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Abstract

A fundamental challenge in visual reinforcement learning
(RL) is achieving robust generalization across environments
with varying visual distractions. Current RL methods strug-
gle with generalization due to their inability to differenti-
ate foreground and background features during augmenta-
tion,while their Q-consistency mechanisms rely on outdated
actions from replay buffers that drift from the current policy.
In this paper, we present PQDA, a novel framework that ad-
dresses generalization challenges in RL through two key in-
novations: (1) Foreground-Background Decoupled Augmen-
tation leverages Gaussian mixture model-based segmentation
to efficiently generate and cache masks in replay buffers, ap-
plying differentiated augmentation strategies to foreground
and background regions, thereby enhancing data diversity
while maintaining task-relevant features. (2) Policy-Aligned
Q-Consistency enforces policy alignment by sampling ac-
tions from the current policy for Q-regularization, achieving
faster and more stable convergence. Notably, PQDA elimi-
nates auxiliary tasks entirely through a unified architecture
that co-optimizes the encoder and RL components directly.
Extensive experiments on DMControl benchmarks (including
our newly proposed CVDMC benchmark) and robotic ma-
nipulation tasks demonstrate PQDA’s superior generalization
performance, outperforming state-of-the-art methods.

Introduction

Deep reinforcement learning (RL) has achieved remark-
able success in solving complex sequential decision-making
problems, from game play (Lanctot et al. 2019; Ye et al.
2020) to robotic control (Han et al. 2023; Kargin and Kotota
2023). Despite these successes, deploying RL in real-world
scenarios faces fundamental challenges, with generaliza-
tion standing as the foremost bottleneck. Agents often fail
to adapt to environmental variations unseen during train-
ing—such as visual distractions, physical parameter shifts,
or task modifications—due to overfitting to narrow training
distributions.

Recent efforts address this through data augmentation
(e.g., RAD (Laskin et al. 2020), DrQ(Yarats, Kostrikov, and
Fergus 2021)) to synthetically expand the training distribu-
tion, Q-consistency regularization (e.g., SVEA (Hansen, Su,
and Wang 2021)) to enforce temporal coherence of value
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Figure 1: The primary limitations of existing methods. Our

method in this paper is specifically designed to overcome
these key limitations.
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functions across perturbations, and auxiliary objectives (e.g.,
CURL (Laskin, Srinivas, and Abbeel 2020)) to learn invari-
ant representations. Despite their empirical successes, these
methods face four fundamental limitations as presented in
Figure 1: (1) Redundant Mask Generation for Identical Sam-
pled States: Existing approaches require the network to re-
process identical states sampled from the buffer and re-
generate masks independently for each update, creating un-
necessary computational overhead. (2) Lack of Foreground-
Specific Augmentation: Existing augmentation methods typ-
ically adopt either global image augmentation (e.g., random
overlay (Hansen, Su, and Wang 2021)) or background-only
enhancement, failing to prioritize task-relevant foreground
regions. (3) Training Instability with Inconsistent Policy:
Standard Q-consistency regularization relies on outdated ac-
tions sampled from replay buffers, which were generated by
historical policies. This policy lag introduces bias in gradient
estimates and destabilizes training, as the Q-function learns
from actions misaligned with the current policy. (4) Exces-
sive Learning Objectives with Multi-Loss: While auxiliary
tasks (e.g., reconstruction, contrastive learning) jointly train
encoders with RL objectives to accelerate convergence, they
often optimize features irrelevant to the control task. This
not only wastes capacity but introduces competing gradients
that increase training variance.

In this work, we present PQDA (Policy-aligned Q-
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Figure 2: Examples of our proposed Color-Video DMControl (CVDMC) benchmark (walker-stand and cartpole-swingup), with
independent foreground-background variations. More examples can be deferred to the Appendix.

consistency with Decoupled Augmentation), a novel frame-
work that addresses these limitations through two synergis-
tic innovations: (1)Foreground-Background Decoupled
Augmentation: Unlike prior works that augment observa-
tions uniformly or only focus on the background, PQDA ex-
plicitly decouples foreground and background processing.
We employ Gaussian Mixture Models (GMMs) (Zivkovic
2004) to efficiently segment observations into foreground
(task-relevant) and background (distracting) regions. The
computed segmentation masks are stored directly in the re-
play buffer, eliminating redundant recomputation when the
same state is sampled multiple times. (2)Policy-Aligned Q-
Consistency: While most off-policy algorithms (e.g., SGQN
(Bertoin et al. 2022)) rely on buffer-sampled actions for Q-
consistency, we introduce a novel on-policy-inspired loss,
dynamically sampling actions from the latest policy for con-
sistency computation. Our method eliminates policy-lag bias
by ensuring Q-learning aligns with the current policy’s state-
action distribution while maintaining off-policy efficiency
unlike pure on-policy methods, PQDA strategically lever-
ages the replay buffer for sample-efficient training while
avoiding its temporal inconsistency pitfalls through dynamic
action resampling from the latest policy.

Our contributions can be summarized as follows:

We present PQDA, a novel RL framework that eliminates
dependency on auxiliary tasks while achieving superior
sample efficiency and generalization.

We propose the first augmentation strategy that explic-
itly decouples foreground/background processing while
maintaining computational efficiency via GMM-based
masking and buffer storage.

We employ the policy-aligned Q-consistency mechanism,
which sample actions from the current policy for con-
sistency loss. Our approach is supported by a theoretical
analysis that formalizes its robustness and generalization
guarantees.

We introduce the Color-Video DMControl(CVDMC)
benchmark, comprising four environments with indepen-
dent foreground-background variations for generalization
evaluation (see Figure 2). Experiments across three plat-
forms(DMControl, CVDMC, and robotic manipulation
tasks) demonstrate PQDA’s superior performance over
sota RL algorithms with higher training efficiency.

29081

Background and Related Work
Reinforcement Learning

Reinforcement learning (RL) is usually formulated as a
Markov Decision Process (MDP) (Sutton, Barto et al. 1998)
defined by a tuple (S, A,P,R,7), where S is the state
space, A is the action space, P: S x A — S is the state
transition probability function, R is the reward function,
and v € [0,1) is the discount factor. At each time step ¢,
the agent receives a state s; € S from the environment,
selects an action a; € A from a policy mg(als) parame-
terized by 6, performs the action a, in environment, then
gains a reward r; € R and next state s;,; from environment
completing an interaction with the environment. The agent
continuously interacts with the environment, while updat-
ing the policy m(a|s) for the purpose of generating appro-
priate actions each time. The agent’s goal of RL is to learn
an optimal policy 7(a|s) that maps states to actions to max-
imize the expected return J(m) = E-[>.,2v'r:], where
7 = (S0, a0, 81, a1, - - -, S¢, ar) is the trajectory of the agent
in the environment.

Representation Learning for Visual RL

Visual RL leverages high-dimensional image inputs but
faces dual challenges: improving sample efficiency for faster
convergence and learning generalizable representations for
robustness. To accelerate convergence, prior work employs
auxiliary tasks such as dynamics prediction (Shelhamer et al.
2016; Guo et al. 2020; Lee et al. 2020a,b; Schwarzer et al.
2021), contrastive learning (Laskin, Srinivas, and Abbeel
2020; Zhu et al. 2022; Yu et al. 2022), reconstruction ob-
jectives (Shelhamer et al. 2016; Yarats et al. 2021; Zhao
et al. 2024; Zhou et al. 2026), and bisimulation(Zhang
et al. 2020). These methods co-train the encoder with aux-
iliary task, enabling the encoder to learn more effective
representations and thereby significantly accelerating the
training speed of reinforcement learning. However, their
ability to generalize to complex real-world scenarios re-
mains limited—models often fail catastrophically in un-
seen environments due to overfitting to training-specific fea-
tures. Recent breakthroughs address this mainly through
four synergistic approaches: data augmentation (SODA
(Hansen and Wang 2021),SRM(Huang et al. 2022)) diversi-
fies inputs while preserving semantics, Q-value consistency



(SVEA(Hansen, Su, and Wang 2021),SGQN(Bertoin et al.
2022)) stabilizes learning across augmented views, attribute
mask (MaDi(Grooten et al. 2023)) selectively obscures task-
irrelevant features to force invariant representation learning
and hybrid methods (SMG(Zhang et al. 2024)) combine all
with auxiliary objectives. Building on these advances, we
propose PQDA, a framework that achieves an optimal trade-
off between generalization and training efficiency by intro-
ducing decoupled augmentation to maximize environmental
variability without distorting task-relevant features and re-
designing Q-consistency with policy alignment to improve
the agent’s performance.

Attribution Mask

In visual RL, the expectation for models with strong gen-
eralization capabilities is to successfully generalize from a
single environment to unseen environments. In other words,
the model should focus on task-relevant features, while other
distracting information should be regarded as ephemeral and
insubstantial. Consequently, numerous excellent approaches
have been proposed to encourage the agent to focus on
task-relevant features, such as segmentation models(Wang
et al. 2023), separate models(Zhang et al. 2024) and saliency
maps(Bertoin et al. 2022; Wang et al. 2024b; Song et al.
2024; Sun et al. 2025). In this work, we employ a Gaus-
sian Mixture Model (GMM) for mask generation, achieving
computational efficiency, stable high-precision mask gener-
ation, and simple implementation.

Data Augmentation

Data augmentation, a cornerstone technique in computer vi-
sion, has demonstrated exceptional value in visual reinforce-
ment learning by directly improving model generalization.
Through strategic transformations of input data, augmenta-
tion provides diversified training samples that enable mod-
els to learn robust, generalizable representations while pre-
serving semantic consistency. This approach has been suc-
cessfully adapted to visual RL through several paradigms:
random cropping(Yarats, Kostrikov, and Fergus 2021), color
transformation(Hansen, Su, and Wang 2021; Huang et al.
2022), overlay(Zhang et al. 2024; Wang et al. 2024a), and
background replacement(Bertoin et al. 2022; Grooten et al.
2023; Zhang et al. 2024). Building upon these advances,
we propose a Foreground-Background Decoupled Augmen-
tation (FBDA) framework that fundamentally rethinks how
perturbations should be applied in visual RL.

Regularization

Research on generalization in visual RL aims to develop
policies that learn robust representations from a single train-
ing environment and successfully transfer to unseen test en-
vironments. This requires the model to extract invariant se-
mantic features from observationally distinct but semanti-
cally equivalent inputs. While Q-consistency regularization
has emerged as a dominant approach to stabilize learning,
these methods (Yarats, Kostrikov, and Fergus 2021; Hansen,
Su, and Wang 2021; Bertoin et al. 2022; Zhang et al. 2024)
share a critical limitation: they enforce consistency using
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historical policy actions from replay buffers, leading to sub-
optimal gradient signals. To address this, we propose Policy-
Aligned Q-Consistency (PAQC), which computes regular-
ization targets using the current policy’s actions, and simul-
taneously improves training stability and enhances final per-
formance.

Approach

We present PQDA (Policy-aligned Q-consistency with De-
coupled Augmentation), a novel framework for visual RL
generalization that integrates three key innovations: (1) fore-
ground mask extraction via Gaussian Mixture Models, (2)
decoupled augmentation applying distinct transformations
to foreground (color jitter) and background (natural im-
age blending), and (3) policy-aligned Q-consistency regu-
larization between original and augmented observations. As
shown in Figure 3, unlike methods requiring pretrained seg-
mentation model or foreground-agnostic augmentation, our
approach simultaneously addresses foreground and back-
ground generalization within a unified framework. Through
policy-aligned Q-consistency constraint, we eliminate aux-
iliary supervision needs while achieving maintained optimal
performance and explicit training objectives that reduce in-
stability.

Gaussian Mixture Model for Mask Generation

Our framework employs an online Gaussian Mixture Model
(GMM) (Zivkovic 2004) to dynamically segment fore-
ground objects from background scenes. As the agent in-
teracts with the environment, we concurrently process each
observation frame o; to generate binary masks M, which
are stored alongside the original observations in the replay
buffer B.

For each pixel = in the observation frame o, the fore-
ground mask M, is obtained through:

M,(z) = {1 if p(z | BG) < ctnr  (Foreground), o

0 otherwise (Background),
where ¢y, is the threshold. The background model is esti-
mated via a M -component GMM:

M
p(x|Xr, BG) = Z W N (5 i, 02,1,
m=1

where Xr = {4, ...,x¢17—1} with a length of T, I is the
identity matrix, p1,, ..., upas and oy, ..., ops are the estimates
of the means and variances of the corresponding Gaussian
components. The mixing weights denoted by w,,, are non-
negative and add up to one. The detailed initialization and
update process of the GMM is provided in Appendix .

Each generated mask M, is integrated into the standard
experience tuple 7, creating augmented transitions for stor-
age in replay buffer B. This design yields two key ad-
vantages over existing segmentation-based approaches: (1)
Computational Efficiency: Each mask is generated once and
reused throughout training, eliminating redundant compu-
tation required by methods that regenerate masks per sam-
pling. (2) Training Stability: The GMM operates indepen-
dently from RL parameter updates, preventing the propa-
gation of learning instability into mask quality—a critical
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Figure 3: Overall framework of our proposed PQDA method, a novel framework for visual RL generalization that integrates
GMM-based Mask Generation, Foreground-Background Decoupled Augmentation, and Policy-Aligned Q-Consistency.

limitation of neural network-based segmentation methods
(Zhang et al. 2024; Sun et al. 2025).

Foreground-Background Decoupled Augmentation

Existing approaches for visual RL generalization typically
rely on two types of augmentation. Random overlay aug-
mentation usually blends observations o, with random nat-
ural images b; ~ D from Places dataset (Zhou et al. 2017)
via linear interpolation: & aby + (1 — a)og, by ~ D,
where o = 0.5 is a typical mixing coefficient. Background
augmentation preserves foreground pixels (via binary mask
M) while replacing the background: 0; = o ® M; + by ©®
(1 — M), b, ~ D, where ® denotes the Hadamard product.

While these methods improve background generaliza-
tion, they exhibit two critical shortcomings. Ineffective for
foreground generalization: Neither method perturbs fore-
ground appearance (e.g., object color/texture). Marginal
gains: Overlay slightly outperforms mask-based methods,
but both fail when both foreground and background vary.

To address these limitations, we propose a decoupled
augmentation strategy that independently transforms fore-
ground and background regions:

Agg(04) = Color (o) © My,
Apg(0,b¢) = b © (1 — M), by ~ D.

3

As shown in Figure 3, the foreground augmentation
Ay, applies stochastic color-jitter (random hue, saturation,
brightness, contrast) to foreground pixels (M; = 1) by
Color(-), enhancing robustness to appearance shifts. The
background augmentation Ay, replaces the background
(M; = 0) with diverse natural images b; ~ D, preserv-
ing spatial structure. Through this dual-path augmentation
paradigm, we generate the final augmented observation:
0t = Agg(0r) ® Avg(0t,bt), where @ denotes the compo-
sition operator blending foreground and background.

Policy-Aligned Q-Consistency

Traditional Q-consistency methods enforce temporal consis-
tency by minimizing the discrepancy between Q-values of
augmented and original observations, using actions sampled
from the replay buffer. Within the standard Soft Actor-Critic
(SAC) framework, a approach regularize the Q-network by
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minimizing the squared error between the Q-values of orig-
inal and augmented state—action pairs:

LQ-orig = E(s,a)NB (QQ(’S? a) - QG('Aug(S)7 a))Q ) 4
where Aug(s) denotes the augmented state s’. Empiri-
cally, this simple consistency objective substantially boosts
the agent’s robustness when deployed across environments
with unseen visual distractions, establishing it as a widely
adopted baseline for improving generalization in visual RL.

However, this approach suffers from a critical limitation:
the actions stored in the buffer are generated by historical
policies that may significantly deviate from the current pol-
icy mp due to ongoing policy updates. This mismatch in-
troduces stale-action bias, where the Q-value regularization
is computed using outdated action distributions, leading to:
suboptimal gradient directions that destabilize training and
inconsistent learning signals, as the buffer actions fail to re-
flect the current policy’s behavior.

To address this, we introduce the Policy-Aligned Q-
Consistency (PAQC), which computes consistency targets
using actions sampled from the current policy 7y(-). Un-
like stochastic policies that introduce exploration noise, we
generates actions deterministically through the policy mean
a’ = pp(Aug(s)), where pp is the deterministic output of
g, eliminating exploratory noise (o = 0) typically required
in stochastic policies. The loss of our PAQC can be calcu-
lated as follows:

Leagc = E(s,0)~8 |(Qo(s, a) — Qe(Aug(S)va'))z} E)

The following theorem provides a theoretical guarantee
for our PAQC design:

Theorem 1 (Explicit Upper Bound). Assume Qg is Lips-
chitz continuous in state and action with constant Lg, and
Ty is Lipschitz continuous in state with constant L. For the
PAQC objective, the Q-value discrepancy satisfies:

|Qo(s,a) — Qo(Aug(s),a')| < Lo(1+ Lr) - €ang- (6)

Proof. See Appendix for the detailed derivation. (|

Theorem 1 demonstrates that PAQC typically leads to a
tighter effective bound compared to the standard objective.
Furthermore, our approach is compatible with trust region



DMControl SAC SODA  SVEA SRM  SGQN SMG PQDA DMControl SAC SODA SVEA SRM SGQN SMG PQDA
(color-easy) (overlay) (Ours) video-easy (overlay) (Ours)
cartpole, swingup 178+24 720£109 809+40 856+14 764484 854+13 858+8 cartpole, swingup 175+23 617+£76 718+£101 645+108 717+77 839+16 850+7
finger, spin 296+22 761+£87 919+43 916+34 852+126 957452 979+7 finger, spin 17137 615+£56 817494 6424+101 860+82 952+48 968+10
walker, stand 5924274 929423 957+4  953£5 906+50 965+13 97549 walker, stand 4844185 92428 928+50 947+14 949+10 961419 980+8
walker, walk ~ 430+33 539451 7054+124 632+93 805+47 915+36 933+8 walker, walk ~ 325+26 518+92 691+120 662+75 830+58 904434 94548
cheetah, run 253427 219446 289+43 272424 312434 346427 436+29 cheetah, run 179465 215+£15 278451 253+27 308+34 348+28 414+21
Average 350 634 736 726 728 807 836 Average 267 578 686 630 733 801 831
DMControl SAC SODA  SVEA SRM SGQN SMG PQDA DMControl SAC SODA SVEA SRM SGQN SMG PQDA
(color-hard) (overlay) (Ours) video-hard (overlay) (Ours)

cartpole, swingup 184426 585+66 752486 7524103 636110 726162 852110

cartpole,swingup 15616

34659 510£177 254469 599+112 764432 818+14

finger, spin 271423 663+106 868+74 834490 7004219 841+£113 980+8 finger,spin 22410 310+72 353£71 1314+89 710+159 910461 943+13
walker, stand 5264259 719+138 799+118 807128 788+114 878+70 970+17  walker,stand 212441 40668 814+57 558+139 870+78 955+9 97846
walker, walk 379437 396478 5714134 483+£123 632+176 739+31 903+23 walker,walk 132426 175431 348+80 165499 6344136 814451 844+40
cheetah, run ~ 208+54 199438 238+69 203+30 210£18 299+22 401+27 cheetah,run 56+30 118440 105+13 87424 135+44 303146 185442
Average 314 512 646 616 593 697 821 Average 116 271 426 239 590 749 754

Table 1: DMControl Results with color and video-based distractions.

policy optimization methods. When combined with KL di-
vergence constraints, it can leverage established policy im-
provement guarantees while providing enhanced general-
ization through our proposed augmentation and consistency
mechanisms.

The complete critic objective combines with the classical
critic loss: Leiic = Lo + ALpagce, Where A controls the Q-
Consistency strength. Our experiments demonstrate that this
Policy-Aligned Q-Consistency approach leads to more sta-
ble learning and improved generalization compared to the
conventional implementation. Our PAQC strategy delivers
three key advantages that address fundamental challenges
in policy-value alignment: (1) Gradient alignment: The Q-
value targets are consistent with the current policy’s action
distribution. (2) Stability: Eliminates stale-action bias and
improves the training robustness. (3) Compatibility: Inte-
grates seamlessly with standard off-policy RL frameworks.

Experimental Results
Setup

We evaluate PQDA on three challenging domains: (1)
the standard DMControl Suite with visual distractions
(background videos and color variations), (2) the sim-
ulated Robotic Manipulation tasks with varying back-
ground textures/colors during testing, and (3) four new
DMControl-based environments we developed with in-
dependent foreground-background variations, termed the
Color-Video DMControl (CYVDMC) Benchmark in Figure
2. We compare our approach against the following meth-
ods, including SAC(Haarnoja et al. 2018), SODA(Hansen
and Wang 2021), SVEA(Hansen, Su, and Wang 2021),
SRM(Huang et al. 2022), SGQN(Bertoin et al. 2022), and
SMG(Zhang et al. 2024). All experiments adopt identi-
cal backbone networks to SAC to ensure fair comparison.
Throughout all experimental results, best performance val-
ues are highlighted in bold.

DMControl Results

Our comprehensive evaluation across five DMControl tasks
demonstrates consistent superiority of the proposed method
under four challenging generalization settings (as provided

29084

in Figure 2). The results reveal three key findings: (1) Our
method outperforms the SAC baseline by at least 138.9%
in reward return (reaching up to 550.0% gains in video-
hard condition), establishing robust performance across all
difficulty levels; (2) When compared to the current SOTA
SMG algorithm, we achieve a consistent 6.5% average re-
ward improvement; (3) This superior generalization stems
from our dual innovation—FBDA combined with PAQC
—which enables exceptional adaptability to both color vari-
ations (showing only 1.8% performance drop from color-
easy to color-hard, versus SMG’s 13.6% decline) and dy-
namic video distractions (maintaining the top performance
in video-easy and video-hard), validating our approach’s ef-
fectiveness in handling diverse visual perturbations while
preserving task-relevant features.

Robotic Manipulation Results

To demonstrate our method’s generalization capability, we
evaluate each task across five distinct test environments with
varying visual conditions in simulated Robotic Manipula-
tion tasks. As quantitatively shown in Table 2, our approach
establishes SOTA performance in both training efficiency
and testing robustness. In the precision-demanding peg-in-
box task, our proposed PQDA achieves an average reward
of 263, outperforming SMG’s 234 by 12.4%. These results
validate our framework’s simulation-to-simulation general-
ization capacity, crucial for developing robust visuomotor
policies in synthetic training environments. Additional re-
sults for Reach task are provided in the Appendix.

CVDMC Benchmark Results

To rigorously evaluate our method’s robustness to com-
plex visual distractions, we introduce the CVDMC, a novel
evaluation framework that systematically combines fore-
ground and background variations across four distinct en-
vironments (see Figure 2). As demonstrated in Table 3,
our algorithm achieves SOTA performance under the most
challenging conditions, particularly in video-hard settings,
where dynamic background interference is severe. Under
color-easy video-hard, our method attains an average re-
ward of 725, outperforming SMG by 21.0%. Under color-
hard video-hard, the performance gap widens to 33.3% (708



Robot-Manip SAC SODA SVEA SRM SGQN SMG PQDA

(peg-in-box) (overlay) (Ours)
train 31+£73 232420 212439 227415 232419 237+16 273+18
testl -33+25 34+143 -18+59 55498 -67+28 237+18 259+11
test2 -42431 76119 85468 11454 194+51 219437 259+16
test3 -8+46 66+147 67+73 147+£114 198+34 237+15 270+14

test4 -42+51 80+£122 109+98 1124123 -51+46 237+17 259+14
tests -52431 -104+51 -26+£102 143+122 -108+24 237+15 258+7

Average  -24+28 641498 72480 116+£69 66+143 234417 263+6

Table 2: Robtic manipulation result in peg-in-box.

CVDMC Benchmark SAC SGQN SMG PQDA
(color-easy video-hard)  (Baseline) (Ours)
cartpole, swingup 179+£31 409+66  504+100 810+6
finger, spin 40429 683+50  862+81 912+10
walker, stand 402+115  678+38  724+78  958+22
walker, walk 81421 611438  644+12  811+50
cheetah, run 58+19 124436  261+43  135+27
Average 152 501 599 725
CVDMC Benchmark SAC SGQN SMG PQDA
(color-easy video-hard)  (Baseline) (Ours)
cartpole, swingup 159437 430499  527+115  809+12
finger, spin 31424 578+101 730+118 903+19
walker, stand 293+70 585+78  596+99  932+25
walker, walk 73+13 502480  591+59  772+63
cheetah, run 54+10 77420 212+25 125439
Average 122 434 531 708

Table 3: Performance comparison on CVDMC Benchmark
under video-hard conditions.

vs. SMG’s 531), highlighting our method’s resilience to si-
multaneous foreground and background distortions. By in-
dependently perturbing foreground (agent) and background
regions, our method maintains task-relevant features while
diversifying distractions—critical for handling video-hard
scenarios. The alignment of Q-consistency with the current
policy ensures stable learning despite extreme visual noise,
reducing performance variance compared to replay-buffer-
based approaches. The consistent gains in CVDMC’s most
difficult settings suggest our method is particularly suited for
real-world deployments where visual conditions are unpre-
dictable.

Efficiency Analysis

As demonstrated in Figure 4, our PQDA framework achieves
a superior trade-off between training efficiency and fi-
nal performance compared to other methods. While main-
taining comparable training time to SAC (6.5h vs. 5.5h),
PQDA delivers 3.7x higher reward (810 vs. 217), highlight-
ing its exceptional sample efficiency. More significantly,
PQDA outperforms SGQN and SMG in both metrics: at-

19 900 o
g 14 Time 700 &
g Reward 500 %
s 9 300 %

4 100
SAC SGQN SMG PQDA

Figure 4: Comparison of training efficiency and average re-
ward in DMControl with color and video-based distractions.
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CVDMC Benchmark SAC SAC SAC *
(color-easy video-easy) (Baseline) w/PAQC w/PAQC+FBDA
cartpole, swingup 56677 602+33 84717
finger, spin 673£56  721+34 978+8
walker, stand 790+47 881+25 968+7
walker, walk 596+69 657+60 925+20
cheetah, run 115+47 16747 390419
Average 548 606 822

* SAC w/ PAQC+FBDA is equal to our full PQDA.

Table 4: Performance Comparison of PQDA Components on
CVDMC Benchmark.

taining 22.6%/6.2% higher rewards and reducing training
time by 50%/61.8%. This dual advantage stems from two
design innovations: (1) Our training-free GMM segmenta-
tion with mask caching, which eliminating the bottleneck
of training-dependent mask generation in SMG/SGQN. (2)
The policy-aligned Q-consistency, which removes stale-
action bias from replay buffers—reducing Q-value drift and
directly improving reward performance.

Ablation Study

To validate the contributions of each component in our
framework, we conduct systematic ablation studies on
the selected color-easy video-easy environment from our
CVDMC Benchmark. This configuration represents a bal-
anced test case with moderate visual complexity, allowing
for clear isolation of component effects.

How Q-Consistency and Augmentation Strategy Jointly
Drive PQDA Performance? With SAC as the Base-
line, we compare the following configurations: (1) vanilla
SAC; (2) SAC with PAQC; (3) SAC with PAQC and
FBDA, with comparative results detailed in Table 4. The re-
sults demonstrate clear incremental improvements: (1) Q-
Consistency as a Foundation: The PAQC alone (SAC w/
PAQC) boosts SAC’s performance by 10.6% (548—606)
by stabilizing training (lower variance). (2) Decoupled Aug-
mentation as an Amplifier: Adding FBDA to the PAQC
(full PQDA) yields synergistic effects, further increasing
the reward by 35.6% (606—822), indicating its ability
to preserve foreground semantics while diversifying back-
grounds. This confirms that both components offer comple-
mentary benefits: PAQC enhances the policy training stabil-
ity, while FBDA further improves the performance through
foreground-background decoupled augmentation against ap-
pearance variations.

Does PAQC Outperform Existing Q-Consistency
Method? To evaluate the effectiveness of our Policy-
Aligned Q-Consistency (PAQC) mechanism, we conduct
bidirectional replacement experiments: (1) integrating
PAQC into SMG and SGQN by replacing their original
Q-regularization method (Q-orig, as defined in Eq. (4)),
and (2) substituting PAQC in our full method with Q-orig
(denoted as PQDA w/ Q-orig). As quantitatively shown in
Table 5, replacing the original Q-regularization in SMG
with PAQC improves the average reward by 3.7% (from
763 to 791). Notably, when retrofitting SGQN with PAQC,
we observe an 9.0% reward gain (691—753). Conversely,



CVDMC Benchmark SGQN Variants SMG Variants PQDA Variants PQDA
(color-easy video-easy) SGQN SMG (Full)
5y Fasy w/ PAQC  w/ GMM-Mask w/ PAQC  w/ GMM-Mask w/ Q-orig  w/ GT-Mask
cartpole, swingup 781420 838+11 742+27  828+t6 837+16 799+29 83348 849+12 847+7
finger, spin 959+18 971£10 854+46  965+13 979+4 95743 97443 980+2 978+8
walker, stand 960+10 967+16 905+35  955+4 967+6 918+10 947411 950+16 968+7
walker, walk 803+29 861+37 747420 895417 899+3 850+£22  901+20 915+16 925420
cheetah, run 263+13 379420 207+46 310428 359+11 290428  328+37 385+30 390+19
Average 753 803 691 791 808 763 797 816 822

Table 5: Ablation Study of our PAQC vs. Original Q-Consistency(Q-orig) and our GMM-based mask generation strategy vs.

other segmentation methods on CVDMC Benchmark.

CVDMC Benchmark SGQN SMG
(color-easy video-easy) i ey Reward Time(h) Reward
Original 13 691 17 763
w/ GMM-Mask 10.5 803 13.5 808
Performance Gap -2.5 +112 -3.5 +45

Table 6: Training Efficiency of our GMM-based mask gen-
eration on SGQN and SMG.

Ground truth  GMM-based - Background FBDA

Mask Mask

Observation Overlay

Augmentation Augmentation

Figure 5: Examples of GMM-based mask and Foreground-
Background Decoupled Augmentation (FBDA).

replacing PAQC in our full PQDA framework with Q-orig
drops performance by 3.0%, confirming its critical role. The
results validate that policy-aligned action sampling provides
more stable gradient signals than replay-buffer-based alter-
natives (Q-orig), while maintaining better sample efficiency
across all test cases.

Does GMM-Based Foreground-Background Decoupled
Augmentation Improve Generalization? We address
two fundamental questions to validate our GMM-Based
FBDA design:

(1) Why choose GMM for mask generation? Our GMM
eliminates both training overhead and runtime recompu-
tation by caching masks in buffers (e.g., SMG’s segmen-
tation on reprocessing identical states), while maintaining
ground truth (GT)—comparable segmentation as illustrated
in Figure 5. Crucially, the reward performance (822 vs. 816)
between GMM and GT mask (PQDA vs. PQDA w/GT-
Mask) in Table 5 confirms GMM’s adequacy for RL tasks.
When integrated into SMG and SGQN, our GMM im-
proves their average reward by 5.9% and 16.2% respec-
tively, while achieving 20.6% and 19.2% faster conver-
gence—attributable to the training-free nature of GMM and
our buffer-cached mask strategy as shown in Table 6.

(2) Does decoupled augmentation outperform other
augmentation? Figure 5 demonstrates the superior aug-
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= 850+ w/ Overlay

£ 650 ® w/ Background
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swingup spin stand walk run

Figure 6: Results of our PQDA with different augmentation
strategy in CVDMC Benchmark (color-easy video-easy).

mentation strategy of our FBDA framework compared to
conventional approaches like background-only augmenta-
tion (e.g., SGQN) and random overlay methods (e.g., SMG),
where GMM-based masks enable independent yet coor-
dinated transformations: while applying diversified back-
ground texture variations, we simultaneously perform tar-
geted color randomization exclusively to foreground agent
pixels, preserving structural integrity.

This precise region-specific augmentation yields signif-
icant performance improvements, as evidenced in Figure
6 by a 6.5% higher average reward over background-only
methods (822412 vs. 772+23) and 8.0% improvement over
overlay techniques (vs. 761+15) on CVDMC benchmark,
confirming that decoupled augmentation uniquely maintains
task-relevant foreground features while maximizing back-
ground diversity. The strategic separation inherently aligns
with visual RL agents’ processing priorities: foreground
consistency for stable action determination and background
variability for robust generalization, establishing FBDA as
both theoretically grounded and empirically validated.

Conclusion

In this work, our PQDA presents a principled solution
to the generalization challenge in visual RL by introduc-
ing two key innovations: foreground-background decoupled
augmentation and policy-aligned Q-consistency. By explic-
itly differentiating task-relevant and distraction features dur-
ing augmentation while enforcing Q-consistency with on-
policy actions, PQDA achieves superior robustness against
visual distractions compared to prior methods. The elimina-
tion of auxiliary tasks through a unified architecture further
demonstrates that strong generalization can be attained with-
out compromising simplicity or training stability. Extensive
empirical validation across DMControl benchmarks (includ-
ing our proposed CVDMC benchmark) and robotic manip-
ulation tasks confirms PQDA’s effectiveness, setting a new
SOTA for visual RL in dynamic environments.
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