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Fig. 1: Overview. SIMFOUNDRY generates an unlimited number of fully-interactive, sim-ready scenes from a single input
video. These scenes can be applied to both evaluate real-world trained policies, as well as train simulation policies that

transfer zero-shot to the real world.

Abstract— Training and evaluating robot policies in the real
world can be costly and difficult to scale. Simulation offers
a sandbox for efficient policy evaluation and generation of
policy training samples, but traditionally requires substantial
engineering effort to construct simulated environments that
align with reality. While this burden has been alleviated
by prior work proposing end-to-end methods for generating
pre-processed and annotated ‘‘sim-ready” scenes useful for
downstream robotics tasks, these approaches often cannot be
further tuned or controlled by the human operator, limiting
the applicability of the generated data to the target tasks.
To mitigate these challenges, we introduce a novel modular
and automated system named SIMFOUNDRY, enabling zero-
shot real-to-sim scene construction from a single image or
video. Our system supports automated object, scene, and task
editing, enabling the generation of infinite variations of the
real-world scene for training more generalizable policies. We
leverage our system in both training (real-to-sim-to-real) and
evaluation (real-to-sim) settings and show that our system can
generate useful training data, as well as sim-ready scenes that
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produce correlative signals to real-robot evaluations of trained
policies, resulting in more robust co-trained policies across a
broad range of robot manipulation tasks, including multiple
tasks that surpass the complexity of those shown by prior
work and require multiple steps, articulated interaction, and
bimanual coordination.

I. INTRODUCTION

Robotic foundation models [1], [2] trained on large-scale
robot manipulation datasets have enabled robots to perform
a wide range of manipulation tasks autonomously. How-
ever, sourcing high-quality robot manipulation data in large
volumes is costly, and often involves robot teleoperation
carried out by large teams of human operators over many
months or years [1], [3]-[5]. Moreover, evaluating trained
foundation models in a systematic and scientific manner
on real-world manipulation problems of interest can require
inordinate amounts of human time and effort, often requiring
thousands of trials across different tasks to make rigorous
comparisons [6].



In response to these critical bottlenecks, recent works
have explored simulation as a potential viable alternative
to training and evaluating robot manipulation models at
scale. Automated data generation tools have demonstrated
the possibility of synthesizing large volumes of diverse and
high-quality robot manipulation demonstrations in simulation
with minimal human effort [7]-[11], and have been used to
train and improve real-world manipulation agents [12]-[15].
Furthermore, recent work [16], [17] has shown that model
evaluations conducted in simulation can strongly correlate
with real-world evaluation results, offering a time- and cost-
efficient alternative to benchmarking policies requiring mini-
mal human effort. However, constructing simulation environ-
ments manually can be challenging and tedious, especially
when they must be carefully aligned with real-world scenes
and tasks in terms of visuals, geometry, and dynamics.

To address the limitations of traditional simulation design,
real-to-sim scene construction [18], [19] has emerged as a
viable paradigm for generating synthetic scenes grounded
in the real world. By leveraging 3D reconstruction and
generative models to process real-world visual data, re-
searchers can create environments with minimal manaul
effort that are “sim-ready” — digitized scenes that support
physically grounded robotic interaction. While this approach
greatly reduces the overhead of environment authoring and
enables both sim-to-real transfer [18]—[23] as well as more
predictive real-world benchmarking [24]-[26], few works
have showcased unified methods that both automate the
scene reconstruction process and train compelling policies
that transfer across domains. Recent works highlighting
real-to-sim reconstruction capabilities [27]-[29] often show
limited sim-to-real experiments, whereas works emphasizing
sim-and-real benchmarking often focus on shorter-horizon,
atomic type tasks and rely upon manually-tuned simulation
scenes [22]-[24], [30], [31].

To this end, we introduce SIMFOUNDRY, a unified ap-
proach enabling fully automated zero-shot real-to-sim scene
construction from a single image. SIMFOUNDRY supports
automated object, scene, and task editing, enabling the
generation of infinite variations of the real-world scene for
generating large-scale, diverse synthetic data. SIMFOUNDRY
environments can also be used to benchmark policies trained
in the real world, and show salient correlation between
our real-world and simulation evaluation results. Finally,
policies can be trained with trajectory data from simulated
SIMFOUNDRY environments and deployed successfully in
their real-world counterparts. Unlike prior methods [18],
[21]-[23], SIMFOUNDRY further enhances the generalization
capabilities of these policies by training them on diverse data
from generated environment variations, enabling deployment
in scenes different from those in real-world video (e.g.,
changing objects), and we showcase SIMFOUNDRY’s real-
to-sim and sim-to-real applicability over a diverse set of ma-
nipulation tasks whose complexity surpasses those proposed
by previous efforts, including tasks requiring multiple steps,
articulated interaction, and bimanual coordination.

Summary of Contributions:

e We introduce SIMFOUNDRY, a novel simulation environ-
ment generation system that is fully automated and mod-
ular and supports both rigid-body and articulated object
generation. SIMFOUNDRY exhibits strong zero-shot 3D-
reconstruction fidelity that can be further tuned quickly by a
human operator, and supports automated object, scene, and
task variations once the initial scene is reconstructed.

e We apply SIMFOUNDRY to a broad set of manipulation
tasks and showcase how SIMFOUNDRY can produce environ-
ments that provide correlative signals for real-world policies
evaluated in sim.

e We provide a set of benchmark tasks highlighting greater
complexity compared to prior works, spanning multiple types
of multi-step manipulation, including bimanual coordination
and articulated object interaction, across multiple robot em-
bodiments, and showcase how SIMFOUNDRY can generate
diverse synthetic data samples for training robust sim policies
that can transfer to the real-world.

e We provide both qualitative and quantitative analysis of
SIMFOUNDRY and show how its 3D reconstruction fidelity
is competitive with other state-of-the-art 3D reconstruction
methods and can be quickly tuned to refine the scene output.

II. RELATED WORK

3D Asset Generation and Alignment. 3D asset re-
construction and generation have evolved from retrieval-
based alignments to sophisticated generative and articulated
modeling. Traditional retrieval methods [34]-[37] focus on
aligning CAD models from databases to single-view im-
ages, a concept recently extended by zero-shot approaches
like ACDC [20] and DiffCAD [38]. In parallel, generative
frameworks have advanced static object creation. Recent
high-fidelity object-centric reconstruction models [39]-[45]
push the boundaries of asset quality. To achieve precise pose
alignment in multi-object layouts, recent vision foundation
models offer robust priors that enhance spatial realism,
including depth cues [46]-[48], segmentation [49], [50],
object pose and scale estimation [51]-[53]. Addressing the
need for functional digital twins, research has significantly
expanded from rigid into articulated objects. Building on
earlier works like Shape2Motion [54] and RPM-Net [55],
state-of-the-art methods [56]—[63] automate the generation of
diverse, movable assets for unseen articulated objects. Our
SIMFOUNDRY is inherently modular, leveraging a suite of
primitive 3D asset generation and composition techniques for
real2sim scene creation that ensures long-term adaptability.
This architecture allows for the seamless integration of state-
of-the-art tools as they emerge, while providing a mechanism
to augment or refine outputs through user interventions.

Real-to-Sim for Simulation Environment Creation and
Applications. The advent of high—quality 3D reconstruc-
tion methods and generative models for 3D synthesis has
recently enabled several systems that seek to partially or
completely automate simulation environment creation by
capturing real-world scenes [18]-[20], [22]-[29], [31], [57],
[64]-[68]. Some prior work [18], [20], [21], [32], [69], [70]



TABLE I: (System Comparison table): SIMFOUNDRY provides a unified and modular pipeline for real-to-sim scene generation

that is more feature complete than other pre-existing works.

ACDC RialTo DRAWER RoLA R2R2R SIMPLER Polaris RobotArena- R2S-Soft Re®Sim GSWorld SAGE MolmoSpaces GenieSim SIMFOUNDRY

[20]  [18] [32] 217 [33] [16] [24] oo [26] [25] [22] [23] [27] [31] [30] (Ours)
Sim-to-Real V. v VR x X X x v v x v v v
raming
Real-to-Sim x X x X x v v v v v v X v X ,
Policy Eval
Automatic Scene
Construction 4 X 4 v X X X v/ v v/ v 7 X v v
An}culaled v v Y X / , X X X X X , , , ,
Objects
Multi-
Embodiment X X X v X v X v X X v X v X v
Asset
Generation X 4 4 v v X v v v 4 v v/ X / v
Background
Reconstruction 4 4 4 v/ X v v v v v v X X X v
8‘”_&? ‘ v x x x x X x x X x x v v v v
ariations
Scene
Variations X X 4 X X 0 S X X X X v v 7 v/
Task
Variations X X X X X X X X X X X X X v v

constructs real-to—sim—to—real pipelines, digitizing physical
scenes into simulation to train agents for real-world de-
ployment. However, these systems are typically restricted to
simple pick-and-place tasks; in contrast, SIMFOUNDRY sup-
ports a broader range of manipulation, including bimanual
setups, interactions with articulated objects, and multi—step
manipulation. Furthermore, while existing pipelines often
focus on static digital twins—Ilimiting environmental diver-
sity and hindering generalization—SIMFOUNDRY generates
multiple types of environment variations, including object,
scene, and task variations. This increased diversity enables
SIMFOUNDRY to facilitate more robust generalization across
varied real-world conditions. Similar real-to—sim—to-real ap-
proaches have also been developed and deployed for robot
navigation [71] and locomotion [72]. Some works circum-
vent the need for simulation [33] by using the reconstructed
scenes purely for rendering, but this makes it difficult to
apply to higher-precision tasks requiring accurate modeling
of physics.

Another body of work focuses on using reconstructed sim-
ulation environments as a way to reliably evaluate manipula-
tion policies [16], [17], [22]-[26], [30], such that the results
strongly correlate with corresponding real-world evaluations.
However, unlike SIMFOUNDRY, several such systems do not
show that data from their simulation environments can be
used to train real-world agents [16], [17], [24]-[26], and to
our knowledge, no systems support tasks involving general
articulated objects. SIMFOUNDRY belongs to a select group
of real-to—sim systems [22], [23], [30] that demonstrate both
successful sim-to-real agent transfer and strong correlation
between simulated and physical policy evaluations. However,
SIMFOUNDRY goes beyond these systems, in its ability to
handle more diverse task characteristics (including bimanual,
articulation, and multi—step manipulation) and its support
for developing multiple types of variations of a digitized
real-world scene to scale up the diversity of reconstructed
environments (see Table I for a summary).

Imitation Learning from Human Demonstrations and

Synthetic Data Generation. Robot teleoperation [73], [74]
is a common approach for collect demonstrations to train
robots to perform manipulation tasks autonomously — here,
a human uses a teleoperation device (such as a smartphone
or a VR controller) to guide a robot through different tasks,
and the resultant robot sensor streams and actions are logged
to a dataset. Robot manipulation policies are often trained
on such datasets with Behavioral Cloning (BC) [75]-[79].
In recent years, this approach has been scaled up to collect
months of data using large teams of human operators [3]—
[5], [80], and has proved to be very effective for robot
manipulation [1], [5], [81], [82]. However, data collection
is a bottleneck, since it is time—consuming and expensive. A
recent line of work leverages synthetic data generation (SDG)
in simulation [7]-[10], [83] as a compelling alternative to
address the need for large-scale datasets. Recent evidence
has shown that these synthetic datasets can supplement or
even replace real-world datasets to reduce the burden of real-
world data collection [2], [12]-[15], [30], [84]. We use such
tools to highlight an important application of our system
— real-to—sim-to-real policy learning. Here, we reconstruct
a simulation environment (along with controlled variations)
from a real-world environment, generate synthetic data in
simulation, and train manipulation agents that transfer to the
real-world, all with minimal human effort.

III. PRELIMINARIES

Overview. In this work, we seek to apply SIMFOUNDRY
to first reconstruct real world scenes S,., in simulation
Ssim by converting an input image I, into a set of object
meshes M;, scales s;, and poses p;, where i € {1,..., N},
leveraging multiple foundation models V, to achieve this.
We then apply SIMFOUNDRY to downstream robotics appli-
cations, including real-to-sim evaluation and real-to-sim-to-
real training of robot policies. We broadly define a policy my
mapping observations at the current timestep o; to action
chunk over time horizon H a!™, 7y : O — A, and
implemented as a neural network parameterized by 6. In
practice, O may contain multiple modalities of observations,



including language conditioning 0jqng, images 0;m,gy, and
proprioception 0proprio-

Real and Simulation Policy Correlation. We measure
real and sim policy correlation using the Pearson Corre-
lation Coefficient () and Mean Maximum Rank Violation
(MMRYV), both of which have been proposed by prior
works [16], [24]. Ideal correlation has r — 1, which
measures linear correlation between real and simulation task
results, and MMRV — 0, which measures the average worst
rank-violation of policies as evaluated in simulation versus
their actual ranks as evaluated in the real world. When
measuring task success, we measure both end-to-end task
success (a discrete 0 or 1) as well as normalized task reward
(continuous value between O and 1) as quantitative metrics.

Sim-to-Real Training. We define sim-to-real transfer as
deploying a policy trained exclusively in simulation zero-shot
in the real world. Successful transfer is indicated by non-zero
real-world success and minimal degradation from simulation
performance. Task success is measured by normalized reward
in [0, 1], where 1 denotes full task completion.

Data Augmentation. We define digital twins as being
strict replicas of the geometry and object layouts of a real-
world scene. In contrast, digital cousins [20] are virtual
scenes that maintain the semantic and geometric affordances
of a real-world scene without explicitly modeling it, and
serve as a form of object instance randomization. Mimic-
Gen [9] is a recent method proposed for quickly generating
large amounts of synthetic data by splicing together various
subtask trajectories sampled from a set of source demon-
strations, and utilizes rejection sampling to only preserve
the successful demonstrations. Co-training [12] is a method
proposing augmenting training data to include both sim and
real data, in order to induce more robustness in both domains.
For real-to-sim evaluation, this ideally improves correlation,
while for sim-to-real training, this tends to improve domain
transfer robustness.

IV. SIMFOUNDRY: A MODULAR, AUTOMATED
REAL-TO-SIM GENERATION PIPELINE

SIMFOUNDRY is a modular, end-to-end system for gener-
ating diverse fully interactive simulated scenes. Our pipeline
is composed of a sequence of three steps: (1) an Extraction
process that infers per-object relevant information from a raw
input video or image, (2) a Generation process that creates
annotated sim-ready object meshes aligned to the original
scene, and (3) a Variation process that augments the initial
simulated scene and enables diverse scene configurations.
Below, we briefly describe each component of our system.
For additional details, including specific off-the-shelf foun-
dation models (denoted as V,) supported by our pipeline,
please see Appendix F.

Extraction. We first extract raw vision modalities nec-
essary for generating and aligning individual objects to the
original scene. We assume the input is either a raw video
of the scene, a single RGB image, or a paired RGB stereo
image. We first convert any of these inputs into a single
representative RGB frame I for the scene and extract its

corresponding synthetic depth map Dgusing off-the-shelf
depth estimation models V;;,24epen. Then, using the camera
intrinsics K, a point cloud P of the scene is generated.
Next, we query ngzage [41] to detect and extract a
ground plane that will be used to align the scene with
the simulator world frame. Then, we iteratively query a
scene understanding vision-language-model (VLM) Vicene
to decompose the scene by detecting foreground object
categories {01, 09,...,0,} and adding point prompts to
each detected object. For each iteration ¢ € {1,2,...,n},
V;i;;age outputs the detected object category’s corresponding

segmentation mask m;, which is used to extract the rgb p;” b

K3
and depth pfep th pixels for that object. The segmentation
mask is passed to an image inpainting model Vj;,q4e tO
remove the object from the scene image. The depth pixels
for that object are set to zero, D; = D;_1 ® (1 —m;), where
D,_; is the depth map before o; is removed, and then the
missing values filled in by a depth inpainting model Vi‘féﬁfglt,

D; = Vderth (D;). This cycle is repeated until Vieepne N0

inpaint
longer detlécts any foreground objects.

Generation. Given the per-object rgb pixels p/%°, we
first pad these pixels to a default size, then use Vignage
to upsample this padded image. We pass the upsampled
image to a 2D-to-3D mesh model V.5, to generate the
object’s visual mesh M;. We then align this mesh to the
original scene by first coarsely estimating its s; and pose
p, using coherent point drift [85] applied to the point cloud
representation of the mesh, and then further refine the pose
p, using I, Dy, m; and M; with FoundationPose [51].
Objects that are detected by Vs.ene as being articulated (such
as cabinets, drawers) are passed through a separate module
which builds upon prior methods [63], [86] to generate joint
parameters in a fully automated way: first querying a VLM
Varticulation to detect parts of the object that are articulated
such as doors and knobs, then segmenting M; using a
mesh segmentation model VJZ;Sh . The joint parameters
linking these segmented parts are generated via Vi, ¢icuiation
(further details in Appendix G). For each generated object,
we then generate collision representations of the object using
CoACD [87] and physics annotations (mass, friction) by
querying Vieene . Once all objects are generated, aligned,
and annotated, we compose and spawn the final scene in
PyBullet [88] and allow any overlapping objects to slowly
depenetrate, guaranteeing a physically stable scene. Our final
composed scene can then be exported to a purpose-built
robotics simulator such as IsaacSim and immediately used
out-of-the-box.

Variation. Once the initial generated scene is constructed,
we provide 3 types of variations that can be applied in
an automated way to diversify the initial outputs, described
briefly below.

Object variations: Given a single input object, we em-
ploy a three-stage pipeline to generate multiple plausible
variations of the same object, conditioned on its affordance.
First, given the original object image, we prompt Vi,,qge
to decompose the object into parts based on action af-



Fig. 2: Method Overview. SIMFOUNDRY first extracts per-object relevant information (segmentation masks, depth, etc.),
generates 3D visual meshes via 2D-to-3D generation models, and compiles the final output scene by annotating relevant
physical parameters and sanity checking the overall scene configuration in a physics simulator. Finally, additional scene
variations can be produced by modifying the scene geometry in 2D space, which is then propagated to novel 3D generated

shapes that populate the new scenes.

fordance. This is motivated by prior work on affordance-
based decomposition [89], [90] and morphological analysis
[91], which demonstrate that objects can be decomposed
into functional components and systematically varied along
independent dimensions. For each decomposed part, we
then prompt Vj;qge to propose reasonable variations along
multiple axes as a line of text prompt, including the part’s
geometry (e.g., aspect ratios, curvature profiles), topology
(e.g., handle configurations, structural connectivity), and
visuals (e.g., surface texture, material properties). These axes
allow us to vary the object while maintaining the object
category’s recognizability and functionality. Finally, we feed
each proposed variation text prompt and the target object
image into Vj,q4e to generate a modified version of the
object image, which is then processed by Vs, to generate
a new 3D object mesh.

Scene variations: Starting from the canonical spatial ar-
rangement of objects in the generated scene, we apply
randomization to vary their relative placements. For instance,
if the reconstructed scene has a spoon placed to the right
of a plate, we vary the spoon’s placement to have to be
placed on top of, or to the left of the plate. These variations
are specified using spatial predicates such as OnTop or
RightOf . Additionally, we select N distractor objects from
a dataset of sim-ready assets to add into our scenes. The
types and physical properties of the distractor objects can be
controlled to ensure they conform to the scene. These scene-
level variations help to train more robust policies by injecting
meaningful and controlled geometric domain randomization.

Task variations: Given the sim-ready reconstructed scene,
we query Vicene to propose feasible manipulation tasks
grounded in the environment. The VLM acts as an automated
task generator by outputting configuration files that encapsu-
late precise goal conditions and success criteria using pred-
icate language and can be directly deployed in simulation.
With this pipeline, we can then procedurally collect expert
demonstrations for the proposed tasks to train a multi-task
policy. This coupling of automated task generation and sim-
ulation eliminates the need for manual scene configuration,
offering a method to scale up multi-task manipulation data.

N Wall Clock Time per
Objects Time (s) Object (s)

Original Reconstructed Cousins

Image Twin Image

10 256595 256.595
10 3083.37  308.337
10 3825.44  382.544
9 2615.11  290.570
9 2481.70  275.740
10 2941.21 294.121

TABLE II: Real-to-sim reconstruction results. We show
real-world scene input images, alongside SIMFOUNDRY’s
generated output and a sampled object variation instance
as well as corresponding wall-clock time measurements for
running our pipeline.

V. EXPERIMENTS

Sec. V-A describes our experiment setup. We highlight two
key applications of SIMFOUNDRY - training robot manipula-
tion agents from generated SIMFOUNDRY environments that
transfer zero-shot to the real-world (Sec. V-B), and using
SIMFOUNDRY environments as a way to benchmark real-
world manipulation policies (Sec. V-C). Sec. V-D contains
additional experiments that analyze SIMFOUNDRY perfor-
mance.

A. Experimental Setup

Robot Embodiments. We focus on two robot embodi-
ments — the DROID [5] platform, and a YAM workcell [92].
The DROID platform consists of a single Franka Panda robot
arm, left and right external ZED-2 cameras, and a wrist-
mounted ZED-Mini camera, with the robot and external



Fig. 3: Tasks. Our in-the-wild tasks in real deployed on two
embodiments, a DROID setup using a single Franka arm
(top), and a bimanual setup with two YAM arms (bottom).
Our tasks span multiple types of manipulation, including
multi-step, articulated object interaction, and bimanual co-
ordination. For additional details, please see Appendix D.

cameras mounted to a portable standing desk. The YAM
workcell consists of a bimanual manipulator, a cage, a wrist-
mounted RGB camera per arm, and a top-down view camera.

Tasks. Our tasks span pick-and-place and articulated
object interaction, and includes both single and multi-step
manipulation (Fig 3). Our task suite (and corresponding
success) on DROID is:

o Cup in Bowl : A paper cup and a large bowl are placed
on the table. The cup must be picked up and placed in
the bowl. This is our easiest task and serves to validate
that easily solved tasks are similarly easy in our sim.

« Marker in Cup : A marker and a cup are placed on
the table. The marker must be picked up and placed in
the cup. This task tests action precision and the fidelity
of object sizes and shapes.

« Serve Fruits : Two plates, one orange and one green are
placed on the table, along with a variety of fruits. The
banana and the apple must be placed on the green plate.
This task tests language following and manipulation in
clutter.

« Store Marker : A small cabinet and marker are placed
on the table. After opening the drawer, the marker must
be placed into the drawer, after which the drawer must
finally be closed again. This task showcases our ability
to recreate scenes with articulated objects, and evaluate
policies on them.

The following tasks are tested on both YAM and DROID:

o Stack Dishware : A bowl, plate, and mug are placed
on the table. The bowl must be placed on top of the
plate and the mug placed on top of the bowl without
tipping. This task combines long-horizon behavior with
precision and language following.

o Put Away Trash : A trashcan and cup are placed on
the table. After opening the lid, the cup must be placed
into the bin, after which the lid must be closed again.

Finally, on YAM, we evaluate another task involving
bimanual coordination:

« Pot on Stove : A two-handled pot and stove are placed
on the table. The pot must be lifted by both arms
and placed stably on the stovetop. This challenging
task requires both bimanual coordination and precise
grasping.

Real-to-Sim-to-Real Policy Training. We aim to show
that manipulation policies trained with data from SIM-
FOUNDRY environments can transfer to the real-world, with
high-performance, and further, that the agents can generalize
to unseen real-world conditions. To this end, we first recon-
struct real-world scenes with SIMFOUNDRY, and then apply
our different types of variations to further augment the set
of generated scene instances.

We then collect 4 to 15 human demonstrations for each
reconstructed scene instance, and then generate 100 to 1000
synthetic demonstrations with MimicGen [8] and DexMim-
icGen [9], with additional visual domain randomization
applied. Using this data, we then train multiple types of
RGB-based policies, including flow-matching policies [93]
trained from scratch and VLA models [1], [2] finetuned from
pretrained checkpoints.

Simulation-based Policy Evaluation Setup. We aim to
show that real-world policy evaluation rankings in SIM-
FOUNDRY can correlate well with real-world evaluations.
To this end, we first reconstruct real-world scenes with
SIMFOUNDRY and then evaluate policy models in both
the original real-world scene and the reconstructed scenes.
Concretely, we test the following pretrained VLA models:

e To.5: the publicly released version of 7y 5 [94] fine-
tuned on the DROID dataset.

e 7p: the my model fine-tuned on the DROID dataset.

o N1.6: the publicly released DROID-specific version of
the GrOOt series of models [2].

We evaluate all models on the DROID setup across the
DROID-compatible tasks mentioned in Fig 3. The first three
tasks [Cup in Bowl , Marker in Cup , Serve Fruits | are
evaluated zero-shot whereas for the rest [Stack Dishware ,
Store Marker , Put Away Trash ], we collect 50 finetuning
demos per task in the real world, since these cannot be solved
easily by the base VLAs.

Evaluation Process. On both YAM and DROID, each
task is divided into subtasks and evaluated for 25 rollouts
per policy both in sim and the real world, with aligned
scene initializations. The object poses for each of the 25
rollouts are kept consistent across policies. Each rollout is
scored from O to 1.0 based on the proportion of subtasks
completed, with each subtask weighted equally. The subtasks
are scored independently and do not necessarily have to be
completed in sequence. For example, for the Stack Dishware
task, the policy can get the reward for placing the cup
on the bowl, even if the bowl is not placed on the plate.
Equivalent scoring is applied and automated in simulation.
Further details, including the scoring criteria for each task,
are listed in Appendix A. For the real-to-sim evaluation of the
fine-tuned tasks, we also conduct a subtask-based evaluation
in simulation. We do so by initializing each episode from an



TABLE III: Real-to-sim evaluation results — full success
rates on DROID. Success rates are reported as percentages
for real-world evaluations (R) and reconstructed-scene simu-
lations (S) across six tasks. For each task, Pearson correlation
r (1) and MMRV ({) are computed across models.

Task w0 To.5 N1.6 Metrics
R S R S R S r71 MMRV]

Cup in Bowl 88 56 100 92 68 40 0.94 0.00
Marker in Cup 40 40 92 88 28 28 1.00 0.00
Serve Fruits 0 4 72 80 4 20 0.99 0.00
Stack Dishware 100 34 100 64 40 O 0.88 0.00
Store Marker 48 4 60 20 32 0 0091 0.00
Put Away Trash 20 0 48 4 0 O 0091 0.07

TABLE IV: Real-to-sim evaluation results - subtask suc-
cess rates (DROID). Evaluations on subtasks in sim can
improve correlation for long-horizon tasks finetuned on a
single scene.

Task ™o 0.5 N1.6 Maetrics
R S R S R S r1 MMRV]
Stack Dishware 100 64 100 80 40 24 0.96 0.00

Store Marker 48 52 60 76 32 36 098
Put Away Trash 20 0 48 8 0 0 091

0.00
0.06

intermediate state in which the initial portion of the task has
already been completed. Concretely, for Stack Dishware we
start from states where subtasks 1 and 2 are complete, while
for Store Marker and Put Away Trash we start from states
where subtask 1 is complete.

TABLE V: Sim-to-real policy training results (YAM)

. +
Twin 9 Cousins

Sim Twin 83 92

. Sim Cousins 43 66

Stack Dishware Real Twin 39 43
Real Cousins 21 42

Sim Twin 85 100

Sim Cousins 17 93

Pot On Stove Real Twin 71 72
Real Cousins - -

Sim Twin 97 97

Sim Cousins 97 94

Throw Away Trash Real Twin 0 8
Real Cousins 2 8

B. Real-to-Sim-to-Real Policy Training

Policies trained with synthetic data from reconstructed
SIMFOUNDRY environments can transfer zero-shot to
their real-world counterparts. All the policies evaled on the
YAM setup are able to perform the tasks on the real world
objects we reconstruct in sim, with success rates reaching as
high as 100% for the Pot On Stove task. Additionally, we
see increasing performance, especially on unseen objects,
when policies are trained with simulated cousins. Thus,

SIMFOUNDRY supports a real-to-sim-to-real policy learning
workflow, where a real world scene can be reconstructed,
policies can be trained in simulation, and then deployed zero-
shot in the original real world scene.

Policies trained with synthetic data from diverse SIM-
FOUNDRY environments generalize to novel real-world
conditions, including previously unseen rigid and artic-
ulated objects. As shown in Table V, policies trained with
digital cousins tend to be much more robust when deployed
in the real world, both on the original target object(s) as well
as held-out, unseen real-world objects. Notably, these objects
were never explicitly modeled or reconstructed as simulation
assets. Instead, SIMFOUNDRY generates a suite of digital
cousins via natural language, providing the environmental
diversity required for real-world generalization. By training
on this diverse distribution of synthesized assets, agents
develop the robustness necessary to handle novel objects.

C. Simulation-based Policy Evaluation

Policy rankings correlate well between SIMFOUNDRY
environments and the real-world across tasks with dif-
ferent characteristics, including articulated object ma-
nipulation. As shown in Table III, we find that task success
rates show close correlation between sim and real, especially
in tasks without finetuning. This highlights SIMFOUNDRY’s
potential to generate salient virtual environments that can be
immediately used to evaluate real-world policies in a zero-
shot manner. We find that our findings hold even for difficult
tasks with articulated objects (Table IV), which have not been
covered by prior work. Relative rankings between policies
are maintained between sim and real, which is demonstrated
by our low MMRV scores.

Policy evaluation correlations degrade on longer-
horizon tasks finetuned in a single scene, but subtask-
based evaluation can still provide actionable insights.
For longer-horizon finetuned tasks, absolute success rates
may correlate poorly with real-world performance due to
compounding distribution shift. To our knowledge, this is
the first work to characterize the degradation of standard
correlation metrics on longer-horizon tasks. We attribute
this to small scene-alignment errors, which are especially
consequential for finetuned models; even lighting or camera-
pose changes in the same real-world scene can affect policy
performance [95]. Subtask-based simulation evaluation mit-
igates this issue by decomposing harder tasks into shorter
segments, yielding non-zero success rates and more infor-
mative diagnostics of policy quality and failure modes.

D. System Analysis

In this section, we analyze several characteristics of
SIMFOUNDRY in greater detail, including the fidelity of
automatically reconstructed environments, the amount of
human effort needed to improve their fidelity further, and the
scalability of the environment generation pipeline. We first
measure the efficiency and qualitative outputs of our system
by recording multiple in-the-wild scenes and reconstructing
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Fig. 4: Reconstructed Scenes. Reconstructed scenes catego-
rized by Easy (No Occlusion), Mid (Slight Occlusion), and
Hard (Strong Occlusion).

them using our automated pipeline. The resulting wall-clock
time and corresponding outputs can be seen in Table VII.

We then assess the quantitative reconstruction capabilities
of our system by reconstructing 12 physically staged real-
world environments with varying degrees of clutter and
occlusion, as shown in 4, and evaluate our method against
SAM3D [96], a state-of-the-art method for end-to-end 3D
scene reconstruction from a single image. Concretely, we
stage scenes of increasing difficulty (clutter / occlusion)
using objects from the YCB dataset [97], and measure
reconstruction fidelity via 3D geometric metrics: Chamfer
Distance, F1-Score and Object Bounding Box Position Er-
ror. We additionally measure the reconstruction fidelity by
allowing an operator to briefly tune each outputted object’s
scale and pose using one of our interactive scripts (see
Appendix E). Additional details can be found in Appendix C.
Our results are shown in Table VL.

SIMFOUNDRY environment reconstruction fidelity out-
performs other state-of-the-art methods. As shown
in Table VI, we find that our system under zero-shot
(fully automated output) conditions generally outperforms
SAM3D across all metrics over all scenes, showcasing SIM-
FOUNDRY’s ability to reconstruct scenes with high geometric
fidelity in a fully automated manner.

TABLE VI: Quantitative Reconstruction Results (Average +
Standard Deviation)

Difficulty  Metric SAM3D Zero Shot  CDC Zero Shot CDC Tuned (3min/Obj)
Chamfer Dist (m) | 0.0081 £ 0.0024 0.0042 £ 0.0013 0.0026 + 0.00026
Easy F1 Score 1 0.71+0.15 0.92 £+ 0.071 0.99 + 0.0069
Pos Error (m) | 0.016 £ 0.0058 0.0060 =+ 0.0019 0.0041 + 0.00037
Chamfer Dist (m) | 0.0087 £ 0.0028 0.0047 £ 0.0012 0.0033 + 0.00068
Mid F1 Score 1 0.66 +0.18 0.87 £+ 0.089 0.97 £ 0.026
Pos Error (m) | 0.018 £ 0.0067 0.0076 £ 0.0038 0.0057 £+ 0.0030
Chamfer Dist (m) | 0.0088 £ 0.0022 0.0091 4 0.0076 0.0039 £+ 0.0013
Hard F1 Score 1 0.68 £0.14 0.81 +0.071 0.93 +0.049
Pos Error (m) | 0.022 + 0.010 0.018 +0.018 0.0073 + 0.0022

SIMFOUNDRY environment generation scales well with
compute and human time. As shown in Table VII, we find
that our system can reconstruct a broad set of objects and
scenes, and can run at an average rate of 5 minutes per object,
highlighting SIMFOUNDRY’s ability to generalize to many
real-world scenes with tractible compute time. Moreover,
as seen in Table VI, we find that with only 3 additional
minutes of tuning per object, the 3D reconstruction metrics

reliably improve even further over SIMFOUNDRY’s already
performant output, highlighting our system’s modular ability
to quickly and iteratively tune the reconstructed scene based
on a user’s fidelity requirements.

VI. LIMITATIONS

Our system relies heavily upon off-the-shelf foundation
models. While this enables broad modularity and the ability
to swap models on the fly, it does naturally incur the
limitations of the utilized foundation models, including all
of its quirks and failure modes. All of the VLMs used in this
paper are queried remotely via a 3rd party provider, which
can cause indeterminism across identical runs. For example,
we find that the inpainting of Gemini image models to
be occasionally inconsistent, leading to degenerate extracted
objects. Moreover, 3D reconstruction fidelity is also heavily
reliant upon the underlying inferred point cloud fidelity. For
monocular image inputs, this can reduce the accuracy of the
outputted scene, where the scale and shape of the synthetic
point cloud may not completely match the corresponding
real-world scene. Our articulation results depend on accurate
3D segmentation of the object mesh, which can be difficult
for meshes generated by image-to-mesh models or those with
internal structures. Physics stability also implicitly assumes
that objects rest upon a flat surface, which generally restricts
our pipeline to table-top setups.

When reconstructing scenes for policy evaluation and
training in simulation, we also need to manually scan the
background and align the resulting background mesh to the
foreground scene and robot, as well as manually tune each
reconstructed object’s scale further so that they match their
real-world corresponding objects’ dimensions. This stems,
in part, from the underutilization of information from the
input video scene, and future iterations of our pipeline would
ideally infer both the background and the metric object scale
more precisely by leveraging this information.

VII. CONCLUSION

SIMFOUNDRY is a fully automated pipeline that natively
reconstructs interactive sim-ready scenes from a single image
input, handles articulated object generation and scenes with
clutter and occlusion, and generates object, scene, and task
variations. We find that SIMFOUNDRY can measure task
success in simulation that correlates to real-world policy
performance, and can also be used to generate large amounts
of synthetic data that can be used to train robot manipulation
policies that transfer zero-shot to the real world.
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APPENDIX

A. Task Rubric

In this section, we provide the scoring rubric for each task,
along with the language instruction provided to the VLAs.
Each subtask is weighted equally and for each rollout, the
number of completed subtasks is divided by the number of
subtasks to give a normalized score between 0 and 1.

Task: Cup in Bowl

Instruction: Pick up the
cup, and put the cup inside
the bowl.

Rubric: 1. Touch cup 2.
Pick cup 3. Place in bowl

Task: Marker in Cup

Instruction: Pick up the |
marker, and put the marker |
in the cup. :
Rubric: 1. Touch marker |
2. Pick up marker 3. Place
marker in cup |

|

|

Task: Serve Fruits

Instruction: Put both the |
banana and the apple on the |
green plate. !
Rubric: 1. Pick up banana |
2. Pick up apple 3. Place ba-
nana on green plate 4. Place |
apple on green plate !

Task: Stack Dishware

Instruction: Put the bowl |
on the plate, then put the |
cup in the bowl. :
Rubric: 1. Pick up bowl 2. !
|
|
|
|

Place bowl on plate 3. Pick
up cup 4. Place cup in bowl

Task: Put Away Marker

Instruction: Open drawer,

pick up marker, place
marker in drawer, then
close drawer.

Rubric: 1. Open cabinet

drawer 2. Pick up marker
3. Place marker in drawer
4. Close drawer

Task: Throw Away Trash

Instruction: Open the trash
can, pick up the cup, put the
cup into the trash can, and
then close the trash can.
Rubric: 1. Open trash can
2. Pick up cup 3. Place cup
inside trash can 4. Close
trash can

Task: Pot On Stove

Instruction: Put the pot on
the stove

Rubric: 1. Left arm grasps
pot handle 2. Right arm
grasps pot handle 3. Pot is
lifted 4. Pot is placed on
Stove

B. Policy Training Details

When reconstructing our scenes in simulation, we utilize
SIMFOUNDRY to reconstruct the foreground (task relevant)
objects, and separate methods for reconstructing the back-
ground. For the DROID setup, we utilize Scaniverse to
generate a textured 3D visual mesh, and for the YAM
setup, we directly model the the workcell geometry as a
composition of textured 3D CAD files received from the
supplier of our real YAM robots. In both cases, we manually
align the background with the foreground objects. When
running MimicGen on our source demos to synthetically
generate demos, we apply additional forms of domain ran-
domization across all generated demos, including material
randomization, camera pose randomization, and (specifically
in the DROID setup) table height randomization.

C. 3D Reconstruction Evaluation Details

When reconstructing our real world scenes in simulation
using SIMFOUNDRY, we need to measure ground truth poses
in order to evaluate our 3D reconstruction metrics. We
achieve this by measuring quasi-ground truth object poses
using FoundationPose. Because each scene has occlusion,
we sequentially stage each benchmark scene by placing
the object furthest in the background, recording its (fully
unoccluded) inferred quasi-ground truth pose from Foun-
dationPose, and repeating the process for each subsequent
object until all objects are placed in the staged scene. When
running our evaluations, only the final staged (occluded)
scene image is used as input for all methods.

D. More Real2Sim Reconstruction Results

We showcase additional scene reconstruction results in Ta-
ble VII. These additional scenes showcase SIMFOUNDRY’s
applicability across a broad range of realistic everyday scenes
and objects.

E. Human Intervention Details

In addition to being fully automated, we provide a uni-
fied GUI providing readily accessible touchpoints with our



N Wall Clock Time per
Objects Time (s) Object (s)

Original Reconstructed Cousins

Image Twin Image

11 4027.96  366.18
10 3060.61  306.061
10 352271 352.271

TABLE VII: Additional real-to-sim reconstruction results.
We show additional real-world scene input images, along-
side SIMFOUNDRY’s generated output and a sampled
object variation instance as well as corresponding wall-
clock time measurements for running our pipeline.

system to allow for human operators to easy tune our
pipeline’s intermediate outputs. For example, during the
scene decomposition process, a human operator can intervene
and enforce specific constraints on individual objects being
extracted, and can quickly tweak the generated pose and
scale of meshes generated during the generation process.
Likewise, during the scene variation process, the user can
override and directly specify their own desired modifications
to be made to specific objects, and directly iterate based on
the resulting altered object image and mesh. By constructing
our pipeline in a modular way, we both benefit from further
model improvements released in the community and enable
end-users to adjust final scene outputs according to their
preferences.

e Show clear flow graph / pictures of I/O during the
extraction process, especially step 5 decompose scene
(e.g.: show all our intermediate outputs and how they
are sequentially created)

« Qualitative examples of original object + image, modi-
fied cousin object meshes + images

F. VLM Details

SIMFOUNDRY is intended to be modular, and supports
multiple VLMs that can be changed during execution. Below,
we show the models our pipeline currently supports for each
type of foundation model V:

e Vimadeptn: If the input is a single image or video, we
utilize DepthAnything3 [48]; if the input is a stereo
image pair, we utilize FoundationStereo [46].

. wggage : We utilize SAM3 [41].

o Vicene : We utilize Gemini-Pro-3, though any Gemini or
other general purpose VLM can be used by our pipeline.

e Vimage We utilize Gemini-Pro-3-Image-Preview,
though any Gemini or other general purpose image-
editin% VLM can be used by our pipeline.

. Vi';l;ffim: We utilize PriorDepthAnything [98].

o Vinesn: We utilize either Hunyuan2.1 [99] or TREL-
LIS.2 [40].

o Varticulation : We utilize Gemini-Pro-3, though any

Gemini or other general purpose VLM can be used by
our pipeline.
o Viiesh : We utilize mainly P3-SAM [100], although our

pipeline also supports Segment Any Mesh [101] and
Partfield [102].

G. Articulated Object Generation

In this section we detail our articulated object generation
pipeline, which extends prior methods such as Articulate
Anymesh [86] and Articulate Anything [63].

a) Segmentation: We first render views of the object
from multiple angles, pass these into a VLM Vi,ticuiation
, and prompt Vi, iicuiation 10 list the different parts of the
object that can be articulated and the types of joints. For
example, this would be drawers (prismatic) for a cabinet or
door (revolute) for a microwave. We then segment the mesh
of the object with a mesh segmentation model V;Q;Sh , such
as P3-SAM [100] or Segment Any Mesh [101] which assigns
a label to every face in the model. Most existing methods
only assign labels to external surfaces, but since meshes
generated by TRELLIS.2 [40] can have internal structures,
we propagate these labels to unlabeled mesh faces using a
graph label propagation algorithm. This usually results in an
over-segmented model, so we once again render the object
with the different segments labeled, and prompt V,.ticulation
to assign each segment to the parts from the previous step.
This segmentation and assignment can be refined by the user
via a GUI The relevant segments for each part are then
merged into separate meshes.

b) Joint Generation: We adapt the actor-critic algo-
rithm and API from Articulate Anything [63] to generate the
joint parameters. We prompt Vg, ticuiation t0 predict the joint
axes and placements of each part, by providing a python API
which can generate URDFs. The API allows Vi ticutation tO
place joints relative to parts (for example, a revolute joint can
be placed along the left edge of a door), which helps ground
Varticulation and simplify its task. Vi, ticuiation generates
code which calls this API, and the result is compiled into
a URDF. We then move the joints of the object according
to this URDF in a simulator, and render a video of this
movement. The video is judged by another VLM, which is
asked to rate the accuracy and realism of the movement, and
provide feedback for improvement if necessary. Vi, ticulation
is prompted to improve its prediction, by incorporating this
feedback, and this process continues until the critic gives a
score above a threshold.

c) Physical  Parameters:  Finally, we  prompt
Varticulation t0 generate the physical parameters such
as link mass, joint friction, and damping. We provide
Virticulation With the calculated volume of each part and
the entire object to aid in this.
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