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Abstract

Agents that are aware of the separation between
themselves and their environments can leverage
this understanding to form effective representa-
tions of visual input. We propose an approach for
learning such structured representations for RL
algorithms, using visual knowledge of the agent,
such as its shape or mask, which is often inexpen-
sive to obtain. This is incorporated into the RL
objective using a simple auxiliary loss. We show
that our method, Structured Environment-Agent
Representations (SEAR), outperforms state-of-
the-art model-free approaches over 18 different
challenging visual simulation environments span-
ning 5 different robots.

1. Introduction

Proprioception, i.e. the knowledge of one’s own self, is
heavily used by biological entities enabling them to perform
various real-world tasks such as walking, manipulation, and
navigation. Awareness of the position and movement of
their body, and perceiving the environment as external to
themselves, enables forming efficient representations of
the observed input (Shapiro, 2010). In contrast, most con-
temporary methods in visual reinforcement learning (RL)
often learn combined representations in an end-to-end man-
ner (Kalashnikov et al., 2021; Arulkumaran et al., 2017;
Kalashnikov et al., 2018; Levine et al., 2016; Peters et al.,
2010) and require large amounts of data as a result. Inspired
by the concept of the interface between the “inner” and
“outer” environments, we study the following question: is
there a natural way to build a representation that can disen-
tangle a robotic agent from its environment, and does that
improve learning efficiency for RL?

We argue that knowledge of the agent allows RL algorithms
to focus on more interesting aspects of the visual input, such
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Figure 1: SEAR learns structured representations for visual
control, by leveraging knowledge of the robot.

as objects in the environment. Thus, by explicitly forcing
the learning algorithm to disentangle agent-centric repre-
sentations, we also implicitly create environment-centric
ones. This allows for visual RL approaches to not only learn
faster but makes the representations interpretable. Consider
a policy trained on a door-opening task with one type of
robot. If it is aware of the agent-environment distinction,
then it will be able to adapt a lot faster when deployed on
a new robot, or a new task like opening a drawer, since it
will not need to relearn visual appearance and it can focus
just on dynamics. How can we incorporate this into an RL
training setup?

Our solution is simple: we augment the RL loss with an
agent-centric auxiliary loss. Naively doing so using propri-
oceptive data like joint angles or end-effector positions does
not result in the desired representations, as these are not
grounded in the visual observation space, and do not con-
tain information about the robot’s appearance. We find that
the most grounded forms of supervision are agent masks.
If some information is known about the agent, it is often
quite practical to obtain (even rough) masks for agents, for
example, by training a segmentation model.

Our  approach, Structured  Environment-Agent
Representations (SEAR), formulates the agent-environment
representation learning problem as an auxiliary loss to the
RL objective. This loss is the sum of the reconstruction loss
of the agent mask and the full image as shown in Figure 2.
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learned for visual control through auxillary tasks, such as
contrastive learning (Laskin et al., 2020b). Perhaps most
similar to our algorithm, SAC-AE (Yarats et al., 2021b)
uses an autoencoder, in addition to losses from the critic
in SAC (Haarnoja et al., 2018), to train an image encoder
used for visual control. However, unlike our algorithm,
SAC-AE (Yarats et al., 2021b) only uses a single decoder,
and does not attempt to make any explicit distinction be-
tween agent and environment. DrQv2 (Yarats et al., 2021a)
is a state-of-the-art model-free reinforcement learning al-
gorithm for visual continuous control, using random shift
image augmentations and n-step returns for improved sam-
ple ef ciency.

Agent-Environment Centric Learning Previous ap-

, . proaches have directly structured the representation space
Figure 2: Overview oSEAR We use the mask of the agent \sing forward or inverse dynamics (Zhang et al., 2019; Wat-
to learn structured representations. ter et al., 2015), but these methods do not scale well to chal-

lenging image-based manipulation tasks. Hu et al. (2022)

learn a factorized visual dynamics model, using the analyt-
We mathematically formulate the representation learnindcal forward kinematics of the robot and a learned world
problem using variational inference and show that it leadsnodel. While this enables transfer of the world model to
to improved control. new robots with a similar action space, it doesn't exploit

Our approach is complementary to the prior works that aimagent knowledge while training. Previous works have also

to improve RL sample ef ciency by adding auxiliary losses implicitly trained policies aware of robot morphology, us-

: . 2 """ ing the transferablility of the policies as signal (Yu et al.,
to the representations learned by the policy, drawing INSPIra; )1 . 5 an et al. 2017: Dasari & Gupta, 2021 Finn et al,

tion from advances in self-supervised learning in C()rm)UteEOl?). Some methods directly train separate robot and task

vision. This includes using inpainting losses (Pathak et al. L

) . : modules, and attempt to transfer to new combinations of
2016; He et al., 2022), contrastive learning (He et al., 2020these modules (Neumann et al., 2014; Devin et al., 2017)
Chen et al., 2020; Chen & He, 2021; Grill et al., 2020; " ' " '

It is also possible to construct a policy where each node is

Laskin et al., 2020b), large-scale video pre-training (Nair o S
et al., 2022) or simple yet effective image augmentatio represented as a joint and each Imk is an edge (Wang et al.,
N 018; Huang et al., 2020), allowing for ef cient general-

(Yarats et al., 2021a; Laskin et al., 2020a) to make the nefz__. X . )
L . . Ization to new morphologies. Decoupling environment and
work more robust. Such implicit inductive biases allow

X \ agent learning has also been popular in exploration-based
for useful representations, but they don't take advantagepproaches (Parisi et al., 2021: Hu et al., 2022: Bahl et al.,

of the fact that there exists a lot of unta_lpped knowled_ge 0 022: Mendonca et al., 2023). Unlike work which learns
theagent Access to such knowledge is remarkably inex- : !
; - self-perception, we assume access to a self-perception mod-
pensive as the agent morphology or joints are often known . .
ule to provide access to robot segmentation masks, and then
beforehand. ) ; X X
investigate how such a model can be incorporated to im-
Empirically, we nd thatSEAR outperforms state-of-the- prove policy learning. As we show in Appendix D, such
art model-free approaches for RL on a large suite of 1&elf-perception modules can be easily obtained.
different challenging environments, spanning 5 different

robots, including the sawyer, franka and adroit-hand robot33 Background

2 Related Work Reinforcement Learning Formally, the RL problem

is dened by a Markov decision process (MDP)
RL from pixels Model-based approaches (Hafneretal.{S;A;T;So;R; ), whereS is the state spacd is the
2019; 2020; Ebert et al., 2017) learn an ef cient latent spaceaction spaceT (Si+1 jSt; &) is the unknown state transition
dynamics model to learn a policy for visual control tasksfunction, Sy(s) is the initial state distributiorR (s;; a;) is
Model-free algorithms such as RAD (Laskin et al., 2020a)the reward function, and 2 (0;1) is the discount fac-
and DrQ (Kostrikov et al., 2020) make use of image augtor. An agent acts according to some policfajs) and
mentations to provide additional inductive biases. Somehe Iearnigg objective is to maximize the expected return,
methods have focused on improving the representation8s,.a, [ , 'R(st;a)].
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Representation Learning and RL Learning effective Breaking each term down, we rst want to maximize
control policies directly from raw image observations with-E, 4 logp(Xjz). This is the standard reconstruction
out instrumented setups to detect the states of different olless of the Variational Autoencoder (VAE) (Kingma &
jects in the world is quite challenging. One approach towWelling, 2013; Rezende et al., 2014). The second term,
address this is to learn low dimensional representations faE,  logp(Xrjzr) reconstructs the provided robot visual
control (Zhu et al., 2020; Nair et al., 2018; Yarats et al.,informationX g from zg, and the nal term regularizes the
2021b; Laskin et al., 2020a), bringing the setting closer tgosterior distribution just like in regular VAEs.

state-based control. These approaches often model the state

at each timestep as a latemtand learn an encodgr and 4.2, Effectiveness for Control

decodelp by maximizing the evidence lower bound on the

log likelihood of the imageX : Given these structured latent representations, do they enable

better sample ef ciency and faster training for policies?
logp(X) E; qp (Xjz) Dk (9 ZX)iip(z) (1) We_ propose the foIIOWihg thought experimen_t asa Sta_rt_ing
point. Under the graphical model described in Proposition
4. Structured Latents for Control 4.1, con_slder avqlue fun.ctlcm(z) that can, without loss of
generality, be written as:
4.1. Learning Structured Latents

In the approaches V(z) = Vr(zr) + Vc(2) (4)
described above, the

learned latentz mod-

els the entire image,

consisting of both the

robot and the objects

in the environment. Is

there a way we can Figure 3: Graphical Models
learn more structured for prior approaches (left), vs
latent  representations, SEAR (right). Our main insight is that in contact rich tasks, there are many
given access to visual uncertainties in modeling the environment. Furthermore,
information pertaining to the robotg? In addition to the rst step in many such tasks is control of the robot to
learning variable which encodes the entire image, we alsomove it to some target location before it can then engage
modelzg , which corresponds to salient informationXry, ~ in contact. Thus, for a large percentage @f (1, T), there

for control. zz can be thought of as a processed versiorwill be a large emphasis on the rst term of Equation 4,
of z which only containsagentrelevant information, as Wwhich is the value function dependent on the agent directly.
opposed to information of the entire scene. To build theBy explicitly modellingzg , we expect that it will be easier
full dependency graph between variablesX r;z;zz, we for the agent to learn basic robot control. After the agent
state the following desired property: can perform basic control of the robot, and capture some
Proposition 4.1. If z effectively encodeX , then zg reward only relevant to the motion of the robot, it can then

and X should be conditionally independent giveni.e ~ Move on to manipulating the environment, which is better
p(zr:Xjz) = p(zriz):p(Xj2) captured with the second term of Equation 4.

VR is a function only dependent on the agent (the robot
in our case) andl¢ is a coupling term for the value func-
tion, for the case where the agent is directly interacting with
the environment. We argue that this formulation can repre-
sent a large class of value functions, especially under our
disentangled representation space.

Overall, we hypothesize that modellizg enables agents
%o be much more ef cient in learning policies, which is
supported by our experimental analysis. We provide more
details and analysis on this in Appendix A.2, and showcase
pP(X; X r;Z;Zr) = pP(2):p(zrjz):p(Xjz):p(XRrjzr) (2) thisintuition in a toy experiment in Appendix A.3.

We enforce this variable dependency by implementing th
graphical model in Figure 3. The joint probability distribu-
tion resulting from the model is :

In order to learrz; zr,, we maximizeJ = log p(X; X r), 4.3. Visually Grounded Agent Representations
and learn a variational approximation(z; zgrjX ) to the
posterior, which leads to the following lower bound (deriva-
tion in Appendix A.1):

Now that we have seen how to learn agent-centric represen-
tations and that they are effective for learning policies, how
do we obtain the agent-relevant observati#nsrequired

for representation learning? While proprioceptive data such

L= E [ogp(Xj2)]+ E [logp(Xrjzr)] as end-effector positions or joint angles are easily accessible,
Zzr g Zzr q they are not visually grounded, and may not convey the full
Dk (a(z; zrjX))ii(p(z; zR)) information needed to model how the robot appears in the
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image observations. Thus, we try to predict the visual roboflgorithm 1 SEAR: Structured Environment and Agent
observation in the image. One approach for this is to us&®epresentations for Control

a segmentation model of the agent to obtain a robot masky. for t=1 ... Tdo

This is reasonable to obtain for robots since the shape and.  collect transition(x;; m;; a; R(Xt; &) Xts n)
appearance of the robot does not change across tasks, angl  p D[ (x.;mq;a; R(Xe; &) Xee1 )

obtaining the mask model is a one-time cost. Furthermore,4. UPDATECRITICANDDECODERED)

they do not need to be fully accurate, and we show that ours. | yppaTEACTOR (Yarats et al., 2021a)

method can still learn effective control policies when using g. end for

noisy or approximate masks. 7: function UPDATECRITICANDDECODERSED)
Given an image of the full sceré¢, we setXg tobea 8 (Xt;Mu@;rueen 1;Xten) D
segmentation of the robd¥) , whereM;; =1 forevery 9 Sample augmentatioh,

pixel that is occupied by the agent and 0 otherwise. Usingt®:  Z 9 (A1(Xt))

a visual encodeq (:), we gety = q (X), which is then 111 [z5Z{] 2

split into 2 vectors to obtaimr andz. The encoder we 12 Lmask L en{P (z{);A1(My))

use is similar to that of Yarats et al. (2021a) is used 131 Lrecon i P (z) Ai(x)ii3

as input to a decode, (M jzg) which tries to predict the 14:  Computel oigc (Yarats et al., 2021a)
robot mask. This decoder is trained using a binary crosst> Lol L citc + Cilrecon *+ Colmask
entropy loss, as shown in equation 5. Posing the agent6:  Update enc; cric ; mask ; recon USINGL total
centric reconstruction as a classi cation problem allows for17: end function

more ef cient learning.

hyperparameter tuning, we used the same learning rate as
Lmask = M logP (Mjzg)+(1 M)log(1 P (Mjzg)) the critic for the two decoders. Our approach can be seen in
(5) Algorithm 1.

Following Equation 3z is used to approximatg(X jz), by .
using a neural network decoder , which tries to recon- 2. EXperiments

struct the input imagex . _Th|s Is trained using a mean ., o experiments we seek to test the effectiveness of our
squared error reconstruction loss, as shown in equation 6,

structured representations in the following settings : 1) RL
for manipulation with robot arms 2) RL for dexterous ma-
Lrecon = KX P (2)k3 (6) nipulation 3) Control in visually distracting environments
4) Transfer learning/ netuning. We also demonstrate some
We empirically found that setting the last term of Equation 3preliminary results in 5) multi-task learning. In this section,
to be very low or 0 had much better results. we describe our experimental setup, evaluations, baselines

While we use DrQv2 from Yarats et al. (2021a) as our baséfanl results.
reinforcement learning algorithm, it is possible to apply

SEARto any other reinforcement learning algorithm that

utilizes a visual encoder, both for on or off-policy methods.

We apply the same random shift to both the robot masks

and input image observations as part of data augmentation.

The mask decoder, reconstruction decoder, critic, and en-

coder are trained concurrently using a joint loss function,

shown in Equation 7, with coef cients weighing the relative

importance of the three component losses.

L = Leritic + Cilrecon + Colmask (7)

The overall architecture is shown in gure 2. As with the
DrQv2 algorithm, we do not let actor losses backpropagate

into the encoder. OveralGEAR introduces 4 additional Figure 4: Environments used in the evaluation of SEAR.

hyperparameters to a reinforcement learning algorithm: W=, 0 left to fight: Meta-World, Hand Manipulation Suite,
learning rates corresponding to two decoders, and two coe'f_-—ranka Kitchen, Distracting Control Suite

cients for the reconstruction and mask losses. To simplify

4
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e DrQ - DDPG (Lillicrap et al., 2015) with image aug-
mentations, shown to be state of the art in many visual
RL settings. We use the code and setup from Yarats
et al. (2021a), and impleme®EAR on top of this
base.

¢ DrQ-AE - Uses the same encoder@BAR, but with-
out the mask decoder. Has a single decoder operating
on the entire latent vector in order to reconstruct the
original input image. This is a version of SAC-AE
(Yarats et al., 2021b). We run this to test if agent-
Figure 5: Environment RGB images with their correspond-  environment disentangling is helping or if any form of
ing robot segmentation masks. reconstruction will have the same effect.

* DrQ-MAE - Reconstructing randomly masked patches
in the images. Such methods have shown to be robust
in self-supervised learning and control settings (Xiao
et al., 2022; Radosavovic et al., 2022; He et al., 2022).

Environments: We use the following Mujoco-simulated
(Todorov et al., 2012) environment suites:

* Meta-World (Yu et al., 2020) - Table-top manipula-

tion tasks performed by a Sawyer robot arm. ¢ CURL- State-of-the-art self-supervised visual learning
for RL approach (Laskin et al., 2020b), which has

» Franka Kitchen (Gupta et al., 2019) - Manipulat- been shown to be a useful auxiliary loss. Performs
ing objects in a realistic kitchen with a Franka arm. momentum contrastive learning (He et al., 2020) on

. ) ) ) the input images during the RL loop.
e Hand Manipulation Suite (Rajeswaran et al.,

2017) - Manipulating objects with an Adroit hand. 5.1. Analysis and Ablations

« Distracting Control Suite (Stone et al.,
2021) - A variant of the DM Control suite (Tassa et al.,
2018) with distractions added.

Note that we used implementations of the Hand Manipula-
tion Suite and Franka Kitchen from the D4RL benchmark
(Fu et al., 2020). Images of these four environments are
shown in gure 4.

Setup: We obtain agent masks from the simulator directly. ) ] )

Ground truth segmentation masks were generated usirfggure 6: Analysis of robustness 8EARwith noisy and
Mujoco's rendering API, which has a ag for rendering @PProximate robot masks.

segmented images. Pixel values from these segmentation

renders correspond to geometric IDs. We then create binary

masks based on geometric IDs known to correspond to the

robot for a given environment. Example masks from each

suite are shown in Fig. 5. Note that one could also use

a segmentation model for these. The agent receives an

RGB image as input, and a mask as supervision for the

representation learning (all of which are 84x84). For each

environment, a frame stack of 3 was used. For Meta-World

and Distracting Control tasks, an action repeat of 2 was

useq, Whgreas an action repee'lt of 1 was used for Hanﬁgure 7: Noisy Mask (left) and Approximate Mask (right).
M'anlpulatlon Suite and Franka Kitchen tasks. In the Franke\pplementation described in Appendix C.6
Kitchen setup, we used a sparse reward of 1 for each o

the individual tasks. For the multi-task version, we add theRobustness to inaccuracies in robot masks: In real

sparse reward from each subtask achieved. . X
world scenarios, we do not have direct access to robot seg-

We compare to the following baselines in our experiments mentation masks and may need to either have a trained

5
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Figure 8: Meta-World : Success rate for different methods on 10 different tasks from the Meta-World SH&R
outperforms or matches prior approaches on all tasks.

model or use robot proprioception data. WIHEARdoes  both environments in Figure 6 is worse than that of our ap-
use additional information, which is the robot mask dataproach. We also see th&EARIs robust to hyperparameters
we argue that this information is not dif cult to obtain or such as; andc;, the loss coef cients for the reconstruction
approximate. To test this, we run multiple ablations of ourand mask (Appendix E). In Appendix F, we further show
model and analyze these. Firstly, we con rm that addingthat there is a performance drop if the mask loss is added as
even an approximate amount of agent information helpsn auxillary loss without splitting the latent vector.

in the case of learning. This is done via two experiments

shown in Figure 6. Agents were trained on two separaté.2, Continuous Control Experiments

Meta-World tasks. We arti cially introduce noise into the ) )
masks to evaluate the robustness of our approach (showiP" the continuous control experiments, we eval&EAR

in orange). Another option is to use proprioceptive data td®" various chaIIengipg environments, tasks and ber!chmarks,
get an approximate mask. We mimic this by generating yvhere the agent varies greatly in morphology, ranglng_from
large patch of pixels around the joints to get some masi /~DOF robot arm to a hand or an embodied two dimen-
that has a somewhat similar shape to the robot. This curvéonal walker, all in MuJoCo (Todorov et al., 2012). We
is shown in magenta in Figure 6. With both, we see thatrStly_ evaluated our agent on 10 different visually chal-
the performance does not decrease by much, almost beirfgn9ing tasks from the Meta-World benchmark (Yu et al.,
similar to SEAR with a perfect mask, even when a large 2020), as well as on three hand manipulation suite tasks,
amount of noise is added. Such masks can be seen in Fi@_ree Franka Kitchen tasks, and two Distracting Control
ure 7. This experiment allows us to conclude that wherfasks. We measure and report either episode success or total
training in the real world, a segmentation model of the robot€Ward, at test time.

can be used, even if it has inaccuracies. In Appendix D,

we further qualitatively show that a Simple maSking mOdE|Meta_W0r|d We Compared our agents performance, mea-
ne-tuned on 100 images (including those collected on oursyred as episode success rate, to baselines on single-task
robots, and internet images) can give good robot masks fananipulation tasks available in the Meta-World benchmark.
many out-of-distribution images. Due to compute and time constraints, we only ran experi-
ments on 10 tasks, which we chose because they seemed
Implicit Representations: Concluding that incorporat- like the most contact-rich. The results are shown in gure 8.
ing the robot information is important, we analyze otherWe observed greater sample ef ciency on many of the tasks.
ways to learreg from the robot mask, for example in an These are all visually diverse and relatively challenging set-
implicit manner. Thus, we run a simple ablation (green)tings. Furthermore, on three of the tasREAR achieved
with DrQ-RGBM This approach uses the DrQ-v2 algorithm the highest episode reward by the end of training. On button-
trained on observations consisting of RGB images concat@ress-wall and door-clos8EARdid not outperform all the
nated with robot masks. We see that this performance ohaselines, but it still matched the best ones. We found the

6
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Figure 9:Franka Kitchen & Adroit : Success for different methods on 3 different tasks from the FrankaKitchen suite (top)
and from the Adroit-hand suite (bottom). SEAR outperforms or matches prior approaches on all tasks.

auto-encoding baselirierQ-AE to be a strong one, while Distracting Control  If our hypothesis oBEARIearning

contrastive learningqQURL) had dif culty. How doesSEAR  environment-agent disentangling representations was cor-

scale to different types of robots, for example, a Franka? rect, we would see a strong performance in cases where
control completely disentangles environment from agent.

Franka Kitchen We evaluated our agent on the Franka Thus we conducted an experiment on two challenging envi-
Kitchen benchmark, a diverse and visually challenging entonments from the Distracting Control environments: (Stone
vironment, where a task is de ned by a set of objects in the€t al., 2021) the ball-in-cup catch and walker-walk, where
scene that have to be moved to pre-speci ed goal location§ach episode, a random image is shown in the background.
We looked at three different, single item-tasks: kettle, light,Total episode reward results are shown in Fig 10. By the end
and slider. A reward of 1 is given for successfully moving a ©f training, SEAR achieved a higher total episode reward
task item to its pre-speci ed goal location. Results, given©n both tasks compared to all other baselines. This suggests
as total episode reward, are shown in gureSEARbeat thatSEARIlearns useful disentangled representations when
all baselines on light, and matched the best baseline on tHeontrolling a robot in visually distracting environments.
other two tasks. Note that the best baseline was different

between these two tasks (kettle and slide), suggesting that

while there is high inter-task variance in the performance of

the various algorithmsSEARtends to match or surpass the

performance of the best baseline for a given task.

Adroit Hand Manipulation  We evaluated episode suc-

cess rate of our agent on three different tasks within the

Adroit Hand Manipulation Suite: Pen, Hammer, and Door.

Results are shown in gure 9SSEAR outperformed base-

lines on two of the tasks, and matched the best baseline dfigure 10:Distracting Control: Reward for different meth-
the other task. We also ran experiments on the Relocate taskgs, SEAR outperforms all the baselines.

but all of the agents failed to learn, and thus we have not

included it. We found thaCURLwas unable to solve any

of the Adroit Hand Manipulation tasks, even with1.5M  Transfer Learning In transfer learning environments,
environment steps. while the task may be different, the agent is often the same.






