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Abstract— Imitation learning is a popular paradigm to teach
robots new tasks, but collecting robot demonstrations through
teleoperation or kinesthetic teaching is tedious and time-
consuming. In contrast, directly demonstrating a task using
our human embodiment is much easier and data is available
in abundance, yet transfer to the robot can be non-trivial.
In this work, we propose Real2Gen to train a manipulation
policy from a single human demonstration. Real2Gen extracts
required information from the demonstration and transfers it to
a simulation environment, where a programmable expert agent
can demonstrate the task arbitrarily many times, generating
an unlimited amount of data to train a flow matching policy.
We evaluate Real2Gen on human demonstrations from three
different real-world tasks and compare it to a recent baseline.
Real2Gen shows an average increase in the success rate of
26.6% and better generalization of the trained policy due to the
abundance and diversity of training data. We further deploy
our purely simulation-trained policy zero-shot in the real world.
We make the data, code, and trained models publicly available
at https://real2gen.cs.uni-freiburg.de.

I. INTRODUCTION

In the future, robots should be able to easily acquire new
manipulation skills with minimal to no overhead in teaching
them. To achieve this, imitation learning has crystallized as
one of the primary paradigms for teaching a robot skills [1],
[2]. Classically, imitation learning uses a dataset consisting
of demonstrations of aligned robot observations as well
as actions collected through teleoperation [3] or kinesthetic
teaching [4]. While the user operates the robot, the robot
actively records its observations and actions to form a training
demonstration dataset. We call these types of demonstrations
robot demonstrations. One advantage of robot demonstrations
is the embodiment alignment of the training data with the
robot. In contrast, while collecting the data itself is not
only time-consuming, tele-operating also requires a skilled
operator. Similarly, for kinesthetic teaching, the operator needs
to be physically present in the scene and, for example, can
block cameras.

A recent trend aims to mitigate the tedious collection
process by directly learning from demonstrations of humans
in their own embodiment [5], [6]. We coin these types
of demonstrations as human demonstrations. While human
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Fig. 1: Overview of Real2Gen. Real2Gen takes a single human demonstration
as input and produces simulatable meshes using 3D generative foundational
models, which can be used in a generative simulation setup.

demonstrations compared to robot demonstrations are easy to
collect or are even widely available on the internet [7], they
impose a significant challenge as the embodiment between
human and robot differs. This challenge was tackled by
researchers, for example, through the use of handcrafted
heuristics to match a human hand to the robot gripper [8]–
[10] or by constraining the possible human movements in
a demonstration to the robot’s capabilities [11]. In contrast,
works such as DITTO [12], ORION [13], or OKAMI [14]
propose closing the embodiment gap by finding explicit object
correspondences between the human demonstration and the
robot environment at inference time, allowing for the transfer
of motion in an object-centric manner.

In this work, we aim to combine the best of human and
robot demonstrations and propose a “Reality to Simulation”
(Real2Sim) [15] method called Real2Gen that processes a sin-
gle human demonstration to set up a simulator that automati-
cally allows us to collect robot demonstrations. Thus, we lever-
age the ease of collecting demonstrations using our human
embodiment, but can train a policy directly on data in the robot
embodiment. While previous Real2Sim approaches needed to
scan the environment in an offline step [16]–[18], Real2Gen
uses 3D generative foundational models such as Point-E [19]
or Zero-1-to-3 [20] to directly generate 3D assets of task-
relevant objects given their appearance in the human demon-
stration. We then use a foundational feature matcher [21] to
align the generated 3D assets with the human demonstration,
thereby retrieving realistic scale and canonical orientation.
Similar to other simulation works [22], [23], we first randomly
sample poses of the assets and then use a scripted expert agent
to generate robot demonstrations. Finally, we train a flow
matching policy [24] on the collected robot demonstrations.

We evaluate our policy in a simulation environment
consisting of unseen object instances retrieved from a curated
large-scale 3D object set such as Objaverse [25]. Compared
to the DITTO [12] baseline, we show an average success
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rate improvement of 26.6%. Lastly, we also demonstrate
zero-shot transfer of our purely simulation-trained policy
to a real-world setup, successfully performing the task as
demonstrated by the human. While in this paper we show
the capabilities of Real2Gen in an imitation learning setup,
our approach also transfers without any modifications to a
reinforcement learning setup.

Our main contributions are as follows:
• A framework to processes human demonstrations for

generating robot demonstrations.
• Evaluations of mesh retrieval and generation rates as

well as of scale and pose estimation methods for meshes.
• Successful transfer from reality to generative simulation

to reality from a single human demonstration.
• Publicly available code, trained models, and data at

https://real2gen.cs.uni-freiburg.de.

II. RELATED WORK

This section reviews previous works that use human
demonstrations to learn a robotic manipulation policy as well
as highlights progress in the field of scaling robot learning
data through generative or procedural simulations.

A. Learning from Human Demonstrations

While learning from human demonstrations, rather than
robot demonstrations, a prominent challenge is the gap
between human and robot embodiment. Here, at the core, it is
first necessary to disentangle task-relevant information from
the human embodiment and second, to provide an interface
to that information such that a robot can use it to execute
the task using its robot embodiment. To store and access
this information, a wide range of representations have been
proposed, ranging from concrete object trajectories [12], [13]
to affordance [8], [26] or pixel-level [27], [28], which we
discuss in detail.
Trajectories: An efficient way to represent tasks is
through object-centric trajectories [3], [29]. Works such
as DITTO [12], ORION [13], and OKAMI [14] propose
detecting and tracking objects in human demonstrations
using foundational models. DITTO [12] uses an off-the-
shelf hand-object detector to extract relevant object masks of
the task, followed by tracking correspondences throughout
the scene using, e.g., LoFTR [30]. Using RGB-D images,
the correspondences are lifted to 3D, and relative object
movement is extracted between timesteps. At test-time, the
trajectory is transferred using correspondences and executed
using off-the-shelf grasping and motion planning libraries.
ORION [13] follows a similar approach to extract object
trajectories and for test-time inference, but instead of hand-
object detectors requires a language instruction to extract
relevant objects. Additionally, ORION [13] segments the
task demonstration into key frames. For each key frame,
ORION [13] stores contact information and keypoints in
so-called Open-World Object Graphs. While also leveraging
foundational keypoints through KAT [31], R+X [8] neither
requires a hand-object detector nor language annotations,

but instead relies on multiple demonstrations provided in a
full-length video to identify common task-relevant keypoints.
Affordance: The concept of affordance is a well-studied
topic in robotics [32]. Recently, researchers have begun to
investigate affordance as a common representation between
humans and robots, enabling easy transfer [26], [33]. Different
to trajectories, affordance usually consists of a region and a
simple short-horizon trajectory [34]. Similar to R+X [8], the
affordance-based method RAM [33] retrieves a demonstration
from an unstructured source. Another body of work used
human affordance as a means of pre-training an encoder for
visual policy learning [26], [34], [35].
Pixel-Level: Moving away from structured and semantic
interpretable representations, such as trajectories or affor-
dances, pixel-level motion inference and subsequent transfer
to the robot is another promising avenue. Here, most notably,
Track2Act [28] and Im2Flow2Act [27], follow a similar
paradigm of first pre-training an open-loop 2D point inference
module either on internet data [28] or mixed human and robot
data [27] and second training a complementary closed-loop
robot policy on robot data.

Our method Real2Gen builds upon these advances and
aims to generate diverse training data using extracted object
trajectories and key frames.

B. Learning through Procedural and Generative Simulation

The previously discussed works either require open-loop
motion planning [12], [13] or robot demonstrations to
fine-tune a closed-loop policy [27], [28]. To combine the
advantages of both, the ease and determinism of motion
planning and the robustness of closed-loop policy execu-
tion, automatic robot demonstration generation in real-world
aligned simulations is a promising candidate [18], [22], [23].

The rise of Large Language Models (LLMs) has also
fueled this paradigm as LLMs can be used to, e.g., generate
task-specific scenarios, success criteria, and demonstration
code [23], [36] given a fixed set of curated object CAD
models, such as Google scanned objects [37], to choose
from. As this limits the system in terms of object diversity,
Gen2Sim [38] proposes an automated process that employs
differential rendering to generate 3D assets from any 2D
image of a singulated object. The images can either stem
from the robot’s workspace, the web, or an image generation
model, e.g., Stable Diffusion [39]. To ground the generated
assets with realistic sizes and masses Gen2Sim [38] uses a
Vision Language Model (VLM). Another LLM then generates
meaningful tasks for given scenes as well as rewards to train
a reinforcement learning agent. Given a live observation
GRS [40] uses a VLM to describe and match all objects in
their 3D asset set to the shown scene. Unlike Gen2Sim [38],
the authors assume that the 3D asset set is already provided,
e.g., through Objaverse [25].

RoboGen [41] aims to combine all these previous ap-
proaches by allowing scene generation with either assets
generated from 3D foundational models or from a large
dataset, such as Objaverse [25]. Similarly as Gen2Sim [38]
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Fig. 2: Technical approach of Real2Gen. Real2Gen uses a single human demonstration as input, consisting of a sequence of RGB-D images. We pre-process
(Sec. III-A) these images using DITTO [12] to retrieve a primary and, if applicable, a secondary object mask as well as an object-centric trajectory of the
object. In the second step, asset generation (Sec. III-B), we pass object images to Point-E [19] to generate 3D meshes in a canonical space. We then use
Zero-Shot-Pose (ZSP) [21] to scale and align the meshes to the human demonstration. We then use the generated meshes combined with object-centric
trajectories to set up a simulation (Sec. III-C). Using grasp and motion planning, we use the simulation to generate an expert dataset of policy rollouts. In
the last step, policy learning (Sec. III-D), we use the collected dataset to train a conditional flow matching policy [24].

and GRS [40], RoboGen [41] verifies meshes using a VLM.
Unlike other works, they also tackle long-horizon tasks
by allowing an LLM to decide whether sub-skills should
be learned through reinforcement learning, gradient-based
trajectory optimization, or motion planning. RialTo [17] goes
a slightly different path by not relying on any of these
expert ways but rather uses a trained policy trained on real
robot demonstrations and only saves successful executions to
form a final dataset. RialTo [17] generates their simulation
environment through scanning the real scene and annotating it.

Different from these works, Real2Gen directly uses gener-
ative 3D foundational models to generate 3D CAD models
aligned with the human demonstration, as well as provides
an automatic and robust alignment process of the generated
CAD models to the demonstration. As a result, Real2Gen
needs no additional manual curation of meshes or scenes, nor
does Real2Gen require text-input that describes the task or
iterative code generation of LLMs.

III. TECHNICAL APPROACH

In this section, we detail our Real2Gen approach. We start
by describing the pre-processing procedure in Sec. III-A, how
we generate 3D assets in Sec. III-B and robot training data in
Sec. III-C, and lastly detail our policy learning approach in
Sec. III-D. An overview of Real2Gen approach is presented
in Fig. 2.

A. Pre-Processing Human Demonstrations

The input to Real2Gen is a single human demonstration
consisting of a sequence of T RGB-D images oh. We
pre-process the sequence oh using DITTO [12], an object
trajectory extractor, but other options such as ORION [13]
can also be used. Similarly to these methods, we assume
there is a primary object p moving, either in free-form or
depending on another secondary goal object s. The goal of

the pre-processing step is to extract segmentation masks of
all relevant objects, i.e., mp and ms if applicable, in the
first RGB image I0 as well as the object-centric trajectory
of the primary object Jp consisting of relative poses. By
segmenting the first RGB image I0 using mp and ms masks,
we get unobstructed object-centric RGB reference images Ip
and Is of our primary and secondary objects, respectively,
before the human interacts with them.

B. Asset Generation

Given one of the reference object RGB images If , i.e.,
either Ip or Is if applicable, we use an off-the-shelf 3D
generative foundational model, specifically Point-E [19]
combined with marching cubes, to generate a raw 3D
mesh mc. We decided on this combination because of its ease
of use, but other models such as Zero-1-To-3 [20], Stable-
Dreamfusion [42], or Shape-E [43] can also be used. As
these models return object meshes in a canonical non-metric
frame, they are not directly usable in a robot simulation.
Although VLMs were previously used to verify the mesh and
guess a metric dimension [38], we use our provided human
demonstration and match the generated mesh to it. As our
generated mesh and the object in the human demonstration
share semantic similarities but are not the exact instance,
methods like FoundationPose [44] are not applicable here.
Instead, we propose to use a foundational feature matcher,
Zero-Shot-Pose (ZSP) [21], to first generate correspondences
and then subsequently align the correspondences through a
7-DoF affine transformation with a closed form solution [45].
We detail this approach in the following.

Given a generated mesh mc from our 3D generative
foundational model, we render Nv views V of it using
spherical Fibonacci sampling [46] to sample the polar and
azimuthal angles, similar to what is done by Giammaorino et
al. [47]. The Fibonacci sampling procedure ensures maximum
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diversity in views compared to densely sampling the polar and
azimuthal angles. For each view vr = {Ir, Dr}, we render
an RGB image Ir and a depth image Dr. We collectively
give all views V and the initial reference image If to
ZSP [21]. ZSP [21] then first extracts descriptors for each
view’s RGB image Ir, matches these descriptors to the
reference image If to select the view v̂ with the top-K
similar descriptors. Second, ZSP [21] uses the most similar
descriptors as correspondences and projects them in 3D using
the selected views v̂ depth image D̂, and the reference depth
image Df . Lastly, ZSP [21] solves a closed-form seven degree
of freedoms (7-DoF) least squares problem [45] to estimate
a full affine transformation Tc m to transform the canonical
mesh mc to a metric mesh mm of which the up-orientation
matches the human demonstration. Despite using the top-K
similar descriptors across all views, there might be outliers
present. Thus, the estimate is done multiple times using
RANSAC. This process can be repeated arbitrarily many times
to continuously generate new and unseen meshes usable in
a robotic simulation. In practice, we generate a fixed amount
of Nm meshes M before continuing with our demonstration
generation. We additionally verify all matches before proceed-
ing, which, with improvements in 3D generative foundational
models, will become obsolete. Throughout our experiments,
we sampled Nv = 41 views in the upper hemisphere and
used the top-30 descriptors in ZSP [21].

C. Demonstration Generation

After we generate a set of meshes Mp for the primary
object and if applicable, a set Ms for the secondary object,
we use them in a simulation environment to generate large-
scale robot data. Specifically, we use SAPIEN [48] as our
simulator with a Franka Panda Robot mounted on a table.
To observe the scene, we set up an external RGB-D camera
as well as attach an RGB-D wrist camera to the robot. We
assign a default density of 1000 kgm−3 to generated meshes.

To generate a robot demonstration, we first sample random
meshes, one for the primary object mm

p ∈ Mp and if
needed, one for the secondary object mm

s ∈ Ms. We then
sample random poses, constraining the meshes to be on
the table and randomly rotated around the up-axis. Next,
using our privileged simulation information, we analytically
calculate grasps on the primary object mesh using antipodality
constraints1 and pick a random grasp. At this point, we
explicitly differentiate between tasks only moving the primary
object and tasks with an additional secondary object. For tasks
that only involve a primary object, we apply the extracted
object-centric trajectory Jp to the grasp. For tasks consisting
of an additional secondary object, we constrain the primary
object to be placed in the center of the secondary object
approached through a bottleneck pose above the table. While
directly using the object-centric trajectory is also possible, in
practice though, we observed higher generation failure rates,
prolonging the generation unnecessary. To finally execute the

1In practice, this process was done in a pre-processing step for each mesh
and stored. At demonstration generation time, we only perform collision
checks to filter out grasps.

task, we use a motion planner2. During execution, we record
all observations or and the robots proprioceptive states as
end-effector poses. After the roll-out is completed, using the
proposed pose error metric by GraspNet [49], we compare
the distance between the actual pose of the primary object
and the expected pose to determine whether the roll-out was
a success or failure. Only successful roll-outs d are added to
our demonstration dataset D.

D. Policy Learning

The last component of Real2Gen consists of learning a
manipulation policy given our previously generated demon-
stration dataset D. As our policy model, we chose to use
PointFlowMatch [24], a flow matching-based imitation learn-
ing method. Similar to PointFlowMatch [24], our policy learns
to move a Gaussian distribution to a target distribution being
our ground truth actions where the process is conditioned
on the current robot observations. The robot observations
are the last two point clouds encoded using a PointNet [50]
encoder as well as the last two robot proprioceptive states,
in our case, the end-effector pose in SE(3). Different from
PointFlowMatch, we only use a partial point cloud from the
wrist and an external camera, and do not aggregate point
clouds across multiple cameras observing the scene. Our
inferred actions are future end-effector poses with a fixed
horizon length H . See Sec. B for our hyperparameter setup.

IV. EXPERIMENTAL EVALUATION

In our experiments, we quantitatively evaluate how well
Real2Gen can transfer the human demonstration to a robot
compared to a DITTO [12] baseline. We also investigate the
difference in quality and effort when using a 3D generative
foundational model over a large-scale object dataset, such as
Objaverse [25]. Further, we compare our proposed matching
procedure to a VLM-based approach. Last, we show zero-shot
applicability of Real2Gen on a real-robot system.

A. Quantitative Full Pipeline Evaluation

For our evaluation, we selected three tasks from
DITTO [12], Sponge on Tray, Coke on Tray, and
Paperroll upright (see Sec. A for further details), and,
following DITTO [12], a single human demonstration for each
task. We generate five meshes and 800 demonstrations. We use
a simulator with the same fixed seeds across all evaluations
for a fair and reproducible comparison. We evaluate Real2Gen
against DITTO [12] baselines as well as ablate Real2Gen.
Evaluation Setup: To set up and align our evaluation simulator
with our tasks, we use unseen realistic 3D meshes from
Objaverse [25]. All meshes were manually checked and
scaled to have reasonable geometry and realistic sizes. For the
Sponge on Tray and Can on Tray-task, we select five
sponge, five can, and seven tray meshes. For the Paperroll
upright-task, we select five paperroll meshes. As for
generating robot demonstrations (see Sec. III-B), during each
evaluation episode, we randomly select meshes according to

2https://motion-planning-lib.readthedocs.io/latest/
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Method Sponge
on Tray

Coke on
Tray

Paperroll
upright

Mean
SR (↑)

DITTO [12] 6.3±2.1 26.0±3.6 0.3±0.5 10.9±2.1

DITTO [12] w/ ZSP [21] 4.3±1.2 19.7±3.8 0.7±0.6 8.2±1.8

Real2Gen (ours) 41.3±4.5 46.3±6.4 25.0±1.0 37.5±3.0

TABLE I: Performance comparison of Real2Gen against different baseline
methods. We evaluate all methods on three different tasks and report per-task
success rate as well as overall mean success rate [%] (↑).

Fig. 3: Results of Ablation Study. We show the average success rate [%] (↑)
across all tasks. We either vary the number of demonstrations while using
five meshes or we vary the number of meshes using 800 demonstrations.

the task and spawn them at random poses. To perform the
evaluation, we select three random seeds. For each seed, we
evaluate each method 100 times and record the successes
of the roll-outs. We evaluate the successes as described in
Sec. III-C. As done in [24], [51], we report the mean and
standard deviation across all seeds.
Baseline Comparisons: We compare Real2Gen against two
variants of DITTO [12]. First, the original variant using
LoFTR [30] to match the live observation to the demonstration.
This is an unfair comparison as DITTO [12] was designed to
be faced with the same object instance as in the demonstration.
Thus, we extend DITTO [12] by replacing the LoFTR [30]
matching step with ZSP [21] which should enable DITTO [12]
to work across instances from the same category.

The results of our experiment are reported in Tab. I.
When comparing Real2Gen to DITTO [12] with and without
ZSP [21], we see that the overall performance of Real2Gen
is better. We assume the difference stems from DITTO [12]
having only a single test-time image available, which in-
creases difficulty for matching. To our surprise, the original
DITTO [12] baseline outperforms the variant with ZSP [21].
Additionally, we observe that grasp and motion planning fail
quite often, aligning with the reported results in DITTO [12],
whereas our learned policy produces more robust results.
Ablation Studies: We additionally perform ablation studies
of Real2Gen to study the effect of the number of generated
meshes and demonstrations. Specifically, we change the
number of demonstrations from 800 to 600 and 200, while
still using five meshes, as well as changing the number
of meshes to three and one with 800 demonstrations. We
visualize the results in Fig. 3. As one would expect, the
more meshes and demonstrations, the better. Nonetheless, the
average performance increase diminishes rather soon when
going from 600 to 800 (1.1%) demonstrations and three to

five meshes (5.2%), respectively.

B. Comparison of Mesh Generation

To highlight the effectiveness of our proposed automatic
mesh generation, we compare the human effort needed to
perform manual mesh retrieval from a large database, as
performed, for instance, in Scaling Up And Distill Down [23].
To have representative results, we set the goal to generate 100
object meshes. For Real2Gen, this process is straightforward,
and we run the asset generation a hundred times. For the
object set comparison, we query Objaverse [25] to retrieve
meshes with the tag of either sponge, coke/coca can,
tray, or paperroll. If there are more than a hundred
meshes available, we evaluate using the hundred most viewed
meshes and a hundred random meshes. We additionally report
the total meshes available. We then apply the same matching
procedure as for the generated meshes. Lastly, we manually
go through all of the generated and retrieved object set
meshes and classify whether they are task relevant. For the
retrieved meshes, this is particularly important as they are
not anchored to the human demonstration, e.g., for sponge,
sometimes the cartoon character Sponge Bob is returned.
We report the results in Tab. II. Overall, compared to previous
retrieval-based methods [23], our proposed way to generate
meshes through a generative model results in almost 50%
more available meshes on average, while also being able to
generate an infinite amount.

C. VLMs as Size and Pose Estimators

We further evaluate the quality and robustness of using
a VLM to estimate physical properties as proposed in
Gen2Sim [38], as opposed to using our introduced founda-
tional matching procedure (see Sec. III-B). We can not assume
a known one-dimensional scale or canonical orientation for
the generated meshes from Real2Gen nor for the Objaverse
meshes. Thus, we evaluate inference performance for both
physical properties in this experiment.
Data: We evaluate on a subset of 89 of all resulting
matchable and semantically meaningful meshes from Sec. IV-
B (essentially all last columns for each row in Tab. II)3. Both
our proposed matching and the by Gen2Sim [38] inspired
VLMs receive 10 rendered images as input, sampled from
the full Fibonacci sphere as described in Sec. III-B.
Baselines: We compare our deterministic matching approach
to a VLM baseline, as done in Gen2Sim [38]. For a fair
comparison, we provide the VLM with the same inputs
that the matching uses. For the rendered RGB images, this
process is straightforward. Additionally, we provide the
dimensions of the unscaled mesh when loaded from the
file. To ground the prediction in the human demonstration,
we compare providing the VLM with the full image I0 or
only with a segmented and cropped image of the object If .

3As for some sets the resulting amount of meshes is small, we test on all
available meshes or on a maximum of ten meshes per set to prevent a
strong bias in our results while still having sufficient and diverse meshes
for statistic significance.
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Category Source Available
Meshes 100 Mesh Pre-Selection Matching Successful✝

Matching Successful
and Task Relevant✝

Sponge
Point-E [19] (ours) ∞ Random 99% 61%

Objaverse [25] 351 Most viewed 58% 3%
Random 57% 7%

Tray
Point-E [19] (ours) ∞ Random 35% 18%

Objaverse [25] 278 Most viewed 21% 10%
Random 14% 5%

Coke Can Point-E [19] (ours) ∞ Random 67% 39%
Objaverse [25] 41 All 82% 73%

Paper Roll Point-E [19] (ours) ∞ Random 82% 62%
Objaverse [25] 20 All 45% 35%

All
Point-E [19] (ours) ∞∞∞ Random 71% 45%

Objaverse [25] 690 Most viewed or All 52% 30%
Random or All 50% 28%

TABLE II: Comparison of Mesh Generation. We compare the number of resulting meshes when using our proposed generative way vs. using a large-scale
object dataset. ✝We report the total percentage from the 100 selected meshes, or if fewer than 100 meshes are available from all available ones.

Fig. 4: Precision Curve for Scaling Factor. We plot the percentage of meshes
below the relative size error ranging.

Method Reference Image
Canonicalization

Succesful (↑)
Scaling

mAP (↑)

Real2Gen (ours) Seg. & cropped 71.9% 0.586

VLM (Gen2Sim [38]) Full 21.3$ 0.380
Seg. & cropped 26.9% 0.438

Only Successful Canonicalization

Real2Gen (ours) Seg. & cropped N/A 0.810

VLM (Gen2Sim [38]) Full N/A 0.297
Seg. & cropped N/A 0.401

TABLE III: Comparison of Physical Property Inference. We compare our
proposed matching against a VLM to infer the pose canonicalization success
as well as calculate the mAP for relative errors between 0 and 3.

Lastly, we also provide both VLM variants with the point
cloud dimensions of the segmented object in the reference
depth image Df . Given this information, the VLM has to
infer a scaling factor for the mesh as well as determine the
closest view of the rendered images to the reference image.
As VLMs are non-deterministic, to further test the robustness,
we query both variants three times.

Our matching process requires no modification for this
experiment. If it fails, we will set the scaling result to identity.
Metrics: For size comparison, we measure real-world di-
mensions for each object category (see Fig. 6). Given these
measurements, we optimize for the closest scaling factor δ
of each mesh instance to the real-world reference size. The

optimized scaling factor δ for each mesh serves as our ground
truth value, and we calculate the relative distance (δ̂−δ)/δ to
the inferred scaling factor δ̂. To compare the canonicalization
of the object, we rely on proxies for both methods. For
the matching approach, we directly use the information on
whether the matching procedure succeeded. For the VLMs,
we consider the canonicalization as successful if all three
queries result in the same decision for the closest view.
Results: Overall, we observe that for dimensions estimation
as well as object canonicalization, the matching procedure
outperforms the VLM baseline. For the scaling factor, we plot
the precision curve for relative size error thresholds ranging
from 0 to 3 in Fig. 4. In Tab. III we compare the success
of mesh canonicalization to the reference image as well as
calculate the area under the scale factor precision curve.

D. Real-World Robotic Experiments

We also evaluate the effectiveness of Real2Gen on a real-
world robot system. As done in PointFlowMatch [24], we
apply additional augmentations through transforming the input
point cloud and proprioceptive states as well as the robot
actions using a sampled SE(3) transform. In Sec. IV-C, we
observed that the median error of the matching procedure
scales objects 18% too large. We incorporate this finding
through downscaling all meshes by 0.8 for training data
generation. The remainder of the policy training for our
real-world setup remains unchanged from our simulation
experiments. For inference, we change the flow denoising
steps to 30. As our experimental platform, we use a Franka
Panda robot with 7 degrees of freedom, shown in Fig. 5a. We
attach a close-view Intel Realsense D4054 to the wrist and
use an Intel Realsense D435 as our external camera. We also
align the simulation with our calibrated camera extrinsics.

We evaluate the Sponge on Tray-task on consecutive
roll-outs for both 14 easy and 20 hard layouts. For the
easier layouts, the average success rate achieved is 64% and
30% for the hard layouts. A successful execution is shown

4We apply a manual filtering of the depth image when either close (< 5cm)
or far (> 50cm).
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(a) Real-World Setup. As in simulation, we mount a wrist camera to the robot
and place an external camera overlooking the scene.

(b) Successful Task Execution. (c) Failed Task Executions.

Fig. 5: Real-World Robot Experiment. Failure cases include imperfect
grasping and premature closing off the gripper.

in Fig. 5b. The most common failure case is missing the
sponge by just a few centimeters because the real-world
depth camera becomes inaccurate for close-up manipulation.
We present failures in Fig. 5c. For the Coke on Tray
and Paperroll upright-task we achieve an average
success rate of 21% and 24% respectively across 29 roll-outs
each. See the accompanying video for roll-outs of all tasks.

V. CONCLUSION

In this work, we investigated the use of 3D generative
foundational models to transfer a single human demonstration
to simulation. We showed that with Real2Gen, more robust
policies are learned with an increase in success rate of 26.6%
over baselines. We additionally analyzed the effort needed
to generate task-relevant and usable simulation CAD models.
We also showed the superior performance of our matching
over VLM approaches and zero-shot transfer to a real-robot
system. While we showed the applicability of Real2Gen
to generate expert demonstration data, it can also be used
without any modifications to serve as a reinforcement learning
environment.

In the future, we see potential to extend Real2Gen to
enable more tasks with constrained movements like interacting
with articulated objects, e.g., sampled from an object prior
like in CARTO [52]. Another promising extensions could
combine Real2Gen with the capabilities of VLMs as described
in Gen2Sim [38] to setup tasks different from the human
demonstration but using the same generated object meshes.

APPENDIX

A. Task Overview

Sponge
on Tray

Coke on
Tray

Paperroll
upright

pos rot pos rot pos rot

Generation 15cm No 15cm No 5cm 10deg
Evaluation 15cm No 15cm No No 10deg

TABLE IV: Overview of the Used Success Criteria.

We evaluate Real2Gen on three different tasks, Sponge
on Tray, Coke on Tray and Paperroll upright.
Depending on the task we adapt the final success criterion
in our demonstration generation and evaluation. Sponge
on Tray and Coke on Tray both consist of grasping an
object and placing it on a tray. For both tasks the poses of the
objects are randomized and it is only important that the object
is placed on the tray, thus we do not consider orientation.
Paperroll upright differs as the task does not depend
on a secondary object, but rather the paper roll has to be
placed upright as the name suggests. Thus, during test time
we only consider the orientation of the object but not the
position. We given an overview of the criteria in Tab. IV.

B. Policy Hyper Parameters Setup

We adopt the training settings and hyperparameters from
PointFlowMatch [24]. We randomly downsample the input
point cloud to a size of 4096 points. The policy is trained
using AdamW optimizer with a learning rate of 3e−5 and
weight decay of 1e−6. We schedule the learning rate with
cosine annealing and linear warmup of 5000 steps. The batch
size is 128, and we apply EMA on the weights of the model.
Throughout our experiments, we use 20 denoising steps for
flow matching and predict actions with a horizon of H = 32.

C. Real Objects Overview

For evaluating the dimensions in Sec. IV-C and our real
world robotic experiments in Sec. IV-D, we use the objects
displayed in Fig. 6.

Fig. 6: Real-World Reference Objects for Size Estimation.
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[46] Á. González, “Measurement of areas on a sphere using fibonacci
and latitude–longitude lattices,” Mathematical geosciences, vol. 42,
pp. 49–64, 2010.

[47] L. Di Giammarino, B. Sun, G. Grisetti, M. Pollefeys, H. Blum, and
D. Barath, “Learning where to look: Self-supervised viewpoint selection
for active localization using geometrical information,” in Proc. Springer
Eur. Conf. Comput. Vis., pp. 188–205, 2024.

[48] F. Xiang, Y. Qin, K. Mo, Y. Xia, H. Zhu, F. Liu, M. Liu, H. Jiang,
Y. Yuan, H. Wang, L. Yi, A. X. Chang, L. J. Guibas, and H. Su,
“SAPIEN: A simulated part-based interactive environment,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recog., 2020.

[49] H.-S. Fang, C. Wang, M. Gou, and C. Lu, “Graspnet-1billion: A large-
scale benchmark for general object grasping,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recog., pp. 11444–11453, 2020.

[50] C. R. Qi, H. Su, K. Mo, and L. J. Guibas, “Pointnet: Deep learning
on point sets for 3d classification and segmentation,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recog., pp. 652–660, 2017.

[51] N. Funk, J. Urain, J. Carvalho, V. Prasad, G. Chalvatzaki, and J. Peters,
“Actionflow: Equivariant, accurate, and efficient policies with spatially
symmetric flow matching,” arXiv preprint arXiv:2409.04576, 2024.

[52] N. Heppert, M. Z. Irshad, S. Zakharov, K. Liu, R. A. Ambrus,
J. Bohg, A. Valada, and T. Kollar, “Carto: Category and joint agnostic
reconstruction of articulated objects,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recog., pp. 21201–21210, 2023.

841


