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Abstract—Bimanual robot learning from demonstrations is
fundamentally limited by the cost and narrow visual diversity
of real-world data, which constrains policy robustness across
viewpoints, object configurations, and embodiments. We present
Canny-guided Robot Data Generation using Video Diffusion
Transformers (CRAFT), a video diffusion-based framework for
scalable bimanual demonstration generation that synthesizes
temporally coherent manipulation videos while producing action
labels. By conditioning video diffusion on edge-based structural
cues extracted from simulator-generated trajectories, CRAFT
produces physically plausible trajectory variations and supports
a unified augmentation pipeline spanning object pose changes,
camera viewpoints, lighting and background variations, cross-
embodiment transfer, and multi-view synthesis. We leverage a
pre-trained video diffusion model to convert simulated videos,
along with action labels from the simulation trajectories, into
action-consistent demonstrations. Starting from only a few real-
world demonstrations, CRAFT generates a large, visually diverse
set of photorealistic training data, bypassing the need to replay
demonstrations on the real robot (Sim2Real). Across simulated
and real-world bimanual tasks, CRAFT improves success rates
over existing augmentation strategies and straightforward data
scaling, demonstrating that diffusion-based video generation
can substantially expand demonstration diversity and improve
generalization for dual-arm manipulation tasks. Our project
website is available at: https://craftaug.github.io/.

I. INTRODUCTION

Imitation learning with teleoperated datasets has enabled
capable bimanual manipulation [1]–[3], but scaling to diverse
embodiments, viewpoints, and task variations remains data-
intensive. While data augmentation is a promising strategy [4]–
[6], existing works address only subsets of augmentations, e.g.,
single camera views [4, 7] or cross-embodiment transfer [8, 9]
without a unified pipeline.

We present CRAFT, a unified data augmentation framework
that constructs a digital twin to generate simulation trajec-
tories, extracts Canny-edge control videos, and conditions
a video diffusion model [10] on these edges with a real-
world reference image and language instruction. Canny-edge
conditioning preserves structural contours while abstracting
simulation details, enabling augmentations spanning object
pose, color, background, lighting, camera viewpoints, multi-
view generation, and cross-embodiment transfer in a single
pipeline. We demonstrate that policies trained on CRAFT-
generated data significantly outperform baselines across sim-
ulation and real-world experiments.

II. RELATED WORK

A. Video Generation For Robotics

Recent diffusion-based video generative models produce
high-fidelity frames from conditioning inputs such as text or
images [11]–[13]. We use Wan 2.1 [10], though any model
supporting Canny-edge conditioning [14] is applicable. Prior

works use video diffusion for trajectory prediction [15, 16]
or world model learning [17]; we instead synthesize action-
labeled demonstrations for imitation learning directly. Most
related, AnchorDream [18] conditions on rendered robot mo-
tion traces without a simulator, limiting augmentation di-
versity. CRAFT leverages a simulator and digital twin to
produce physically plausible trajectories across diverse scene
configurations, yielding higher-fidelity demonstrations across
bimanual and multi-view settings, at the cost of requiring
simulator and object access.

B. Data Augmentation for Imitation Learning

Data augmentation has emerged as a practical tool for scal-
ing imitation learning without additional demonstrations. Prior
work uses generative models to alter visual context such as
backgrounds or objects while keeping actions fixed [5, 6, 19],
unlike state-based approaches [20, 21]. CRAFT similarly
adjusts visual context but additionally expands the action
distribution without requiring high-fidelity scene reconstruc-
tion [22]. Viewpoint augmentation has been studied for third-
person [4, 23] and wrist-camera [7, 24] settings separately;
CRAFT unifies both. Finally, Real2Sim2Real methods [25, 26]
augment both state and action data via simulation rollouts, but
require a final Sim2Real step. CRAFT instead uses a video
diffusion model to synthesize photorealistic images directly
from simulator trajectories, preserving coordination constraints
and contact dynamics without real-world rollout collection.

III. PROBLEM STATEMENT

Our focus is on scalable data generation for vision-based
imitation learning in bimanual manipulation, where a policy πθ

with parameters θ is trained from expert demonstrations using
third-person RGB, wrist-camera, or combined RGB image
observations. We denote a camera image at time t as It ,
simulation-generated images as Is

t , video-diffusion-synthesized
images as Id

t , and ground truth deployment images as Ig
t .

At deployment, the policy receives Ig
t and produces actions

at = πθ (I
g
t ), where at = (al

t ,a
r
t) specifies target joint positions

and gripper actuation for the left and right arms, respectively.
We assume access to a small set of M real-world teleopera-

tion demonstrations D real = {τ real
1 , . . . ,τ real

M } and a simulation
environment generating source videos Vs via a digital twin
pipeline. Each demonstration is a sequence of ground truth
image observations and corresponding actions:
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for a demonstration of T timesteps. Our goal is to synthesize
a large, visually diverse set of generated demonstrations Dgen,
with |Dgen| ≫ |D real|, where each synthesized demonstration
contains diffusion-synthesized observations Id

t resembling real-
world images, to train a policy on D real ∪Dgen.

https://craftaug.github.io/
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Fig. 1: Method Overview. (1) Trajectory Expansion: Real-world teleoperation data is first collected, and a digital twin pipeline transfers the objects and
robot into simulation (Real2Sim). This simulation environment is then used for large-scale data generation. (2) Video Generation: The simulation trajectories
are rendered into source videos and passed through a Canny-Edge Converter to extract structural edge representations, which are then combined with a real-
world reference image and language instructions to condition a video diffusion model that synthesizes photorealistic video outputs. (3) Augmented Dataset
Construction: The resulting generated videos support a wide range of visual variations, including object pose, lighting conditions, object color, background,
cross-embodiment transfer, camera viewpoint, and combined wrist and third-person camera perspectives. (4) Generated Dataset: The synthesized videos are
paired with action labels from the simulation trajectories, producing action-consistent demonstrations Dgen for downstream policy training.

IV. METHOD: CRAFT

CRAFT leverages a video diffusion model to synthesize
photorealistic and visually diverse training videos for bi-
manual manipulation. Given a simulation-generated source
video Vs produced from a digital twin pipeline, a real-
world reference image If, and a language instruction ℓ, the
model outputs a photorealistic target video Vd = {Id

1 , . . . , I
d
T}

that preserves robot motion structure while matching diverse
real-world visual appearance. This is achieved through three
stages: trajectory expansion (Section IV-A), video generation
(Section IV-B), and augmented dataset construction for policy
training (Section IV-C). CRAFT repeatedly applies this pro-
cedure to obtain Dgen. Figure 1 provides an overview.

A. Trajectory Expansion

We construct a simulation counterpart D sim from D real using
a digital twin pipeline, leveraging AprilTags [27] for object
localization and known object meshes from RoboTwin [28],
though any pipeline reconstructing object meshes and robot
models in simulation is applicable [29]. Each real trajectory
τ real

i is replayed in simulation to generate a source video Vs

and corresponding simulation trajectory τsim
i , resulting in a

new simulation data of equal size as the original: |D sim| =
|D real|.

To scale up data collection, we expand D sim inspired
by DexMimicGen [26]: each trajectory τ real

i is decomposed
into object-centric subtasks by annotating per-arm timestep
boundaries, and a transformation operator T is applied to
produce a new candidate trajectory T (τ real

i ) consistent with
a novel sampled scene configuration. Each candidate is exe-
cuted in simulation and validated for task success, retaining
only successful trajectories to expand D sim. The validated
trajectories are rendered into source videos Vs, from which

Canny-edge control videos Vc are extracted by filtering for
salient structural edges, and fed into the video generation stage
(Section IV-B) to synthesize Dgen.

B. Video Generation

We model the conditional distribution:

pφ (Vd | Iref,Vc, ℓ), (2)

where Vc is the Canny-edge control video, Iref is a real-world
reference image, ℓ is the language instruction, and φ denotes
model parameters. We use Wan2.1-Fun-Control [10], which
supports Canny-edge, depth, and skeleton pose conditioning.
We choose Canny edges as they balance structural preservation
of robot arms and objects while discarding fine-grained details,
skeleton pose ignores object information entirely, while depth
retains too much scene detail. By varying Iref, ℓ, or both while
keeping Vc fixed, the model synthesizes diverse videos without
altering robot motion structure, with an LLM generating
semantic variants of ℓ (Section IV-C).

C. Augmented Dataset Construction

We leverage Canny edges to guide demonstration augmen-
tation across seven dimensions: object pose, lighting, object
color, background, cross-embodiment, camera viewpoint, and
wrist with third-person view generation. CRAFT is flexible and
modular where users can apply any subset of augmentation
techniques and control the number of generated demonstra-
tions. Several augmentation techniques leverage LLMs to
automatically generate diverse prompts and complete prompt
lists are provided in the supplementary material.

1) Object Pose: To augment object poses, we introduce
variations during trajectory expansion (Section IV-A). For each
source trajectory τ real

i , the simulator applies random transla-
tions and rotations to the target object’s pose, sampled from



a uniform distribution with ranges set based on the physically
feasible workspace. We also find that using a reference image
capturing gripper-object contact yields higher fidelity contact
synthesis in generated videos.

2) Lighting: To generate diverse lighting conditions, we
augment the reference image If by prompting an image
generation model, Veo3 [30], to synthesize variants under
different ambient illumination, such as blue or green lighting.
Unlike simple color jitter or RGB channel manipulation,
this approach preserves scene properties such as shadows
and surface reflections. The augmented reference images are
then used to condition the video diffusion model, producing
target videos Vd with photorealistic lighting variations while
preserving the underlying robot motion structure.

3) Object Color: To generate diverse object colors, we use
a reference image If of the empty table scene without any ob-
jects. Conditioning on a reference image that contains objects
would anchor the generated scene to the object color present
in the reference, limiting color diversity. Since the reference
image contains no objects, the Canny-edge control video Vc

provides the object contours to inform the diffusion model
of their location, while the language instruction ℓ specifies
the desired color to guide the appearance of the synthesized
objects. By modifying the language instruction to specify the
desired object color, the video diffusion model synthesizes
target videos Vd with the specified object appearance while
preserving the scene layout and robot motion structure. To
avoid manual prompt editing, we prompt an LLM to generate
a list of object colors, from which we sample randomly during
dataset construction.

4) Background: To generate diverse backgrounds, we omit
the reference image If from the video diffusion model, as
conditioning on it anchors the generated scene to the original
environment. Instead, we modify the instruction ℓ to describe
the desired background. To scale background diversity without
manual prompting, we leverage an LLM to automatically
generate a large set of varied background descriptions, which
are then used to condition the video diffusion model to produce
target videos Vd with diverse scene appearances.

5) Cross-Embodiment: To enable cross-embodiment trans-
fer, we map demonstrations from a source robot to a target
robot using forward and inverse kinematics, and replace im-
ages of the source robot with photorealistic images of the
target robot. This allows us to directly use the transferred
demonstrations as training data for the target robot, without
requiring any additional real-world data collection.

6) Camera Viewpoint: To generate diverse camera view-
points, we place additional cameras inside the simulator and
tile up to four simultaneous views into a single image.
Formally, given 1 ≤ N ≤ 4 camera views {Is,1

t , . . . , Is,N
t }, we

construct a tiled source image Is,tile
t = {Is,1

t , . . . , Is,N
t } from

which the Canny-edge control video Vc is extracted. The
reference image If is similarly tiled to match, and both are fed
into the video diffusion model to synthesize target videos Vd

across multiple camera perspectives simultaneously. The video
diffusion model automatically preserves the tiled structure in

the generated output and each viewpoint remains spatially
contained within its corresponding tile without going into
adjacent tiles.

7) Wrist and Third-Person View: Here, we follow the same
tiling approach as camera viewpoint generation. Instead of
tiling multiple third-person views, we tile the left wrist camera
Is,l
t , right wrist camera Is,r

t , and a third-person (external) camera
Is,ext
t into a single image Is,tile

t = {Is,l
t , Is,r

t , Is,ext
t , /0}, leaving the

fourth tile empty, from which the Canny-edge control video
Vc is extracted. Tiling ensures spatial consistency across all
viewpoints, and the reference image If is tiled accordingly
before being fed into the video diffusion model to synthesize
target videos Vd.

V. REAL-WORLD EXPERIMENTS

A. Real-World Experiment Setup

We use a bimanual Franka Research 3 with GELLO [32],
one or three Intel RealSense D435i cameras depending on
whether wrist-camera observations are needed, an NVIDIA
RTX 5090 for ACT training and inference, and zero-shot
video generation via Wan2.1-Fun-Control 1.3B.

We evaluate each policy’s success rate over 20 trials per task
across three tasks spanning a range of bimanual coordination
strategies.

• Lift Roller (LR): A coordinated task where both
arms simultaneously grasp and lift a dough roller.

• Place Cans in Plasticbox (PC): A parallel
task where both arms independently pick up cans and
place them into a container.

• Stack Bowls (SB): A sequential task where two
bowls must be stacked on top of each other in order.

B. Real-World Results

We evaluate CRAFT across seven augmentation techniques
(see Section IV-C): object pose, lighting, object color, back-
ground, cross-embodiment, camera viewpoint, and wrist with
third-person view generation.

For each augmentation type, we compare the same baselines
and evaluate under test conditions that vary only along that
specific dimension. For example, unseen lighting conditions
for lighting and unseen backgrounds for background, while all
other visual factors remain fixed. Due to task simplicity, Lift
Roller uses fewer demonstrations than Place Cans in
Plasticbox and Stack Bowls across all methods:

• ACT w/o Aug: 50 (LR) / 100 (PC, SB) real-world demon-
strations collected under standard conditions trained on
ACT [33].

• CRAFT Pose-Only: 100 (LR) / 200 (PC, SB) demon-
strations with object pose augmentation only. Inspired by
RoboSplat [22], we include this baseline to assess the
standalone impact of varying object poses.

• ACT with Baseline Aug (augmentation-specific):
50 (LR) / 100 (PC, SB) demonstrations with an
augmentation-specific method. The specific baseline used
for each augmentation type is noted in the corresponding
subsection.



Lighting Background Camera View Object Color Wrist + 3rd Person Cross-Embodiment

Method LR PC SB LR PC SB LR PC SB LR PC SB LR PC SB LR PC SB

ACT w/o Aug 3 / 20 1 / 20 0 / 20 4 / 20 0 / 20 0 / 20 6 / 20 3 / 20 2 / 20 2 / 20 0 / 20 1 / 20 15 / 20 11 / 20 13 / 20 5 / 20 2 / 20 3 / 20
CRAFT Pose-Only 5 / 20 3 / 20 2 / 20 7 / 20 2 / 20 3 / 20 13 / 20 5 / 20 7 / 20 5 / 20 2 / 20 3 / 20 13 / 20 8 / 20 10 / 20 4 / 20 1 / 20 2 / 20
ACT w/ Baseline Aug 13 / 20 9 / 20 8 / 20 4 / 20 5 / 20 6 / 20 14 / 20 8 / 20 6 / 20 15 / 20 9 / 20 11 / 20 N/A† N/A† N/A† 2 / 20 1 / 20 1 / 20
CRAFT (Ours) 17 / 20 14 / 20 12 / 20 18 / 20 15 / 20 10 / 20 19 / 20 18 / 20 18 / 20 18 / 20 18 / 20 17 / 20 20 / 20 19 / 20 20 / 20 17 / 20 15 / 20 16 / 20
† No suitable baseline augmentation method exists for this augmentation type.

TABLE I: Real-World Results. Success rates out of 20 for LR, PC, and SB across five augmentation techniques and cross-embodiment transfer. For
augmentation techniques, all methods are evaluated under test conditions that vary only along that specific dimension, while all other visual factors remain
fixed. Cross-Embodiment evaluates transfer from a bimanual xArm7 to a bimanual Franka Panda on LR, PC, and SB (see Section V-B), where CRAFT (Ours)
uses 1000 generated demos without collecting any target robot demos, in contrast to Collected Target (ACT w/o Aug) which requires 100 demos on the target
robot. All CRAFT (Ours) augmentation columns use 1000 generated demonstrations combined with the real-world collected demonstrations (100 for LR, 200
for PC, and 150 for SB). The “ACT w/ Baseline Aug” row refers to a different baseline for each augmentation type: Lighting (Color Jitter), Background
(RoboEngine [6]), Camera View (VISTA [4]), Object Color (SAM3 [31]), and Cross-Embodiment (Shadow [8]). All methods are trained and evaluated using
an ACT policy on the bimanual Franka.

• CRAFT (Ours): 1000 (LR, PC, SB) generated demon-
strations and the original real-world demonstrations using
our full augmentation pipeline.

VI. CONCLUSION

We present CRAFT, a scalable data generation pipeline
for bimanual imitation learning that synthesizes photorealis-
tic demonstrations across seven augmentation techniques via
video diffusion conditioned on Canny-edge control videos, ref-
erence images, and language instructions. CRAFT consistently
outperforms augmentation-specific baselines in the real world,
demonstrating that scalable data generation can substitute for
costly real-world data collection. We hope CRAFT inspires
further work in video generation for robot learning.
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