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Abstract

Learning robotic manipulation from a single image is
challenging due to three obstacles: accurate physical
scene understanding, scalable demonstration generation,
and sample-efficient policy learning. We propose Gen-
erative Robotic Learning from Any Images (G-RoLA),
a paradigm synergizing generative Al with world models
through three innovations: (1) G-MSIG, which infers a
physically-grounded 3D scene from a single image via a
learned diffusion prior; (2) PG-GDS, which synthesizes
diverse visuomotor demonstrations conditioned on the re-
covered scene using physics-guided video diffusion; and
(3) WM-DPL, which enables sample-efficient long-horizon
planning and robust sim-to-real transfer through latent
world modeling. Experiments show that G-RoLA recon-
structs scenes comparably to multi-view methods (75.0%
success), synthesizes policies surpassing prior approaches
(86.5% average success), achieves 85% real-world deploy-
ment success, and trains VLA models reaching 88.5% on
diverse tasks. Ablation studies validate each component’s
necessity. G-RoLA establishes a generative foundation for
scalable robot learning from arbitrary visual inputs.

Keywords: Robotic Manipulation, Generative World
Model, Single-Image Scene Reconstruction, Diffusion Pol-
icy, Sim-to-Real Transfer, Vision-Language-Action Model,
Physics-Guided Data Synthesis, Inverse Graphics

1. Introduction

Data quantity and diversity constitute fundamental bot-
tlenecks in scaling robot learning [4, 11, 17]. Al-
though on-robot demonstrations provide high-fidelity su-
pervision, their collection remains resource-intensive and
prohibitively costly. In contrast, non-robotic visual data—
whether sourced from the internet or captured in real-world
environments—is virtually unlimited and contains rich in-
formation pertinent to robotic tasks. Nevertheless, a sig-
nificant challenge persists: converting such passive visual

data, particularly a single, unconstrained image, into struc-
tured, physically-grounded demonstrations suitable for pol-
icy learning.

Real-to-sim-to-real pipelines offer a promising direc-
tion by reconstructing environments from visual inputs and
transferring learned policies [5, 35, 41]. However, existing
methods predominantly rely on multiview imagery or spe-
cialized hardware [ 12, 60], restricting scalability to the vast
repository of single, in-the-wild images available online.

This work addresses a core question [53, 56]: can we ob-
tain robot-complete training data from a single image under
minimal assumptions? We posit that with sufficiently pow-
erful generative priors, a single image can suffice to recover
a coherent physical scene [51, 59].

To this end, we introduce Generative Robotic Learning
from Any Images (G-RoLA), a unified framework built
upon three innovations. First, G-MSIG recovers a unified
physical-semantic 3D scene from a single image via a dif-
fusion prior with physics-informed inference [31, 45, 58].
Second, PG-GDS leverages conditional video diffusion to
synthesize diverse visuomotor demonstrations [2, 26, 34].
Third, WM-DPL enables sample-efficient policy optimiza-
tion and robust sim-to-real transfer via a learned dynamics
model [42, 44].

Extensive experiments demonstrate that G-RoLA recov-
ers scenes comparably to multiview methods, generates
higher-quality training data than prior approaches, enables
successful real-world deployment, and facilitates effective
VLA model training [1, 14, 30].

2. Related Work

Digital Twin Construction. Prior methods build dig-
ital environments through multi-view scene reconstruc-
tion [12, 60], object-level reconstruction [56, 59], or re-
trieval from asset databases, but often require multi-view
captures [53] or manual configuration. Recent single-image
methods [31, 45, 51] primarily rely on retrieving existing
assets. Our method is fully automatic, requiring only a sin-
gle image without external asset databases.
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Prior Paradigms: Bottlenecks

G-RolLA Paradigm: Unified Solution
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Figure 1. Motivation for G-RoLA. Left: Prior paradigms suf-
fer from bottlenecks including multi-view capture requirements,
decoupled scene understanding, and limited data sources (pixel-
editing or retrieval), resulting in ~ 76% success rate. Right:
G-RoLA provides a unified solution through G-MSIG for inte-
grated scene recovery, PG-GDS for physics-guided data synthesis,
and WM-DPL for world model-guided policy learning, achieving
~ 86% success rate from any single image.
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Diverse Photorealistic Videos

Robot Learning from Unstructured Visual Data.
Internet-scale images and videos are a vast resource for
training robotic policies [8, 11, 49]. Prior work extracts
knowledge via human-object interaction priors [13, 18],
motion retargeting [16, 25], and pixel-level augmenta-
tions [26, 54], but these do not ensure physical plausibility
of generated motions [39]. Our approach integrates physics
simulation with visual synthesis [20, 24].

Physics-Based Scene Generation from Images. Sev-
eral works generate physically interactable scenes from sin-
gle images [2, 27, 34] but typically target narrow object cat-
egories [21]. The most related work, CAST, transforms a
single image into a digital twin but incompletely models
the background. Our approach generalizes to diverse scenes
and is designed for robotic simulation and scalable demon-
stration generation [36, 55].

3. Method

3.1. Overview and Design Philosophy

The central thesis of G-RoLA is that a single RGB image
I, when processed through a cascade of generative models
grounded in physical reasoning, contains sufficient infor-
mation to bootstrap scalable robotic skill acquisition. We
formalize this as a three-stage generative pipeline, where
each stage addresses a distinct information bottleneck in the
image-to-policy pathway.

Problem Statement. Given a single image [ €
depicting a manipulation scene, a natural language task

RHXWXB

specification g, and a target robot embodiment &, our goal
is to produce a learned policy 7*(a¢|ot, g) that can be de-
ployed on a physical robot to execute task g with high suc-
cess rate and zero-shot or few-shot sim-to-real transfer. The
key challenge is that I provides only a single 2D observa-
tion of a 3D world with unknown geometry, physics, and
semantics—an inherently ill-posed inverse problem.

Architectural Overview. G-RoLA decomposes this chal-
lenge into three stages that progressively enrich the infor-
mation extracted from I (see Figure 2):

1. Scene Inversion (G-MSIG, §3.2): I Fenerative prior, g _
(G,P,F), recovering a unified physical-semantic 3D
scene from the image;

2. Data Synthesis (PG GDS, §3.3): S*
D = {(7(, 1)}V |, generating a large-scale dataset of
physically-plausible visuomotor demonstrations;

(WM-DPL, §3.4):

m*, learning a deploy-
able policy through latent dynamics modeling and
model-based planning.

physics-guided diffusion

3. Policy Learning

world model + diffusion policy

G-RoLA: Generative Robotic Learning from Any Images
(Language)

Robot
Embodiment

Physics-Guided Generative
Da esis (PG-GDS)

Generative Multimodal Scene
Inverse Graphics (G-MSIG)

‘World Model-Guided Diffusion
Policy Learning (WM-DPL)
Recovered | cross tenton

Gl [AIaY oS

Latent Adaptation & Guidance

Figure 2. Overview of the G-RoLA framework. From a single
input image, G-MSIG recovers a unified physical-semantic scene
representation via diffusion-based inverse graphics. PG-GDS syn-
thesizes diverse visuomotor demonstrations conditioned on the
scene, task goal, and robot embodiment, guided by a physics fea-
sibility discriminator. WM-DPL learns a latent world model and
diffusion policy for sample-efficient long-horizon planning, with
feedback loops enabling latent adaptation and guidance.

3.2. Generative Multimodal Scene Inverse Graphics
(G-MSIG)

The first stage addresses recovering a complete, physically-
grounded 3D scene from a single image. Prior methods de-
compose this sequentially—estimating depth, segmenting
objects, retrieving 3D assets, assigning physics [43, 60]—
leading to error compounding. G-MSIG reformulates this
as conditional generation from a learned joint prior over
geometry, physics, and semantics.
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3.2.1. Unified Probabilistic Scene Representation

We define a scene as a structured random variable S =
(G, P, F). The Geometric-Textural Representation G; =
(9 . R -5 R, f® : R xS? — R3) uses neu-
ral SDFs with radiance fields for watertight geometry and
view-dependent appearance. The Physical Property Set
Pi = (mq, p3, ud, ki, pM) encodes mass, friction, resti-
tution, and material category, inferred jointly with geom-
etry. The Functional Semantic Embedding 7; ¢ R%,
extracted from a frozen VLM, captures task-relevant affor-
dance information [22, 55].

3.2.2. Learning the Generative Scene Prior

G-MSIG resolves the ill-posed nature of single-image 3D
reconstruction by learning a generative prior over plausible
scenes using a multimodal DDPM [46, 54] in a compressed
latent space. The forward process corrupts sg via:

q(sklso) = N (sg; vagso, (1 —ax)l), (D

and the reverse process, conditioned on image I and cam-
era parameters C, uses a transformer network with frozen
DINOV?2 features and Pliicker ray embeddings:

pg(Sk_1|Sk,I,C) ZN(Sk_1;M9(Sk,k,I,C), O'I%I). (2)

Training combines score matching with rendering consis-
tency:

Lomsic =Er s e [l€ — €a(sk, k, 1,C)||]

Score matching

+ B Es, [Hj— I||LPIPSj| .

3)

Rendering consistency

3.2.3. Physics-Informed Guided Sampling

We steer diffusion sampling toward physically consistent
solutions via differentiable constraint residuals:

Rimass = Zi ||mz - P;nat ' V(gz)||27 “4)
Raupport = Y, ¥[FloatingAboveSupport(G;)] - d;*, (5)
Rpenetration = Zi;ﬁj max(O, _SDFj (Ci))2> (6)

Rgavitity = Y |[CoM(Gi, mi) — Projg, oo (G) I (7)

During sampling, the score estimate is augmented:

€yp = 69(Sk, k, I, C) — W1 - @kvsk Zj ijj(Dec(sk)),
®)
where A follows an annealed schedule. The final scene S*
is exported in URDF/MIJCF format. The entire G-MSIG
pipeline runs in ~2.3 seconds on a single A100 GPU.

3.3. Physics-Guided Generative Data Synthesis
(PG-GDS)

Given the simulation-ready scene S* from G-MSIG, PG-
GDS addresses the data generation bottleneck: producing a
large, diverse, and physically accurate dataset of visuomo-
tor demonstrations. PG-GDS introduces a conditional video
diffusion model that directly generates complete demonstra-
tion trajectories, guided by a learned physics feasibility dis-
criminator.

3.3.1. Conditional Trajectory Diffusion

We formulate demonstration generation as sampling from
a learned conditional distribution p(7|S, g, &), where 7 =
({LYE o, {a:}E ) is a complete visuomotor trajectory [2,
27]. The trajectory diffusion model is built on a spatio-
temporal U-Net backbone [42, 58]:

es(T K, S, g,E) = ST—UNet(Tk, k, c),
C = CrossAttn(Encs(S), Enc,(g), Encg(£)) ©)

Multi-modal conditioning

A key design choice is that PG-GDS generates visual obser-
vations {I;} and actions {a;} jointly within a single diffu-
sion process, ensuring temporal consistency.

3.3.2. Physics Feasibility Guidance

We train a discriminator Dy, : ({a.}, {s:}; P) — [0, 1] [48]
on a binary classification task: given a short action-state se-
quence and the scene’s physical parameters, predict whether
the sequence is physically feasible. Positive examples come
from successful simulator rollouts; negative examples are
generated by perturbing successful trajectories with phys-
ically implausible actions. The discriminator is trained to
maximize:

Lp =Er+[log Dy (775 P)] + B [log(1 — Dy (775 P))].

(10)
During trajectory generation, the denoising direction is
steered by:

é¢ = 6¢(Tk7 ka Sa g, 5) + v ka 1ogD’¢'(DeCT(TkJ); P)v
1D
where 7 is the guidance strength. We additionally employ
classifier-free guidance by randomly dropping conditioning
inputs during training.

3.3.3. Scalable Data Augmentation

PG-GDS ensures scalability via stochastic conditioning
(varying noise seeds, language goal variations, and per-
turbed scene parameters [4]), automatic quality filtering
through a three-stage check (physics discriminator, task
completion classifier, image quality estimator), and au-
tomatic VLA annotation via a VLM, producing D =

{1 6, 301,
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3.4. World Model-Guided Diffusion Policy Learn-
ing (WM-DPL)

WM-DPL overcomes the limitations of standard behavioral
cloning by integrating a latent world model with a diffusion
policy, enabling model-based planning in a compact latent
space and efficient adaptation to real-world conditions [3,
19, 23].

3.4.1. Latent World Model

The world model consists of three components: an
Encoder g, (z:|I;,a;—1) [40, 57], a Dynamics model
Pe(2t412¢, at, g) using a structured SSM [44], and a Re-
ward predictor r,, (2, g). The world model is trained end-
to-end by minimizing:

Ly =Ep | [T = Ll + 1 = Tilluows

Perceptual reconstruction

+a Dk (qga(ZtJrl 11, a0)l|pe (2e412t, ar, g))

Latent dynamics consistency

+ 87— rl9)]-
—_———
Reward prediction

(12)

A contrastive latent regularization encourages viewpoint-
invariant, state-discriminative representations:

emm(zt,zt )/Te

esim(zt,z:r)/n + E 6sim(zf,z;’j)/7'C
J

Lcontrast =-E IOg

13)

where z, is the latent state from a different viewpoint of
the same scene state (obtained via multi-view rendering in
simulation), z, ~J are negatives from different scene states,
and 7, is a temperature parameter.

3.4.2. Diffusion Policy in Latent Space

The policy 7, (a¢|zt, g) is implemented as a conditional de-
noising diffusion model in action space [15], capturing the
full multi-modal distribution over actions. The action de-
noiser ew(ai ), J, 2t, g) takes a noisy action at diffusion step
7, the latent state z;, and goal embedding g, using a 1D tem-
poral U-Net with FiLM conditioning. The training objective
is:

eulal g,z 9)lIP] . (14)

Lr= E(at’zt»Q)ND, J, € HG -

3.4.3. Model-Based Latent Planning

For long-horizon tasks, WM-DPL optimizes an action
chunk ay. over a planning horizon H by maximizing pre-

dicted cumulative reward [48, 50]:

H

aOH_argmaxE AL
=0

Zt 9); (15)

where 2,41 = pe(Ze, a0, 9), 20 = 20-

Planning is re-invoked every Hiepan Steps in a receding-
horizon fashion. For tasks requiring more than H steps, a
hierarchical planner generates subgoal latent states [24, 36].

3.4.4. Sim-to-Real Transfer via Latent Adaptation

During real-world deployment, a lightweight adaptation
network he : 2 s 2 is trained with 5-10 real tra-

jectories to minimize:

Eadapt = ||p£(hC(Zt+1) |hC(

(16)
A confidence-gated mechanism triggers re-planning when
prediction error exceeds a threshold [10, 41], preventing
cascading deployment failures.

3.5. Theoretical Motivation

We highlight the theoretical underpinnings of G-RoLA’s de-
sign.

Information-Theoretic Perspective. The three stages can
be understood as progressive information extraction: G-
MSIG maximizes I(S; I) under physical consistency; PG-
GDS maximizes H(D|S, g) while preserving scene physics
fidelity; and WM-DPL minimizes expected regret under the
learned dynamics, with latent adaptation minimizing KL di-
vergence between simulated and real distributions.
Compositionality. Each stage produces a well-defined in-
termediate representation (S*, D, z;) that can be inde-
pendently evaluated, debugged, and improved. This com-
positionality distinguishes G-RoLA from end-to-end ap-
proaches and enables principled ablation of each component
(validated in §5).

4. Experimental Evaluation

We systematically address five research questions: QI:
scene recovery accuracy vs. multiview methods; Q2: data
generation quality; Q3: real-world deployment and VLA
training; Q4: learning from Internet images; QS: compo-
nent contributions.

4.1. Physical Scene Recovery

We compare G-RoL A with a multiview reconstruction base-
line and the prior single-view RoLA pipeline on “pick up
the banana and put it onto the stove.” As shown in Table ??,
G-RoLA closely matches the multiview baseline while im-
proving over RoLA [45, 53], effectively bridging the per-
formance gap with multi-view methods (Q1).

), at, 9)=ap (2L 1T ad) 1.
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4.2. Robotic Data Generation

We benchmark G-RoLA against ACDC (retrieval-based),
RoboEngine (pixel-editing-based), and the prior RoLA
pipeline. For each method, we generate 200 demon-
strations, train policies, and measure success rates. G-
RoLA achieves an average success rate of 86.5%, surpass-
ing prior RoLA (76.4%) by approximately 10 percentage
points [32, 33] (Q2) [7, 18].

Table 1. Imitation learning success rates using data from different
methods. Average £ SE over 3 seeds.

Task ACDC RoboEngine RoLA (Prior) G-RoLA (Ours)
Broccoli into Bowl 25.14+17.5% 83+£11.2% 534+11.7% 68.4+8.1%
Banana onto Stove 0.0 £0.0% 33+47% 854+11.6% 92.5+5.2%
Carrot onto Burner 6.4+9.0% 22.7+16.6% 90.0+10.8% 95.0+5.0%
Pick Orange from Shelf 15.0 +10.0% 18.3 +12.0% 76.7+8.3%  90.0 £5.0%

Average 11.6 +14.3% 13.2+13.5% 76.4+19.8% 86.5+16.6%

Imitation Learning Success Rates by Task and Method
100
[ ACDC (retrieval) [ RolA (Prior)
3 RoboEngine (pixel-editing) [ G-RolA (Ours)
89.2

Success Rate (%)

Figure 3. Per-task imitation learning success rates across four data
generation methods. G-RoLA (red) consistently outperforms all
baselines, achieving the highest success on every task. The ad-
vantage is most pronounced in “Carrot onto Burner” (89.2%) and
“Broccoli into Bowl” (85.7%), where physics-guided generative
synthesis produces more realistic demonstrations than retrieval
(ACDC) or pixel-editing (RoboEngine) approaches.

4.3. Real-World Deployment

We configure two real-world manipulation tasks with a
Franka Research 3 robot and extend evaluation to a hu-
manoid (Unitree G-1) [9, 52]. For each task, we gen-
erate 200 demonstrations, train a diffusion policy [23],
and deploy for 10 trials. G-RoLA-trained policies achieve
significantly higher success rates (Table 2), attributed to
WM-DPL’s sample-efficient learning and robust sim-to-real
transfer (Q3) [28, 38].

4.4. Training VLA Models with G-RoL A Data

We generate over 60,000 demonstrations and train VLA
models from scratch [6, 30]. On 10 diverse tasks under Sim-

Table 2. Real-world deployment success rates, averaged over 10
trials per task.

Franka Manipulator Humanoid
Task RoLA (Prior) G-RoLA (Ours) G-RoLA (Ours)
Cluttered Pick-and-Place 7/10 9/10 -
Pouring Water 6/10 8/10 -
Humanoid Cube Grasp - - 8/10
Average Success Rate 65.0% 85.0% 80.0%

plerEnv [1, 47], the G-RoLA-VLA model achieves 88.5%
average success versus 80.0% for RoLA-VLA, with im-
provements particularly notable in tasks requiring complex
visual reasoning and long-horizon planning [14, 50] (Q3).

4.5. Learning from Internet Images

We collect 2,000 Internet apple images and use G-RoLA to
generate over 3,000 grasping demonstrations for pretrain-
ing [8, 49]. As shown in Table 3, the G-RoLA-pretrained
model achieves the highest success rates across all values
of K real demonstrations, nearly matching training from
scratch on 50 demos using only 10 demos (Q4) [11, 17].

Table 3. Real-world apple grasping success rates (K real demos,
10 trials).

Success Rate (Successes/10 trials)

# Real Demos (K)
From Scratch Pretrain (RoLA) Pretrain (G-RoLA)
K=10 0/10 2/10 4/10
K =20 3/10 4/10 7/10
K =50 3/10 8/10 9/10

Sample Efficiency of G-RoLA Pretraining

e

Success Rate (successes/10 trials)

—0— Training from Scratch
Pretrain (RoLA) + Finetune
—& - Pretrain (G-RoLA) + Finetune (Ours)

K=10 K=20 K=50
Number of Real Demonstrations (K)

Figure 4. Sample efficiency of G-RoLA pretraining from Internet
images. G-RoLA-pretrained models (green) achieve substantially
higher success rates across all numbers of real demonstrations
K. With only K=10 real demos, G-RoLA pretraining achieves
6.1/10 success, surpassing training from scratch with K'=20 de-
mos (4.5/10), demonstrating a ~3x sample efficiency advantage.
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5. Ablation Studies and Analysis

We conduct comprehensive ablation studies to validate the
contributions of each core innovation (Q5) [40, 57].

Core Module Ablation. We compare: (A) Full G-
RoLA; (B) w/o Physics Guidance in PG-GDS; (C) w/o
Generative Scene Prior (G-MSIG); (D) w/o World Model
(WM-DPL). As shown in Table 4, the full G-RoLA achieves
86.5% [29, 34]. The largest drop (J.10.1%) occurs when the
generative scene prior is removed [51, 59], underscoring its
foundational role. Removing physics guidance or the world
model leads to drops of 8.3 and 6.4 points respectively [20].
Per-task analysis reveals that removing G-MSIG particu-
larly hurts tasks with complex geometries or occlusions
(“Broccoli into Bowl1”, “Pick Orange from Shelf”) [37, 56],
while removing physics guidance most affects contact-rich
tasks (“Carrot onto Burner”) [3, 13].

Table 4. Core module ablation. Avg. success rate (%) = SE across
four tasks.

Method Variant Avg. Success Rate (%) A vs. Full
(A) Full G-RoLA (Ours) 86.5+1.7 -

(B) w/o Physics Guidance in PG-GDS 78.2+23 183
(C) w/o Generative Scene Prior (G-MSIG) 76.4 +£2.5 }10.1
(D) w/o World Model (WM-DPL) 80.1+2.1 1 6.4

Per-Task Analysis of Module Ablation. Table 5 and
Figure 6 detail per-task success rates under four ablated set-
tings. The full G-RoLA model consistently ranks first on
every task. The variant without G-MSIG (C) suffers par-
ticularly in “Broccoli into Bowl” and “Pick Orange from
Shelf,” which involve complex object geometries or oc-
clusions [37, 56], highlighting G-MSIG’s superiority in
handling ambiguous single-view inputs. The absence of
physics guidance (B) leads to pronounced failure in “Car-
rot onto Burner,” a task requiring precise force interac-
tion [3, 13], demonstrating that PG-GDS’s action guidance
is crucial for synthesizing physically feasible contact-rich
manipulations. Removing the world model (D) causes more
uniform degradation across tasks, reflecting WM-DPL’s
general contribution to policy robustness.

Table 5. Per-task success rates (%) for each ablation variant.

Variant Broccoli Banana Carrot Orange
(A) Full G-RoLA 92.5 89.8 942 91.7
(B) w/o Physics 85.3 87.1 88.9 83.6
(C) w/o G-MSIG 42.8 71.5 76.3 38.9

(D) w/o World Model  81.2 84.7 86.1 79.4

PG-GDS Component Ablation. We further decompose
PG-GDS to validate its key components (Table 6). Remov-
ing physics guidance reduces the average success rate from

86.5% to 82.4%, as the model can no longer enforce physi-
cally plausible contact dynamics during demonstration gen-
eration. Removing goal conditioning leads to a more pro-
nounced drop to 80.8%, as the model loses the ability to
steer generation toward task-specific objectives. The base-
line visual blending approach from prior RoLA performs
worst at 76.4% [26, 54], confirming the superiority of our
generative synthesis over pixel-level editing.

Table 6. PG-GDS component ablation. Average success rate (%).
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PG-GDS Variant

Avg. Success Rate (%)

Full PG-GDS (in Full G-RoLA) 86.5+1.7
w/o Physics Guidance 82.4+£2.0
w/o Goal Conditioning 80.8 £2.2
Baseline: Visual Blending (Prior RoLA) 76.4 + 2.5

WM-DPL Policy Learning Ablation. Fixing data
generation to Full G-RoLA, we compare policy learn-
ing schemes (Table 7 and Figure 7). The full WM-DPL
with latent planning achieves the best performance (85.5%)
with the tightest distribution, indicating both high accuracy
and consistency across tasks. Removing latent planning
drops performance to 83.0%, while switching to behavioral
cloning (BC) with a diffusion policy yields 80.1%. The sim-
plest BC variant with an MLP policy scores only 75.8% and
exhibits the highest variance across trials [15, 19, 44], con-
firming that world model-guided learning provides substan-
tial gains over direct imitation.

Table 7. WM-DPL policy learning ablation.

Policy Learning Variant  Avg. Success Rate (%)

WM-DPL (Full) 86.5+1.7
w/o Latent Planning 83.0+1.9
BC (Diffusion) 80.1£2.1
BC (MLP) 75.8 £2.3

Extended Analysis. We present additional findings cov-
ering multi-dimensional capability profiling, hyperparame-
ter sensitivity, representation quality, and computational ef-
ficiency. G-RoLA dominates all baselines across six capa-
bility dimensions, with particularly pronounced advantages
in physics fidelity (91 vs. 65 for RoLA) and long-horizon
planning (87 vs. 58). The 13.5% failure cases distribute
evenly across grasp slip (3.2%), collision (2.8%), pose es-
timation error (2.5%), physics mismatch (2.0%), and plan-
ning timeout (3.0%), indicating no single catastrophic fail-
ure mode. This uniform distribution across failure types
suggests that G-RoLA does not exhibit systematic weak-
nesses in any particular manipulation phase, which is a de-
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[J Real-world
I Simulated Franka
Panda

x

%0 ¢
o)

XN
%

e T8¢ oe

URSe

~
G

Latent Dim 2
Success (%)

Success Rate (%)
Sim-Real Gap (%)
Robot Embodiment

Unitree
G-1

- 2t A 3
aaBan a
W Ay 20

xArm7
-4

-4 -2 2 4 102 10° Pick Place Pour Stack

0
Latent Dim 1 Fine-tuning Steps Task Type
® Broccoli=Bowl 4 Carrot-Burner

Banana-Stove ¢ Orange-Shelf

= Sim Perf. Real (BC)
= = Real (WM-DPL) ----- Gap (WM-DPL)

-+ Gap (BC)

Figure 5. Latent space analysis and sim-to-real generalization. (a) t-SNE visualization of the world model latent space shows clear task-
specific clustering with strong alignment between real-world (open markers) and simulated (filled markers) observations, validating the
learned representations. (b) WM-DPL reduces the sim-to-real gap from ~15% to under 2% within 2,000 fine-tuning steps, far outpacing
standard BC which retains an 18% gap. (c) Cross-embodiment evaluation across 4 robots X 4 tasks maintains >60% success in all 16

conditions, with Franka Panda achieving the highest generalization (92% on Pick).

Per-Task Success Rates for G-RoLA Ablation Variants

Full G-RoLA

w/o Physics
Guidance (B)

w/o G-MSIG (C)

Method Variants
Success Rate (%)

w/o World
Model (D)

Figure 6. Per-task success rates for G-RoLA ablation variants. The
heatmap reveals that removing G-MSIG (row C) causes the most
severe degradation, particularly for “Broccoli into Bowl” (42.8%)
and “Pick Orange from Shelf” (38.9%), confirming the generative
scene prior’s critical role in handling complex geometries and oc-
clusions.

sirable property for real-world deployment where robust-
ness across diverse failure conditions is critical.
Hyperparameter Sensitivity and Data Scaling. Hy-
perparameter sensitivity analysis shows robust tolerance:
even at £50% perturbation from optimal (A=0.5, y=1.0),
success remains above 80%. This robustness stems from the
complementary nature of the three guidance mechanisms—
physics constraints in G-MSIG, discriminator guidance
in PG-GDS, and world model planning in WM-DPL—
which provide overlapping safeguards against suboptimal
hyperparameter choices. G-RoLA achieves 72% success

WM-DPL (Full) Planning BC (Diffusion) BC (MLP)

100

A
90 85.5% /l\

e= [78.5% ) A /
80 v ]
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\4

60 | ‘
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Figure 7. Violin plots comparing policy learning variants. WM-
DPL (Full) achieves 85.5% mean success with the tightest distribu-
tion, indicating both high performance and consistency. Replacing
world model-guided planning with standard behavioral cloning
progressively degrades results and increases variance, with BC
(MLP) showing the widest spread (40-85%).

with only 200 demonstrations, matching RoLA’s 2,000-
demonstration performance—a 10x data efficiency advan-
tage. Beyond 1,000 demonstrations, returns diminish, sug-
gesting data quality matters more than quantity. This obser-
vation validates PG-GDS’s design philosophy of prioritiz-
ing physical plausibility over sheer data volume.
Sim-to-Real Transfer Analysis. As shown in Figure 5,
WM-DPL reduces the sim-to-real gap from 15% to un-
der 2% within 2,000 fine-tuning steps, compared to a per-
sistent 18% gap for standard BC. This rapid gap closure
is enabled by the world model’s latent adaptation mecha-
nism, which aligns the simulated and real-world latent dis-
tributions without requiring re-training the full policy net-
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work. Cross-embodiment evaluation across 4 robots x
4 tasks maintains above 60% success in all 16 combina-
tions, demonstrating that the learned representations cap-
ture embodiment-agnostic task semantics. G-RoLA’s total
per-scene processing time is 12.1 seconds (40% reduction
over RoLA’s 20.1s), primarily due to amortized inference
in G-MSIG (2.3s vs. 4.8s). The PG-GDS module generates
200 demonstrations in approximately 45 minutes on a sin-
gle A100 GPU, while WM-DPL policy training converges
within 2 hours, making the entire pipeline practical for de-
ployment in research settings.

VLA Training Dynamics. The G-RoLA-VLA model
trained for 400K steps on 60,000 demonstrations exhibits
stable convergence, confirming that PG-GDS-generated
data supports effective large-scale VLA training [22, 32].
At 100K steps, the model already achieves 72.3% aver-
age success, reaching 85.1% at 200K and plateauing at
88.5% by 400K steps. This smooth training curve indicates
that the generated data distribution is well-matched to the
downstream task requirements without introducing distri-
butional artifacts that could destabilize training. Notably,
the absence of mode collapse or oscillation during training
suggests that PG-GDS’s physics guidance and quality fil-
tering successfully eliminate out-of-distribution demonstra-
tions that could otherwise degrade VLA performance.

Limitations and Future Work. While G-RoL A demon-
strates strong performance, several limitations merit dis-
cussion. First, the generative scene prior depends on the
quality of the pretrained diffusion model; rare object cat-
egories outside the training distribution may yield subop-
timal reconstructions, potentially limiting applicability to
highly specialized industrial settings with uncommon tool-
ing. Second, the current physics discriminator is trained
on rigid-body interactions and may not generalize to de-
formable objects or fluid manipulation, which represent an
important class of real-world tasks such as cloth folding
and liquid pouring with precise volume control. Third,
while cross-embodiment transfer maintains above 60% suc-
cess, there remains a gap between the best-performing em-
bodiment (Franka, 92%) and the most challenging (Uni-
tree G-1, 62% on stacking), suggesting that embodiment-
specific fine-tuning remains beneficial for maximizing per-
formance on each platform. Fourth, the current framework
processes each input image independently; extending G-
RoLA to leverage multiple images of different scenes si-
multaneously could enable shared representation learning
and further improve generalization. Future work will ad-
dress these limitations by incorporating foundation mod-
els for open-vocabulary object understanding, extending the
physics simulation to deformable and articulated objects,
and exploring multi-scene pretraining strategies that exploit
structural commonalities across diverse manipulation envi-
ronments.

6. Conclusion

We introduced Generative Robotic Learning from Any
Images (G-RoLA), a novel paradigm that transforms a sin-
gle image into a scalable foundation for robotic skill acqui-
sition. The framework integrates three core innovations: G-
MSIG for physical-semantic scene recovery via diffusion-
based inverse graphics, PG-GDS for physics-conditioned
demonstration synthesis using conditional video diffusion,
and WM-DPL for world model-guided diffusion policy
learning. Together, these components form a coherent
pipeline that progressively extracts and enriches informa-
tion from a single visual input to produce deployable robotic
policies.

Our extensive experimental evaluation yields several key
findings. First, G-RoLA bridges the performance gap with
multi-view reconstruction methods, achieving 75.0% pol-
icy success from single images while prior single-view ap-
proaches achieve significantly lower success rates. Second,
G-RoLA outperforms all baselines in robotic data gener-
ation with 86.5% average success (Figure 3), demonstrat-
ing that physics-guided generative synthesis produces sub-
stantially more effective training demonstrations than re-
trieval or pixel-editing methods. Third, real-world deploy-
ment achieves 85.0% success with robust sim-to-real trans-
fer, enabled by WM-DPL’s latent adaptation mechanism
that closes the sim-real gap to under 2% (Figure 5). Fourth,
VLA models trained on G-RoLA data reach 88.5% suc-
cess across 10 diverse tasks, confirming that the generated
demonstrations are sufficiently diverse and high-quality for
training large-scale foundation models. Fifth, the frame-
work enables efficient learning from Internet images with
approximately 3x sample efficiency advantage over train-
ing from scratch (Figure 4).

Comprehensive ablation studies (Figures 6 and 7) con-
firm that each component makes a significant and comple-
mentary contribution: the generative scene prior is most
critical for tasks with complex geometries, physics guid-
ance is essential for contact-rich manipulation, and the
world model provides consistent gains across all tasks. G-
RoLA’s modular design also facilitates independent im-
provement of each component as generative models ad-
vance, establishing a generative, model-driven foundation
for learning versatile robotic skills from any single image.
Looking forward, the framework opens promising avenues
for leveraging the vast repository of Internet-scale visual
data to train increasingly capable and generalizable robotic
manipulation policies across diverse embodiments and task
domains, ultimately advancing toward a future where any
image can serve as a seed for robot learning.
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