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Abstract: We introduce RoLA, a framework that transforms any in-the-wild im-
age into an interactive, physics-enabled robotic environment. Unlike previous
methods, RoLA operates directly on a single image without requiring additional
hardware or digital assets. Our framework democratizes robotic data generation
by producing massive visuomotor robotic demonstrations within minutes from a
wide range of image sources, including camera captures, robotic datasets, and In-
ternet images. At its core, our approach combines a novel method for single-view
physical scene recovery with an efficient visual blending strategy for photoreal-
istic data collection. We demonstrate RoLA’s versatility across applications like
scalable robotic data generation and augmentation, robot learning from Internet
images, and single-image real-to-sim-to-real systems for manipulators and hu-
manoids. Video results are available at our project page.
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“Each photograph is a portal to the physical world.”

Single Image Robotic Environment

Robotic Data CollectionReal-World Deployment

Figure 1: RoLA transforms a single in-the-wild image into an interactive, physics-enabled robotic
environment. Given a single input image (top-left), RoLA recovers the physical scene for robot
learning (top-right), enables large-scale robotic data generation (bottom-right), and supports de-
ployment of learned policies on real robots (bottom-left).
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1 Introduction

Data quantity and diversity are widely recognized as primary bottlenecks in scaling robot learning.
Although on-robot demonstrations provide physically accurate supervision, collecting them at scale
demands specialized hardware and extensive human effort. Conversely, non-robotic visual data,
such as images and videos, is virtually unlimited and encodes rich information relevant to robotic
tasks. However, converting raw pixels into robot-complete data, i.e., structured robotic scenes and
demonstrations that can be directly used for policy learning, remains a fundamental challenge.

Real-to-sim-to-real methods [1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11] offer a promising direction toward
bridging this gap. These approaches reconstruct robotic environments from multiview images or
videos, simulate interactions to collect training data, and subsequently transfer the learned policies
to real-world robots. While effective, their reliance on ad hoc hardware setups confines their data
collection to laboratory settings, limiting their scalability to massive in-the-wild images that are
readily available on the Internet or in the real world.

This paper poses a fundamental question: Can we obtain robot-complete data from non-robotic im-
ages under minimal assumptions—ideally from a single image? To answer this question, we revisit
the underlying reasons why prior works rely on ad hoc camera setups to build robotic environments:
(1) to reconstruct the scene and object geometry as simulation assets; (2) to generate photorealistic
visual observations through physics-based or image-based rendering. Our key insight is that mul-
tiview reconstruction is not necessary for building robotic scenes, as with foundation model priors,
a single RGB image is sufficient for recovering a physical scene. Furthermore, high-quality visual
observations can be generated without full rendering pipelines, as visual blending of real images
and virtual assets can also achieve high realism. Building on these insights, we eliminate the special
need for hardware setups and make real-to-sim-to-real pipelines generalizable to arbitrary single
images from anywhere without requiring additional information.

To this end, we introduce RoLA (Robot Learning from Any images), which automatically recov-
ers a physical robotic scene configuration from a single image and enables scalable, photorealistic
visuomotor data collection for policy learning. The framework consists of three key components:
(1) Real-to-Sim: Recovers the physical scene from a single image by estimating object and scene
geometry, inferring physical properties, establishing scene-object relationships, recovering camera
pose, and placing the robot in appropriate locations; (2) Simulation: Generates large-scale simu-
lated robotic trajectories in the recovered physical scene for diverse robotic tasks; (3) Sim-to-Real:
Synthesizes photorealistic visuomotor demonstrations via visual blending for policy learning and de-
ploys the learned policies to real robots. Together, these components form a fully automatic and gen-
eralizable pipeline that transforms any single image into a physically grounded, robot-interactable
scene, bridging the gap between passive visual data and embodied robotic action.

By unleashing the power of in-the-wild images, RoLA unlocks a wide range of applications in real-
world robotics. (1) Given a single image from a robotic camera, RoLA can recover the underlying
physical scene and generate unlimited, physically plausible visuomotor demonstrations, providing
abundant data for training imitation learning policies. (2) When paired with automatically generated
language descriptions, RoLA further facilitates scalable data generation and augmentation for train-
ing vision-language-action (VLA) models. (3) RoLA also enables leveraging broader in-the-wild
images, such as Internet photos, as priors for learning vision-based robotic manipulation. Using
apple picking as a case study, we show that manipulation performance improves by incorporating
priors learned from large-scale non-robotic visual data.

2 Related Works

Real-to-Sim-to-Real. Creating digital twins from real-world data offers a promising pathway to
scale robot learning in simulation. Prior efforts have explored building digital robotic environments
through multiview scene reconstruction [4, 8, 10, 3, 11, 12, 13, 6, 7, 14], object reconstruction [15,
16, 17, 18], procedural generation [19, 20, 21, 22, 23], or assets retrieval [1]. However, most works
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Figure 2: An overview of the RoLA framework. Step 1: Recover the physical scene from a single
image. Step 2: Generate large-scale photorealistic robotic demonstrations via visual blending. Step
3: Train and deploy policies across tasks and embodiments using the collected data.

need manual scene setup or require multiview camera captures, making them less generalizable to
diverse real-world data. Notably, some works [1, 2] focus on recovering the 3D scene from a single
image. Nonetheless, these works typically retrieve existing assets, thus constraining generalization
to the scope of pre-existing databases. In contrast, our approach is fully automatic and operates on
any single image without requiring additional information or external databases.

Robot Learning from Unstructured Data. Unstructured Internet images and videos offer a vast
but underutilized resource for training robot policies. Prior work extracts actionable knowledge from
videos by learning priors from human-object interactions [24, 25, 26], motion retargeting [27, 28],
inverse dynamics [29, 30], and affordance transfer [31, 32]. Notably, recent works resort to pixel-
level augmentations, e.g., changing backgrounds [33], viewpoints [34], embodiments [35, 36, 37],
and green screens [38, 5, 39], to synthesize diverse visual demonstrations. However, these pixel edit-
ing approaches cannot ensure physical accuracy in generating robotic demonstrations. In contrast,
our approach combines physics simulation and visual blending, which generates both physically
accurate and photorealistic robotic demonstrations.

Physics-based Scene Generation. Several recent works [40, 41, 42, 43] explore generating a
physically interactable digital twin from a single image, typically for physics-based video gener-
ation [44, 45]. However, these works generally focus on narrow object categories and show limited
applications in robotics. In contrast, our approach is generalizable to diverse images and objects,
and fully supports robotic simulation and data generation.

3 Method

We study how to leverage a single image from any source as a robotic environment for scalable
robotic data generation and policy learning. We achieve this goal by first recovering the physical
scene behind the input image (Section 3.1), then collecting visuomotor robotic demonstrations in
the physical scene (Section 3.2), and finally training robotic policies and deploying them to the real
robots (Section 3.3). An overview of our method is shown in the Figure 2.

3.1 Recovering the Physical Scene from a Single Image

Problem Definition. We consider the inverse problem of how a real image is created. The forward
image formation process can be expressed as:

I = π(S; C), (1)
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where I ∈ RH×W×3 is the observed image, and π is the camera projection function. The physical
scene S = {O,B} consists of objects O and a background B, each represented as a textured mesh
M with central position p, orientation q (e.g., quaternion), and physical properties P (such as mass
and friction). The camera parameters C include intrinsics K and extrinsics [R | t].

Our goal is to recover the entire physical scene {M,P,p,q, C} from a single image I . This inverse
problem is inherently ill-posed. However, we demonstrate that with appropriate modeling and priors,
it is possible to obtain accurate and robust estimates of the underlying scene structure.

Geometry and Appearance Modeling. We begin by obtaining textured meshes M for both the
objects O and the background B, which recovers the scene geometry and appearance.

For object modeling, we first generate object segmentation masks from I using the grounded seg-
mentation model [46]. The segmented object regions are then passed to a state-of-the-art image-to-
3D generation model [47], which produces the object textured mesh MO. For articulated objects,
since single-view articulated reconstruction remains an open problem, we retrieve similar assets
from existing 3D model repositories [48, 49] as a practical alternative.

For background modeling, we use an image inpainting model [50] to synthesize a background-only
image IB , which is used to texture the background mesh. To estimate background geometry, we
apply a metric depth prediction model [51] to infer an absolute depth map D and camera intrinsics
K from I . Using inverse projection, we construct a scene point cloud PS ∈ RHW×3:

Xuv = D(u, v) ·K−1[u, v, 1]⊤, (2)

where (u, v) are image coordinates and Xuv is the corresponding 3D point in the camera frame.

We then partition PS into object and background point clouds, PO and PB , using the object seg-
mentation masks. A background mesh MB is reconstructed from PB via surface reconstruction
techniques [52]. Since the background primarily serves as a support surface in robotic tasks, we
optionally approximate it using shape primitives (e.g., planes) to accelerate physics simulation.

We note that the vision foundation models [51, 46, 47, 50] exhibit strong generalization to diverse
image types, enabling our method to handle in-the-wild visual data robustly.

Recovering Scene Configuration. Given the textured meshes M = {MO,MB} for the object
and background, our goal is to recover the full scene configuration: the sizes, positions p, and
orientations q of the meshes, as well as the camera pose [R | t] in a gravity-aligned world frame.

We leverage the scene point cloud PS , derived from metric depth, as the reference geometry, since
it inherently encodes both the scene’s spatial structure and its absolute scale. The background mesh
MB , reconstructed directly from the background point cloud PB ⊂ PS , preserves its real-world
scale and alignment. For the object mesh MO, which is generated independently from image-to-3D
models, we rescale it and register its position p and orientation q to the corresponding object point
cloud PO using mesh-to-point registration [53], which establishes the scene-object relationships.

To place the scene and camera in a physically meaningful world frame, we introduce a concept
named the supported plane, which is either the tabletop or the ground plane. We assume the sup-
ported plane is always perpendicular to the Z-axis, i.e., the gravity axis in physics simulation. With
this assumption, we first run a ground segmentation [46] and a RANSAC plane estimation algo-
rithm on the scene point cloud PS to estimate the ground normal direction n. We then estimate the
rotations R of the scene and camera that maps the plane normal to the Z-axis z = [0, 0, 1]⊤:

R = I3 + sin θ [k]× + (1− cos θ) [k]2×, (3)

where [k]× is the 3 × 3 skew-symmetric matrix of k = n×z
∥n×z∥2

, and θ = arccos(n⊤z) following
the Rodrigues’ formula. Finally, we rotate the scene and update the camera position t to center the
scene at the origin of the world frame. This results in the full camera pose [R | t] in the world frame.

This step fully recovers the spatial configuration of object, background, and camera, enabling phys-
ically plausible visuomotor demonstration generation from the original image layout and viewpoint.
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Physical Property Estimation. To enable physical interaction, we estimate key physical properties
P , such as mass (or density) and friction coefficients, required by physics simulators. To get initial
estimates for different objects in a scalable way, we leverage large language models (LLMs) [54] to
provide physical property estimates based on the object category and image context. Specifically, we
first identify the object class, then prompt the LLM with the class name and visual context to infer
plausible physical parameters. We empirically found that the estimation is quite robust to support
the subsequent real-world policy deployment (see Section 4.3).

Robot Placement. To convert the physical scene into a robotic environment, we must determine
appropriate robot positions. For images captured by a robot-mounted camera, we directly use the
known camera-to-robot transformation to place the robot in the correct pose. For non-robotic im-
ages, we propose a sampling-based method to generate feasible placements. We approximate the
robot’s reachable workspace as a 3D shell and sample base positions such that this region covers the
axis-aligned bounding boxes of all objects. To avoid collisions, we discard placements that intersect
with the scene’s bounding box. This process produces multiple valid placement candidates, enabling
diverse action trajectory generation from different robot positions.

3.2 Robotic Data Generation

Data Collection. We support multiple modes of collecting robotic demonstrations within our image-
generated environment. These include direct control of robots in physics simulators via keyboard
or space mouse, scripted policies using motion planners [55], and pretrained manipulation poli-
cies [56, 57]. These methods enable efficient large-scale robotic data collection; for example, over
1,500 visuomotor demonstrations can be collected within an hour using an RTX4090 GPU. For each
demonstration, we record T frames of robot actions {at}Tt=0, depth maps {Dt}Tt=0, and visual obser-
vations {It}Tt=0 from the original camera viewpoint, which are later used to compose photorealistic
visuomotor demonstrations.

Visual Blending. A key challenge in sim-to-real adaptation is the visual domain gap: rendered
observations from simulators often differ significantly in appearance from real-world images. To
mitigate this, we introduce a visual blending technique that enhances the photorealism of rendered
visual observations by combining them with the real background image IB using z-buffering.

Let IB and DB be the background image and depth, and {It}Tt=0 and {Dt}Tt=0 denote the rendered
images and depth maps in simulation. The blended observations {I ′t}Tt=0 can be computed as

I ′t = Mt ⊙ It + (1−Mt)⊙ IB , where Mt(u, v) =

{
1, if Dt(u, v) < DB(u, v)− ϵ,

0, if Dt(u, v) ≥ DB(u, v)− ϵ.
(4)

The binary mask Mt ∈ {0, 1}H×W indicates where the rendered surface is closer to the camera
than the real background, ϵ is a small threshold for depth noise and alignment error, and ⊙ denotes
element-wise multiplication. This blending preserves the real image in background regions while
inserting rendered content such as objects and robots only where it appears physically in front of
the scene. Compared to [38], visual blending with z-buffering handles the occlusion cases more
effectively, resulting in more photorealistic and consistent visual observations. We store the re-
sulting blended observations along with the corresponding robot actions {I ′t, at}Tt=0 as visuomotor
demonstrations for downstream policy training.

3.3 Robot Learning & Deployment

The image-generated robotic environments enable scalable data generation across a wide range of
tasks and robotic embodiments. Using the collected visuomotor demonstrations {I ′t, at}Tt=0, we train
visuomotor policies in simulation and seamlessly deploy them to the real world. Our framework can
also be used as a scalable data generator to augment existing robotic datasets [58] by conditioning
on their images as inputs. Furthermore, by automatically generating language annotations for visual
demonstrations using LLMs, our method supports scalable robotic data generation for training more
generalizable vision-language-action models (VLAs).
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Figure 3: (a) Real-world deployment of policies trained with RoLA-generated data. (b) RoLA
enables efficient real-to-sim-to-real transfer for humanoid robots.

4 Experimental Evaluation

In this section, we investigate the following questions through extensive experiments:

Q1: Can RoLA recover an accurate physical scene from a single image that enables effective robotic
policy learning, achieving performance comparable to multiview reconstruction methods?
Q2: Can RoLA efficiently generate large-scale, high-quality robotic data? How does the quality of
the generated data compare to previous retrieval-based and pixel-editing-based methods?
Q3: Can RoLA enable training of visuomotor policies and vision-language-action (VLA) mod-
els from single images, generalize across different embodiments (e.g., manipulators and humanoid
robots), and deploy successfully to the real world?
Q4: Can RoLA leverage in-the-wild Internet images for vision-based robot learning?
Q5: How does visual blending improve RoLA’s performance?

Due to the page limit, we refer readers to the appendix for detailed experimental setups.

4.1 Physical Scene Recovery

Method Multi-view Single-view (RoLA)

Success Rate 75.5 ± 7.5% 72.2 ± 2.1%

Table 1: Comparison of policy success rates
between multi-view reconstruction and our
single-view RoLA pipeline. Average success
rates ± StdErr are calculated over 3 seeds.

A common concern of single-image scene recovery
is the potential inaccuracy of scene properties due
to the lack of geometric constraints. We investigate
this issue by comparing our method with a multiview
reconstruction baseline [4]. Specifically, we build
digital twins of robotic environments using both the
RoLA pipeline and [4] on the task “pick up the ba-
nana and put it onto the stove”, collect 200 demon-
strations respectively, train an imitation learning policy [59], and deploy it for robotic manipulation.
As shown in Table 1, RoLA’s success rate closely matches the multiview reconstruction baseline,
indicating that a single image is sufficient for creating a realistic robotic environment for policy
learning (Q1). Although multiview reconstruction methods achieve slightly better performance
(≈ 3.3%), their reliance on controlled setups makes them significantly less scalable than our ap-
proach, which operates on single images without additional requirements.

4.2 Robotic Data Generation

To evaluate RoLA’s data generation quality, we set up a robotic manipulation benchmark and com-
pare policies trained on RoLA-generated data with those from baseline methods: (1) ACDC [1],
a retrieval-based single-image data generation method, and (2) RoboEngine [33], an image-based
demonstration augmentation approach. For each task, we collect 200 visuomotor demonstrations
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Language Instruction Success Rate Language Instruction Success Rate
reach the blue cup 10/10 pick up the carrot 10/10
put the green pepper beside the lemon 9.5/10 put the yellow lemon beside the green apple 10/10
take the banana and place it
beside the potato 8/10 pick up the red tomato and place it

beside the yellow lemon 9/10

take the grey object beside the lemon
and place it beside the yellow apple 6.5/10 take the strawberry off the potato and

place it beside the red apple 10/10

Table 3: Simulation evaluation of our VLA model trained on RoLA-generated data. Each task is
tested over 10 trials with randomized object poses, under SimplerEnv [38] setting. Note that partial
success (score of 0.5) is possible for tasks following OpenVLA [60]. See Appendix for more details.

using RoLA and each baseline, train imitation learning policies [59], and measure success rates. As
shown in Table 2, RoLA significantly outperforms the baselines across tasks, indicating that data
generation from recovered physical scenes yields more faithful and physically accurate demonstra-
tions than retrieval or pixel-editing methods (Q2).

4.3 Single-Image Robot Learning Task RoLA (Ours) RoboEngine ACDC

Broccoli into Bowl 53.4 ± 11.7% 8.3 ± 11.2% 25.1 ± 17.5%
Banana onto Stove 85.4 ± 11.6% 3.3 ± 4.7% 0.0 ± 0.0%
Carrot onto Burner 90.0 ± 10.8% 22.7 ± 16.6% 6.4 ± 9.0%

Average 76.2 ± 19.8% 11.4 ± 13.4% 10.5 ± 14.9%

Table 2: Comparison of imitation learning success rates us-
ing data generated by RoLA versus baselines. Average suc-
cess rates ± StdErr are calculated over 3 seeds.

We conduct real robot experiments to
investigate whether RoLA can enable
single-image real-world robot learn-
ing. Specifically, we employ a Franka
Research 3 Robot as the tested em-
bodiment.

We set up 2 real-world robotic manip-
ulation tasks across diverse environments: (1) Object manipulation in cluttered scenes: the robot
must pick up a banana in a cluttered environment and place it accurately inside a sink, evaluating
grasp accuracy and collision avoidance. (2) Pouring water: The robot must pour soda from a can
into a cup, evaluating manipulation precision. For each task, we capture an RGB image of the scene
using a RealSense D415 camera as input to RoLA, then collect 200 demonstrations using our frame-
work, train a diffusion policy, and deploy it to the real robot. During evaluation, we test each task
for 10 trials. In each trial, the manipulated object is randomly placed within a 6cm×6cm workspace
with random poses. As shown in Figure 3(a), the policies trained with RoLA can be successfully
deployed to the real world with high success rates.

To further investigate whether RoLA supports different embodiments, e.g., a humanoid robot, we
leverage a Unitree G-1 robot as the tested embodiment. We leverage a photo captured by the hu-
manoid’s head-mounted camera as input to RoLA. Through the RoLA pipeline, we reconstruct the
physical scene from the ego-centric image, control the robot to grasp a blue cube with a dexterous
hand in the recovered scene, and deploy the actions to the real robot to complete the same task.
As shown in Figure 3(b), the humanoid robot successfully finished the task, demonstrating RoLA’s
support for different robot types. Experiments on both robotic manipulators and humanoid robots
have demonstrated that RoLA effectively supports single-image, real-world robot learning (Q3).

4.4 Training Vision-Language-Action Models with RoLA-Generated Data

Put the yellow lemon beside the green apple

Take the grey object beside the lemon and place it beside the yellow apple

Figure 4: Real-world execution of a VLA model
trained with RoLA-generated data.

RoLA supports highly efficient and scalable
robotic data generation from single images.
We investigate whether this can facilitate large-
scale training of vision-language-action (VLA)
models. To this end, we collect over 60,000
demonstrations (the same scale of BridgeData
V2 [58]), and train a VLA model from scratch
using Qwen2.5 [61] VLM as the backbone,
following the MiniVLA [62] training setting.
Training occurs on 8×H100 GPUs over four
days (i.e. 768 GPU-hours).
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Internet Apple Images Robotic Demo Generation Real-World Apple Picking (w/ Internet Learned Priors)

Figure 5: Learning a vision-based apple grasping prior from Internet apple images.

To evaluate our VLA model’s performance, we design 10 evaluation tasks under the widely-used
SimplerEnv [38] setting, testing skill diversity, scene variations, object category and pose variations,
semantic understanding, and complex visual reasoning. Each task is evaluated over 10 trials with
randomly initialized object poses. Table 3 illustrates our model’s strong generalization from purely
RoLA generated data. We then successfully deploy the VLA model to real-world scenarios, with
example rollouts showcased in Figure 4.

4.5 Learning a Vision-Based Grasping Prior from Internet Images

Method \# of Demos 10 20 50

w/ grasping prior 2/10 3/10 8/10
w/o grasping prior 0/10 3/10 3/10

Table 4: Real-world apple grasping suc-
cess across varying numbers of fine-
tuning demonstrations, w/ and w/o the
Internet-trained grasping prior.

We explore the potential of more in-the-wild data, such as
Internet images, as a pretraining source for robot learn-
ing. Due to resource limitations, we only chose the ap-
ple grasping task as a case study. Specifically, we collect
2,000 Internet apple images and leverage RoLA to gen-
erate over 3,000 demonstrations to pick up apples in the
Internet images (See Figure 5). We pre-train a neural net-
work that encodes images and outputs the 6-DoF grasping
pose in the image 3D frame. Since Internet images con-
tain apples of various sizes, types, positions, and with diverse backgrounds and viewpoints, we hope
the pretrained network can learn a generalizable vision-based apple grasping prior from the Internet
images. During deployment, we finetune the network with 10/20/50 real demonstrations and test the
real-world apple grasping success rate with different apple types, positions, and camera viewpoints.
As shown in Table 4, the grasping success rate significantly increases with the learned grasping
prior, indicating the potential of pretraining with Internet images for robot learning (Q4).

4.6 Empirical Study Task Robot w/ Blending w/o Blending

Pickplace Banana WidowX 80.0 ± 17.8% 33.3 ± 23.5%
Spatula onto Board WidowX 85.0 ± 4.0% 6.7 ± 9.4%
Broccoli into Bowl WidowX 53.4 ± 11.7% 0.0 ± 0.0%
Pickplace Spoon Franka 100.0 ± 0.0% 22.2 ± 22.0%
Banana onto Stove Franka 85.4 ± 11.6% 11.7 ± 16.5%
Carrot onto Burner Franka 90.0 ± 10.8% 0.0 ± 0.0%

Table 5: Ablation study comparing visual blend-
ing with direct mesh rendering (w/o blending).
Visual blending yields better performance across
both WidowX and Franka robots.

We investigate how the proposed visual blend-
ing affects the learning performance. In par-
ticular, we follow the training setting in Sec-
tion 4.2 but replace visual blending with render-
ing to generate visuomotor demonstrations. As
shown in Table 5, visual blending significantly
improves the visual quality of demonstrations
and enhances the learning performance (Q5).

5 Conclusion

We presented RoLA, a framework that transforms a single image into an interactive, physics-enabled
robotic environment for scalable data generation and policy learning. RoLA faithfully recovers
physical scenes from diverse image sources, enabling the collection of photorealistic, physically
plausible demonstrations without multiview captures. Through extensive robotic experiments, we
demonstrate that RoLA supports single-image robot learning, real-world deployment, and training
of vision-language-action models. Our results highlight the potential of leveraging vast in-the-wild
visual data to advance scalable, generalizable robot learning.
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6 Limitations

This work has several limitations. (1) The quality of the generated robotic demonstrations is bounded
by the fidelity of the physics simulator. However, we emphasize that the core technical contribution
of this paper lies in a highly scalable and generalizable approach for transforming massive non-
robotic visual data into physically plausible robotic data. While the transformed demonstrations
may not match the precision of real-world collected data, our framework can generate data several
orders of magnitude faster and at a much larger scale than real-world collection. By leveraging
the virtually unlimited pool of Internet images, RoLA supports data generation with high diversity
in object types, scene layouts, appearances, and viewpoints, significantly expanding the scalability
and generalization potential of robot learning. (2) While our method does not support changing
camera viewpoints within a single scene as multiview reconstruction methods do, it compensates
by leveraging Internet images captured from diverse natural viewpoints. As a result, RoLA can
generate training data with rich viewpoint diversity across scenes, enabling the learned policies to
generalize well to novel camera perspectives.
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A Experiments

A.1 Physical Scene Recovery

The multiview method is conducted by capturing a short video of the scene using a handheld smart-
phone, then using Polycam2 to perform 3D reconstruction from the video. Polycam processes the
frames to generate a textured mesh of the environment, which is then used to extract object ge-
ometry for simulation. Figure 6 shows the policy learning environment of the task, along with the
reconstructed meshes from both the single-view (RoLA) and multiview (Polycam-based) pipelines.

(a) Policy Learning Environment (b) Single-view 
Reconstruction Mesh

(c) Multi-view 
Reconstruction Mesh

Figure 6: Comparison of the policy learning environment and the reconstructed scene meshes from
the single-view RoLA pipeline and multiview Polycam pipeline.

A.2 Robotic Data Generation

Real-world	Setup

Realsense D415 Camera
Franka Research 3 Robot

Figure 7: Real-world experiment setup. We em-
ploy a Franka Research 3 Robot and a RealSense
D415 camera.

(1) ACDC[1] is a retrieval-based, single-image
data generation method. We follow its orig-
inal pipeline with modifications to better suit
our task. Given a single RGB image, ACDC
performs four sequential steps. First, we ex-
tract per-object information by prompting GPT-
4o3 to generate captions for all visible ob-
jects. These captions are then passed to
GroundedSAM[63] to produce object masks.
Next, we compute the similarity between
each masked object and entries in our ob-
ject database using SigLip2 [64], retrieving the
most visually similar “digital cousin” from Om-
niObject3D [65]. In the third step, we use met-
ric depth information to align each retrieved
mesh with the corresponding object and post-
process the matched assets to construct a fully
interactive simulated scene. Finally, we employ
the same demonstration collection pipeline as RoLA to generate 200 demonstrations per task for im-
itation policy learning, ensuring fair comparison.

(2) RoboEngine [33] is an image-based demonstration augmentation method. We adopt the original
codebase without modification. Given a single pre-collected demonstration, RoboEngine segments
the robot arm and the manipulated object (i.e., the foreground), then uses a diffusion-based model
to synthesize a physically plausible background conditioned on a foreground mask and a scene

2https://poly.cam/
3https://chatgpt.com/
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description. We apply this process to augment each demonstration into 200 demonstrations per task
for imitation policy learning, enabling a consistent comparison with other methods.

Figure 8 shows the evaluation tasks (images on the left) and the comparison with the baseline meth-
ods. RoLA consistently outperforms the baselines in different tasks.
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Figure 8: Baseline comparison for robotic data generation.

A.3 Single-Image Robot Learning

Figure 7 illustrates the setup of our real-world experiment. Figure 9 illustrates the comparison
between RoLA-generated simulation data and the corresponding sim-to-real deployment in the real
world on two tasks: Manipulation in Cluttered Scenes and Pouring Water. In addition to pick-
and-place tasks, we include three dynamic tasks—one of which involves tool use—to demonstrate
the versatility of our pipeline. As shown in Figure 10, we present execution trajectories for two
simulated tasks: flip banana and push banana, and one real-world task: sweep cubes.

Manipulation in	Cluttered		Scenes

Pouring	Water

RoLA-Generated	Data

RoLA-Generated	Data

Real-world	Deploy

Real-world	Deploy

Figure 9: RoLA-Generated Data vs. Sim2Real Deployment. Each row pair shows the simu-
lated RoLA-generated scenes (top) and corresponding real-world executions (bottom), demonstrat-
ing strong sim-to-real consistency in object placement, robot behavior, and overall task execution.

A.4 VLA Model Training & Evaluation
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(a) Flip 
Banana

(b) Push 
Banana

(c) Sweep 
Cubes

Figure 10: Execution trajectories of dynamic manipulation tasks. (a) Flip Banana and (b) Push
Banana are performed in simulation, demonstrating dynamic object interaction. (c) Sweep Cubes is
executed in the real world and involves tool use, showcasing the pipeline’s ability to generalize to
complex and contact-rich tasks.

VLA Train/Action Token Accuracy
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Figure 11: Training Curve of VLA. Action token
accuracy steadily increases and surpasses 95%
within 400K steps.

To demonstrate the scalability of our data gen-
eration pipeline, we train a vision-language-
action (VLA) model by first capturing real-
world photographs and then transforming them
into robotic training data. We target the same
scale as BridgeData V2 [58]. Specifically, we
collect 2,000 real-world images across 12 dis-
tinct environments (compared to 24 in Bridge-
Data V2), a process completed within 2 hours
of human effort—the only human interven-
tion required. Next, we use GPT-4o to pro-
pose approximately 10 tasks per image, yield-
ing around 20,000 unique (image, language in-
struction) pairs. Our pipeline RoLA is then
used to generate approximately 60,000 robotic trajectories, matching the scale of BridgeData V2.
Figure 12 displays example images captured in various environments.

Real-world	Scenes

Figure 12: Example Real-World Scenes. Sample images captured across diverse environments for
vision-language task specification.

For model architecture and training, we strictly follow the MiniVLA [62] setup. The model is trained
for 400,000 steps until the action token accuracy exceeds 95%. Training is performed on 8×H100
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Language Instruction Success Rate Language Instruction Success Rate
pick up the banana (scene 1) 10/10 pick up the banana (scene 2) 7.5/10

Table 6: Simulation evaluation of our VLA model trained on RoLA-generated data. Each task is
tested over 10 trials with randomized object poses, under SimplerEnv [38] setting. Note that partial
success (score of 0.5) is possible for some tasks, following OpenVLA [60].

GPUs over four days (i.e., 768 GPU-hours). Figure 11 shows the accuracy progression over training
steps.

Evaluation. For simulation-based evaluation, we closely follow the SimplerEnv [38] setup, with
necessary modifications to the background image, manipulated object, camera pose, and language
instruction to align with our task settings. We do not directly evaluate on the original SimplerEnv
tasks because our model is not trained on any Open X-Embodiment [66] real-world data, making
such a comparison unfair. For the same reason, we do not compare our model against models
like OpenVLA [60], which are trained on Open X-Embodiment but not on any of our generated
data—such a comparison would be unfair to OpenVLA.

We showcase two additional tasks in Table 6, both using the same language instruction: pick up the
banana. These tasks are evaluated in distinct background environments to assess the model’s ability
to generalize. The results show that our model can robustly handle varying visual contexts while
correctly executing the instructed behavior.

Below are descriptions of all tasks that requires partial success (i.e., a score of 0.5):

1. Pick up the Banana (Scene 2): Partial credit is given when the robot successfully grasps
the banana but fails to lift it.

2. Put the Green Pepper beside the Lemon: Partial credit is given when the robot success-
fully picks up the green pepper but does not perform the place action.

3. Take the Banana and Place it beside the Potato: Partial credit is given when the robot
successfully picks up the banana but does not perform the place action.

4. Pick up the Red Tomato and Place it beside the Yellow Lemon: Partial credit is given
when the robot successfully picks up the red tomato but does not perform the place action.

5. Take the Grey Object beside the Lemon and Place it beside the Yellow Apple: Partial
credit is given when the robot successfully picks up the grey object but does not perform
the place action.

A.5 Learning from Internet Images

We investigate how Internet images can serve as a data source for robot learning, using apple picking
as a case study due to the resource constraints. Our motivation is that Internet images exhibit diverse
apple types, sizes, environments, and camera viewpoints. If we can generate grasping data from
these images, the learned policy could generalize across object variations, different viewpoints, and
scenarios. However, due to the huge domain gap between Internet images and real-world robotic
environments, direct zero-shot deployment of Internet-learned policy to the real world is infeasible.
Instead, we adopt a pretraining–finetuning paradigm: we first pretrain a grasping policy on Internet-
generated apple grasping data, then finetune it using a small number of real robot demonstrations
for alignment and fast policy adaptation. An illustration of the whole process is shown in Figure 13.

Pretraining. We collect massive Internet apple images, and leverage RoLA to generate robotic data
for picking up the apples in images. We filter out those imperfect images and unsuccessful demon-
strations, resulting in over 3000 high-quality demonstrations from Internet apple images. Since
Internet images are captured from different camera viewpoints and the demonstrations are collected
by different robot positions, to unify the data representation, we extract a data sample of an image
and the corresponding 6-DoF apple grasp pose in the image frame for each demonstration, which
is agnostic to robot positions. Then, we pretrain a neural network that takes an image as input and
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Internet Apple 
Images

Grasp Poses in 
Image Frames

DINO v2 Decoder DINO v2 Decoder

Real-World 
Apple Images

Grasp Poses in 
Image Frames

Pre-training on Internet images Few-shot fine-tuning & deployment on real world environments

Figure 13: The pretraining-finetuning paradigm for learning from Internet images.

outputs the 6-DoF grasp pose in the image frame. The neural network contains a DINO v2 image
encoder and a small head for decoding the apple grasp pose. The trained network will serve as an
apple grasping prior for the subsequent real robot deployment.

Finetuning. In the real robotic environment, we collect 10/20/50 real robotic demonstrations for
picking up an apple, extract the respective camera image and apple grasping pose in the image frame,
and leverage these data to fine-tune the pretrained neural network. We set up a baseline by leveraging
the same network architecture (DINO v2 + decoder) and directly training the network on the real
robotic demonstrations without pretraining on the Internet apple images. During deployment, both
the baseline and our network take in the image from the RealScene camera and output the apple
grasping pose in the image frame. The grasping pose is then transformed into the robot base frame,
and we leverage a motion planner to move the robot gripper to the estimated grasping pose to pick
up the apple. We test the real-world grasping success rates and change the apple types, positions,
and camera viewpoints during evaluation.

Robotic Demonstrations from Internet Images. Figure 15 shows more examples of robotic
demonstrations generated from other Internet images. Our approach is generalizable to different
types of objects and images and enables robotic manipulation on in-the-wild images.

B Method

Robot Position

Robot Workspace

Scene AABB

Object

Figure 14: Visualization of the sampling-based method for generating feasible object placements.

B.1 Background Geometry Modeling

Generating background meshes from images is challenging, as removing objects will leave a hole
in the background point clouds, and how to in-paint the geometry behind the object remains a prob-
lem. One solution is to have another depth estimation on the inpainted background image, but this
introduces geometry errors due to the inconsistency of depth estimations. In this paper, we leverage
the supported plane to complete the background geometry. Specifically, for pixels in the masked
object regions, we shoot a ray from each pixel and check the intersection point of the ray and the
supported plane. The intersection points will be used for creating background meshes. We also
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check the intersections of the ray and the scene’s axis-aligned bounding boxes in case the ray does
not intersect with the supported plane.

B.2 Robot Placement

For non-robotic images, we propose a sampling-based method to generate feasible placements, as
shown in Figure 14.

B.3 Visual Blending

Figure 16 illustrates the detailed visual blending process. We generate foreground masks by com-
paring the rendered and background depths. For foreground regions, we set the pixels to those in the
rendered frames. For background regions, we directly use the background image. This mitigates the
rendering artifacts and leads to more photo-realistic results.

Internet Images Robotic Demonstrations

Figure 15: Robotic demonstrations from Internet images.
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Background Image Robotic Demonstrations

Visual Blending

Depth Rendering

Foreground Masking

Background Depth

Rendered Demonstrations

Figure 16: An illustration of visual blending.
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