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ABSTRACT
Despite impressive progress on visual control challenges, visual
reinforcement learning (VRL) remains sample-inefficient. Existing
work commonly leverages auxiliary objectives and data augmen-
tation to learn discriminative representations from observation
space containing redundant and task-irrelevant information. How-
ever, our analysis shows that the learned representation space still
contain dimensional redundancy and dimensional confounders,
impeding policy learning. To address these problems, we intro-
duce DR2, a simple plug-and-play module that first constructs a
redundancy-reduced representation space and then identifies di-
mensions most critical for decision making. Concretely, DR2 first
applies a redundancy-reduction regularizer to decorrelate latent di-
mensions, then learns a dimensional mask that models each dimen-
sion’s gradient contribution to policy learning, dynamically down-
weighting task-irrelevant confounders during training. Across di-
verse visual control benchmarks, DR2 consistently improves sample
efficiency and generalization over state-of-the-art baselines. These
results indicate that addressing redundancy and confounding at
the representation level provides a complementary—rather than
substitutive—benefit to existing augmentation and self-supervised
strategies.
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1 INTRODUCTION
Visual reinforcement learning (VRL) enables agents to perceive
and make decisions directly from high-dimensional visual inputs,
demonstrating significant potential in real-world applications such
as robotic manipulation [16, 25] and autonomous driving [3, 53],
where manually obtaining compact, low-dimensional observations
can be prohibitively expensive or infeasible. However, visual inputs
typically contain substantial redundant and task-irrelevant infor-
mation, severely limiting policy learning. To address this problem,
recent work explores auxiliary objectives for learning more ef-
fective representations—spanning reconstruction[44, 46], dynamic
prediction[15, 32, 45], and contrastive learning[18, 20, 37, 52]. In
parallel, data augmentation techniques[14, 19, 28, 42] significantly
improve sample efficiency and generalization by synthetically ex-
panding the training data, increasing diversity and quality without
requiring additional environment interactions.

Essentially, existing methods based on auxiliary tasks and data
augmentation aim to construct a discriminative representation
space thatmitigate redundant and task-irrelevant informationwithin
observation space. However, through explicit dimensional analysis,
we demonstrate that the learned representations still retain redun-
dant and task-irrelevant components, which we formally define
as dimensional redundancy and dimensional confounders,
respectively.

From the information theory perspective, each dimension holds
a subset of the representation’s information entropy. Dimensional
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(c) PlayVirtual (d) DR2(Ours)(b) DrQv2(a) CURL

Figure 1: We visualize learned embeddings produced by CURL, DrQv2, PlayVirtual and our proposed method DR2 on a
challenging DMC task, FingerSpin. Each visualization encodes the representations into RGB-colored images, where columns
represent individual representation dimensions and rows correspond to samples from different trajectories. Different colors
indicate different types of features, with greater color contrast reflecting lower dimensional feature similarity. In contrast to
existing approaches, DR2 employs a redundancy-reduction technique that efficiently decouples the information into distinct
dimensions. Each of these dimensions represents a unique part of the information’s entropy. Hence, the learned representation
is more informative, and less redundant.
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Figure 2: Performance scatter plots demonstrating dimensional confounders in representations learned by CURL, DrQv2,
and PlayVirtual on the challenging finger_spin task from the DMC benchmark. Each point corresponds to an independent
evaluation with randomly masked representation dimensions at different mask ratios. Notably, certain masked representations
achieve higher performance than their unmasked counterparts, empirically validating the pervasive presence of dimensional
confounders—latent dimensions containing irrelevant or harmful information—in learned embeddings.

redundancy occurs when multiple dimensions contain overlap-
ping information entropy. To demonstrate the existence of such
dimensional redundancy, we visualize the learned representations
produced by both CURL[20], DrQv2[14] and PlayVitrual[45]. As il-
lustrated in Fig.1, even with data augmentation and self-supervised
objectives, substantial redundancy persists in the learned represen-
tations. Therefore, explicit redundancy reduction remains necessary
to further improve performance in VRL.

The dimensional confounder refers to a set of dimensions con-
taining "harmful" information, which ultimately degrades themodel’s
performance. To demonstrate the existence of dimensional con-
founders, we conduct a set of motivating experiments using trained
models from CURL, DrQv2, and PlayVirtual. Specifically, for each
method, we randomly mask a subset of dimensions in the learned
representation at test time by setting their values to zero, and then
evaluate the resulting policy performance. The experimental results
are shown in Fig.2, where each point corresponds to the average

return over multiple trajectories at a given masking ratio. Interest-
ingly, in many cases, partially masked representations yield better
performance than their unmasked counterparts. This empirical
finding provides strong evidence for the presence of dimensional
confounders, suggesting that even after applying data augmen-
tation and auxiliary objectives, harmful task-irrelevant features
remain embedded in the learned representations.

With this vision, we propose Dimensional Rational Represen-
tation (DR2) to address both dimensional redundancy and con-
founders in VRL. Specifically, we introduce a redundancy-reduction
regularization term that encourages the cross-correlation matrix be-
tween two augmented views of the representation to approximate
an identity matrix. This simple yet effective constraint recodes
highly redundant visual inputs into a decoupled representation
space, where components are statistically independent.
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To further mitigate the impact of dimensional confounders, we
incorporate a dimensional mask mechanism that amplifies the gra-
dient flow of task-relevant dimensions while suppressing the influ-
ence of confounding ones during training. The mask is learned via
a meta-learning framework, which optimizes the masking weights
by maximizing the performance of the masked representation on
downstream VRL tasks. As training progresses, the dimensional
mask dynamically adjusts based on each dimension’s gradient con-
tribution, thereby guiding the model to focus on decision-critical
information and improving policy learning efficiency. Empirically,
we evaluate DR2 on two widely used VRL benchmarks—Atari[29]
and the DeepMind Control Suite(DMC)[39]—covering 38 diverse
tasks ranging from discrete-action video games to continuous robot
control. Compared to state-of-the-art VRL algorithms, DR2 con-
sistently demonstrates significantly higher sample efficiency and
generalization. Moreover, as a plug-and-play module, we demon-
strate that DR2 is compatible with a variety of existing methods and
serves as a complementary enhancement rather than a replacement.
Our key contributions are threefold.

• We perform a dimensional analysis of the representations
learned by state-of-the-art VRL algorithms and reveal that,
similar to the raw visual observation space, the learned repre-
sentation space also contains redundant and task-irrelevant
information.

• We propose DR2, a unified framework that incorporates a
redundancy reduction regularization term and a learnable
dimensional mask to explicitly address the challenges of
dimensional redundancy and confounders, respectively.

• Empirically, we show that DR2 not only improves sample
efficiency and generalization, but also serves as a comple-
mentary module to existing VRL methods, enhancing their
performance without requiring architectural changes.

2 RELATEDWORKS
Reinforcement learning has recently achieved significant break-
throughs in complex decision-making scenarios[7, 8, 23, 24, 30, 31,
35, 36, 38]. Within this domain, VRL has demonstrated remark-
able progress in enabling agents to make decisions directly from
high-dimensional visual inputs. Existing studies mainly fall into
two broad categories: auxiliary learning objectives and data aug-
mentation. Beyond these, we further discuss recent advances in
redundancy reduction and disentangled representation learning,
which together form the broader context of our work.

Auxiliary Learning Objectives. A large body of research im-
proves VRL by introducing auxiliary objectives to enhance repre-
sentation quality. CURL[20] pioneers contrastive learning, aligning
embeddings from augmentations. ATC[34] maximizes mutual in-
formation between current and future representations. ADAT[18]
introduces an action-driven contrastive objective, while SPR[32]
leverages temporal consistency by predicting future latent features.
PSRL[5] proposes a local-guided global contrastive scheme captur-
ing dynamic continuity. TACO[52] uses a temporal action-driven
contrastive loss, while CoIT[27] focuses on invariance under image
transformations. Recently, CoCo[50] introduces a sequential consis-
tency preserved policy contrast. While enhancing discriminability,

these methods do not explicitly address redundancy or confounding
at the dimensional level.

Data Augmentation. Another direction focuses on augmen-
tation to improve sample efficiency. RAD[19] first demonstrates
that pixel-based augmentations like random cropping stabilize
Q-learning. DrQ[43] and DrQv2[14] exploit multi-view averag-
ing for better data utilization. PlayVirtual[45] performs trajectory-
level augmentation via cycle-consistent virtual rollouts. Subsequent
works such as CycAug[28], SODA[13], SRM[17], CG2A [26], and
FGA3[22] explore domain-specific or frequency-domain augmen-
tations to enhance generalization. While increasing data diversity,
they typically do not alter latent structure or address dimensional
redundancy.

Redundancy Reduction in Self-supervised Learning. In-
spired by neuroscience[2], several self-supervised methods intro-
duce decorrelation-based regularizers. Barlow Twins[51] enforces
the cross-correlation matrix to approximate an identity matrix,
while VICReg[1] and Whitening-based approaches[6] regularize
variance and covariance for non-redundant features. The MCR2

principle[47] emphasizes information-theoretic compression to
achieve diverse and discriminative embeddings. Despite advances,
their efficacy in sequential decision-making remains unclear. DR2
tackles the noisy-TV issue from a dimensional-analysis perspective.
To alleviate difficulties in VRL, DR2 applies redundancy reduction
to decouple the feature space, reducing the complexity of discov-
ering the optimal dimensional rational that aligns representations
with decision making.

In summary, while prior research improved sample efficiency
and generalizatio via auxiliary objectives and augmentation, most
methods overlook dimensional redundancy and confounders. DR2
addresses these by combining redundancy reduction with a meta-
learned dimensional mask, producing compact, decision-relevant
representations. This mechanism complements existing VRL ap-
proaches and provides a new dimension-wise perspective on im-
proving sample efficiency and generalization.

3 BACKGROUND
Markov Decision Process.We analyze VRL within the framework
of a standard Markov Decision Process (MDP), which models the
interaction between an agent and its environment over episodic tra-
jectories. Formally, an MDP is defined as a tuple (O,A,P,R, 𝛾, 𝑑0),
where O represents the observation space, consisting of pixel ob-
servations 𝑜 ; A denotes the action space, from which actions 𝑎 are
sampled; P : O × A → △(O) specifies the transition dynamics,
with △(O) denoting the probability distribution over subsequent
observations;R : O×A → R defines the reward function;𝛾 ∈ (0, 1)
is the discount factor that governs the importance of future rewards;
and 𝑑0 ∈ △(O) represents the initial observation distribution, defin-
ing the probability distribution of the initial observation 𝑜0.

Deep Reinforcement Learning from Pixels. In VRL, learn-
ing a policy directly from the high-dimensional observation 𝑜𝑡 is
intractable. Therefore, algorithms typically employ a deep encoder
network, 𝑓𝜃𝐸 , to map the pixel input to a low-dimensional latent rep-
resentation, 𝑧𝑡 = 𝑓𝜃𝐸 (𝑜𝑡 ). This learned representation is intended
to capture the essential information required for decision-making.
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Figure 3: Framework of DR2.

The latent representation 𝑧𝑡 serves as the input for a policy net-
work and a value network, which are typically trained by RL and
representation learning objectives.

4 METHODS
4.1 Dimensional Redundancy Reduction
As illustrated in Fig.1, representations learned by existing VRL
methods still exhibit dimensional redundancy, where multiple di-
mensions within the embedding space capture overlapping infor-
mation entropy. To address this issue, we draw inspiration from
redundancy reduction theory in neuroscience[2], which posits that
a key ability of sensory processing is to transform highly redun-
dant input signals into a factorial code—a representation composed
of statistically independent components. Building upon its suc-
cessful application in self-supervised learning [51], we introduce
dimensional redundancy reduction into the VRL setting to explicitly
suppress overlapping information across dimensions. Concretely,
given a visual observation, we apply data augmentation followed
by an encoder and projector to generate two embedding views. To
simplify notations, we utilize 𝑧𝐴 and 𝑧𝐵 to denote the two embed-
dings after online projector and target projector respectively. The
redundancy reduction objective is formulated as follows:

LRR ≜
∑︁
𝑖

(1 −𝐶𝑖𝑖 )2︸          ︷︷          ︸
invariance term

+ 𝜆
∑︁
𝑖

∑︁
𝑗≠𝑖

𝐶2
𝑖 𝑗︸         ︷︷         ︸

redundancy reduction term

(1)

where 𝜆 is a hyper-parameter, and 𝐶 is computed between the
outputs of the online and target projectors:

𝐶𝑖 𝑗 ≜

∑
𝑏 𝑧

𝐴
𝑏,𝑖
𝑧𝐵
𝑏,𝑗√︂∑

𝑏

(
𝑧𝐴
𝑏,𝑖

)2√︂∑
𝑏

(
𝑧𝐵
𝑏,𝑗

)2 (2)

where 𝑏 refers to batch sample index, and 𝑖 , 𝑗 refers to the dimen-
sional index of the projector network outputs. The matrix 𝐶 is a

square matrix with a size equal to the dimensionality of the net-
work’s output, and its values range in [-1,1], where -1 denotes
perfect anti-correlation and 1 denotes perfect correlation.

Intuitively, the invariance term drives the diagonal entries of
the cross-correlation matrix to 1, enforcing that embeddings re-
main invariant under the applied augmentations. In parallel, the
redundancy-reduction term pushes the off-diagonal entries toward
0, decorrelating the embedding components. This decorrelation sup-
presses redundancy across output units, ensuring that each unit cap-
tures distinct, non-overlapping information. With the redundancy-
reduction objective L𝑅𝑅 in place, the online encoder efficiently
produces well-decoupled and redundancy-reduced representations.

4.2 Dimensional Mask: Addressing Dimensional
Confounders

After optimizing the encoder with LRR, we obtain a redundancy-
reduced representation space where each representation space en-
codes a distinct portion of the information entropy. Yet not every
information is beneficial for decision-making tasks: as shown in
Fig. 2, masking certain dimensions can even improve policy perfor-
mance. This observation raises a fundamental question:

Canwe reliably identify the contribution of each
latent dimension to downstreamdecision-making?

To answer this question, we introduce a learnable dimensional
mask 𝝎 = {𝜔𝑘 | 𝑘 ∈ ⟦1, 𝐷⟧} to model each dimension’s gradient
contribution to the RL loss LRL. The dimensional mask is then used
to assign a weight to each dimension of the representation.

𝑧1𝑡 = 𝑧1𝑡 ⊗ 𝜔 (3)

where 𝑧1𝑡 refers to themasked representation capturing task-important
information,𝜔 represents the dimensionalmask and ⊗ is an element-
wise Hadamard product function. This process enables to extract
only the information from the decoupled representation that is most
relevant to decision-making context, while ignoring dimensions
that serve as confounders.
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Table 1: Performance comparison of DR2 and baseline algorithms on the Atari. The best score for each game is highlighted in
bold, and the second-best score is underlined.

Game Human Random SimPLe CURL DrQ SPR PlayVirtual CCLF PSRL CoIT Ours

Alien 7127.7 227.8 616.9 558.2 771.2 801.5 947.8 920.0 1030.1 1206.7 1144.3
Amidar 1719.5 5.8 88.0 142.1 102.8 176.3 165.3 154.7 114.3 182.3 179.3
Assault 742.0 222.4 527.2 600.6 452.4 571.0 702.3 612.4 708.3 635.7 751.2
Asterix 8503.3 210.0 1128.3 734.5 603.5 977.8 933.3 708.8 959.3 709.0 1057.7
BankHeist 753.1 14.2 34.2 131.6 168.9 380.9 245.9 36.0 95.8 124.8 334.3
BattleZone 37187.5 2360.0 5184.4 14870.0 12954.0 16651.0 13260.0 5775.0 16688.0 13760.0 17322.0
Boxing 12.1 0.1 9.1 1.2 6.0 35.8 38.3 7.4 35.9 23.6 34.3
Breakout 30.5 1.7 16.4 4.9 16.1 17.1 20.6 2.7 17.5 16.1 21.8
ChopperCommand 7387.8 811.0 1246.9 1058.5 780.3 974.8 922.4 765.0 1251.2 1338.0 1783.0
CrazyClimber 35829.4 10780.5 62583.6 12146.5 20516.5 42923.6 23176.7 7845.0 42544.0 17538.0 32091.0
DemonAttack 1971.0 152.1 208.1 817.6 1113.4 545.2 1131.7 1360.9 884.0 846.4 1089.0
Freeway 29.6 0.0 20.3 26.7 9.8 24.4 16.1 22.6 24.8 29.6 25.4
Frostbite 4334.7 65.2 254.7 1181.3 331.1 1821.5 1984.7 1401.0 776.9 2069.8 2253.7
Gopher 2412.5 257.6 771.0 669.3 636.3 715.2 684.3 814.7 920.3 746.8 747.3
Hero 30826.4 1027.0 2656.6 6279.3 3736.3 7019.2 8597.5 6944.5 3977.3 7572.8 8113.0
Jamesbond 302.8 29.0 125.3 471.0 236.0 365.4 394.7 308.8 471.4 336.0 455.7
Kangaroo 3035.0 52.0 323.1 872.5 940.6 3276.4 2384.7 650.0 1580.0 4116.6 2652.3
Krull 2665.5 1598.0 4539.9 4229.6 4018.1 3688.9 3880.7 3975.0 4958.3 3426.2 4599.3
KungFuMaster 22736.3 258.5 17257.2 14307.8 9111.0 13192.7 14259.0 12605.0 17759.5 9250.0 16778.0
MsPacman 6951.6 307.3 1480.0 1465.5 960.5 1313.2 1335.4 1397.5 1597.3 1509.6 1329.3
Pong 14.6 -20.7 12.8 -16.5 -8.5 -5.9 -3.0 -17.3 -8.2 1.5 4.8
PrivateEye 69571.3 24.9 58.3 218.4 -13.6 124.0 93.9 100.0 158.0 145.7 146.7
Qbert 13455.0 163.9 1288.8 1042.4 854.4 669.1 3620.1 953.8 1290.3 2117.5 2668.3
RoadRunner 7845.0 11.5 5640.6 5661.0 8895.1 14220.5 13534.0 11730.0 3175.7 11758.5 14166.3
Seaquest 42054.7 68.4 683.3 384.5 301.2 583.1 527.7 550.5 734.9 554.0 653.7
UpNDown 11693.2 533.4 3350.3 2955.2 3180.8 28138.5 10225.2 3376.3 4263.8 4734.2 14258.4

Mean HNS 1.000 0.000 0.443 0.381 0.357 0.703 0.637 0.382 0.610 0.543 0.739
Median HNS 1.000 0.000 0.144 0.175 0.268 0.415 0.472 0.181 0.344 0.352 0.514

4.3 How to Obtain the Optimal 𝝎?
The dimensional mask is introduced to identify dimensional con-
founders in the redundancy-reduced representation space, thereby
tailoring the learned features to the demands of the decision-making
task. The main difficulty stems from both the task’s intrinsic com-
plexity and the high dimensionality of the observation space. As a
result, attributing each latent dimension’s contribution to policy per-
formance is intractable with conventional dimension–importance
modeling techniques such as attention mechanisms[40]. Further-
more, estimating the contribution of 𝝎 to L𝑅𝑅 via first-order opti-
mization alone is unreliable, as it is easily trapped by noisy, non-
stationary gradients and local minima. Hence, we update the di-
mensional mask via a meta-learning strategy. Meta-learning mines
task-specific knowledge from previous training episodes and, in
doing so, endows the dimensional mask with a learn-to-learn capa-
bility: it quickly adapts its weighting scheme to track the importance
of each dimension, ensuring that the policy concentrates on truly
decision-relevant information.

In DR2’ training framework, only the 𝜔 are refined through the
meta-learning process as the complexity of acquiring relationship
between representation space and downstream decision-making
task, while the rest of the parameters, such as encoder, projector
and policy network are updated via standard first-order gradient

methods. Specifically, in the first regular training step, we opti-
mize the parameter set 𝜃 = (𝜃𝐸 , 𝜃𝑃 , 𝜃𝜋 ) by jointly minimizing the
redundancy-reduction loss and the RL objective (with 𝝎 frozen):

argmin
𝜃

L𝑡𝑜𝑡 (𝜃, 𝜔), (4)

where L𝑡𝑜𝑡 (𝜃, 𝜔) = L𝑅𝐿 +𝛽L𝑅𝑅 , and 𝛽 is a weighting coefficient to
balance the RL objective with the redundancy reduction objective.
It is worth noting that our DR2 framework is compatible with any
VRL learning objectives. The experimental results presented in
Section 5.4 substantiate this assertion.

In the second meta-learning-based step, 𝜔 is updated using a
meta-learning approach that leverages second-order gradient. This
method is crucial for adapting 𝜔 to properly recognize the impor-
tance of each information dimension. The update involves calculat-
ing the gradient of 𝜔 based on the combined performance metric
L𝑅𝐿 , and is formulated as follows:

argmin
𝜔

L𝑅𝐿 (𝜃𝑡𝑟𝑖𝑎𝑙 , 𝜔), (5)

where 𝜃𝑡𝑟𝑖𝑎𝑙 = (𝜃 𝑡𝑟𝑖𝑎𝑙
𝐸

, 𝜃 𝑡𝑟𝑖𝑎𝑙
𝑃

, 𝜃 𝑡𝑟𝑖𝑎𝑙𝜋 ) are the trial weights obtained
after a single gradient update on L𝑅𝐿 . This update of trial weights
is computed as:

𝜃𝑡𝑟𝑖𝑎𝑙 = 𝜃 − ℓ𝜃∇𝜃L𝑅𝐿, (6)
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Table 2: Performance comparison of DR2 and baseline algorithms on the DMC-100k and DMC-500k.

100K Step Score DrQ SPR PlayVirtual SVEA CCLF PSRL TACO MaDi Ours

FingerSpin 901±42 868±143 915±49 859±77 944±42 882±132 876±67 810±95 927±32
CartpoleSwingup 759±92 799±42 816±36 727±86 799±61 849±63 782±51 704±54 804±54
ReacherEasy 601±213 638±269 785±142 811±115 738±99 621±202 821±97 766±101 806±64
CheetahRun 344±67 467±36 474±50 375±54 317±38 398±71 402±62 432±44 481±55
WalkerWalk 612±164 398±165 460±173 747±65 648±165 595±104 601±103 574±94 547±77
BallInCupCatch 913±53 861±233 929±31 915±71 861±233 922±60 902±54 884±36 931±21

Mean Score 688.3 671.8 729.8 739.0 726.7 711.1 730.7 695.0 749.2

500K Step Score DrQ SPR PlayVirtual SVEA CCLF PSRL TACO MaDi Ours

FingerSpin 938±103 924±132 963±40 924±93 974±6 961±121 972±89 951±47 976±6
CartpoleSwingup 868±10 870±12 865±11 865±10 869±9 895±39 870±21 849±6 887±20
ReacherEasy 942±71 925±79 942±66 944±52 941±48 932±41 944±50 955±31 966±15
CheetahRun 660±96 716±47 719±51 682±65 588±22 686±80 663±30 732±45 738±27
WalkerWalk 921±45 916±75 928±30 919±24 936±23 930±75 914±87 912±26 944±17
BallInCupCatch 863±9 963±8 967±5 960±19 961±9 988±54 960±22 912±62 974±7

Mean Score 865.3 885.7 897.3 882.3 878.2 894.1 887.1 885.1 914.3

with ℓ𝜃 representing the learning rate. Notably, during the cal-
culation of these trial weights, back-propagation of gradients is
excluded to ensure computational efficiency. Consequently, 𝜔 is
refined through second-order gradient optimization based on 𝜃 .
This process allows 𝜔 to be continuously fine-tuned by consider-
ing the gradient contributions from L𝑅𝐿 , enabling it to effectively
discern the relevance of each information dimension and adapt
accordingly. Under this meta-learning scheme, 𝜔 dynamically pri-
oritizes decision-critical dimensions, thereby enhancing policy per-
formance.

We train the dimensional mask 𝜔 solely from RL objective for
two reasons. First, optimizing 𝜔 against multiple objectives intro-
duces conflicting gradients and increases optimization difficulty,
hindering stable convergence. Second, redundancy reduction is
task-agnostic, whereas our goal is to probe the link between repre-
sentation dimensions and downstream decision making to extract
decision-critical information. By updating 𝜔 only with respect to
the RL objective L𝑅𝐿 , the agent learns to highlight task-relevant di-
mensions and suppress dimensional confounders that are irrelevant
to control.

5 EXPERIMENTS
In this section, our experimental design is meticulously structured
to address three fundamental questions:

• RQ1. How does DR2 compare with state-of-the-art VRL
methods in terms of sample efficiency and generalization?

• RQ2. Which components of DR2 are critical to its effective-
ness?

• RQ3. Can DR2 be integrated as a plug-and-play module
into diverse VRL algorithms to consistently enhance sample
efficiency?

5.1 Setup
Benchmarks. Our evaluation spans data-efficient bench—Atari-
100K, DMC-100K, DMC-500K—and a generalization benchmark,
DMC-GB, providing coverage of both sample efficiency and robust-
ness. All results are reported under identical training budgets and
evaluation protocols to assess sample efficiency and generalization
fairly. For each task, we run five random seeds and report the mean
and standard deviation of return for evaluation.

Baselines. We compare DR2 against leading VRL algorithms:

• Atari-100K: SimPLe[54], CURL[20], DrQ[43], SPR[32], PlayVirtual[45],
CCLF[37], PSRL[5], and CoIT[27];

• DMC-100K andDMC-500K: DrQ[43], SPR[32], PlayVirtual[45],
SVEA[12], CCLF[37], PSRL[5], TACO[52] and MaDi[9].

• DMC-GB: SAC[10], DrQ[43], DrQv2[14], RAD[19], PAD[11],
SODA[13], SVEA[12], TLDA[48], PIE-G[49], EAR[4].

The results of the baseline algorithms are directly cited and kept
consistent with their original papers or subsequent works that
follow those baselines.

5.2 Performance(RQ1)
AlthoughDR2 is a plug-and-playmodule applicable to anyVRL algo-
rithm, we instantiate it on PlayVirtual [45] for the sample-efficient
benchmarks and on SVEA[12] for the generalization benchmark,
and compare against strong baselines to evaluate both sample effi-
ciency and generalization.

Atari-100k. For Atari-100K—a discrete-action benchmark—we
evaluate 26 games. As shown in Table 1, DR2 achieves the best
overall sample efficiency and asymptotic performance, with a mean
human-normalized score (HNS) of 0.739 and a median HNS of 0.514.
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Table 3: Performance comparison of DR2 and baseline algorithms on the DMC-GB.

DMCGB SAC DrQ DrQv2 RAD PAD SODA SVEA TLDA PIE-G EAR Ours

V
id
eo

Ea
sy

Walker,Walk 245±165 682±8 175±117 608±92 717±79 771±66 819±71 873±83 871±22 913±38 845±17
Walker,Stand 389±131 873±83 560±48 879±64 935±20 965±7 961±8 946±6 957±12 970±23 971±8
Ball_in_cup,Catch 192±157 318±157 453±60 363±158 436±55 939±10 871±106 892±68 922±20 911±40 919±22
Finger,Spin 152±8 533±119 456±15 334±54 691±80 535±52 808±23 744±18 837±107 717±51 860±47
Cartpole,Swingup 472±26 485±105 267±41 391±66 521±76 678±120 702±80 671±57 587±61 762±88 797±35
Cheetah,Run 87±21 102±30 64±22 43±21 206±34 184±64 249±20 308±57 287±20 334±56 336±41

DMCGB SAC DrQ DrQv2 RAD PAD SODA SVEA TLDA PIE-G EAR Ours

V
id
eo

H
ar
d Walker,Walk 122±47 104±22 34±11 80±10 189±54 312±32 385±63 271±55 600±28 383±59 641±22

Walker,Stand 231±57 289±49 151±13 229±45 411±36 736±132 747±43 602±51 852±56 744±62 871±29
Ball_in_cup,Catch 101±37 92±23 97±27 98±40 174±71 381±163 403±174 257±57 786±47 320±48 779±50
Finger,Spin 25±6 71±45 21±4 15±6 144±19 221±48 335±58 241±29 762±59 277±62 790±43
Cartpole,Swingup 153±22 138±9 130±3 117±22 255±60 339±87 393±45 286±47 401±21 375±37 421±18
Cheetah,Run 28±6 32±13 23±5 21±7 35±22 94±75 105±37 90±27 134±17 91±46 138±21

(b) DMC-500k

(a) Atari-100k

Figure 4: Ablation studies of different DR2 variants.

DMC-100k and DMC-500k. We then evaluate DR2’s effective-
ness in improving sample efficiency on six challenging continuous-
control tasks from the DMC, a setting widely known to exhibit
severe sample inefficiency under pixel observations due to high-
dimensional inputs and complex, nonstationary dynamics. As shown
in Table 2, DR2 achieves the best sample efficiency at both 100K
and 500K training steps, with mean scores of 749.2 (DMC-100K)
and 914.3 (DMC-500K), respectively.

DMC-GB. At last, we assess DR2’s generalization. In this bench-
mark, agents are trained in a fixed environment and evaluated
on two distribution shifts: Video-Easy and Video-Hard. We report
results on six tasks for each test distribution. As shown in Ta-
ble 3, DR2 achieves the top performance on 4/6 Video-Easy tasks
and 5/6 Video-Hard tasks. These consistent gains suggest that the
redundancy-reduced and de-confounded representations learned
by DR2 transfer robustly to out-of-distribution visuals.

These results demonstrate that DR2 effectively mitigates dimen-
sional redundancy and dimensional confounders, achieving state-
of-the-art performance in VRL.

5.3 Ablation Study(RQ2)
To evaluate the specific contributions of different components in
DR2, we perform ablation studies on five Atari games—Alien, Bat-
tleZone, Frostbite, KungFuMaster, RoadRunner—and three DMC
tasks—FingerSpin, ReacherEasy, BallInCupCatch. We evaluate four
configurations: DR2 refers to the complete method proposed in
our work, incorporating all components. PlayVirtual represents
the baseline algorithm without any DR2 enhancements. DR2 w/o
RR is a variant of DR2 which removes the redundancy-reduction
regularizer, enabling us to quantify the benefit of decoupled repre-
sentation space. DR2 w/o dimensional mask omits dimensional
mask and treats every dimension as equally important. This allows
us to assess the significance of mitigating dimensional confounders.

As shown in Fig. 4, omitting either component of DR2 leads
to a clear drop in performance. Removing the dimensional mask
(DR2 w/o dimensional mask) causes a larger performance drop,
because redundancy reduction alone merely produces a decoupled
representation, whereas the dimensional mask can align the rep-
resentation with the decision-critical information, which is essen-
tial for decision-making performance. Furthmore, the performance
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Figure 5: Performance of DR2 integrated with various VRL
baselines.

drop of DR2 w/o Redundancy Reduction also highlight the impor-
tance of the redundancy-reduction regularizer. Without this step,
dimensional redundancy substantially enlarges the search space
and hinders the discovery of an optimal dimensional mask. In sum-
mary, redundancy reduction and the dimensional mask aremutually
reinforcing: the former produces a disentangled representation, and
the latter selects the most informative subspace, with both being
essential for achieving state-of-the-art performance.

5.4 Performance as a Plug-and-play
Module(RQ3)

To assess the plug-and-play ability of DR2, we integrate it into
four representative state-of-the-art VRL algorithms: CURL[20],
PlayVirtual[45], PLASTIC[21] and DrM[41]. Among these methods,
CURL represents the first attempt to combine contrastive learning
and data augmentation in VRL, PlayVirtual performs trajectory-
level augmentation via cycle consistency, PLASTIC and DrM tackle
the plasticity-loss phenomenon in neural networks. We compare
each baseline with and without DR2 under identical training bud-
gets and report sample efficiency on the same set of five Atari
games and three DMC tasks described in Section 5.3. As shown
in Fig. 5, we observe that DR2, as a plug-and-play module, consis-
tently enhances the performance and sample efficiency of these
leading methods. These results (i) further confirm the presence of
dimensional redundancy and dimensional confounders in existing
representations and their negative effect on sample efficiency, and
(ii) demonstrate that DR2 effectively removes redundancy and sup-
presses confounders. In summary, dimensional analysis with DR2
serves as a complementary enhancement that reliably improves the
efficacy of diverse VRL approaches.

5.5 Visualization
To better understand the effectiveness of DR2, we visualize its
learned representations. As shown in Fig. 1, DR2 produces a de-
coupled embedding, in which different latent dimensions encode
distinct portions of the information entropy. This visualization
clearly confirms that DR2 effectively removes redundant factors
and yields a more disentangled representation than existing meth-
ods. Furthermore, we employ Grad-CAM [33], which highlights
input regions that most influence the model’s decisions, to visualize

Finger
Spin

Walker
Walk

Reacher
Easy

Cartpole 
Swingup

Original 
Observation PlayVirtual Ours

Figure 6: Grad-CAM visualizations on DMC. Brighter regions
indicate stronger model attention. Columns (left → right):
original pixel observations; features learned by PlayVirtual;
features learned by DR2.

what the dimensional mask has learned. The resulting heat maps
expose the specific areas of the visual input that DR2 attends to
after redundancy reduction and masking. As illustrated in Fig.6,
after training on the DMC tasks, the baseline, PlayVirtual, still at-
tends to several task-irrelevant background regions. In contrast,
DR2 consistently concentrates on task-relevant areas, effectively
filtering out these distracting visual elements.

6 CONCLUSION
In this work, we tackle the longstanding sample-efficiency and gen-
eralization bottleneck in VRL. A dimensional analysis of existing
methods reveals that dimensional redundancy and dimensional
confounders remain in their learned representations, substantially
impairing policy learning. To address these issues, we introduce
DR2—a simple yet powerful, plug-and-play module that first con-
structs a redundancy-reduced representation space and then ex-
plores the dimensions most critical to decision-making. Concretely,
DR2 combines (i) a redundancy-reduction regularizer that encour-
ages statistically decoupled embeddings, and (ii) a learnable dimen-
sional mask that weights each dimension according to its gradient
contribution to policy improvement. Comprehensive experiments
on Atari and DMC demonstrate that DR2 not only delivers state-of-
the-art sample efficiency and generalization but also consistently
boosts the performance of a wide range of VRL baselines without re-
quiring any architectural changes. These results underscore DR2’s
effectiveness and highlight the importance of explicitly handling
redundancy and confounders in visual representations.
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