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Figure 1. RoboPearls, an editable video simulation framework for robotic manipulation. RoboPearls reconstructs photo-realistic
scenes with semantic features from demonstration videos. Then, with various simulation operators, RoboPearls leverages multiple LLM
agents to process user commands into specific editing functions. Furthermore, RoboPearls utilizes a VLM to analyze learning issues and
generate corresponding simulation demands to enhance robotic performance.

Abstract

The development of generalist robot manipulation poli-
cies has seen significant progress, driven by large-scale
demonstration data across diverse environments. How-
ever, the high cost and inefficiency of collecting real-world
demonstrations hinder the scalability of data acquisition.
While existing simulation platforms enable controlled en-
vironments for robotic learning, the challenge of bridg-
ing the sim-to-real gap remains. To address these chal-
lenges, we propose RoboPearls, an editable video simula-
tion framework for robotic manipulation. Built on 3D Gaus-
sian Splatting (3DGS), RoboPearls enables the construction
of photo-realistic, view-consistent simulations from demon-
stration videos, and supports a wide range of simulation op-
erators, including various object manipulations, powered
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by proposed modules like Incremental Semantic Distilla-
tion (ISD) and 3D regularized NNFM Loss (3D-NNFM).
Moreover, by incorporating large language models (LLMs),
RoboPearls automates the simulation production process in
a user-friendly manner through flexible command interpre-
tation and execution. Furthermore, RoboPearls employs
a vision-language model (VLM) to analyze robotic learn-
ing issues to close the simulation loop for performance en-
hancement. To demonstrate the effectiveness of RoboPearls,
we conduct extensive experiments on multiple datasets and
scenes, including RLBench, COLOSSEUM, Ego4D, Open
X-Embodiment, and a real-world robot, which demonstrate
our satisfactory simulation performance. More information
can be found on our Project Page.

1. Introduction

The field of robotics has witnessed rapid advancements
in the development of generalist robot manipulation poli-
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cies [4, 20, 34, 40, 65]. These policies rely on large-
scale demonstrations across diverse environments to enable
robots to acquire a wide range of manipulation skills. How-
ever, collecting large-scale real-world demonstrations per-
formed by human experts [22, 33, 52] is prohibitively ex-
pensive and inefficient, making it challenging to scale up the
data size. While several simulation platforms [23, 38, 45,
47], provide controlled and versatile environments for de-
veloping advanced robot learning methods, the sim-to-real
gap remains a significant obstacle. Furthermore, collecting
or reproducing data for specific scenarios poses consider-
able challenges. For example, if one wants to replace a cup
with a different color in a particular scene, even in simula-
tion, it requires reprogramming the simulation environment.

On the other hand, the emergence of 3D Gaussian Splat-
ting (3DGS) [32] has shown impressive reconstruction qual-
ity with high training and rendering efficiency. Specifically,
3DGS models the environment using a set of 3D Gaussians
with learnable parameters, offering an explicit and flexible
representation of scenes. This flexibility also allows for the
individual editing of each Gaussian. Overall, the explicit
representation, high-quality reconstruction, and real-time
rendering capabilities of 3DGS have opened up new possi-
bilities to construct photo-realistic simulations from demon-
stration videos for robotic policy learning. Although many
works [8, 31, 76, 85] have explored the reconstruction and
editing capabilities of 3DGS and presented some toy demos,
developing a systematic pipeline for integrating these tech-
niques to the robotics domain, specifically to expand the ca-
pabilities of robotic simulation, remains an unexplored area.
It’s like previous works have identified individual operators
(“pearls”) but has yet to polish them into a comprehensive
solution (“creating a sparkling pearl necklace”) for robots.

In this paper, we introduce RoboPearls, an editable video
simulation framework, as illustrated in Fig. 1, which serves
as a fully assembled “pearl necklace” for robotic manip-
ulation. Specifically, the framework is built upon 3DGS,
ensuring the ability to construct photo-realistic and view-
consistent simulations from demonstration videos. To en-
hance the Gaussian representation (like “oyster to produce
pearls”) to accommodate a wide range of simulation opera-
tors (“pearls”), we extend it to incorporate temporal propa-
gation, capturing the spatiotemporal dynamics of the scene,
and embed semantic features distilled from SAM [35] to
enable scene understanding capabilities. Secondly, Robo-
Pearls refines and polishes various simulation operators
(“pearls”) to cover diverse everyday scenarios. For ex-
ample, it enables changes to object color or texture, ob-
ject removal, and object insertion using external digital
assets. Moreover, it also supports physical simulations.
These functions are powered by carefully designed, non-
trivial modules, including the Incremental Semantic Distil-
lation (ISD) module and the 3D regularized NNFM Loss

(3D-NNFM). Thirdly, in contrast to traditional simulations
that rely heavily on extensive human intervention, users
can interact with RoboPearls using simple natural language
commands to generate desired simulations. Specifically, to
string the individual pearls together, we leverage multiple
tailored large language model (LLM) agents as the “string”
to automate and streamline the simulation production pro-
cess. The LLM agents decompose user simulation demands
into simplified and concrete commands for specific editing
functions. Finally, to complete the pearl necklace, we in-
tegrate a vision-language model (VLM) as the “clasp” to
close the simulation loop, which identifies and analyzes is-
sues in robotic learning and generates corresponding simu-
lation demands to enhance robotic performance.

Through comprehensive evaluations conducted on mul-
tiple datasets and scenes, we validate the effectiveness of
RoboPearls in simulating diverse scenarios and enabling
more accurate and robust robotic manipulations. Specif-
ically, RoboPearls demonstrates significant improvements
on the Colosseum benchmark [55], achieving an aver-
age success score increase of +17.5 across all perturba-
tions, which highlights its ability to generalize across di-
verse environmental conditions. Furthermore, RoboPearls
achieves state-of-the-art performances on the RLBench
benchmark [29], with success score gains of +16.4 and
+23.0 on the Stack Cups and Put in Cupboard tasks, re-
spectively. Additionally, RoboPearls consistently performs
well on real-world robotic scenes, including our real-world
robot environment, Ego4D [22] and Open X-Embodiment
dataset [52]. Overall, our contributions are as follows:
• We introduce RoboPearls, an automated, editable video

simulation framework that leverages collaborative LLM
agents and VLM for robotic manipulation.

• We present a comprehensive set of simulation operators,
featuring well-designed modules such as the ISD module
and the 3D-NNFM Loss, to cover diverse scenarios.

• We validate the effectiveness of RoboPearls both quanti-
tatively and qualitatively through extensive experiments
conducted on multiple datasets and scenes.

2. Related Work

2.1. Robotic Manipulation Simulations

To advance generalist robot manipulation policies, vari-
ous physics-based simulation platforms have been devel-
oped to provide an efficient and scalable way to expand
embodiment data. Built on physics engines such as Isaac
Sim [51], PyBullet [12], and MuJoCo [66], many robotic
manipulation environments and diverse skills have been de-
veloped, covering rigid-body manipulation [3, 19, 77, 79],
and soft-body manipulation [60, 69, 72, 78] for simulat-
ing deformable robots, objects and fluids. Moreover, some
works have also established standardized simulation bench-
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marking [23, 29, 36, 87]. These works significantly re-
duce reliance on costly real-world data collection. How-
ever, the sim-to-real gap still remains a significant chal-
lenge, despite large efforts to address it [6, 26, 67, 88, 94].
On the other hand, the Real2Sim2Real approaches seek to
address the Sim2Real gap, which remains challenging in
transfer for RGB-based manipulation policies from simu-
lation to real world [13, 49]. Several prior works have ex-
plored Sim2Real transfer for RGB-based manipulation poli-
cies using domain randomization [15, 28] and domain adap-
tation [2, 92] techniques. These approaches, however, often
require task-specific tuning and environment engineering,
which can be both labor-intensive and difficult to achieve
accurately in traditional physics simulators. In this paper,
we propose RoboPearls, an automated and editable video
simulation framework for robotic manipulation, which en-
ables the construction of photo-realistic, view-consistent
simulations with a wide range of simulation operators, al-
lowing users to generate complex simulations using only
natural language.

2.2. Scene Simulation with 3D Gaussian Splating

Scene reconstruction and simulation have been a longstand-
ing research problem. Currently, 3D Gaussian Splatting
(3DGS) [32] has revolutionized this field with explicit rep-
resentation and high-fidelity real-time rendering, largely ex-
tending the capabilities of NeRFs [48]. Apart from fast ren-
dering, the explicit representation of 3DGS also facilitates
a range of downstream tasks, including dynamic recon-
struction [11, 73, 84], geometry editing [9, 17, 74], phys-
ical simulation [80], and scene understanding [25, 57, 85].
More recently, several studies have explored using 3DGS
for robotic manipulation tasks. For example, Gaussian-
Grasper [93] and GraspSplats [30] utilize Feature Splat-
ting [57] to support grasp queries via language, while Robo-
GS [42] integrates 3D Gaussian kernels to enhance the dig-
ital asset representation of robotic arms. Although previous
works have explored the reconstruction and editing capabil-
ities of 3DGS, and presented toy demos or simple applica-
tions within the robotics domain, developing a systematic
pipeline to expand the robotic simulation systems and en-
hance robotic performance, remains an unexplored area.

3. RoboPearls

3.1. Overview

As illustrated in Fig. 2, RoboPearls firstly reconstructs dy-
manic scenes with semantic features from demonstration
videos (Sec. 3.2). Then, with various simulation opera-
tions (Sec. 3.3), RoboPearls leverages LLMs to process user
commands (Sec. 3.4). Furthermore, RoboPearls utilizes a
VLM to enhance robotic performance (Sec. 3.5).

3.2. Dynamic Semantic-enhanced Gaussians
Given demonstration videos, we first reconstruct the scene
with Gaussian representation to construct photo-realistic
simulations and extend it with temporal and semantic in-
formation to enable a wide range of simulation operators.
3D Gaussian Splatting. 3DGS represents the 3D scene ex-
plicitly with multiple Gaussian primitives as G. Each Gaus-
sian primitive gi is parameterized by θi = (µi, ci, Σi, σi)
as gi(x) = e− 1

2 (x−µi)T Σ−1
i (x−µi), where µi, ci, σi respec-

tively represent the positions, color, opacity, and Σi denotes
covariance matrix acquired from the rotation and scales as
Σ = RSST RT . Then the Gaussian primitive is projected
onto the 2D plane, with the projected 2D covariance ma-
trix as Σ′ = JW ΣW T JT , where J is the Jacobian of the
projection transformation and W is the observation matrix.
The final pixel color C can be rendered by α-blending:

C =
N∑

i=1

pi(x′)αici

i−1∏

j=1

(1 − pi(x′)αj), (1)

where the final opacity αi is formulated as αi =
σie− 1

2 (x′−µ′
i)T Σ′−1

i (x′−µ′
i)) and x′ and µ′

i are coordinates
in the projected space, and pi(x′) is the probability density
of the i-th Gaussian at pixel x′.
Dynamic Reconstruction. The vanilla 3DGS represen-
tation, lacking temporal modeling in dynamic scenes, is
insufficient for real-world robotic environments. To ad-
dress this, we enable Gaussian primitives to propagate over
time, capturing the spatiotemporal dynamics of the scene.
Specifically, following 4DGS [84], we treat time and spa-
tial dimensions equally to formulate the dynamic Gaussian
model by extending the position to µ = (µx, µy, µz, µt)
and the covariance matrix Σ to a 4D ellipsoid, where S =
diag(sx, sy, sz, st) and R is a 4D rotation matrix that can be
decomposed into a pair of isotropic rotations. Subsequently,
each frame in a dynamic scene can be represented as a view
in a 3D static space, conditioned on a timestamp t, and the
formula Eq. (1) is extended as:

C =
N∑

i=1

pi(t)pi(x′|t)αici

i−1∏

j=1

(1 − pj(t)pj(x′|t)αj). (2)

Semantic Gaussians. To enable scene simulations, we
need to decompose the observed scene into distinct com-
ponents for further manipulation. Building on prior works
in 3DGS scene understanding [25, 57, 85], we extend above
dynamic Gaussian primitive gi with a new parameter, iden-
tity encoding ei, which is a low-dimensional learnable em-
bedding, allowing the Gaussians to be grouped according
to object instance. The identity encodings are supervised
by leveraging the 2D mask predictions by SAM [35], which
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Figure 2. (a) RoboPearls extends the Gaussian representation to reconstruct dynamic scenes with semantic features from demonstration
videos. (b) RoboPearls includes and refines various simulation operators. (c) RoboPearls leverages multiple LLM agents to automate and
streamline the simulation production process following user natural language commands.

has demonstrated impressive open-world segmentation ca-
pability. Similar to rendering the RGB color in Eq. (2), the
2D identity feature E in dynamic scene is rendered as:

E =
N∑

i=1

pi(t)pi(x′|t)αiei

i−1∏

j=1

(1 − pj(t)pj(x′|t)αj). (3)

Then we apply an extra linear layer f and a softmax (f(E))
function for identity classification.
Overall Optimazition. Consequently, we represent the dy-
namic scene with a set of time-conditioned, grouped Gaus-
sians for manipulation, inheriting SAM’s strong zero-shot
scene understanding capability. For scene reconstruction,
we use the MSE rendering loss, L2d. For semantic learning,
we adopt a standard cross-entropy loss, Lsem. Following
[85], we also employ a KL divergence loss, L3d, to enforce
3D spatial consistency, which constrains the identity encod-
ings of the top K-nearest Gaussians to be close in feature
space, mitigating the occlusion problem within objects. The
overall optimization objective is:

L = λ2dL2d + λsemLsem + λ3dL3d, (4)

where λ are weight coefficients to balance each loss term.

3.3. Editable Video Simulation
After the training and grouping of dynamic semantic-
enhanced Gaussians, we refine and polish various simula-
tion operators to cover diverse scenarios. Detailed operator
frameworks are provided in the Appendix.
Incremental Object Retrieval. To perform simulations
based on user commands, the first step is to retrieve the tar-
get object. Since SAM does not directly support language
prompts, we adopt the G-DINO [39] to identify the desired
2D object and obtain its corresponding mask ID. This mask

ID is then matched with our rendered segmentation masks.
However, due to the infinite granularity of objects based
on user needs, such as retrieving small buttons on a stove,
the 2D masks used for training may not cover these fine-
grained object parts, leading to retrieval failures. While
recent methods [37, 54] attempt to use SAM’s multi-level
masks to represent small, medium, and large object hierar-
chies, this still cannot represent all object granularities and
increases the training cost of semantic-enhanced Gaussians.
To address this issue, we propose Incremental Semantic
Distillation (ISD) to incrementally distill object semantics
into the scene. Specifically, upon retrieving the desired ob-
ject Gaussians, we render the 2D object mask and use G-
DINO to verify whether it corresponds to the desired object,
such as the small button, or mistakenly retrieves the entire
object, such as the stove. If the target object is not identi-
fied, we further use bounding boxes as prompts to SAM for
a finer-grained segmentation. Then, we fine-tune only the
identity encoding e of the previously retrieved 3D object
Gaussians with the new fine-grained labels, thereby incre-
mentally distilling the new object semantic. Since only the
identity encoding of relevant targets needs to be updated,
the entire process remains highly efficient.

Object Removal. 3D object removal can be achieved by
simply deleting the 3D object Gaussians. However, in real-
life videos captured from a few perspectives, removing an
object may leave behind a blurry hole in the background due
to insufficient observations. To address this, we first detect
the “blurry hole” using G-DINO [39] and apply LAMA [63]
inpainting on each view. Then, we generate new Gaussians
near the deletion area and fine-tune only these newly in-
troduced Gaussians using the inpainted views, ensuring a
seamless reconstruction of the missing background.

Object Insertion. 3D object insertion can be achieved
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by inserting the corresponding 3D Gaussians. However,
several challenges need to be addressed. The first chal-
lenge is obtaining the Gaussian representation of the de-
sired object. Fortunately, large-scale datasets of Gaus-
sians, i.e., ShapeSplat[44] and uCO3D[41], already con-
tain a vast range of common and uncommon objects, which
can serve as our initial database, enabling direct retrieval
and use. Additionally, prior works have explored efficient
3D generation from textual descriptions or single-view im-
ages through just a feed-forward process, such as GRM[82]
and LGM[64], providing a flexible way to acquire the re-
quired objects. The second challenge arises when inserting
objects from external sources. Even after adjusting the posi-
tion and size appropriately, the inserted object may still ex-
hibit noticeable color contrast with the original scene, mak-
ing it appear unrealistic. To address this issue, we adopt
libcom [50], a comprehensive image composition library
that encompasses various algorithms such as image blend-
ing and standard/painterly image harmonization, to refine
the rendered image to ensure color consistency between the
surrounding scene and the newly inserted object. Subse-
quently, we fine-tune the spherical harmonic (SH) of the
inserted object Gaussians with the refined rendered image,
which typically takes only a few minutes.
Object Modification. We support various modifications.
– Size and Position. For 3D object size modification, we ad-
just the properties of the target Gaussians by scaling them
accordingly. In practice, µi is directly scaled, and ri and
si need to be scaled in the logarithmic space using additive
adjustments. 3D object position modification is a combina-
tion of object removal and object insertion. Specifically, we
first remove the target object from its original position and
then insert it into the desired location.
– Color. For 3D object color modification, we adjust the
spherical harmonic (SH) of the object Gaussians to preserve
the learned 3D scene geometry. However, simply chang-
ing the color can lead to severe distortions, as it does not
account for lightness variations. To this end, we carefully
adopt the CIELAB color space, which enables color modi-
fication while preserving the original lighting effects.
– Style and Texture. For 3D object style/texture modifica-
tion, several works [9, 17, 74] explore to leverage diffusion
models (e.g., IP2P [5]) to iteratively edit the rendered im-
ages while updating the 3D reconstruction. However, im-
age diffusion models do not inherently enforce multi-view
consistency, which is critical for preventing artifacts. More-
over, the iterative optimization process is very slow, re-
quiring many full 3D optimizations, making training time-
consuming and difficult to control. To effectively incorpo-
rate the desired texture into rendered images while ensuring
multi-view consistency, we adopt the nearest neighbor fea-
ture matching (NNFM) loss from ARF [90]. Specifically,
given a rendered image and a reference image, we extract

their features from VGG16 (Fr and Ft) and then minimize
the cosine distance between the feature of each pixel in
the rendered image with its nearest neighbor in the refer-
ence image: LNNFM = 1

N
∑

i minj (Fr(i), Ft(j)), where
N is the number of pixels in the rendered image. Although
the vanilla NNFM loss effectively transfers complex high-
frequency visual details into the 3D scene, it’s limited to
stylizing the entire scene. We extend it to a 3D regularized
NNFM loss by 1) optimizing only the SH parameters of the
target 3D object Gaussians to preserve the background’s
spatial details, and 2) regularizing the optimization with
the original reconstruction loss to further prevent artifacts
caused by SH refinement at object boundaries. In practice,
we render masks of the target 3D object (M3d) to apply the
NNFM loss while enforcing the reconstruction loss on re-
gions outside the mask:

L3D-NNFM = LM3d
NNFM + LM3d

gs . (5)

Physics Simulation. Leveraging our well-reconstructed
Gaussian representation, we also enable physics simulation
by integrating physical properties into the Gaussian primi-
tive. The physical parameters include material density (ρ),
Young’s modulus (E), and Poisson’s ratio (P ). Following
PhysGaussian [80], we can manually set physical parame-
ters to target objects and predict their motion using a phys-
ical simulator, Material Point Method (MPM) [27]. Fur-
thermore, to reduce the reliance on manual parameter as-
signment, we incorporate GPT-4V [53] alongside a mate-
rial library [81] to automatically assign the corresponding
physical properties to enhance the physics simulation.

3.4. Automatic Simulation with LLM-Agents
Previously, we meticulously designed and refined vari-
ous simulation operators. To connect these components,
we leverage LLM agents as the “string,” automating and
streamlining the simulation production process. However,
directly applying a single LLM agent struggles with multi-
step reasoning and cross-referencing multiple operators. To
address this, we deploy multiple collaborative LLM agents,
each equipped with unique prompts and tailored toolsets.
Specifically, each agent first interprets and converts user
simulation commands into structured configurations with its
specialized LLM prompts, then invokes the corresponding
toolsets to generate the desired simulations. Following, we
outline the involved agents:
Simulation Manager Agent. This agent serves as the team
leader, decomposing user commands into simplified, con-
crete natural language instructions and dispatching tasks to
other agents. To enable command decomposition, we de-
sign a series of prompts for its LLM. The core idea of the
prompts is to describe the simulation operator set, specify
the overall goal, and define the output form with examples.
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Grounding Agent. This agent processes prompts in the
form of Locate 〈object〉 and employs the object retrieval
operator. The returned outcomes include the mask ID and
the position of the target object Gaussians. For straightfor-
ward queries such as “the red cup,” the agent directly re-
trieves the corresponding object. For more complex queries
like “the cup closest to the pressure cooker,” the LLM per-
forms a multi-step process: it first identifies both the pres-
sure cooker and the cups and then determines the spatial
relationship between them to retrieve the desired object.
Scene Operation Agent. The scene operation Agent
processes manipulation prompts such as Change color of
〈object〉 and applies the appropriate simulation operators
proposed in Sec. 3.3 to achieve the desired simulation.
3D Asset Management Agent. This agent organizes and
retrieves 3D assets based on user specifications. First, it
utilizes an LLM to interpret user commands and retrieves
specific 3D objects from our Gaussian database by match-
ing object attributes such as color and type. If the matching
is unavailable, the agent employs an object Gaussian gener-
ation model to synthesize the desired object, which is then
incorporated into the database to facilitate scalability and
versatility. The database and efficient generation process
are discussed in the Object Insertion section of Sec. 3.3.
Scene Refiner Agent. This agent enhances the overall sim-
ulation quality. Since each agent operates independently,
cumulative edits may degrade scene reconstruction quality.
Thus, a final refinement step is applied to all modified Gaus-
sians to ensure realism and coherence across the simulation.
Scene Renderer Agent. This agent generates appropriate
extrinsic camera parameters for rendering. First, it lever-
ages an LLM to interpret user viewpoint adjustment instruc-
tions into relative camera parameters, based on the original
viewpoint’s position and orientation. It then returns the sim-
ulated images with the desired perspectives.
Oveall Workflow. All tailored agents collaborate to execute
the simulation based on user commands following a sequen-
tial pipeline: The simulation manager agent leads the pro-
cess by dispatching instructions to appropriate agents. First,
the grounding agent identifies the relevant objects and loca-
tions. Next, the scene operation agent performs the speci-
fied modifications, optionally assisted by the 3D asset man-
agement agent if new assets are required. Then, the scene
refiner agent enhances the overall simulation quality to en-
sure consistency and realism. Finally, the scene renderer
agent generates the desired video output to return. Detailed
agents’ prompts and toolset are shown in the Appendix.

3.5. Efficient Robot Learning
Despite being trained on increasingly large datasets, robotic
models often struggle in specific environments or datasets,
requiring human experts to proactively identify failures and

retrieve or collect additional cases to enhance robot training.
While our proposed automatic simulation framework helps
mitigate data collection challenges, current approaches still
rely heavily on human expertise, limiting the model’s learn-
ing and evolution. While some prior works [14, 59], such
as RoboFail [59], have explored failure detection, they pri-
marily treat failure reasoning as a binary classification prob-
lem, lacking in-depth failure analysis. To overcome these
limitations, we take a further step by leveraging the recent,
knowledgeable Vision-Language Model (VLM) to replace
human experts in reasoning about robotic manipulation fail-
ures. Specifically, we utilize a VLM to analyze keyframes
of failure cases and provide detailed explanations across po-
tential failure causes, such as object position, color, and
background texture. After identifying the specific failure
cause, we further prompt the VLM to generate correspond-
ing simulation solutions in natural language. These textual
instructions are then fed into our proposed automatic sim-
ulation framework, which generates targeted simulations to
enhance model training. Automatically identifying issues
and generating simulation commands closes the simulation
loop, like a “clasp” to link the pearl necklace, to form our
complete method, RoboPearls, ultimately driving more ef-
ficient and robust robot learning.

4. Experiment

In this section, we first introduce the experimental setup in
Sec. 4.1. Then, the main results are present in Sec. 4.2. The
analysis of each component is present in Sec. 4.3.

4.1. Experimental Setting
We conduct experiments on multiple datasets and scenes,
i.e., RLBench [29], COLOSSEUM [55], Ego4D [22], Open
X-Embodiment [52], and a real-world robot. Detailed im-
plementations are in the Appendix.

4.2. Main Results

Results on simulation datasets. In Tab. 1, we present task
completion success rates for 13 perturbations on COLOS-
SEUM, providing a systematic evaluation of robustness un-
der various conditions. Our approach, RoboPearls, demon-
strates significant performance improvements across all per-
turbations, with average success gains of 17.5% and 10.8%
over RVT and RVT2, showing its robustness against en-
vironmental variations (e.g., lighting changes) and object-
level perturbations (e.g., color changes). Additionally,
in Tab. 2, we report results on several challenging tasks
from RLBench to assess general manipulation performance.
Overall, RoboPearls achieves average success rates of
68.0%, 78.0%, and 88.5%, boosting the baseline models by
5.6%, 7.9%, and 4.7%, respectively. These improvements
across benchmarks highlight the efficiency of our editable
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Table 1. Results on Colosseum. RoboPearls demonstrates significant performance improvements across all perturbations.

Method Avg. Success ↑ MO-Color RO-Color MO-Texture RO-Texture MO-Size RO-Size

RVT [20] 51.7 ± 3.8 52.4 ± 3.3 48.8 ± 4.1 39.0 ± 4.8 59.3 ± 3.8 75.6 ± 2.5 55.9 ± 3.6
RVT-2 [21] 64.6 ± 4.7 64.1 ± 5.3 70.6 ± 4.7 58.1 ± 6.6 68.3 ± 4.4 81.7 ± 3.7 67.9 ± 4.6

RoboPearls-RVT (Ours) 69.2 ± 3.4 67.6 ± 2.7 71.7 ± 3.4 66.0 ± 4.9 70.9 ± 3.9 83.3 ± 3.2 68.0 ± 3.8
RoboPearls-RVT2 (Ours) 75.4 ± 3.5 76.5 ± 3.3 80.9 ± 4.9 73.8 ± 3.5 77.8 ± 3.6 86.8 ± 3.4 74.9 ± 4.4

Method Light Color Table Color Table Texture Distractor Background Texture Camera Pose All Perturbations

RVT [20] 49.8 ± 3.8 49.5 ± 4.0 48.8 ± 4.5 59.4 ± 3.9 58.2 ± 3.9 57.5 ± 3.5 17.8 ± 3.8
RVT-2 [21] 62.1 ± 5.7 59.1 ± 4.3 61.7 ± 4.3 68.1 ± 3.7 73.1 ± 3.7 68.5 ± 5.1 36.1 ± 4.5

RoboPearls-RVT (Ours) 70.9 ± 3.0 72.0 ± 3.3 69.7 ± 3.3 66.3 ± 3.1 74.1 ± 3.1 68.2 ± 3.3 50.8 ± 3.6
RoboPearls-RVT2 (Ours) 75.0 ± 3.2 77.8 ± 3.0 74.8 ± 2.9 71.0 ± 3.1 80.0 ± 3.0 77.1 ± 2.6 54.7 ± 4.6

Table 2. Results on RLBench. RoboPearls achieves remarkable performance gains over state-of-the-art models.

Method Avg. Success ↑ Stack Cups Push Buttons Insert Peg Put in Cupboard Basketball in Hoop Close Box

RVT [20] 62.4 ± 3.0 17.6 ± 4.1 97.6 ± 1.9 16.4 ± 2.1 50.4 ± 3.2 98.4 ± 1.9 94.4 ± 3.2
RVT-2 [21] 70.1 ± 4.6 51.0 ± 8.2 98.0 ± 2.1 26.5 ± 6.0 52.5 ± 7.5 98.0 ± 2.1 94.5 ± 2.1
SAM2Act [16] 83.8 ± 3.5 63.2 ± 4.6 100.0 ± 0.0 88.0 ± 5.4 60.8 ± 4.6 98.4 ± 3.2 92.8 ± 3.0

RoboPearls-RVT (Ours) 68.0 ± 2.3 28.4 ± 3.8 100 ± 0.0 24.0 ± 2.8 60.8 ± 3.9 100.0 ± 0.0 94.8 ± 3.6
RoboPearls-RVT2 (Ours) 78.0 ± 4.7 67.4 ± 3.6 98.3 ± 3.1 33.7 ± 7.6 75.5 ± 7.8 98.0 ± 2.1 95.0 ± 3.1
RoboPearls-SAM2Act (Ours) 88.5 ± 2.4 68.0 ± 4.0 100.0 ± 0.0 93.6 ± 3.7 72.1 ± 3.9 100.0 ± 0.0 97.3 ± 3.0

Figure 3. The demonstrations for manipulation tasks in simulation (a) and the real world (b) (zoom-in for the best of views).

simulation framework, which leverages various operators to
handle diverse scenarios effectively.

As illustrated in Fig. 3 (a), we present two qualitative ex-
amples of the generated action sequence. In the right case,
the agent is instructed to “stack the other cups on top of
the red cup”. The results indicate that the previous agent
struggles to complete the task, whereas our RoboPearls pre-
cisely identifies each cup and successfully stacks them onto
the red one. This improvement is attributed to our method’s
efficient simulation, which enables manipulation models to
have a more accurate understanding of diverse scenes.

Results on real-world robot. In Tab. 3 and Fig. 3 (b),
we evaluate the performance of RoboPearls on a real-world

Table 3. Results on the real-world robot. We evaluate each
model 20 times with seen/unseen objects.

Method Pick up Put on Place in

Seen Unseen Seen Unseen Seen Unseen

RDT [40] 10 / 20 4 / 20 7 / 20 0 / 20 8 / 20 1 / 20
RoboPearls (Ours) 15 / 20 14 / 20 10 / 20 9 / 20 12 / 20 12 / 20

robotic system, which is built on the Kinova Gen3 robotic
arm. As illustrated, RoboPearls successfully performs real-
world tasks with remarkable generalization ability, whereas
the baseline struggles, verifying our effectiveness in real-
world environments. Please refer to the Appendix and



Figure 4. The photo-realistic simulations on in-the-wild datasets. Our RoboPearls supports various simulations.

videos for more details on the setup and performance.
Results on real-world datasets. In Fig. 4, RoboPearls con-
sistently achieves photo-realistic, view-consistent simula-
tions with various operators on real-world datasets, includ-
ing the Ego4D and the Open X-Embodiment dataset.

4.3. Ablation Study
We conduct quantitative and qualitative ablations to com-
prehensively evaluate our designed modules’ effects.

Table 4. Quantitative ablations on the proposed modules.

Method Stack Cups Put in Cupboard Insert Peg

RVT [20] 14.5 ± 3.9 40.4 ± 4.0 11.0 ± 3.0
+ IP2P [5] 18.4 ± 3.9 44.8 ± 4.9 10.7 ± 3.8

RoboPearls (w/o VLM) 24.7 ± 3.4 45.0 ± 4.9 16.5 ± 4.1
RoboPearls (Ours) 37.7 ± 4.6 55.5 ± 4.5 17.1 ± 5.3

Figure 5. Qualitative ablations on the proposed modules

Quantitative ablations. In Tab. 4, we first validate the
view-consistent 3D simulation capability of RoboPearls by

comparing it with IP2P [5], which can be regarded as sim-
ulators on 2D image space. While IP2P provides limited
improvement in some cases, our significantly superior re-
sults demonstrate the effectiveness of our simulation with
spatial-temporal consistency. Additionally, we also verify
the impact of incorporating VLM, which efficiently ana-
lyzes learning issues and generates corresponding simula-
tion demands, leading to enhanced robotic performance.

Qualitative ablations. In Fig. 5, we systematically ablate
key designs on the simulation operators, including (a) direct
deletion vs. inpainting and fine-tuning, (b) direct insertion
vs. refinement with libcom and fine-tuning, (c) NNFM loss
vs. 3D regularized NNFM loss, (d) RGB space vs. CIELAB
color space, and (e) direct semantic distillation vs. incre-
mental semantic distillation. The visual results demonstrate
that all our designs effectively contribute to constructing
photo-photorealistic simulations.

5. Conclusion

In this paper, we introduce RoboPearls, an automated ed-
itable video simulation framework for robotic manipulation.
Leveraging Gaussian representations, RoboPearls gener-
ates highly adaptable and photorealistic simulations from
demonstration videos. Moreover, RoboPearls supports a
wide range of simulation operators to cover various scenar-
ios, driven by well-designed modules such as Incremental
Semantic Distillation and 3D regularized NNFM Loss. To
further streamline the process, RoboPearls integrates LLMs
and VLM, allowing users to generate complex simulations
using only natural language commands while enabling ad-
vanced closed-loop simulation capabilities. These features
facilitate robust simulations for diverse robotic tasks. Ex-
tensive experiments across multiple datasets demonstrate
the framework’s simulation effectiveness, yielding signifi-
cant improvements in robotic performance. Overall, Robo-
Pearls represents a significant step toward providing a scal-
able, user-friendly solution for robotic simulation.
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