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Fig. 1: We introduce RoboAug, a region-contrastive data augmentation framework. RoboAug enables robust robotic general-
ization in diverse, unseen scenes.

Abstract—Enhancing the generalization capability of robotic
learning to enable robots to operate effectively in diverse,
unseen scenes is a fundamental and challenging problem. Ex-
isting approaches often depend on pretraining with large-scale
data collection, which is labor-intensive and time-consuming, or
on semantic data augmentation techniques that necessitate an
impractical assumption of flawless upstream object detection
in real-world scenarios. In this work, we propose RoboAug, a
novel generative data augmentation framework that significantly
minimizes the reliance on large-scale pretraining and the perfect
visual recognition assumption by requiring only the bounding

box annotation of a single image during training. Leveraging this
minimal information, RoboAug employs pre-trained generative
models for precise semantic data augmentation and integrates
a plug-and-play region-contrastive loss to help models focus
on task-relevant regions, thereby improving generalization and
boosting task success rates. We conduct extensive real-world ex-
periments on three robots, namely UR-5e, AgileX, and Tien Kung
2.0, spanning over 35k rollouts. Empirical results demonstrate
that RoboAug significantly outperforms state-of-the-art data aug-
mentation baselines. Specifically, when evaluating generalization
capabilities in unseen scenes featuring diverse combinations of



backgrounds, distractors, and lighting conditions, our method
achieves substantial gains over the baseline without augmenta-
tion. The success rates increase from 0.09 to 0.47 on UR-5e,
from 0.16 to 0.60 on AgileX, and from 0.19 to 0.67 on Tien
Kung 2.0. These results highlight the superior generalization and
effectiveness of RoboAug in real-world manipulation tasks. Our
project is available at https://x-roboaug.github.io/.

I. INTRODUCTION

The deployment of generalist robots in unstructured, real-
world environments requires a level of perceptual robustness
that extends far beyond controlled training conditions. While
end-to-end visuomotor policies have demonstrated impressive
capabilities in learning complex skills [5, 80, 77, 41, 4, 18],
they remain notoriously brittle to distribution shifts of the
observations. When deployed in unseen scenes, the perfor-
mance of these policies often degrades significantly due to
environmental interferences. Addressing this fragility is crucial
for realizing reliable robotic systems. In this work, we focus
on enhancing policy generalization against three predominant
sources of out-of-distribution (OOD) interference: complex
background variations, drastic lighting changes, and the pres-
ence of task-irrelevant distractors.

To tackle the generalization challenge, two primary
paradigms have emerged: scaling real-world data collection
and leveraging synthetic data augmentation. Inspired by scal-
ing laws in foundation models [43, 68, 49], the first approach
advocates for pretraining on massive datasets [45, 64, 27, 66].
However, unlike the passive, internet-scale data acquisition
feasible for text and image domains, collecting robotic demon-
stration data in the real world is prohibitively expensive and
labor-intensive. Consequently, Data Augmentation (DA) [33,
25, 72, 35] has become a vital alternative. Traditional “weak”
augmentation techniques, such as random cropping and color
jittering, modify low-level pixel statistics but fail to introduce
the semantic diversity necessary to bridge the gap between
training and unstructured deployment environments.

Recent advances [11, 58, 12, 73, 78] have thus pivoted
toward “strong” semantic augmentation, utilizing generative
models [48, 51] to synthesize novel visual contexts via in-
painting. Crucially, these methods rely on the assumption
that task-relevant entities, such as the robot and manipulated
objects, can be precisely isolated using off-the-shelf segmenta-
tion [49] or detection models [44]. However, as highlighted in
RoboEngine [73] and corroborated by our empirical analysis,
this assumption is often overly optimistic. We collected a
dataset, RoboAug-D, which contains 7,576 trajectories across
33 tasks for object detection. Then we evaluated state-of-
the-art models like GroundingDINO [37] and LLMDet [22]
and found substantial failure modes. Imprecise extraction,
characterized by missing boundaries or hallucinated regions,
propagates to the generative process. For instance, failing to
detect a target object causes it to be overwritten by background
textures during inpainting, leading the policy to learn incorrect
behaviors, such as grasping empty space. This limitation pre-
vents existing pipelines from synthesizing the high-quality data
required to immunize policies against real-world interference.

To overcome these deficiencies, we propose RoboAug,
a novel Region-Contrastive Data Augmentation Framework
designed to achieve robust generalization with minimal human
intervention. RoboAug synergizes three key technical phases:
(1) robust task-relevant region extraction, (2) semantic data
augmentation, and (3) region-contrastive policy learning. First,
we introduce a task-relevant region extraction phase that
generates semantic masks across all trajectory images using
annotations from only a single frame. Unlike prior methods re-
quiring labor-intensive frame-by-frame labeling or detector re-
training [73], we leverage a one-shot region matching strategy
in a training-free manner. By combining GroundingDINO for
initial proposals, DINOv2 [44] for category correspondence,
and SAM2 [49] for temporal tracking, we ensure precise,
pixel-level extraction of task-relevant entities.

Building on these high-quality masks, RoboAug employs
a semantic data augmentation phase. Instead of relying on
unstable inpainting [60], we directly synthesize diverse full-
scene backgrounds [71] and seamlessly composite the fore-
ground regions onto them. To fully exploit the semantic
information provided by the masks, we further integrate a
region-contrastive policy learning objective. This objective
introduces a contrastive loss directly into the visual encoder
without architectural modifications, promoting the clustering
of feature representations within the same semantic class while
repelling disparate classes. This enhances the policy’s ability
to attend to task-relevant objects against visual interference.

We validate our framework through a comprehensive ex-
perimental campaign comprising over 35k real-world trials
on Tien Kung 2.0, UR-5e, and Agilex robots. Our evaluation
rigorously decouples environmental variables, testing back-
ground shifts, lighting variations, and distractors both indi-
vidually and largely in composition. In the most challenging
triple-factor variation setting, RoboAug demonstrates superior
performance, achieving average success rates of 0.67, 0.47,
and 0.60 across the three robots, significantly outperforming
the leading baseline (0.42, 0.31, and 0.34). These results con-
firm that combining precise region extraction with contrastive
learning is essential for reliable robot learning. Our main
contributions are summarized as follows:

• We propose RoboAug, a region-contrastive data augmen-
tation framework that facilitates the scalable generation
of diverse training data with minimal human supervision.

• We introduce a one-shot region matching strategy com-
bined with a region-contrastive loss, significantly im-
proving both the precision of visual extraction and the
expressiveness of learned policy features.

• Through extensive real-world experiments exceeding 35k
trials, RoboAug exhibits robust generalization against
diverse visual perturbations, outperforming baselines by
59.5%, 51.6%, and 76.4% on Tien Kung 2.0, UR-5e, and
AgileX, respectively.

• We will open-source the embodied object detection
dataset and our multi-task real-world manipulation dataset
to facilitate further research.

https://x-roboaug.github.io/


II. RELATED WORK

A. Generalization in Visuomotor Policy Learning
Generalizing visuomotor policies to unstructured environ-

ments remains a pivotal challenge in robotic manipulation.
While early Imitation Learning (IL) methods struggled with
narrow demonstrations [14, 77, 24, 13, 46, 50, 65, 75, 30, 23,
7, 53], recent Vision-Language-Action (VLA) models leverage
large-scale data to unlock emergent generalization. Models
such as RT-1 [5], RT-2 [80], RT-X [45], and Octo [54] demon-
strate that training on diverse cross-embodiment datasets,
including BridgeData, Open X-Embodiment, and Robo-
MIND [16, 57, 31, 45, 64, 6, 29, 66, 27], can significantly
enhance robustness. Furthermore, a rapidly expanding family
of advanced architectures, ranging from PaLM-E [15] and
π0 [4] to recent innovations [8, 59, 38, 62, 3, 34, 19, 39, 74, 76,
69, 47, 63] like HybridVLA [36], π0.5 [28], X-VLA [79] and
XR-1 [18], has further utilize more internet data to enhance
capabilities like multi-task reasoning, spatial understanding,
and instruction following. Despite these advancements, acquir-
ing high-quality robotic interaction data remains prohibitively
expensive compared to internet-scale NLP or CV resources,
leaving existing datasets insufficient to cover the heteroge-
neous distribution of real-world visual variations. To bridge
this gap without the high cost of massive real-world collec-
tion, we introduce RoboAug, a data augmentation framework
designed to operate at the data level. RoboAug is agnostic to
network architecture and training paradigm, enabling seamless
integration with diverse visuomotor policies and VLA models
to enhance generalization against environmental variants.

B. Data Augmentation for Robotic Manipulation
Data augmentation serves as a pivotal strategy in robotic

learning to circumvent the prohibitive costs of large-scale real-
world data collection. While weak augmentation techniques
like random cropping and noise injection provide robustness
against low-level pixel perturbations, they fail to introduce
the semantic diversity required for out-of-distribution gener-
alization. Consequently, the field has witnessed a paradigm
shift towards strong generative augmentation [40, 11, 70],
which leverages large-scale diffusion models to synthesize
high-fidelity, semantically diverse training data. Seminal works
like GenAug [11] pioneer this direction by utilizing pre-
trained text-to-image models to retarget robot behaviors to
unseen situations. By inpainting diverse backgrounds and
textures while preserving the robot’s pose, GenAug signif-
icantly expands the semantic support of the training distri-
bution. Subsequent works [58, 55, 56, 12] have extended
this paradigm. ROSIE [72] applies aggressive inpainting to
generate distractors, while RoboAgent [2] combines semantic
augmentation with action chunking. Similarly, methods like
Mirage [9] and RoVi-Aug [10] utilize generative synthesis to
bridge domain gaps across distinct robot embodiments and
camera viewpoints.

A critical challenge in these generative pipelines is the
precise preservation of task-relevant entities like the manip-
ulated objects. Inaccurate masking during generation leads

to semantic corruption, where essential geometric cues are
distorted or hallucinated away. To avoid physical constraints
like green screens [55], recent works [20, 73, 35] focus on
automation segmentation. Notably, RoboEngine [73] combines
specialized segmentation with background generation to create
physics-aware scenes. EAGLE [78] employs self-supervised
control-aware masks. However, the majority of existing meth-
ods rely heavily on off-the-shelf generalist vision models (e.g.,
SAM2 [49]), which often struggle in complex manipulation
scenarios involving severe occlusion or intricate object interac-
tions. To address these limitations, RoboAug introduces a task-
relevant region extration phase, which leverages a one-shot
region matching strategy to guarantee the structural integrity
of visual cues. Furthermore, RoboAug employs a novel region-
contrastive loss to enforce representation invariance on ma-
nipulated objects while encouraging robustness to background
variations, ensuring the policy learns strictly from accurate,
task-relevant visual features.

III. METHODOLOGY

A. Overview

In this work, we address the challenge of generalization
in real-world robotic manipulation through the lens of single-
task imitation learning. Formally, given a task specified by
a language instruction l, we collect an expert dataset De =
{l, τi}Ni=1, where each trajectory τ = {(ot,mt, at)}Tt=1 com-
prises a sequence of camera images ot, proprioceptive states
mt, and robot actions at. To formulate the generalization prob-
lem, we decompose the visual observation o into task-relevant
regions Rtask (e.g., the robotic arm and manipulated objects)
and task-irrelevant scenario factors Rscen (e.g., background,
distractors, and lighting). Our objective is to learn a visuomo-
tor policy ât = π(ot,mt) capable of maximizing success rates
in novel environments characterized by unseen scenarios Rnew

scen,
all while the task-relevant elements Rtask remain invariant.
To achieve this, we introduce RoboAug, a region-contrastive
data augmentation framework designed to enhance semantic
diversity and feature robustness while minimizing annotation
costs. As illustrated in Figure 3, our method proceeds in
three stages: (1) task-relevant region extraction, (2) semantic
data augmentation, and (3) region-contrastive policy learning,
which collectively enable the precise identification of task-
critical visual features for robust generalization. We provide
implementation details in Appendix VI-A and theoretical
analysis in Appendix VI-G.

B. Task-Relevant Region Extraction

The goal in this stage is to obtain pixel-level masks Mtask ∈
{0, 1}H×W of the task-relevant regions Rtask from demonstra-
tion trajectories τ without extensive manual annotation and
costly detector retraining. We propose a lightweight, two-step
extraction pipeline requiring only a single manually labeled
reference image per task. First, we employ a training-free,
one-shot region matching mechanism to locate key elements
in the anchor frame of every trajectory. Second, we propa-
gate these spatial annotations across subsequent frames using
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Fig. 3: Overview of RoboAug. RoboAug contains three stages: (1) task-relevant region extraction, (2) semantic data
augmentation, and (3) region-contrastive policy learning.

semantic segmentation and tracking, yielding consistent pixel-
level masks throughout the dataset.

One-Shot Region Matching. We designate the first frame
of one trajectory as the reference frame, denoted as Iref, as
the first frame typically depicts task-relevant elements clearly
without occlusion. We obtain the bounding box annotations
Bref = {Bref

i }Ki=1 for K task-relevant regions (e.g., manipu-
lated objects) via a one-time manual labeling process. These
regions are cropped and encoded into a set of reference
embeddings E ref = {eref

i }Ki=1 using a vision foundation model
(DINOv2 [44] in our implementation), where eref

i ∈ Rd.
To transfer these labels to the remaining trajectories, we

treat the first frame of each subsequent trajectory τ as the an-
chor frame, denoted as Ianc. For each Ianc, we utilize an open-
set detector (GroundingDINO [37] in our implementation) to
generate candidate bounding box proposals Bcan = {Bcan

j }Mj=1.
For each candidate Bcan

j , we extract its feature embedding ecan
j

and measure its semantic alignment with the reference tem-
plates {eref

i }Ki=1 via cosine similarity. The predicted category
ĉj is determined by the most similar reference embedding:

ĉj = argmax
i∈{1,...,K}

sim(ecan
j , eref

i ). (1)

This mechanism ensures robust, training-free alignment
of task-relevant regions across diverse demonstrations while
filtering out irrelevant background clutter.

Semantic Mask Propagation. Upon identifying task-
relevant bounding boxes and their corresponding categories
within each anchor frame Ianc, our goal is to extend this seman-
tic information to the full trajectories {τi}Ni=1. To achieve this,
we leverage a tracking-and-segmentation framework (SAM-
2 [49] in our implementation), which integrates semantic
segmentation with temporal object tracking. This mechanism

allows us to transform sparse bounding box priors Bcan into
dense pixel-level masks Mtask, and propagate them with spa-
tiotemporal consistency across all frames of each trajectory.

Consequently, every frame in the dataset is equipped with
semantic masks Mtask corresponding to the task-relevant el-
ements, remarkably requiring manual bounding box anno-
tations for only a single reference frame per task. These
semantic masks serve a dual purpose: they not only precisely
delineate task-relevant regions for downstream semantic data
augmentation via generative models, but also provide fine-
grained supervision signals that enhance feature representation
in region-contrastive policy learning.

C. Semantic Data Augmentation

Following the acquisition of precise pixel-level semantic
masks Mtask for task-relevant regions, RoboAug employs a
semantic data augmentation strategy. This process is designed
to significantly diversify the training dataset with environ-
mental variations while rigorously preserving the structural
integrity of task-critical elements. To automate the creation of
diverse environmental contexts, we leverage a Large Language
Model (ChatGPT [42] in our implementation) to generate
a rich set of descriptive prompts. These prompts guide the
image generation model in synthesizing distinct background
textures. RoboAug constructs a library of 500 background
description templates, systematically categorized into material
types, including wood (58%), stone (35%), and composite
materials (7%), to ensure a comprehensive coverage of real-
world tabletop scenarios.

A key distinction of our approach, compared to prior
semantic augmentation methods that rely on inpainting, is the
handling of occlusions. We observe that inpainting techniques
often introduce visual artifacts and geometric distortions, par-



TABLE I: RoboAug-D Dataset Statistics.

Robot Task Traj. Frame Obj. BBox.

Single-Arm Franka 8 2442 20511 19 87426
Single-Arm UR 17 4217 40136 34 197882
Dual-Arm UR 3 669 11077 11 71464

Dual-Arm Agilex 5 248 2025 9 10063

Total 33 7576 73749 46 366835

ticularly when the robotic arm or objects occlude significant
portions of the tabletop. To address this, we opt to generate
a complete, coherent background image rather than filling in
missing regions. This strategy ensures the photorealism and
spatial continuity of the background.

Formally, let I denote the original image and Mtask represent
the semantic masks indicating the task-relevant regions (e.g.,
the robot arm and manipulated objects). We utilize the Stable
Diffusion v3 model [17] to synthesize a full-frame background
image Ibg.

Subsequently, we superimpose the preserved foreground
regions from the original image onto the generated background
using linear interpolation based on the mask Mtask:

Iaug = Mtask ⊙ I + (1−Mtask)⊙ Ibg, (2)

where ⊙ denotes element-wise multiplication. By iterating this
process with randomly sampled prompts for each image, we
expand the dataset by orders of magnitude. This results in
a final augmented dataset Dfnl = De ∪ Daug enriched with
thousands of unique backgrounds, effectively simulating di-
verse real-world environments while maintaining high fidelity
in critical task-relevant regions.

D. Region-Contrastive Policy Learning

While prior data augmentation techniques effectively en-
hance dataset diversity, they often overlook the critical role
of task-relevant regional semantics during policy training. To
bridge this gap, we introduce a novel Region-Contrastive
Learning (RCL) objective that leverages task-relevant regions
to refine the policy’s visual representations.

During the training phase, for each image I sampled from
the final dataset Dfnl within a batch of size B, we generate the
corresponding masked images Iobj that isolates task-relevant
objects. Formally, given an original image I ∈ Dfnl, a binary
mask Mtask delineating the task-relevant object region, and its
corresponding category c, we extract the object-centric image
via an element-wise product: Iobj = Mtask,c ⊙ I . These inputs
are subsequently processed by a visual encoder E(·) to extract
object feature embeddings zobj = E(Iobj).

However, the masked images Iobj are often dominated by
zero-valued (black) regions. This creates feature representa-
tions populated by non-informative signals, which can dilute
task-critical semantics. To mitigate this, we leverage features
from the full image z = E(I) to accentuate the salient
information in zobj, because z share the same visual encoder

Fig. 4: Comparison of mAP@0.5 across RoboAug-D Dataset.
We present the results of 5 representative objects.

and contain all the information. We apply a spatial self-
attention mechanism to yield the final attentive features:

aatt = sigmoid(A(z)⊙ z), zatt = aatt ⊙ zobj. (3)

where A(·) denotes the learnable self-attention module, and
the sigmoid(·) operation normalizes the attention scores to
generate the spatial weight map aatt.

To align representations within the same category while
separating distinct objects, we optimize the visual encoder
using a supervised contrastive loss. We construct positive pairs
from samples sharing the same object category c, and negative
pairs from images of differing categories. Inspired by [32], we
formulated the region-contrastive loss as:

LRC =
∑
i∈Bobj

−1

|P (i)|
∑

p∈P (i)

log
exp(zatt,i · zatt,p/d)∑

j∈S(i) exp(zatt,i · zatt,j/d)

(4)
where i is the index of the selected sample within the aug-
mented batch Bobj, and P (i) = {p ∈ Bobj : cp = ci} represents
the set of indices for positive samples (i.e., those sharing the
class label with sample i). The set S(i) = Bobj \ {i} encom-
passes all indices in the batch excluding the selected itself.
The d denotes the temperature parameter, which regulates the
concentration of the feature distribution.

E. RoboAug-D Dataset for Object Detection

State-of-the-art vision foundation models, such as Ground-
ingDINO [37] and LLMDet [22], often exhibit performance
degradation when applied to robotic manipulation scenes.

To investigate and benchmark model robustness in these
domains, we introduce RoboAug-D, a large-scale object detec-
tion dataset manually annotated from the perspective of robotic
manipulators. As shown in Table I, the dataset encompasses
33 distinct tasks, comprising a total of 73,749 keyframes and
366,835 bounding boxes across 46 object categories.

IV. EXPERIMENTS

In this section, we empirically validate RoboAug from
fundamental visual capabilities to complex physical manipula-
tion. We begin by benchmarking the limits of state-of-the-art
vision foundation models in Section IV-A. Transitioning to the
real world, Sections IV-B–IV-D present comprehensive ma-
nipulation experiments, evaluating both broad compositional
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Fig. 6: Experimental Setup. We evaluate RoboAug across three
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generalization and single-factor robustness. In addition, we
conduct an ablation study on region-contrastive learning in
Section IV-E and analyze scaling laws regarding augmentation
magnitude in Section IV-F. Finally, we report complementary
simulation results in Section IV-G, with further multidimen-
sional evaluations in Appendices VI-B - VI-F.

A. Object Detection on RoboAug-D Dataset

Experimental Setup. We evaluated the zero-shot object
detection capabilities of Vision Foundation Models (VFMs)
on the full test set of the RoboAug-D dataset, with a focus
on challenges inherent to robotic manipulation scenarios. To
ensure a fair assessment of intrinsic generalization, all models
were evaluated without fine-tuning. For each of the 46 object
categories, we queried the models using five diverse text
prompts (e.g., varying in phrasing, synonyms, and functional
descriptions). Model performance was compared using mean
average precision (mAP@0.5), and our proposed approach was
benchmarked against GroundingDINO and LLMDet.

Experimental Results. Figure 4 provides the quantitative
results, detailing both the overall mAP@0.5 on represen-
tative object categories. Our approach demonstrates signifi-
cant improvements, outperforming the state-of-the-art base-
lines GroundingDINO and LLMDet by 34.6% and 25.0%,
respectively.

For instance, in the “Bun” category, baselines struggle to
exceed 0.10 mAP, whereas our method achieves scores of
0.87. These results highlight the limitations of current VFMs
in handling robotic viewpoints and validate the effectiveness of
our one-shot region matching strategy in enhancing detection
accuracy for downstream data augmentation.

B. Real-World Generalizable Robotic Manipulation

Hardware Setup. We validate RoboAug across three di-
verse robots illustrated in Figure 6: (1) the single-arm UR-5e,
(2) the Tien Kung 2.0 humanoid robot, and (3) the AgileX
Cobot Magic V2.0 robot.

We collect the dataset via human teleoperation HACTS [67],
recording visual observations, robot states, and actions at every
frame.

Task Design. As shown in Figure 6, we designed five tasks
per embodiment to cover a range of complexities, extending
from single-arm pick-and-place to precise dual-arm collabo-
ration. These tasks require diverse skills, including pushing,
rotating, and grasping. The UR-5e performs household interac-
tions such as PutCornPot and OpenDrawerCorn. The AgileX
and Tien Kung 2.0 robots execute complex bimanual tasks,
including UprightMug and LayPlateBowl. For each task, we
collected a dataset comprising 50 expert trajectories.

Generalization Evaluation and Metrics. We devised two
protocols to assess robustness: Compositional Generalization,
which evaluates adaptability across combined environmental
variables, and Single-Factor Generalization, which probes
stability against intense variations in specific factors. Variables
include background textures, lighting conditions, and task-
irrelevant distractors. We report the success rate averaged over



TABLE II: Comparative results under triple-factor variations: 3 unseen backgrounds, 4 lighting conditions, and 3 distractors.

Augmentation Method UR-PutCornPot UR-MoveLemon UR-StackBowl UR-StoreCarrot UR-OpenDrawerCorn Average

ACT w/o Aug [77] 0.06 0.06 0.08 0.10 0.15 0.09
RoboEngine-T [73] 0.12 0.16 0.12 0.20 0.32 0.18
RoboEngine-G [73] 0.16 0.24 0.12 0.32 0.40 0.25
GenAug [11] 0.22 0.28 0.16 0.40 0.48 0.31
RoboAug 0.38 0.46 0.28 0.56 0.68 0.47

AGX-PutCornPlate AGX-UprightMug AGX-StackBowl AGX-OpenPotCorn AGX-CloseDrawerCorn

ACT w/o Aug [77] 0.12 0.14 0.14 0.16 0.24 0.16
RoboEngine-T [73] 0.24 0.22 0.28 0.30 0.28 0.26
RoboEngine-G [73] 0.30 0.32 0.32 0.28 0.38 0.32
GenAug [11] 0.32 0.34 0.30 0.32 0.40 0.34
RoboAug 0.51 0.58 0.62 0.55 0.73 0.60

TK2-WeightApple TK2-CollectBall TK2-HeatBread TK2-SelectButton TK2-LayPlateBowl

ACT w/o Aug [77] 0.20 0.16 0.14 0.22 0.24 0.19
RoboEngine-T [73] 0.28 0.25 0.32 0.34 0.30 0.30
RoboEngine-G [73] 0.38 0.36 0.40 0.35 0.42 0.38
GenAug [11] 0.48 0.32 0.42 0.40 0.50 0.42
RoboAug 0.80 0.52 0.65 0.68 0.70 0.67
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Fig. 7: Background generalization on task UR-PutCornPot across 170 unseen backgrounds.

20 real-world rollouts per configuration.

C. Compositional Generalization Evaluation

Evaluation Setup. We evaluate our policy under a challeng-
ing triple-factor protocol incorporating 3 unseen backgrounds,
3 task-irrelevant distractors, and 4 distinct lighting condi-
tions. We compared RoboAug against a non-augmented pol-
icy (ACT [77]), a texture-replacement method (RoboEngine-
T [73]), and two generative baselines (RoboEngine-G [73] and
GenAug [11]). All augmentation methods employ a 5× data
expansion ratio, supplementing 50 real-world expert trajecto-
ries with 250 generated trajectories. Additional results of the
Dual-Factor setting are detailed in Appendix VI-B.

Results under Triple-Factor Variation. Table II shows
the performance on all the robots. RoboAug consistently
outperforms all baselines. Notably, in the AGX-UprightMug
task, which requires rotating a mug and coordinating place-
ment, RoboAug achieves a success rate of 0.58, significantly
surpassing the strongest baseline GenAug (0.34). Results for
UR-5e and Tien Kung 2.0 show similar gains, demonstrating
the embodiment-agnostic generalization of RoboAug.

TABLE III: Ablation study on region-contrastive loss.

Method RCL UR-Put AGX-Put TK2-Weight AverageCornPot CornPlate Apple

ACT w/o Aug [77] × 0.06 0.12 0.20 0.13
ACT w/o Aug [77] ✓ 0.12 0.20 0.32 0.21

RoboEngine-T [73] × 0.12 0.24 0.28 0.21
RoboEngine-T [73] ✓ 0.14 0.28 0.30 0.24

RoboEngine-G [73] × 0.16 0.30 0.38 0.28
RoboEngine-G [73] ✓ 0.16 0.36 0.44 0.32

GenAug [11] × 0.22 0.32 0.48 0.34
GenAug [11] ✓ 0.28 0.35 0.53 0.39

RoboAug × 0.28 0.43 0.68 0.46
RoboAug ✓ 0.38 0.51 0.80 0.56

D. Single-Factor Generalization Evaluation

Evaluation Setup. To rigorously assess generalization
boundaries, we isolate three environmental factors: (1) Back-
ground Diversity, where we introduce 170 unseen textures
across three complexity levels (Geometric, Structured, Scat-
tered); (2) Distractor Density, where we increase workspace
clutter to 10 objects; and (3) Lighting, which spans 20 dis-
tinct conditions including dynamic shifts. We provide results
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regarding distractor and lighting variations in Sections VI-C
and VI-D of the Appendix.

Results on Unseen Background Variation. Figure 7
illustrates performance on UR-PutCornPot across the 170
unseen backgrounds. RoboAug achieves a mean success rate
of 54.0%, significantly outperforming GenAug (36.8%). While
success rates for both methods naturally decrease as back-
ground patterns become more intricate, GenAug exhibits a
sharper decline. These results confirm that RoboAug effec-
tively maintains policy focus on foreground objects despite
severe background visual distractions.

E. Effectiveness of Region-Contrastive Learning

Quantitative Results. Table III presents the impact of the
region-contrastive loss on policy performance. We observe a
consistent improvement across all baselines when integrating
RCL. Even for the standard baseline ACT w/o Aug, RCL
doubles the success rate in the UR-PutCornPot task.

Original Setting Background Distractors Lighting

LI
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RO
-O

bj
ec

t

Fig. 10: Experimental setup for evaluating generalization on
the LIBERO-Plus benchmark.

TABLE IV: Generalization performance on the LIBERO-Plus
benchmark.

Method Background Distractor Light Average

ACT w/o Aug [77] 0.745 0.860 0.789 0.798
RoboEngine-G [73] 0.806 0.942 0.855 0.868

RoboAug 0.913 0.990 0.896 0.933

The addition of RCL boosts RoboAug’s performance on
the challenging TK2-WeightApple task from 0.68 to 0.80.
This trend indicates that RCL effectively enhances feature
robustness and generalization capability, regardless of the
underlying data augmentation strategy.

Visualization Analysis. To interpret the learned represen-
tations, we visualize feature attention heatmaps using Grad-
CAM [52] in Figure 8. We compare activations across three
increasingly difficult scenarios: original environments, unseen
backgrounds, and complex settings with triple factors. The
baseline (w/o RCL) exhibits diffuse attention, easily distracted
by high-frequency background textures or task-irrelevant ob-
jects, particularly under severe lighting changes. In contrast,
RoboAug with RCL maintains precise localization on specific
grasping points, effectively filtering out environmental noise
and distractors. This visual evidence confirms that the region-
contrastive objective forces the policy to encode task-relevant
semantics invariant to visual perturbations, corroborating the
quantitative improvements in Table III.

F. Scaling Law Analysis of Data Augmentation

We analyze the scaling laws of data augmentation on the
UR-StackBowl task by varying the ratio. As shown in Figure 9,
performance follows an inverted U-shaped trend.

Moderate settings (1:3 to 1:8) act as effective regularization
and significantly improve success rates. However, excessive
augmentation (> 1:15) saturates the network’s finite capacity,
causing rapid deterioration. These findings confirm that a
balanced ratio (≈ 1:5), rather than simply maximizing data
quantity, is critical for optimal performance.

G. Results on Simulation

As shown in Figure 10, we utilize the LIBERO-Plus bench-
mark [21], which introduces diverse environmental shifts to
the standard tasks. Policies were trained on the LIBERO-
Object dataset (10 tasks, 50 demonstrations each) and tested
under three perturbation types: background, distractors, and
lighting. As summarized in Table IV, RoboAug consistently
outperforms the baselines across all categories. Our method



achieves an average success rate of 93.3%, surpassing the
strongest baseline, RoboEngine-G, by a significant margin of
6.5%. These results highlight the effectiveness of RoboAug in
preventing policy degradation, particularly in scenarios with
complex visual distractors and background changes.

V. CONCLUSION

We introduced RoboAug, a data augmentation framework
designed to enhance robotic generalization across diverse and
unseen scenes. Unlike prior methods that rely on large-scale
pre-training or assume perfect object recognition, our approach
requires only a single framework annotation. By utilizing
generative models for semantic augmentation and integrating
a plug-and-play region-contrastive loss, RoboAug effectively
guides the model to focus on task-relevant regions. Extensive
real-world validation, comprising over 35k trials on UR-5e,
AgileX, and Tien Kung 2.0 robots, demonstrates that RoboAug
consistently outperforms state-of-the-art baselines. These re-
sults highlight the superior effectiveness and robustness of
RoboAug in complex real-world manipulation tasks.
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VI. APPENDIX

A. Implementation Details

In this section, we provide a comprehensive description of
the RoboAug framework, detailing the pipeline from task-
relevant region extraction to region-contrastive policy learning.

Object Detection Details. To obtain accurate bounding
boxes for task-relevant elements Bref, we manually annotated
the initial dataset using the X-AnyLabeling tool [61]. These
regions were cropped and resized to 224 × 224 pixels to
align with the input specifications of DINOv2 (86M parame-
ters) [44] and encoded into a set of reference embeddings E ref.
During inference, we employ the open-set detector Ground-
ingDINO [37] to generate candidate bounding boxes Bcan

j with
both box and text thresholds set to 0.15. For each candidate
box, Grounding DINO outputs a confidence score δ; if δ > 0.7,
the candidate Bcan

j is assigned to the corresponding category
directly. Otherwise, the predicted category ĉj is determined by
selecting the category with the highest cosine similarity to the
reference embeddings.

Semantic Data Augmentation Details. We use Stable Dif-
fusion 3 Medium [17] for text-to-image generation. The infer-
ence steps (num_inference_steps) and guidance scale
(guidance_scale) are set to 30 and 10.0, respectively.
Image augmentation is performed with a batch size of 12,
and generating a trajectory of 200 frames takes approximately
0.2 GPU-hours on an NVIDIA A100 GPU.

Region-Contrastive Policy Learning Details. We apply the
proposed Region-Contrastive Loss to two policy architectures:
ACT [77] and π0 [4]. While ACT relies solely on third-view
RGB images and robot states as input, π0 additionally incor-
porates language instructions. Further training hyperparameter
details are summarized in Table V.

TABLE V: Implementation Details.

Hyperparameter Value Hyperparameter Value

ACT

Batch Size 24

π0

Batch Size 256
Learning Rate 1e-4 Learning Rate 5e-5
Optimizer AdamW Optimizer AdamW
Vision Encoder ResNet50 Vision Encoder SigLip
Action Loss L2 + RCL Action Loss Flow Matching + RCL
Training Step 50K Training Step 30K
temperature 0.07 temperature 0.07

Real-world Task Setup. The real-world evaluation is con-
ducted on three robot embodiments: UR-5e (UR), AgileX
(AGX), and TienKung2 (TK2). The evaluated tasks are de-
tailed below.

• UR-PutCornPot: Transporting a piece of corn into
a cooking pot. The corn is randomly placed within a
rectangular region of 20 cm × 60 cm.

• UR-MoveLemon: Relocating a lemon from a plate to a
bowl. The bowl is placed stochastically within the region
of 20 cm × 20 cm grid.

• UR-StackBowl: Stacking bowls in a controlled manner.
The position of one bowl is fixed, whereas the second
bowl is uniformly sampled along a straight line of length
60 cm to introduce spatial variation.

• UR-OpenDrawerCorn: Opening a drawer and placing
corn inside. A random orientation is assigned to the
corn, with the rotation angle sampled uniformly from the
interval [−π/4, π/4] radians.

• UR-StoreCarrot: Placing a carrot into a drawer and
closing it. The carrot is initialized with a random rotation
angle sampled uniformly from [−π/4, π/4] radians.

• AGX-OpenPotCorn: Opening a pot lid and placing
corn inside. The pot is placed at a fixed location,
while a random orientation is assigned to the corn, with
the rotation angle sampled uniformly from the interval
[−π/4, π/4] radians.

• AGX-CloseDrawerCorn: Picking up a corn and se-
curely closing a drawer. The initial orientation of the corn
is drawn from a uniform distribution over the interval
[−π/4, π/4] radians.

• AGX-PutCornPlate: Placing corn pieces on a plate.
The plate is placed at a fixed location, while the corn
is initialized with a random rotation angle sampled uni-
formly from [−π/4, π/4] radians.

• AGX-StackBowl: Stacking bowls into a stable config-
uration. The position of the blue bowl is fixed, while the
green bowl is randomly sampled from a 15 cm × 15 cm
grid region.

• AGX-UprightMug: Restoring a tilted mug to an upright
position and placing it on the plate. And the plate remains
stationary, whereas the mug is sampled from a uniform
distribution over a 20 cm × 20 cm region.

• TK2-LayPlateBowl: Taking a plate from the rack and
laying a bowl on the plate. While the plate is fixed at the
same position on the rack, the bowl is randomly sampled
from a 15 cm × 15 cm grid region.

• TK2-SelectButton: Selecting a yellow button and
placing it on the plate. The position of the plate is fixed,
while the yellow and red button are randomly sampled
from a 15 cm × 15 cm grid region.

• TK2-CollectBall: Collecting tennis balls into the
box. Two tennis balls are positioned on opposite sides of a
box, with each ball randomly located within a designated
10 cm × 10 cm area.

• TK2-WeighApple: Placing the apple in the bowl and
weighing them together. The electronic scale and bowl
are fixed, whereas the apple is randomly placed within a
10 cm × 10 cm area.

• TK2-HeatBread: Putting the bread into the oven and
closing the door. The bread is initialized at a random
position on the plate

Dataset Collection. We collected RoboAug-D dataset using
the HACTS teleoperation system [67] on five robot embodi-
ments: single-arm Franka, single-arm UR-5e, dual-arm UR-5e,
AgileX and TienKung2. To accommodate task-specific tempo-
ral structures, we tailored the keyframe extraction strategy to
each task:

• For basic, short-horizon tasks (e.g., single-arm UR-5e),
we annotated semantic events (initial, gripper-close, and



TABLE VI: Quantitative results under the Dual-Factor Variation setting. We report the average success rates (%) on both
UR-5e and AgileX robots. The evaluation involves 5 unseen background textures combined with 10 task-irrelevant distractors,
totaling 100 trials for each task.

Augmentation Method UR-PutCornPlot UR-MoveLemon UR-StackBowl UR-StoreCarrot UR-OpenDrawerCorn Average

No Aug 0.20 0.26 0.12 0.28 0.36 0.24
RoboEngine-T 0.25 0.38 0.20 0.36 0.55 0.35
RoboEngine-G 0.28 0.42 0.22 0.40 0.62 0.39
GenAug 0.30 0.44 0.20 0.46 0.68 0.42
RoboAug 0.36 0.52 0.28 0.58 0.84 0.52

AGX-PutCornPlate AGX-UprightMug AGX-StackBowl AGX-OpenPotCorn AGX-CloseDrawerCorn

No Aug 0.20 0.12 0.18 0.20 0.20 0.18
RoboEngine-T 0.26 0.18 0.22 0.25 0.22 0.23
RoboEngine-G 0.30 0.22 0.26 0.30 0.26 0.27
GenAug 0.28 0.20 0.28 0.26 0.32 0.27
RoboAug 0.56 0.36 0.40 0.40 0.56 0.46

TABLE VII: Performance Comparison of different methods under a set of 10 distinct distractors.

Augmentation Method UR-PutCornPlot UR-MoveLemon UR-StackBowl UR-StoreCarrot UR-OpenDrawerCorn Average

No Aug 0.25 0.20 0.30 0.10 0.25 0.22
RoboEngine-T 0.50 0.25 0.50 0.20 0.35 0.36
RoboEngine-G 0.55 0.30 0.50 0.20 0.40 0.39
GenAug 0.60 0.30 0.55 0.20 0.45 0.42
RoboAug 0.90 0.45 0.60 0.40 0.50 0.57

AGX-PutCornPlate AGX-UprightMug AGX-StackBowl AGX-OpenPotCorn AGX-CloseDrawerCorn

No Aug 0.15 0.25 0.25 0.15 0.00 0.16
RoboEngine-T 0.20 0.30 0.40 0.30 0.15 0.27
RoboEngine-G 0.25 0.35 0.45 0.30 0.20 0.31
GenAug 0.30 0.35 0.55 0.25 0.10 0.31
RoboAug 0.45 0.50 0.90 0.40 0.30 0.51

gripper-open frames).
• For complex, long-horizon tasks (e.g., dual-arm UR-5e

and AgileX), we employed uniform sampling at 50-frame
intervals.

All keyframes feature manual annotations of task-relevant
entities, including manipulated objects and robot end-effectors.

B. Dual-Factor Generalization Evaluation

Evaluation Setup. To rigorously assess the robustness of vi-
sual policies under complex environmental shifts, we introduce
the Dual-Factor Variation protocol. This setting challenges the
agent with a combination of two distinct perturbations: unseen
background textures and object clutter. Formally, we evaluate
the model using five background textures that were not present
in the training set. For each background, we introduce 10 task-
irrelevant distractors placed randomly across the workspace.
This configuration aims to verify whether the policy can
effectively decouple task-essential features from compounded
visual distractions. To validate the cross-embodiment stability
of RoboAug, we conduct these experiments on two distinct
robot embodiments, the UR-5e (UR) and the AgileX (AGX).
For each background-clutter configuration, we perform 20
evaluation trials, resulting in a total of 100 trials, and report
the average success rate.

Results under Dual-Factor Variation. Quantitative results
are summarized in Table VI. The complexity of this setting
poses a substantial hurdle for existing methods. The baseline

model, ACT w/o Aug, fails to generalize, yielding average
success rates of only 0.24 and 0.18 on the UR and AGX suites,
respectively. While state-of-the-art augmentation methods such
as RoboEngine-G and GenAug offer moderate improvements
by addressing individual visual factors, their performance
degrades significantly when facing simultaneous background
and object shifts.

In contrast, our proposed RoboAug exhibits superior ro-
bustness across all evaluated benchmarks. On the UR-series
tasks, RoboAug achieves an average success rate of 0.52,
surpassing the strongest baseline GenAug by a relative margin
of 10%. A consistent trend is observed in the AGX-series,
where our method attains an average score of 0.46. These
results demonstrate that RoboAug effectively synthesizes a
diverse training distribution that captures the underlying visual
logic, enabling the model to maintain high robustness even
under high-variance dual-factor perturbations.

C. Single-Factor Generalization: Robustness to Task-
Irrelevant Distractors.

Complementing the background generalization experiments
presented in the main manuscript, we further established
a single-factor generalization evaluation focused on task-
irrelevant distractors. For each task, we randomly placed
10 task-irrelevant objects on the tabletop and conducted 20
evaluation rollouts. Table VII reports performance under this
extreme clutter setting. In this challenging scenario, baseline
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Fig. 11: Comparison of task success rates between RoboAug
and the best baseline method under varying numbers of
distractors.

methods exhibit substantial performance degradation. Specif-
ically, RoboEngine-T and ACT w/o Aug achieve success
rates of only 0.15 and 0.20 on the AGX-PutCornPlate
task, respectively, whereas RoboAug attains a markedly higher
success rate of 0.45.

Failure inspection indicates that baseline methods often
struggle to semantically distinguish the target object from
dense background clutter, leading to incorrect object selection
or unstable execution. In contrast, by leveraging the proposed
region-contrastive loss, RoboAug learns more discriminative
region-level representations, enabling the policy to consistently
attend to the task-relevant object and maintain robust perfor-
mance under heavy visual distraction.

To investigate the impact of clutter density, Figure 11
illustrates performance trends as the number of distractors
increases from 0 to 10. On the AGX-StackBowl task,
RoboAug consistently outperforms the strongest baseline,
GenAug, across all clutter levels. Notably, RoboAug preserves
a high success rate of 0.90 even with 10 distractors, while
GenAug experiences a pronounced drop from 0.80 to 0.55.
These results demonstrate that RoboAug is substantially more
robust to task-irrelevant visual perturbations

D. Single-Factor Generalization: Robustness to Illumination
Variation.

As illustrated in Figure 12, we further evaluate policy
generalization across 10 tasks on the UR-5e and AgileX robots
under 20 unseen lighting conditions, including 4 types of
dynamic lighting changes. Under these conditions, the baseline
method GenAug exhibits notable performance degradation,
particularly in scenarios involving drastic color temperature
shifts, strong cast shadows, and dynamic high-contrast illu-
mination. Such lighting variations alter the apparent shape
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Fig. 13: Region-contrastive loss based on ACT [77] and π0 [4].

and texture of objects, frequently leading to perception and
recognition failures.

In contrast, RoboAug demonstrates substantially more sta-
ble performance across the full range of lighting conditions.
For example, on the AGX-OpenPotCorn task, RoboAug
achieves a success rate of 0.75, significantly outperforming
GenAug, which attains only 0.30. We attribute this improve-
ment to the proposed generative augmentation pipeline com-
bined with region-contrastive policy learning, which systemat-
ically exposes the policy to diverse lighting variations during
training. As a result, the learned visual representations are less
sensitive to illumination changes, enabling more reliable task
execution in unseen lighting environments.

E. Effectiveness of Region-Contrastive Loss across Different
Policies

To verify the universality of our proposed method, we
evaluate the impact of the Region-Contrastive Loss (RCL)
when integrated into different policy backbones. Specifically,
we apply RCL to two representative architectures, ACT [77]



TABLE VIII: Tasks Success Rates on Novel Backgrounds. We evaluated the success rate of augmentation methods across 10
unseen backgrounds.

Method UR-PutCornPlot UR-MoveLemon UR-StackBowl UR-StoreCarrot UR-OpenDrawerCorn Average

ACT w/o Aug 0.24 0.15 0.12 0.22 0.34 0.21
RoboEngine-T 0.24 0.26 0.22 0.20 0.40 0.26
RoboEngine-G 0.46 0.28 0.32 0.50 0.42 0.40
GenAug 0.48 0.36 0.28 0.46 0.42 0.40
RoboAug 0.90 0.60 0.60 0.65 0.65 0.68

AGX-PutCornPlate AGX-UprightMug AGX-StackBowl AGX-OpenPotCorn AGX-CloseDrawerCorn

ACT w/o Aug 0.16 0.18 0.12 0.28 0.12 0.17
RoboEngine-T 0.22 0.20 0.38 0.20 0.30 0.26
RoboEngine-G 0.32 0.35 0.46 0.30 0.32 0.35
GenAug 0.36 0.30 0.47 0.40 0.42 0.39
RoboAug 0.74 0.84 0.70 0.52 0.72 0.70

and π0 [4], within the AGX-StackBowl task. As illustrated
in Figure 13, the experimental results demonstrate that in-
corporating RCL consistently improves performance for both
policies. These findings validate the effectiveness of RCL and
suggest that it is compatible with diverse policy formulations.

F. Background Generalization across Multiple Embodiments

To further validate the effectiveness of RoboAug across
different robot configurations and multiple tasks, we conducted
extensive experiments focusing on single-factor generalization
with respect to background variations. Specifically, we eval-
uated our method on five distinct tasks for both the UR-5e
and AgileX robotic arms. For each task, we tested the policy
on 10 different unseen backgrounds and reported the average
success rate.

Table VIII presents the quantitative results for these ex-
periments. As indicated by the data, our proposed method,
RoboAug, demonstrates superior generalization capabilities
compared to all baselines. In the UR-5e robot tasks, RoboAug
achieves an average success rate of 68%, significantly surpass-
ing the strongest baseline, GenAug, which achieves 40%. A
similar trend is observed in the AgileX robot tasks, where our
method reaches a 70% success rate, consistently outperforming
other augmentation strategies.

G. Theoretical Analysis of RoboAug

To provide a theoretical foundation for RoboAug, we ana-
lyze the generalization error bound using Rademacher com-
plexity [1, 26]. We demonstrate that our method improves
generalization through two synergistic mechanisms: increasing
the effective sample size via semantic augmentation and re-
ducing the hypothesis space complexity via region-contrastive
learning.

1) Preliminaries and Definitions: Let X and Y denote the
input observation space and action space, respectively. We
assume the data is drawn from an underlying distribution
D. A policy is a function π : X → Y chosen from a
hypothesis class H. The goal is to minimize the expected
risk R(π) = E(x,y)∼D[ℓ(π(x),y)], where ℓ is a bounded
continuous loss function.

In RoboAug, we suppose that the observation x can be
decomposed into task-relevant regions xtask and task-irrelevant
scenario factors xscen (e.g., background, lighting). The ideal
expert policy π∗ depends solely on the task-relevant regions,
such that π∗(xtask,xscen) = π∗(xtask,x

new
scen) for any variations

in xscen.
2) Analysis of Semantic Data Augmentation: Standard gen-

eralization bounds depend heavily on the number of training
samples N . We first recall the classical generalization bound
based on Rademacher complexity [1].

Theorem 6.1 (Generalization Bound for Loss Functions):
Let H be the policy hypothesis class. Assume the loss
function ℓ is Lipschitz continuous with respect to its first
argument with constant Lℓ and is bounded by c. For any
δ > 0, with probability at least 1 − δ over the draw of a
dataset S of size N , the following inequality holds for all
π ∈ H:

R(π) ≤ R̂N (π) + 2LℓRN (H) + c

√
log(1/δ)

2N
, (5)

where R̂S(π) is the empirical risk on the dataset S, and
RN (H) is the Rademacher complexity of H given N samples.

RoboAug expands the original expert dataset of size N
to a significantly larger augmented dataset of size Ntotal =
N +Naug by generating diverse xscen while preserving xtask.
Assuming the augmented samples are valid (i.e., they share the
correct action labels y derived from the expert trajectories),
this expansion leads to a tighter generalization bound.

Theorem 6.2 (
Generalization Bound with
Semantic Augmentation ): Let Stotal be

the augmented dataset of size Ntotal. Under the assumptions
of Theorem 6.1, with probability at least 1− δ, for all π ∈ H:

R(π) ≤ R̂Stotal
(π) + 2LℓRNtotal

(H) + c

√
log(1/δ)

2Ntotal
. (6)

Crucially, since the Rademacher complexity for neural net-
works typically scales with O(1/

√
N), and Ntotal ≫ N , we

have:

2LℓRNtotal
(H)+c

√
log(1/δ)

2Ntotal
≪ 2LℓRN (H)+c

√
log(1/δ)

2N
.

(7)



This theorem formally justifies that by increasing the diver-
sity and quantity of training data through semantic augmenta-
tion, RoboAug reduces the estimation error gap, allowing the
empirical risk to better approximate the true expected risk.

3) Analysis of Region-Contrastive Learning: While aug-
mentation increases the sample size of the training dataset,
the Region-Contrastive Learning (RCL) objective improves
generalization by effectively constraining the hypothesis class
H. RCL enforces feature invariance with respect to task-
irrelevant regions xscen.

Let Hinv ⊆ H denote the subset of policies that are
invariant to variations in xscen, defined as Hinv = {π ∈ H |
π(xtask,xscen) = π(xtask,x

new
scen), ∀xscen ∈ X ,xnew

scen ∈ X }. The
region-contrastive loss minimizes the distance between repre-
sentations of the same task-relevant objects against different
backgrounds, effectively regularizing the search space towards
Hinv.

Corollary 6.2.1 (Complexity Reduction via RCL): Since
Hinv is a proper subset of H, its Rademacher complexity is
strictly lower:

RNtotal
(Hinv) ≤ RNtotal

(H). (8)

Consequently, by optimizing the policy within this constrained
invariant subspace, RoboAug further tightens the generaliza-
tion bound:

R(πRCL) ≤ R̂(πRCL)+2LℓRNtotal
(Hinv)︸ ︷︷ ︸

Reduced Complexity

+c

√
log(1/δ)

2Ntotal
. (9)

RoboAug achieves robust generalization by simultaneously
reducing the error bound from two directions: expanding the
denominator of the complexity term via Semantic Augmenta-
tion (N → Ntotal) and reducing the Rademacher complexity
via Region-Contrastive Learning (H → Hinv).

H. Instantiations of Generalization Factors

In this section, we detail the specific configurations used
in our three single-factor generalization experiments, covering
background variations, distractor interference, and lighting
conditions.

Background Generalization. We evaluated the policy on
the UR-CornPot task using 170 distinct, unseen background
textures. Based on visual complexity, we categorized these
backgrounds into three types. Visualizations of these 170
background instances are provided in Figures 14 to 18.

• Regular Geometric: This category comprises 32 patterns
characterized by basic shapes and lines, such as squares
and rhombuses, arranged in a strictly ordered layout.

• Structured Design: This category consists of 35 patterns
featuring more intricate motifs, including flowers, leaves,
and animals. These patterns maintain a regular, tiled
arrangement.

• Scattered Pattern: This category includes 103 complex
patterns, such as toys and irregular polygons. Unlike
the previous categories, these are distributed randomly

without a fixed grid, significantly increasing visual inter-
ference.

Distractor Generalization. As illustrated in Figure 19,
we introduced visual clutter to test the model’s robustness
against obstacles. We placed up to 10 distractor objects on
the tabletop, effectively occupying the entire workspace. This
setup creates a highly cluttered environment that poses a
substantial challenge to the policy.

Lighting Generalization. As shown in Figure 20, we as-
sessed the model’s performance under 20 different illumination
settings. This set includes diverse static conditions as well as
three scenarios involving dynamic lighting changes to evaluate
adaptability.



Fig. 14: Visualization of the Regular Geometric background category.



Fig. 15: Visualization of the Structured Design background category.



Fig. 16: Visualization of the Scattered Pattern background category.



Fig. 17: Visualization of the Scattered Pattern background category.



Fig. 18: Visualization of the Scattered Pattern background category.
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Fig. 19: Visualization of the ten distinct distractors used in the UR and AgileX tasks.

Fig. 20: Visualization of twenty distinct illumination conditions. The bottom row demonstrates dynamic lighting scenarios with
multicolor changes at varying speeds.
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