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Abstract— Reinforcement Learning (RL) algorithms can
learn robotic control tasks from visual observations, but they
often require a large amount of data, especially when the visual
scene is complex and unstructured. In this paper, we explore
how the agent’s knowledge of its shape can improve the sample
efficiency of visual RL methods. We propose a novel method,
Disentangled Environment and Agent Representations (DEAR),
that uses the segmentation mask of the agent as supervision
to learn disentangled representations of the environment and
the agent through feature separation constraints. Unlike pre-
vious approaches, DEAR does not require reconstruction of
visual observations. These representations are then used as an
auxiliary loss to the RL objective, encouraging the agent to
focus on the relevant features of the environment. We evaluate
DEAR on two challenging benchmarks: Distracting DeepMind
control suite and Franka Kitchen manipulation tasks. Our
findings demonstrate that DEAR surpasses state-of-the-art
methods in sample efficiency, achieving comparable or superior
performance with reduced parameters. Our results indicate that
integrating agent knowledge into visual RL methods has the
potential to enhance their learning efficiency and robustness.

I. INTRODUCTION

Visual perception is crucial for various robotics appli-
cations, such as autonomous driving, manipulation, and
navigation. While Reinforcement Learning (RL) algorithms
have shown success in many of these tasks, learning control
policies from high-dimensional and complex visual observa-
tions poses a significant challenge, which often requires a
large amount of data and computational resources to achieve
satisfactory performance [1]. Moreover, real-world scenarios
often involve dynamic and unstructured environments, where
the visual scene can change significantly due to various
factors, such as lighting, occlusion, or motion. These factors
can introduce irrelevant or noisy information into the visual
input, distracting or confusing the RL agent and hindering
its learning process [2].

To address this challenge, several encoding methods have
been proposed to learn compact and informative image
representations that can facilitate visual RL [3, 4]. These
low-dimensional feature vectors can then be used as the
state input for various RL algorithms. However, most of
these encoding methods are task agnostic, which can result
in suboptimal or inefficient representations [5]. This can
either miss or obscure the key features that are essential
for the control task or include unnecessary features that are
irrelevant or distracting for the RL agent.
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Fig. 1: Robust representations of the visual scene should
disentangle agent representations from the irrelevant environ-
ment information (e.g., changing background). Agent mask
can extract agent representations from state observations,
while representations not included in agent features can be
pushed far apart.

Therefore, a key challenge for RL methods is to learn in-
variant representations that focus on the task-relevant aspects
of the state and improve sample efficiency i.e. learning to
remove distractors from an image can provide a good prior
for vision-based RL [6, 7, 8]. Previous methods proposed
invariance based on reward through forward or inverse dy-
namics, i.e., two states are “behaviorally equivalent” when
they yield identical immediate rewards and similar subse-
quent state distributions [6]; however, this approach does not
perform well in challenging tasks [9]. Another strategy is
to learn disentangled representations of observations, which
separate the informative factors of variation in an image
from their underlying causes [9, 2]. However, these methods
do not explain how the disentangled representations are
interpretable.

One promising approach is to utilize the prior knowledge
about an agent’s physical characteristics, such as its mor-
phology and joints, to learn invariant representations of the
agent [10]. This knowledge is generally practical, inexpen-
sive, and known in advance. Hu et al. explored learning
a factorized visual dynamics model that utilizes analytical
forward kinematics of the robot and a learned environment
transition model [11]. While this approach can transfer the
environment model to new robots with similar action spaces,
it does not leverage the agent’s knowledge during training.
Another direction is to implicitly train policies that consider
an agent’s morphology, using the policies’ transferability as
a signal [12]. Some methods directly train separate robot
and task modules and attempt to transfer to new variations
of the tasks [13]. All these studies learn self-perception in
a self-supervised manner without extra agent information,
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Fig. 2: DEAR architecture: An agent mask is used as a
supervision to encode agent features zA. Additionally, the
latent distance between zA and zE is maximized to encode
environment features in zE . A concatenation of zA and zE
is used as the input to the RL policy π.

which we assume to have in this study in the form of agent
segmentation masks. We argue that explicitly learning agent
representations could help in implicitly modeling environ-
ment representations, allowing visual RL approaches to learn
faster and making the representations interpretable.

Recent studies have used agent masks as supervision to
train self-perception modules to distinguish the agent and
environment [8, 14]. Wang et al. proposed a method called
VAI to learn visual agent masks from augmented input im-
ages, which are then used to feed only agent representations
to a policy network [8]. However, this method requires two
pre-training steps for the auxiliary task, which can be com-
putationally expensive. On the other hand, SEAR introduced
a weakly supervised auxiliary loss, which is composed of
the reconstruction loss of both the agent mask and the visual
observation [14]. This loss requires an additional decoder
network to generate the original observation, and the encoded
features overlap with the mask features, making it unclear
how the environment features are disentangled.

Instead of image reconstruction used in SEAR, we
present Disentangled Environment and Agent Representa-
tions (DEAR), a method that reduces the overlap between
the agent and environment representations (See Fig. 1).
DEAR employs explicit objectives to effectively separate
the agent and environment representations in the latent
space, as depicted in Fig. 2. This is achieved through
additive feature factorization, which enables the isolation
of the agent features from the other features. We build
on previous works that improve RL sample efficiency by
incorporating additional losses into policy representations
through self-supervised learning methods such as mask-
based latent reconstruction [15], contrastive learning [16],
and effective image augmentation [4]. DEAR introduces an
auxiliary loss that maximizes the distance between the agent
and environment representations in the latent space.

We conduct experiments on two challenging benchmarks
with diverse simulation environments: Distracting DeepMind
(DM) control suite and Franka Kitchen manipulation tasks.
DEAR exhibits improved sample efficiency compared to
other baseline methods. The analysis of the training pa-

rameters and times shows how DEAR obtains an optimal
compromise between the complexity of the model and the
training times while maximizing the latent distance between
representations of the environment and the agent. To further
evaluate the robustness of DEAR, we conducted ablation
experiments with different auxiliary loss coefficients and
noisy or approximate agent masks.

II. PRELIMINARIES

We operate under the assumption that the environment is
a fully observable Markov Decision Process (MDP). This
is represented by a tuple M = (S,A,P,R, γ), where S
is a set of states, A is a set of actions, P: S × S × A
→ [0, 1] is the state-transition function, R: S × A → R is
the reward function, and γ ∈ [0, 1) is the discount factor.
At any given time t, an RL agent selects an action at ∈ A,
based on its current state st ∈ S and its policy at ∼ π(st).
The agent then transitions to the next state according to
the state-transition probability P (st+1|st, at) and receives
a reward, rt = R(st, at). The goal of an RL agent is to
learn a policy π that maximizes the expected discounted
cumulative rewards: maxπEP [

∑∞
t=0[γ

trt]]. In image-based
RL, the agent receives an observation of image pixels Xt ∈
O at time t, a high-dimensional representation of st.

Fig. 3: Graphical model
for (left) SEAR, and
DEAR (right)

One of the approaches to
learning effective control poli-
cies directly from raw image is
to learn a low-level latent repre-
sentation zt ∈ Z of size N <<
dim(O). As described in the
previous section, learning such
representations has been tackled
in several ways: 1) injecting pri-
ors through data augmentation
and 2) injecting auxiliary objec-
tives through self-supervised learning. Data augmentation
methods apply output-invariant perturbations to the labeled
input example, such as random translate, crop, color jitter,
etc. [17, 3]. A common auxiliary loss is the reconstruction
of the visual observation using autoencoders [4], which learn
an encoder qθ : O → Z and a decoder pϕ : Z → O by
maximizing the log-likelihood of the image X.

III. LEARNING DISENTANGLED REPRESENTATIONS FOR
CONTROL

We aim to investigate whether 1) agent mask information
XA can be used to learn agent representations zA explicitly
2) agent representations zA can be used to model environ-
ment representations zE implicitly.

A. Disentangled Environment and Agent representations
(DEAR)

We begin by considering the graphical model from the
previous approach [14] (see Fig. 3), which aims to learn
z, zA by maximizing J = log p(X,XA) to learn a variational
approximation qθ(z, zA|X). We adapt the framework to suit
our graphical model, where the goal is to learn zE and
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zA. This is achieved by maximizing J = log p(XE , XA),
where XE represents the environment image (excluding
agent visuals). Assuming that XE and XA are conditionally
independent at every timestep, we can rewrite J as follows:

J = log p(XE) + log p(XA) (1)

We state the following desired property
Conjecture 1: If zA effectively encodes the agent informa-

tion XA and zE effectively encodes environment information
XE , then the combination of zA and zE encodes the state
representations z, i.e. z = zA + zE , and zA and zE are
conditionally independent, i.e. p(XA|zA) + p(XE |zE) =
p(X|z) ≤ 1.

Using the conjecture in Equation. 1, the evidence lower
bound on J can be expressed as:

J ≥ EzE∼qθ [log p(XE |zE)] + EzA∼qθ [log p(XA|zA)]
= EzA∼qθ [log (1− p(XA|zA))] + EzA∼qθ [log p(XA|zA)]
≥ log (1− EzA∼qθ [p(XA|zA))] + log (EzA∼qθ [p(XA|zA)])
≥ log (EzA∼qθ [p(XA|zA)])− log (EzA∼qθ [p(XA|zA)]2)
= −log (EzA∼qθ [p(XA|zA)])
≥ −EzA∼qθ [log (p(XA|zA))]

where EzA∼qθ [log (p(XA|zA))] reconstructs the agent visual
from XA and zA. Under our assumptions, p(XA|zA) is
enough to model the environment features zE that maximize
J .

Previously, we explored how agent representations can be
learned by having access to agent information. How to obtain
agent-relevant information XA? We start by extracting the
robot segmentation, denoted as M , from an image X of
the entire scene. The value of each pixel occupied by the
robot is set to 1, while the rest is set to 0. A visual encoder,
qθ(.), is then used to generate a vector, z, from the image
X . The vector z is then split into two sub-vectors, zA and
zE . We feed the sub-vector zA into a decoder, pϕ(M |zA),
which predicts the robot mask. This decoder is trained using
a Binary Cross-Entropy (BCE) loss:

Lmask = M log Pϕ(M |zA) + (1−M) log(1− Pϕ(M |zA))
(2)

In order to learn the optimal values of zE and zA, which
are conditionally independent (according to Proposition 1), a
feature separation constraint is enforced that minimizes their
cosine similarity distance [5]:

Ldis =
∣∣∣∥zA∥T2 ∥zE∥2∣∣∣. (3)

This makes the representations orthogonal to each other.
Note that our goal is not to reconstruct the observation state
but rather to extract disentangled representations of X , which
can be useful for the downstream RL control task, i.e., to
capture features in zE that are independent of zA.

B. Visual RL using DEAR

We use the above formulation to integrate DEAR in a
visual RL algorithm. The mask decoder and the disentangle-
ment loss are added as auxiliary objectives, along with the
RL algorithm loss:

L = LRL + αLmask + βLdis (4)

The complete architecture diagram can be found in Fig. 2.
The encoder and decoder structure for reconstructing the
state observation proposed by Yarats et al. [4] is used as
an encoder and mask decoder, respectively, in our imple-
mentation. The actor losses are not backpropagated into the
encoder, and the data diversity is enhanced by applying
random shifts to both robot masks and input image obser-
vations, following the example set by the DrQ-v2 algorithm
[18]. Additionally, gradient flow is stopped at zE to prevent
instability when learning zA. Algorithm 1 provides a detailed
explanation of the approach.

Algorithm 1 DEAR: Disentangled Environment and Agent
Representations for control

1: for t = 1....T do
2: Collect transition (xt,Mt, at, R(xt, at), xt+n)
3: D ← D ∪ (xt,Mt, at, R(xt, at), xt+1) ▷ Add the

transition to Replay buffer D and update
4: UpdateCriticandDecoder(D)
5: UpdateActor
6: end for
7: function UpdateCriticandDecoder
8: (xt,Mt, at, R(xt, at), xt+n) ∼ D ▷ Sample transition
9: zt ← qθ(A1(xt)) ▷ Sample augmentation A1

10: [zAt , z
E
t ]← zt

11: Lmask ← LBCE(Pϕ(z
A
t ), A1(Mt)) ▷ See Eqn. 2

12: Compute Ldis ← L(z
A
t , z

E
t ) ▷ See Eqn. 3

13: Ltotal ← Lcritic + αLmask + βLdis ▷ See Eqn. 4
14: Update θenc, θcritic, θmask using Ltotal

15: end function

C. Value function Intuition

In accordance with Proposition 1’s graphical model, the
value function can be expressed as V (z) = VA(zA) +
VE(zE). The value function dependent on the agent is
represented by VA, while VE represents the value function
dependent on the environment. This formulation is capable
of representing a broad range of value functions within the
disentangled representation space.

Our main idea is that environmental characteristics can
be captured by VE , while the control of the robot to move
the end effectors to a target location can be encoded in VA.
By explicitly modeling zA, we believe that the agent can
better understand both the environmental physics and its own
control, which should result in faster learning.

Under our hypothesis, the agent should perform well in
situations where the control of the agent is completely inde-
pendent of the environmental changes, such as in distracting
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TABLE I: Benchmark environments used

Name Description
Distracting
Control
Suite

We choose three challenging environments from the
distracting DM control suite: the Walker-walk, the Ball-
in-the-cup, and the Finger spin, where a new background
is randomly selected from the DAVIS dataset in each
episode.

Franka
Kitchen

Franka kitchen environments present tasks where the
agent has to interact actively with the environment,
unlike the DM control tasks. We choose the two most
visually challenging single-goal tasks: turning the light
switch and placing the kettle. These tasks are sparse
reward settings where the agent receives a reward of
1.0 when it successfully turns the light switch to a pre-
specified configuration or moves the kettle to a pre-
specified goal position.

Fig. 4: Different environments used for validation. (top row)
RGB images that are input to the agent (bottom row) agent
segmentation masks.

control environments [19]. In these cases, the agent will only
receive a reward for the robot’s relevant motion, which is
captured by VA. However, in environments where the agent’s
actions significantly change the environment, the agent must
first learn a good value function of the environment (i.e., VE)
before optimizing its behavior using VA.

IV. EXPERIMENTS

We evaluate DEAR in various challenging environments
and tasks where the agent morphology ranges from a 2D ball
and walker to a 7DoF robotic arm. All the environments used
are based on the Mujoco engine. The experimental protocol
is similar to the one followed in previous works [16, 17, 18]
We first evaluate the agent on three different distracting
DM control benchmarks [19], which is a variant of DM
control with distractions added, and then two Franka kitchen
environments for manipulating objects in a realistic kitchen
with a Franka arm [20]. Table. I provides a more detailed
description of the considered environments. We report the
average total reward for both benchmarks.

The agent masks M are obtained directly from the simu-
lator, where ground-truth segmentation masks are generated
using the mujoco rendering API. Examples of the environ-
ment frame with their masks are shown in Fig. 4. The agent
receives an RGB image input X and a mask M to compute
the supervised mask loss. Both the input and mask frames
are 84x84 pixels.

We use the same hyperparameters as optimized by the
previous studies [17, 18], with three new hyperparameters
that DEAR introduces to the RL algorithm that includes
a decoder learning rate and two coefficients for the mask
and orthogonal loss (α and β in Equation. 4). The value
for the decoder learning rate is set the same as the critic
learning rate to simplify hyperparameter tuning, while the
values of α and β are optimized using SEAR as a reference.
More implementation details and hyper-parameters used can
be found at the project website: https://github.com/
Ameyapores/DEAR.

The performance of DEAR is evaluated against the fol-
lowing baselines:

• DrQ-v2 [18]: Recognized as a standard baseline, DrQ-v2
employs DDPG with image augmentations for its simplic-
ity and robust performance in visual RL tasks. It enhances
data diversity by applying random shifts to input image
observations, serving as an effective data augmentation
technique.

• TED [9]: Adds a temporal classifier as an auxiliary loss to
group frames closer in time and separate temporally distant
frames. While we use this auxiliary loss with the DrQ-
v2 RL loss, our method differs from TED as it does not
consider the temporal aspect of RL observations. However,
temporal information is also easy to access, providing an
immediate self-supervision approach.

• SEAR [14]: Utilizes agent masks for supervision via a
mask loss and the original image for a reconstruction loss.
These are added as auxiliary losses to the DrQ-v2 RL loss.
Our method is closely associated with SEAR, especially
in adopting a mask decoder.

We carry out several analyses to evaluate the strengths of
DEAR.

1) Disentanglement metrics: The level of disentanglement
is measured by comparing the cosine similarity distance
between DEAR and the SEAR baseline.

2) Auxiliary objectives: An ablation study was performed
on the two auxiliary objectives within a distracting control
task to determine the impact of these objectives on agent
performance.

3) Optimal hyperparameters: Different loss coefficients
are tested to find optimal ones for our model.

4) Robustness to Noise: Generally, the mask is noisy and
approximate in real-world conditions since it is extracted
from real sensor data, subject to noise and artifacts. Thus,
we artificially introduce noise in the mask by generating
patches of pixels around the joints. A noise coefficient
of 0.8 is used, meaning 80% of noise is added. These
masks were generated by randomly setting robot labels
to non-robot labels with a user-specified probability. Ad-
ditionally, an approximate mask with limited agent infor-
mation is added (See Fig. 5). To generate an approximate
mask, an original robot mask is downsampled and then
upsampled back to its original size. Then, Gaussian blur
and image thresholding are applied to get a new mask.

653



Fig. 5: Different variants of agent segmentation masks used.
From left to right: Normal segmentation mask, noisy mask,
and approximate mask.

TABLE II: Number of training parameters, average wall
clock training time per episode and latent distance between
zA and zE .

Method DrQ-v2 SEAR TED DEAR

Training parameters (M) 12.86 16.21 12.87 14.09
Time per episode (s) 12.55 18.02 16.19 16.11
cos(zA, zE ) (1e-3) - 100 - 1e-4

V. RESULTS

A. Benchmark control environment

Distracting Control Suite: The results indicate that
DEAR performs strongly compared to SEAR in all three
environments and obtains a higher convergence for 1 million
timesteps, increasing the sample efficiency by at least 25%,
shown in Fig. 6. This suggests that DEAR can successfully
disentangle representations of the environment that are not
relevant to control.

Franka Kitchen: We see a superior performance of
DEAR (∼ 10% improvement in sample efficiency) compared
to other baselines on both tasks considered, shown in Fig. 6,
suggesting that even when the agent dynamically affects the
environment, the agent can use the disentangled representa-
tions to improve the performance. We note that the margin
of improvement shown by DEAR compared to DrQ-v2 is
higher in the light switch task, which is a relatively more
challenging task than the kettle.

In the distracting control suite, the agent explicitly follows
the physical laws with high temporal correlations between
visual observations. Therefore, TED can handle these sce-
narios optimally, performing better than SEAR. As for the
Franka kitchen tasks, we believe that it is difficult to establish
a strong temporal correlation due to the agent’s interaction
with the environment. As a result, TED and SEAR perform
similarly on average in this case. One advantage DEAR
offers is feature interpretability, while for TED, it is hard
to speculate which representations are considered important
in improving performance. This opens up doors for future re-
search to investigate the difference between the disentangled
features of DEAR and TED.

Training parameters and time: The training parameters
and the wall clock training time per episode for each algo-
rithm are shown in Table. II. DrQ-v2 uses a single visual
encoder and, hence, consists of the least number of param-
eters. The time taken by DrQ-v2 is the minimum. On the
contrary, SEAR uses two additional decoders, one for mask

reconstruction and one for image reconstruction. Therefore,
it has the maximum number of training parameters. SEAR,
moreover, takes the maximum training time per episode.
DEAR uses a single decoder for mask reconstruction, thereby
requiring more parameters than DrQ-v2 but fewer than
SEAR. Finally, TED requires an equivalent number of pa-
rameters to DrQ-v2 since the TED classifier consists of an
additional 10k parameters. However, both DEAR and TED
take an equivalent training time per episode. All the training
experiments are carried out using a combination of RTX3080
or 1080Ti GPUs.

Disentanglement metrics: As observed in Table. II, we
note that DEAR actively reduces the latent cosine similarity
distance compared to SEAR. SEAR shows an overlap be-
tween the agent and environment vectors, likely contributing
to its inferior performance relative to DEAR. Due to the
different architecture of the other methods considered, cal-
culating their latent cosine similarity distances is not feasible.

B. Ablation study

Significance of objectives: The results of the ablation
study of the two auxiliary objectives are shown in Fig. 7.
The agent without any auxiliary objectives represents the
DrQ-v2 algorithm. The agent trained with a single mask
objective (β = 0) produces superior performance to the one
using a single disentanglement objective (α = 0), which
produces an equivalent performance to the baseline DrQ-v2.
This suggests that mask loss has a more substantial impact
on the overall loss than the disentanglement loss. It is hard
to interpret the generated representations when the mask
objective is not considered. Finally, the best performance is
obtained when the two objectives are used together.

Robust to hyperparameters: We provide experiments to
identify the optimal coefficients that influence the perfor-
mance in Fig. 7 (left). We found β = 100 to be optimal
for this task, and the results show some robustness for the
values in the range [1, 100]. Conversely, a negative coefficient
leads to a reduced emphasis on disentanglement and the
formation of overlapping vectors, which in turn diminishes
performance. This indicates that weak disentanglement, char-
acterized by highly overlapping vectors, hampers the agent’s
ability to differentiate between the environment and itself,
adversely affecting performance.

Robustness to noisy and approximate mask:
We see, from Fig. 7(Right), that the agent performance

does not drop for both noisy and approximate masks, unlike
SEAR, where a performance drop is reported [14]. This
robustness will be the subject for future research activities,
extending the tests to experiments with real robotic setups.
Recent advancements in segmentation models like SAM [21]
could be leveraged as a readily applicable solution to produce
the segmentation mask.

VI. CONCLUSIONS

This study demonstrated the utility of disentangled rep-
resentations in aiding RL agents with visual control tasks.
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Fig. 6: Training curves of different methods on three distracting DM control environments and two Franka kitchen tasks.
DEAR outperforms or matches other baselines on these tasks. Each curve is an average of 5 different seeds.

Fig. 7: (Left) Experiments with different β values provide
insights into the contributions of the objectives in the overall
loss function and also the changes with different hyperpa-
rameters. Where α values are not provided, α = 1. Each
experiment is an average of 5 random seeds. (Right) Training
curves using noisy and approximate robot masks.

By employing agent masks for supervision, we can en-
code distinct agent representations and enforce orthogonality
with environmental representations, thereby minimizing their
overlap. Our proposed technique seamlessly integrates with
current RL frameworks, requiring only minor modifications.
Empirical evidence confirms that our approach surpasses
conventional RL baselines in sample efficiency, validating the
hypothesis that inductive bias through agent-specific masks
can refine training.

One of the limitations of the current study is testing gen-
eralization to unseen environment parameters and adaptation
to new tasks such as dynamic backgrounds, which will be
extended in future works. Moreover, we will investigate
if spatiotemporal disentanglement could further optimize
sample efficiency by providing a stronger understanding of
the general physics of the environment and the agent.

For real-world applicability, some new segmentation mod-
els such as SAM has shown promising performance on out-
of-distribution robot/agent segmentation masks [21]. Using
such models to generate the segmentation masks for super-
vision can show robust performance in real-world environ-
ments that are more noisier and dynamic than the controlled
simulation settings. This translation from simulator to real
would robotic agents will be part of upcoming works.
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