latent
to be captured by the representation in order to predict thgtate (Efroni et al., 2021)

rst action it took from a pair of representations. As an

additional illustration, consider the example of a robot handPredictive Models Autoencoders learn to reconstruct an
grabbing a block, and a pair of states; s;0), wheres; observation through a representation bottleneck. Genera-
corresponds to the state before the object was grasped atide modeling approaches usually capture all information in
spo after. The agent-centric representation needs to includéhe input space which includes both exogenous noise and
information that pertains to the block's position and ori-the agent-centric latent state (Hafner et al., 2019). Wang
entation; otherwise, it would be impossible to predict theet al. (2022a;b) showed that a generative model of transi-
actions governing the robot's motion (in the direction of tion in the observation space can decompose the space into
the object) or how its joints are adjusting to grab the objectagent-centric state and exogenous information. While this
Note that this would not be required for a simple one-step indoes, in principle, eventually achieve an Agent-Centric rep-
verse model, as the robot hand's joint positions in successiveesentation, it comes at the cost of learning the exogenous

states are suf cient to infer what action was taken. representation and its dynamics before discarding the in-
formation.BYOL-EXPLORE (Guo et al., 2022) achieved
3. Related Work impressive empirical results in online exploration by pre-

_ _ _dicting future representations based on past representations
In Table 1, we list prior works and whether they verify and actions. While this approach can ignore exogenous

various properties, in particular invariance to exogenousnformation, there is no guarantee that it will do so, nor that
information. An extended discussion on related works ist will learn the full agent-centric state.

provided in Appendix C. ) . .
RL with Exogenous Information. Several prior works

Inverse Dynamics Models One-Step Inverse Models pre- study the RL with exogenous information problem. In Di-
dict the action taken conditioned on the previous and resulietterich et al. (2018); Efroni et al. (2022a;b), the authors
ing observations. This is invariant to exogenous noise bu¢onsider speci ¢ representational assumptions on the un-
fails to capture the agent-centric latent state (Efroni et alderlying model, such as linear dynamics or factorized rep-
2021), as previously discussed in Section 2.3. This camesentation of the exogenous information in observations.
result from inability to capture long-range dependencies oOur work focuses on the rich observation setting where the

could result from trivial prediction of actions using a dash-representation itself should be learned. Efroni et al. (2021)
board displaying the last action taken, such as the brakelight

5
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proposes a deterministic path planning algorithm for being
invariant to exogenous noise. Unlike their approach which
requires interaction with the environment using a tabular-
MDP, ACRO is a purely of ine algorithm. Lastly, the work

of Lamb et al. (2022) suggests an endogenous latent state
recovery algorithm through the use of a discretization bot-
tleneck. Their approach is designed to work for MDPs
with tabular and small endogenous state space. In contrast,
ACROrecovers a continuous counterpart of the endogenous
latent state space directly, without the need to construct a
tabular-MDP. Hence, it is applicable for larger scale prob-
lems. Furthermore, we focus on reward optimization, not
only on latent state discovery.

4. Experiments: Of ine RL with Exogenous Figure 3: Examples of Differeqt Cate'gories of Exoge-

Information nous Infqrmgtlon_. Further deta|ls_: of qlﬁerent exogenous
information in of ine datasets, with visual examples, are

This section provides extensive analysis of representatioprovided in Appendix E.1.1.

learning from visual of ine data under rich exogenous in-

formation (Figure 3). Our experiments aim to understand

the effect of exogenous information andN€ERO can truly * MEDIUM-EX0. Exogenous noise with either low-

learn the agent-centric state and thus improve performance diversity or simple time-correlatiora) Exogenous image

in visual of ine RL. To this end, we evaluattCROagainst ~ Placed in the corner of agent observations, changes per
several state of the art representation learning baselinesepisodep) Exogenous image placed on the side of agent
across two axes of added exogenous informafie@mporal observations, changes per episatjeA single xed ex-

Correlation and Diversity, hence characterizing the level —0genous video playing in the background.
of dif culty systematically. We nd that under exogenous
information in of ine RL, the performance of several state
of the art representation learning objectives can degrade
dramatically.

* HARD-EX0. Exogenous noise with both high-diversity
and rich temporal correlatiom) Exogenous image in the
background which changes per episade;Exogenous
video in the background which changes per episojlEx-

Two particular challenges in the datasets we explore are the opgenous observations of nine agents placed in a grid, but
temporal correlation and diversity in the exogenous noise. the actions only control one of the agents (see Figure 1).
Temporal Correlation:Exogenous noise which lacks tem-

tporl?l corr;a_latiﬁn (t|me-|nd?ptg ndent n0|s_e|)| IS retlat'l\(/elyﬁaskxperiment Setup. We provide details of eacBx0OGE-
0 lteroutin the representation, especially In tasks Wnere€y ;s parasersin Appendix E.1.1, along with descrip-

the agent-centric latent state has strong temporal correlatiogor]S for the data collection process in Appendix E.2. Fol-

Diversity: Similarly for the other axis, if exogenous noise lowing Fu et al. (2020); Lu et al. (2022a), we release these

'Sf ?;]ore db|verse, I:I h?s a g:jeater |mpzic;c_on tEe comple|X|t atasets for future use by the RL community. All experi-
ot the subsequently learned representation. or example, lf o i< inyolve pre-training the representation, and then freez-

there are only two possible distracting background image%g it for use in an of ine RL algorithm. We us&D3 + BC

n thel vx&ors:)r:zse()theJ{;an:wah;y oggfcti;]screte riﬁresentgtlc;?s the downstream RL algorithm, along with data augmenta-
IS only doubled. Lon the other hand It there are thousanas ok, (Kostrikov et al., 2020). Experiment setup and imple-

possible dlst_ractmg backgrou_nd images, then the effect %Mentation details are discussed in Appendix E.3. Additional
the complexity of representation would be far greater. We

o . . X . ““experimental results are also provided in appendix D.
primarily categorize our novel visual of ine datasets into
three categoriegFigure 3 in appendix provides observations Baselines We compareve baselines, which are stan-
under different exogenous distractors): dard for learning representations of visual data. The
baselines we consider are: (i) two temporal contrastive
learning methodsPRIML (Mazoure et al., 2020) and
» EAsY-Exo0. Exogenous noise with low-diversity and no HOMER (Misra et al., 2020); (ii) a data augmentation
time correlation.a) Visual of ine datasets from v-d4rl method,DRQ (Kostrikov et al., 2020), and a spatial con-
benchmark (Lu et al., 2022a) without any backgroundtrastive approachCURL (Laskin et al., 2020); and (iii)
distractorsp) Distractor setting (Lu et al., 2022b) with a inverse dynamics model learninge., 1-step inverse ac-
single xed exogenous image in the background. tion prediction (Pathak et al., 2017). We do not con-
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Table 2:EAsy-Exo. Comparison of different representation methods on the standard v-d4rl benchmark, without additional
exogenous informationACRO consistently outperforms baseline methods in visual of ine data. Performance plots in
Appendix Figure 16. 10 seeds and std. dev. reported.

ENVIRONMENT DATASET ACRO DRIML HOMER DrRQv2 CURL 1-SrEPINVERSE
Expert 451.0 39 3302 29 2278 16 2569 22 213.0 06 2399 04
CHEETAH-RUN Medium-Expert| 466.0 3.2 399.2 25 390.7 1.3 3881 35 3284 21 299.3 0.6
Medium 528.7 + 0.8 508.5 0.7 518.1 0.4 4883 05 377.0 0.8 400.3 0.4
Medium-Replay| 416.9 0.9 2333 1.2 3332 12 3815 16 2794 1.8 2723 .6
Expert 9245 2.2 48510 49 67055 4.1 888.6 6.0 800.36 2.5 831.5 3.4
WALKER-WALK Medium-Expert | 914.6 1.8 4383 3.3 7745 25 906.6 09 724.6 4.5 651.8 4.0
Medium 486.7 0.2 469.4 05 4851 0.7 4256 16 429.0 2.0 389.4 1.1
Medium-Replay| 277.8 0.5 2043 34 3189 4.0 3085 15 2348 24 146.7 0.7
Expert 799 1.1 175 01 216 04 341 0.3 285 0.2 254 0.1
HUMANOID-WaLk | Medium-Expert| 1424 1.2 26.8 0.2 318 0.1 70.8 0.5 63.2 0.9 56.3 0.5
Medium 103.8 1.8 351 03 53.8 04 96.4 0.9 40.6 0.4 46.7 0.1
Medium-Replay| 197.8 0.5 926 0.3 102.7 0.6 121.0 04 778 0.8 100.7 1.1
AVERAGE 415.8 270.0 327.4 363.9 299.7 288.4

Figure 4:M EDIUM -EXO Results Performance comparison ACRO with several other baselines, with varying levels of
exogenous information settings, either from STL10 dataset (Coates et al., 2011) or xed video distractors in background
during of ine data collection. Normalized (averaged) performance plots across different control domains (Humanoid,
HalfCheetah and Walker) as we vary the type of of ine data collecting policies.

Exo0 since the dataset only contains a blank background
without any additional exogenous noise being added. We
nd that ACRO learns a good agent-centric latent represen-
tation from pixel data with no apparent noise in observations,
and can lead to effective performance improvements through
pre-training representations. Extending result&aby-

Exo with static uncorrelated image background distractors
from the v-d4rl benchmark, we see that the performance
signi cantly decreases for all methods, whi#eCRO can

Figure 5:Normalized results across two domains from strongly outperform all baselines, with the smallest drop in

the v-d4rl distractor suite with varying levels (easy, mediumperformance. Figure 5 shows normalized results across two

and hard categories) of data shift severity (Lu et al., 2022bx{ifferent datasets and domains from v-d4rl. The distractors
in this case belong to varying degree of shifts in the data

sider baselines such &°R(Schwarzer et al., 2020) and distribution, according to (Lu et al., 2022b).

SGI (Schwarzer et al.,, 2021) which work well on the

ALE Ataril00K benchmark but not on control bench-4 2 Medium-Exogenous Information Of ine Datasets

marks (Tomar et al., 2021). We also include Atari results in_. .

Appendix D.2 where representations are pre-trained usin igure 4 shows normalized results across three do-

ACRO and used over a Decision Transformer (Chen et al ains (cheetah-run, walker-walk, humanoid-walk) for the
‘MEDIUM-EXO setting. Among these, the xed background

2021b). : .
) video is the hardest task. Most methods underperform on
. . data collected from a medium policy, compared to medium-
4.1. Basy-Exogenous Information Of ine Datasets expert and expert policies. Howev&C RO consistently

Table 2 summarizes results from the v-d4rl benchmark withoutperforms all methods across datasets and distractor set-
visual of ine data (Lu et al., 2022b). We label this BaSY-
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tings. Note the high variability in performance of baselineswith a behavior cloning loss; and 3) wher(k) the timestep
when changing the type of exogenous information (fromembedding, is additionally provided as input. Ablations are
corner, to side, to xed video), while in contragiCRO  shown over three different policies: random, medium-replay
performs similarly for all three settings. This suggests thatand expert in Table 3. Appendix D.4 includes results of
baseline methods do not learn exogenous-free robust repr@CRO on role of data coverage in of ine datasets.
sentations, while ACRO remains impervious to it.

Table 3:Ablations for different policies. The highlighted
4.3. Hard-Exogenous Information Of ine Datasets cells indicate where each variant fails to mafs8RO's

With correlated exogenous noise in the form of either imperforma_nce, hence_showmg that each componehQiRRO

ages or video, we observe that baseline representation objét'i,—essem""lI for consistently good performance. 5 seeds and
tives can be remarkably broken. Figure 6 shows normalize&td' dev. reported.

performance comparisons across different types of datasetgnyironmenT | RANDOM  MEDIUM-REPLAY EXPERT

(expert, medium-expert, medium) for three different types of Acro 829 55 228.8 50.1 525.8 89.0
HARD-EXO settings. Comparativel ACRO can be more k=1 947 7.9 241.0 9.9 187.5 33.8
robust to the hard exogenous distractors, even though asnvy x; 05 0.1 229.4 64.7  496.8 100.2
theHARD-EXO types increase in dif culty, the maximum  witH k 431 495 251.8 153 3022 29.1

performance reached by all methods can degrade. Among
the threeHARD-EXO settings, changing video distractors gqr poth random and medium-replay policiks; 1 leads
in background during data collection seems to be the hardg similar results wherk is randomly chosen from 1 to
est, leading to performance drops for most methods. Thigs  AcrO performs much better under an expert pol-
suggests there is a strong correlation issue between the regy \we conjecture that the bene ts of largkercan only
res_,entation and the video pix_els, which breaks when thgg realized when the policy is of high enough quality to
episode changes, hence leading to the worst scores acrq§gserve information over long time horizons. Addition-
the three settings. HowevekCRO remains comparatively 1y training a behavior cloning loss performs similarly to
robust and outperforms all baselines across alHhR&@D-  ACRO for the medium-replay and expert datasets. How-
EXo settings. ever, when the actions come from a random polg@RO
performs much better, while the behavior cloning ablation
collapses completely. This result is analyzed theoretically
in Appendix B.2, which shows tha8CRO is equivalent
to behavior cloning under a deterministic and xed expert
policy, but should be much better otherwise. Addinkg a
embedding generally degrades performance, although the
effect is inconsistent. These results suggestAaRO is a
more well rounded and robust objective than other variants.
In appendix D.3 we also include further ablations on how
ACRO performs, when compared to predicting a sequence
of actions.

Figure 6:HARD-Ex0 Results Normalized performance 4.5. Visualizing Reconstructions from the Decoder

across three datasets: medium, expert, and medium-expeyisualizing Reconstructions Having learnt a representa-
First Column. Time correlated exogenous distractor in tion, we can train a decoder over it to minimize the recon-
background; Second Column Video distractors that struction loss given the original observation. Such recon-
changes per episode in backgroumtird Column . Multi-  structions would therefore measure how much information
ple background agent observations as distractors are placéglthe original observation is preserved in the representation,
in a grid of agent observation space. Normalized perforand thus act as a metric for evaluating the quality of repre-
mance plots across different data collecting policies (expersentations. We compare such reconstructions in Figure 7 for
medium-expert and medium) for three different domainsthe cheetah domain where the exogenous noise comes from
(Cheetah, Humanoid and Walker). a video playing in the background. NotabCRO is able

. to remove most background information while keeping the
4.4. Method Ablations relevant body pose information intact. On the other hand,
We compareACRO with three of its variations, 1) when DRIML performs contrastive comparisons between states
k =1, i.e. a standard one-step inverse model; 2) withy in a given trajectory and is not able to remove exogenous in-
not provided as input, i.e. simply training the representatiorformation quite as wellDRQ is able to remove exogenous
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