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Fig. 1: (a) DeGuV is trained with robotic manipulation tasks in robosuite environment, (b) is evaluated on the RL-ViGen benchmark
for generalization and interpretability verfication, and (c) is deployed on a Franka Emika robot to demonstrate its zero-shot sim-to-real
transferability. The RGB-D observations and the masked image produced by DeGuV are presented from left to right in each case.

Abstract— Reinforcement learning (RL) agents can learn to
solve complex tasks from visual inputs, but generalizing these
learned skills to new environments remains a major challenge
in RL application, especially robotics. While data augmentation
can improve generalization, it often compromises sample effi-
ciency and training stability. This paper introduces DeGuV, an
RL framework that enhances both generalization and sample
efficiency. In specific, we leverage a learnable masker network
that produces a mask from the depth input, preserving only
critical visual information while discarding irrelevant pixels.
Through this, we ensure that our RL agents focus on essential
features, improving robustness under data augmentation. In
addition, we incorporate contrastive learning and stabilize Q-
value estimation under augmentation to further enhance sample
efficiency and training stability. We evaluate our proposed
method on the RL-ViGen benchmark using the Franka Emika
robot and demonstrate its effectiveness in zero-shot sim-to-real
transfer. Our results show that DeGuV outperforms state-of-
the-art methods in both generalization and sample efficiency
while also improving interpretability by highlighting the most
relevant regions in the visual input. Our implementation is
available at: https://github.com/tiencapham/DeGuV.

I. INTRODUCTION

Vision-based reinforcement learning (RL) has demon-
strated its impact in various applications, including video
games [1]–[3], autonomous navigation [4]–[6], and robotics
[7]–[9]. As RL agents often learn from simulation environ-
ments [10], they are precluded from generalizing unseen
environments in which visual observations differ from those
encountered during training. The distribution shift, caused by
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variations in object textures, colors, and environmental radi-
ance (Fig. 1), significantly degrades real-world performance.
To better generalize these factors, many researchers have
explored data augmentation techniques [11]–[18] to diversify
training data. Despite enhancing robustness, these methods
raise sample efficiency concerns [19], [20] and destabilize
training processes [12] of visual RL models for robotics.

To address these concerns, we present DeGuV, an RL
framework that improves generalization while maintaining
sample efficiency. Our approach leverages depth input to
mitigate the intrinsic variations caused by data augmentation.
We ensure that RL agents focus only on the most informative
regions by employing a depth-guided masking module to
filter out task-irrelevant pixels in RGB images. Through this,
we are able to reduce unnecessary variations in augmented
training data, enhancing sample efficiency while minimizing
the gap between training and evaluation distributions. To fur-
ther reinforce visual perturbation invariance, we incorporate
contrastive learning to facilitate the model to focus on consis-
tent, task-relevant features across varying visual conditions.
Lastly, we combine Stabilized Q-Value Estimation (SVEA)
[12] to improve the training stability of DeGuV.

We evaluate the proposed method on four tasks and three
evaluation modalities in the RL-ViGen benchmark [21]. Our
results show that we achieve superior results compared to
state-of-the-art methods in generalization while maintaining
sample efficiency. Moreover, our model can enhance inter-
pretability by visualizing attention through its learned masks,
providing insight into the agent’s decision-making process.
For real-robot experiments, we illustrate the feasibility of
sim-to-real transfer in a zero-shot manner.

Our contributions are summarized as follows:
• We formulate the generalization problem inherent in

visual RL under data augmentation, solving the predica-
ment between the model’s generalization capability and
learning complexity.

https://github.com/tiencapham/DeGuV
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Fig. 2: Illustrations of (a) generalization problem in visual RL posed by distribution shifting, (b) visual perturbation-invariant space
between training and evaluation representations, (c) changes of variances of RGB and depth distributions under data augmentation.

• We introduce an RL framework, leveraging depth input
to reduce visual observation’s variation internally during
training and evaluation, enhancing the trained policy’s
generalization capability and sample efficiency.

• We conduct experiments on the generalization bench-
mark against state-of-the-art techniques. The results
show improvements in generalization ability, sample
efficiency, and interpretability.

.
II. RELATED WORK

Generalization in Reinforcement Learning: Prior works
have been investigated in enhancing generalization capabil-
ities of RL using various techniques such as contrastive
learning [22], [23], data augmentation [11]–[18], [24], do-
main adaptation [25], and incorporation of pre-trained image
encoders [26]. While data augmentation and other techniques
have shown effectiveness in improving the generalization
ability of RL agents, they usually introduce additional com-
plexity in optimal policy learning [12]. Chen et al. [27]
introduced the Focus-then-Decide framework with SAM [28]
to assist the agent in training efficiently under data augmenta-
tion. However, SAM requires an additional computing work-
load for both the training and inference processes, which
worsens the computational load of RL models, especially
for robotic applications. Yuan et al. [15] uses multi-view
representation learning to endow the generalization ability
of agents under various types of data augmentation. In
this work, we aim to stabilize and improve RL agents’
performance by intrinsically reducing the variation in the
augmented observation distribution.

Interpretability by Visual Masking: A few studies focus
on enhancing RL agents’ generalization ability and inter-
pretability by selectively masking input portions. Yu et al.
[29] randomly obscure portions of the input and apply an
auxiliary loss to recover the missing pixels. Bertoin et al.
[14] proposes a Saliency-Guided Q-Network (SGQN) that
self-supervisedly learns to generate the mask based on the
gradient obtained during the training. SGQN is sensitive to
hyperparameter sgqn-quantile (often set to 95%-98%),
which determines how many pixels are masked. Tomar
et al. [30] introduce InfoGating with U-Net to create the
mask from the downstream loss. Grooten et al. [11] present
MaDi, which generates the soft mask solely from the reward
signal of the environment. However, the mask generated by
InfoGating and MaDi depends on the perturbed observations.
Furthermore, all the mentioned works use augmented visual
observations to produce the mask, while we use depth input
– a more stable distribution under augmentation.

RGB-D Fusion for Visual Reinforcement Learning:
While most image-based RL studies focus on visual observa-
tions, some works incorporate visual and depth inputs to en-
rich environmental information and improve the performance
of RL agents. The two data streams could be encoded sep-
arately and then fused by simple concatenation [31]–[33] or
by a cross-attention mechanism [34]. Balakrishnan et al. [31]
uses a pre-trained Twin Variational Autoencoder to extract
the environment’s latent embedding simultaneously, which
is used to train RL policies. James et al. [34] introduces
a Q-Attention Agent that is used to extract cross-attention
features, combined with a Next-Best Pose Agent to predict
the next-best poses from RGB and point cloud inputs. Again,
within this work, we only use depth images to produce
the masks, which helps to reduce the variation in perturbed
visual observations. The primary semantic information is still
extracted from RGB observations.

III. PROBLEM FORMULATION

Learning of generalizable policies in a Markov Decision
Process (MDP) is formulated as an invariant representation
learning problem, where learned policies could maintain their
performance in unseen environments shifted from the visual
training distribution. The interaction between environment
and policy is constructed as an MDP: M = ⟨S,A,P, r, γ⟩,
with S is the state space, A is the action space, P : S×A →
S is the transition function, r : S × A → R is the reward
function, and γ is the discount factor.

To overcome partial observability problems of static vi-
sual input, we wrap a state st to include k consecutive
frames {ot,ot+1, . . . ,ot+k}, oi ∈ O, where O is the high-
dimensional observation space. We let the state space S is
the one constructed as (PRGB ∪ PD)k with PRGB and PD

are RGB and depth image pixel space, respectively, from the
observation space O.

Our objective is to learn a policy π : S → A that maxi-
mizes the discounted return Rt = EΓ∼π

[∑T
t=0 γ

t r(st, at)
]

along a trajectory Γ = (s0, s1, . . . , sT ), which are sampled
from the observation space following the policy π from
the initial state s0. The policy π is parameterized by a
collection of learnable parameters θ, denoted as πθ. We aim
to learn the parameters θ so that πθ generalizes well across
unseen visual MDPs, denoted asM = ⟨S,A,P, r, γ⟩, where
the states st ∈ S are constructed from the observations
{ot, ot+1, . . . , ot+k} ∈ O. The perturbed observation space
O has a visual distribution shift, such as changes in color
and brightness, from the original observation space O.
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Fig. 3: The training pipeline of DeGuV consists three main components: Depth-Guided Masking module takes in depth inputs to create
the mask that erases non-relevant pixels in RGB image, VPIR Learning module employs contrastive loss in Eq. 6 to facilitate the RL
agent to extract invariant representations, and Stablized Q-Value Estimation is applied to stabilize the optimal policy training by avoiding
non-stationary updates using stop grad operators (//). Details of this training are provided in Alg. 1.

IV. METHODOLOGY

To learn the optimal policy with the continuous action
space in robotic manipulation, we leverage the deep de-
terministic gradient policy with random exploration noise
(DrQv2) [35] algorithm to approximate the optimal state-
action value function Q∗ using a parameterized critic Qθ.
This is achieved by minimizing the Bellman residual [36]:

R = (r(st, at) + γmax
(
Qtgt

θ (st+1, a
′

t)
)
−Qθ(st, at)) (1)

The actor, defined by a stochastic policy, ϕθ, optimizes
the output of the critic network while ensuring high entropy.
SAC often incorporates an optional shared encoder fθ for
image-based environments. The critic and encoder use target
networks initialized with the same parameters θtgt = θ,
updated via an exponential moving average θtgt ← (1 −
τ)θtgt+τθ. We formulate the optimal policy learning problem
as a two-staged problem:

1) Latent Representation Learning: The agent learns to
encode the latent representation zt = fθ(st) of size
N ≪ dim(S) where fθ : S → Z is an encoder
parameterized by θ and Z represents the latent space.

2) Decision Making: The agent learns to choose the
optimal action from the latent representation at ∼
ϕθ(at | zt) to maximize the discounted return.

A. Data Augmentation

As the well-explored approach in prior works [11]–[15],
data augmentation techniques, where observations are aug-
mented to create a broader visual distribution during network
training (Fig. 2c), can prevent the agent from overfitting to
the training environment and improve generalization ability.
Under data augmentation, the model is incentivized to learn
task-relevant semantic information that could generalize well
in visual perturbations, ensuring the trained policy’s general-
ization in various unseen scenarios (Fig. 2a and Fig. 2b). This
leads to the Visual Perturbation-Invariant Representation’s
definition (VPIR), formulated as follows:

Definition. Given an MDP M that has a state s ∈ S and
its perturbed counterpart s ∈ S, there is a set of latent
representations z∗ that could be encoded by the optimal
policy to represent the task-relevant semantic information
from both s and s. Mathematically:

∃z∗ ∈ Z, z∗ = fθ(s) = fθ(s), s ∈ S, s ∈ S (2)

However, the data augmentation phases inevitably increase
the state space size, creating additional complexity in the
training process and reducing the sample efficiency. We
observe that the augmented distribution’s variance is larger
than the original variance: Var

(
PRGB

aug

)
≫ Var

(
PRGB

)
.

B. Distractions

We denote pRGB
distraction as the unrelated input pixels, the so-

called visual distraction, to the task, which could be safely
excluded during optimal policy learning. Meanwhile, the
remaining pixels are called task-related pixels PRGB

relevant =
PRGB

aug \ PRGB
distraction. Therefore, VPIR is extracted from only

the task-related pixels, we derive the relationship between
their distribution variance as follows:

Var
(
PRGB

aug

)
= Var

(
PRGB

relevant

)
+ Var

(
PRGB

distraction

)
(3)

When the distractions are properly removed, the variance
created on those pixels will vanish in Eq. 3, reducing the
complexity of optimal policy learning. We divide the la-
tent representation learning into visual distraction masking,
where the agent learns to erase distractions in visual states,
and learning latent representation from masked observations,
where the agent is trained to encode the latent representation
from the masked state.

The visual distraction masking problem complements the
MDP, identifying the irrelevant pixels to the task and Q-value
estimation in the Bellman residual. Since the optimal Q∗

remains unchanged by distractions, minimizing the Bellman
residual (Eq. 1) simultaneously accomplishes learning of
an optimal policy and masking visual distractions. This



Algorithm 1: DeGuV Training
Input : fθ, Qθ, ϕθ,Mθ := initialized networks

Qtgt
θ , f tgt

θ ← Qθ, fθ := target networks
T := total timesteps

Output: fθ, Qθ, ϕθ,Mθ := trained networks
1 function DeGuV train(fθ, Qθ, ϕθ,Mθ, T)
2 for t ∈ [1, . . . , T ] do
3 ▷ ------- act phase -------
4 smasked

t ← DGMask(st)
5 at ∼ ϕθ(·|fθ(smasked

t ))
6 st+1, rt ∼ P(·|st, at)
7 B ← B ∪ (st, at, rt, st+1)
8 ▷ ------- update phase -------
9 {sb, ab, rb, s

′
b} ∼ B

10 sb, s
′
b ← DGMask(sb), DGMask(s′b)

11 sb, s
′
b ← [sb, τ(sb, ν)], [s

′
b, τ(s

′
b, ν

′)]
12 ▷ ------- update actor -------
13 θϕ ← θϕ −∇θϕLϕ(sb)
14 ▷ ------- update critics -------
15 for N ∈ {Qθ, fθ,Mθ} do
16 θN ← θN −∇θNLQ(sb, ab, rb, s

′
b)

17 for N ∈ {Qθ} do
18 θtgtN ← (1− τ)θtgtN + τθN
19 ▷ ------- update auxiliary -------
20 θf ← θf −∇θfLInfoNCE

21 return fθ, Qθ, ϕθ,Mθ

means the agent is incentivized to ignore distractions and
only focus on relevant pixels to achieve an optimal policy.
However, learning to generate the mask from highly varied
augmented visual distribution PRGB

aug is more complex than
learning from original visual distribution, which leads to
unstable optimization. Meanwhile, the depth distribution is
invariant to visual perturbations and remains stable under
data augmentation (Fig. 2c), thus could serve as a reliable
source for distraction masking procedure.

C. Depth-Guided Masking

To reduce the variance of observation distribution caused
by the data augmentation, we introduce a depth-guided
masker Mθ that leverages the depth input from the state to
zero out the irrelevant RGB pixels, as stated in the following
Eq. 4. The masker produces a scalar matrix in the [0, 1]
range to determine its relevance to the task. As depth input
should be invariant to data augmentation, the mask could
be applied element-wise for both the original visual input
and its augmented counterpart, leaving minimal variance
in visual distribution needed for generalization. The depth-
guided masking, DGMask, is formulated as follows:(

sRGB
t , sDt

)
← st (4a)

smasked
t ← sRGB

t ⊙Mθ(s
D
t ) (4b)

The depth-guided masker Mθ is a learnable network
composed of convolutional layers with the ReLU activa-
tion function in between. The last layer is followed by a
Hardtanh(·) activation function to regularize its value in
the range of [0, 1]. Our mask can eliminate irrelevant pixels
using Hardtanh rather than merely reducing their values
close to zero. As the masker is fully differentiable, it could

be trained during the backward step with the critic update.
Additionally, the mask generated by Mθ also enhances the
interpretability of the model by highlighting the regions of
the visual input that are most relevant for task completion.

D. Visual Perturbation-Invariant Representation Learning

Contrastive learning is used to train the encoder, which
extracts VPIR in a self-supervised manner. In this approach,
given a query q, the goal is to enhance the similarity between
q and its corresponding positive key k+, while simultane-
ously reducing the similarity between q and each negative
key k− in a training batch. We quantify the disparities
between vectors q and k using cosine similarity:

sim(q,k) =
qTk

∥q∥∥k∥
(5)

The InfoNCE loss [37], LInfoNCE, is used to penalize the
model for learning VPIR in contrastive learning with τ as
the temperature hyperparameter by the following expression:

− log

 exp
(

sim(qT ,k+)
τ

)
exp

(
sim(qT ,k+)

τ

)
+

∑M
i=0 exp

( sim(qT ,k−
i )

τ

)
 ,

(6)
Given a masked visual state smasked

t and its augmented
counterpart smasked+aug

t , an encoder fθ needs to learn to
extract the states into a VPIR z∗ so that it can be generalized
into the visual perturbed state. Therefore, VPIR can be given
by z∗ = fθ(s

masked
t ) = fθ(s

masked+aug
t ). We use the auxiliary

InfoNCE loss defined in Eq. 6 with the query key q =
fθ(s

masked
t ). The positive key is the representation extracted

from the augmented-masked state k+ = fθ(s
masked+aug
t ), and

the negative key is extracted from other states at t + 1
in the batch of samples. During the auxiliary update, the
masker remains constant, and only the shared encoder fθ
is updated. This strategy mitigates the occurrence of non-
stationary gradients originating from varied augmented RGB
and stable depth inputs, thereby stabilizing the optimiza-
tion procedure. Specifically, the masker receives updates
exclusively from the environment’s reward signal. VPIR is
derived from a relatively stable masked visual distribution,
resulting in improved sample efficiency and enhanced agent
generalization capabilities.

E. Learning Objectives

The critic loss, LQ, is defined as a combination of Bell-
man residuals, as indicated in Eq. 1, from smasked

t and its
augmented counterpart smasked+aug

t , as follows:

LQ (st, at, rt, st+1) = αR2 + βR2
aug, (7)

where α and β are the coefficients to balance the ratio of
the two data streams.

The masker Mθ is updated along with the policy network
by optimizing LQ in Eq. 7. In addition, a stop grad
operation is applied after Qaug estimation to avoid the impact
of non-stationary gradients on Q-value estimation resulting
from augmented observations. The target network Qtgt

θ is



TABLE I: Comparisons of episode returns (µ, σ) of DeGuV against other baselines on RL-Vigen benchmark [21] in four training and eval-
uation environments: train, easy, medium, and hard of four tasks Lift, Door, NutAssemblyRound, and TwoArmPegInHole.

Task
Baseline

DrQv2 [35] CURL [22] SGQN [14] SVEA [12] MaDi [11] DeGuV (ours)

L
i
f
t

train 242.21 ± 187.82 125.65 ± 84.10 142.86 ± 43.10 234.25 ± 15.83 364.87 ± 34.66 443.85 ± 34.26
easy 17.14 ± 70.08 74.16 ± 71.06 57.16 ± 35.00 118.84 ± 90.42 130.47 ± 131.68 293.80 ± 160.07
medium 0.11 ± 0.11 9.70 ± 15.91 39.65 ± 20.92 12.74 ± 23.96 10.79 ± 17.23 324.67 ± 110.79
hard 0.16 ± 0.47 13.73 ± 17.14 23.92 ± 15.86 12.24 ± 25.50 23.35 ± 20.56 227.32 ± 134.84

D
o
o
r

train 387.35 ± 169.50 438.12 ± 74.14 441.61 ± 137.58 475.82 ± 27.99 444.41 ± 121.52 467.23 ± 70.82
easy 365.66 ± 186.72 436.39 ± 78.44 440.87 ± 139.02 464.73 ± 60.45 405.72 ± 145.43 476.47 ± 47.23
medium 160.44 ± 215.12 190.40 ± 178.89 236.71 ± 233.97 247.97 ± 217.57 204.19 ± 198.21 333.32 ± 203.53
hard 113.39 ± 182.30 135.65 ± 184.39 126.73 ± 204.60 256.17 ± 210.97 135.65 ± 184.39 447.24 ± 103.55

N
u
t

A
s
s
e
m
b
l
y

R
o
u
n
d

train 74.72 ± 60.64 61.91 ± 54.22 106.10 ± 67.89 135.01 ± 63.30 138.55 ± 59.55 137.93 ± 56.53
easy 50.63 ± 52.81 61.49 ± 55.95 67.23 ± 68.29 130.98 ± 67.71 127.31 ± 63.08 113.34 ± 67.50
medium 6.35 ± 12.28 38.91 ± 39.01 14.93 ± 31.83 4.30 ± 7.32 0.71 ± 1.67 105.82 ± 62.52
hard 13.62 ± 27.13 22.43 ± 30.84 7.10 ± 13.87 8.08 ± 14.17 0.6 ± 1.22 104.50 ± 66.99

T
w
o
A
r
m

P
e
g
I
n
H
o
l
e train 288.37 ± 20.61 314.99 ± 15.23 286.20 ± 27.59 422.62 ± 34.07 355.65 ± 5.04 381.07 ± 53.02

easy 284.53 ± 20.85 310.93 ± 20.63 365.97 ± 72.08 365.97 ± 72.08 355.78 ± 5.55 376.29 ± 47.29
medium 190.75 ± 21.97 196.27 ± 28.92 211.96 ± 40.97 126.96 ± 12.61 280.23 ± 18.42 378.18 ± 43.28
hard 177.19 ± 35.54 186.40 ± 30.17 202.85 ± 45.38 123.12 ± 17.43 225.34 ± 41.66 372.01 ± 42.27

Average 148.29 ± 169.81 163.57 ± 160.04 168.05 ± 168.19 196.24 ± 180.74 200.23 ± 174.35 311.44 ± 159.59

updated using the exponential moving average, which is
also isolated from LQ by a stop grad operation. It is
noted that DeGuV not only minimizes the distributional
variance induced by data augmentation but also enhances
VPIR learning through contrastive learning and stabilizes the
optimization of LQ, thereby augmenting the agent’s gener-
alization capabilities and improving sampling efficiency.

V. EXPERIMENTS & EVALUATIONS

We evaluate our proposed approach in terms of general-
ization and data efficiency against three state-of-the-art RL
algorithms focused on generalization: SGQN [14], SVEA
[12], and MaDi [11]. As DeGuV is based on DrQv2 [35]
and uses contrastive learning similar to CURL [22], we also
include these two algorithms for comparisons to see their
respective improvements.

A. Experiment Setup

We evaluate our proposed approach in the robosuite
simulation [38] using a virtual Franka Emika robot within the
RL-Vigen benchmark [21]. The experiments are conducted
on four distinct tasks: Lift, Door, NutAssemblyRound,
and TwoArmPegInHole. We use random shift [20],
random overlay [17] and random color jitter
[39] augmentations: random shift regularizes the en-
coder to prioritize salient features and enhance the agent’s
data efficiency, random overlay interpolates between
the observed image and a randomly selected image
for randomizing distributions containing distractions, and
random color jitter creates the shifts of the contrast
and hue color of observations.

We categorize the training and evaluation environments
with difficulty level increases (easy, medium, hard).
We train our models in a standard environment (train)
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Fig. 4: Training and evaluation settings (Lift task). eval easy
includes changes in the background and object appearances, while
eval medium introduces moving light and arm color changes.
eval hard adds a more complex texture and video overlay.

and evaluate them in evaluation environments with diverse
visual perturbations, including texture, color, and brightness
alterations. Note that each model is trained on 1, 000, 000
frame steps. For every 10, 000 frame steps, we re-evaluate
the training policy for 10 episodes with three random seeds.
Note: All results are evaluated under out-of-distribution
settings, as well as variation in task difficulty. As a result,
the reported standard deviations are large, since the model
typically either succeeds or fails, leading to substantial
performance variability

TABLE II: Quantitative results on performance retention of DeGuV
compared to other baselines over different evaluation modes.

Mode DrQv2 CURL SGQN SVEA MaDi DeGuV

easy 0.670 0.892 0.755 0.830 0.797 0.873
medium 0.290 0.441 0.424 0.227 0.321 0.801
hard 0.273 0.343 0.308 0.236 0.252 0.801

Average 0.411 0.559 0.495 0.431 0.457 0.825

B. Generalization

Table I reports that DeGuV showcases its generalization
across all tasks and evaluation modes, achieving an average
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Fig. 5: Comparisons of episode returns of DeGuV compared to other baselines in four robotic tasks: Lift, Door, NutAssemblyRound,
and TwoArmPegInHole, showing the our proposed method achieves better or similar data efficiency through the training process.
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Fig. 6: Qualitative results of masked observations between MaDi
and DeGuV from easy and hard of the Lift task.

episode return of 311.44, outperforming MaDi (200.23),
SVEA (196.24), SGQN (168.05), CURL (163.57), and
DrQv2 (148.29) in this scheme. Moreover, we find that
DeGuV retains 82.5% of its training performance on average,
far surpassing the baselines, as shown in Table II. From
these two experiments, we conclude that the other algorithms
are not able to adapt to the unseen visual distribution,
while DeGuV well manages this, thanks to depth-guided
masking. Furthermore, our approach exhibits a significantly
smaller performance drop in Table II, as the evaluation
difficulty is more complex with visual perturbations, which
highlights DeGuV’s ability to address the generalization
problem. Fig. 5 additionally shows that DeGuV achieves
superior data efficiency on the Lift task and is competitive
compared to the baselines on Door, NutAssemblyRound,
and TwoArmPegInHole tasks.

C. Interpretability

Given that the mask serves as a tool for interpreting
the agent’s decision-making rationale in response to an
observation, we conduct analyses of the masks generated
by DeGuV and MaDi in evaluation modalities, as shown
in Fig. 6. Compared to MaDi, DeGuV generates masks
that remove most visual distractions, leaving approximately
identical masked observations in the two evaluation modes.
In this example, DeGuV reveals merely 16.08% of the
visual observations in both modes, whereas MaDi reveals
76.24% in easy and 53.77% in hard mode. This enhances
generalization capabilities in intricate visual environments
and ensures performance retention.

D. Ablation Study

In this section, we conduct the experiments to verify the
effectiveness of each component in DeGuV. We iteratively

remove the Depth-Guided Masking (Sec. IV-C), the Invari-
ant Representation Learning (Sec. IV-D) and Stabilized-Q
Learning (Sec. IV-E).

TABLE III: Experimental results showcasing the generalization
performance of various ablations.

Ablation
Mode

train easy medium hard

W/o Masking 361.12
± 142.14

37.32
± 25.81

11.44
± 8.32

12.21
± 9.21

W/o VPIR Learning 287.15
± 104.36

159.67
± 77.03

148.66
± 71.18

142.10
± 73.59

W/o Stabilized-Q 291.44
± 119.32

168.19
± 87.24

144.91
± 85.23

151.78
± 82.11

DeGuV 357.52
± 141.90

314.98
± 162.41

285.50
± 161.12

287.77
± 161.91

As shown in Table III, removing either Visual
Perturbation-Invariant Representation Learning or Stabilized
Q-learning leads to degraded training performance and re-
duced generalization capability. This degradation highlights
the role of these two modules in enhancing training stability
and learning compact representations that generalize well. In
contrast, the training performance remains relatively stable
without Depth-Guided Masking; however, the model suf-
fers a substantial drop in out-of-distribution generalization
performance. This result confirms the effectiveness of the
masking module in extracting visual perturbation-invariant
representations.

VI. SIM-TO-REAL TRANSFERABILITY

We deploy our trained model from robosuite to the
real-world scenario to verify its sim-to-real transferability.
The Franka Emika robot is set up with the Lift task. We
wrap DeGuV as a ROS2 package to interact with the robot
via franka ros2. The ROS2 node processes images and
controls the end-effector’s delta positions and orientations,
along with the gripper control. We then use panda-py [40]
to perform desired robotic actions. An Intel D435i RealSense
RGB-D camera is attached to acquire RGB-D observations.
Inherent noises in depth frames are reduced by RealSense
ROS spatial, temporal and hole-filling post-processing filters.

Fig. 7 shows that the masked observation produced by
DeGuV is similar to the masked observation in simulation,
which only “highlight” important objects and locations that
are related to the task, such as the robot gripper, hand, and
cube. This real-world experiment confirms the effectiveness
of DeGuV in generalization and interpretability. It also
demonstrates the feasibility of sim-to-real transferability in
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Fig. 7: Experiment set-up and results of original and masked
observations for the Lift task on a real-robot system.

a zero-shot manner. Our demonstration video is available at:
https://youtu.be/-Gt5i6Wi5Fs.

VII. CONCLUSIONS AND FUTURE WORKS

In this paper, we propose DeGuV, targeting the gen-
eralization problem in visual reinforcement learning by
leveraging the stable depth distribution to erase irrelevant
pixels in the visual state. Our experiments show that the
proposed method outperforms state-of-the-art algorithms on
the RL-Vigen benchmark in generalizability. Our proposed
method shows comparable sample efficiency during training
and interpretability with masked observations compared to
baselines. Finally, we demonstrate sim-to-real transferability,
strengthening the generalization performance and potential
for real robot deployment.

While depth input is invariant to visual perturbation, it
usually contains noise, which is also worth investigating
to improve DeGuV’s performance in sim-to-real transfer.
Furthermore, long-horizon complex tasks remain challenging
for our model in visual RL models. In the future, we
will conduct more real robot experiments to validate the
performance of sim-to-real transferability and investigate its
potential in more challenging and long-horizon tasks.
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