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(b) RL (Rendered):

Put the cans on the deck.

(c) Imitation (Rendered):
Pick up the spoon & put it on cut board.

Fig. 1: GSWorld leverages 3DGS reconstruction to render photo-realistic robot scenes, supports multiple policy learning
recipes in the simulation, and realizes zero-shot sim2real transfer. GSWorld also applies to policy visual benchmarking and

virtual teleoperation for data collection.

Abstract—This paper presents GSWorld, a robust, photo-
realistic simulator for robotics manipulation that combines
3D Gaussian Splatting with physics engines. Our framework
advocates ‘closing the loop’ of developing manipulation policies
with reproducible evaluation of policies learned from real-robot
data and sim2real policy training without using real robots. To
enable photo-realistic rendering of diverse scenes, we propose
a new asset format, which we term GSDF (Gaussian Scene
Description File), that infuses Gaussian-on-Mesh representation
with robot URDF and other objects. With a streamlined
reconstruction pipeline, we curate a database of GSDF that
contains 3 robot embodiments for single-arm and bimanual
manipulation, as well as more than 40 objects. Combining
GSDF with physics engines, we demonstrate several immediate
interesting applications: (1) learning zero-shot sim2real pixel-to-
action manipulation policy with photo-realistic rendering, (2)
automated high-quality DAgger data collection for adapting
policies to deployment environments, (3) reproducible bench-
marking of real-robot manipulation policies in simulation, (4)
simulation data collection by virtual teleoperation, and (5) zero-
shot sim2real visual reinforcement learning.

I. INTRODUCTION

Training manipulation policies typically relies on three
data sources—simulation, human videos, and real teleopera-
tion—each presenting a distinct trade-off. While simulation
provides a perfectly aligned action space for the robot, it
often suffers from many sim-to-real gaps. Human videos
offer the benefit of photo-realistic scenes and real physics,
but lack temporally aligned robot actions and operate in a
mismatched action space. Teleoperation successfully aligns
both perception and actions, yet its high cost and difficulty
to scale are significant limitations.

To resolve these trade-offs, we introduce GSWorld, a
closed-loop, photo-realistic simulation suite that couples 3D
Gaussian Splatting (3DGS) with physics to narrow both
the visual and action-space gaps for manipulation. “Closed-
loop” here means the same environment can be used to
train, evaluate, diagnose failures, and relabel, enabling rapid
iteration: policies perceive photo-realistic renderings while
issuing controls in the robot’s native space, all inside a
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simulator that mirrors real scenes closely enough to supporting (IL). GSWorld supports multiple sim data collection
zero-shot transfer and ef cient adaptation. We demonstratemethods,e.g. motion planning, teleoperation. IL policies
that GSWorld enables a range of downstream applicationstrained with GSWorld data can be directly deployed to the
and, in particular, effective sim-to-real transfer for imitation reconstructed real-world scenes.

learning, reinforcement learning, and DAgger-style data col- Visual RL. GSWorld is designed to utilize parallel environ-
lection. ments in the simulation to train RL policies. We provide

This closed-loop capability is powered by a bidirectional an analysis to show that GSWorld reduces RL sim2real
pipeline that ensures tight alignment between the physicalvisual gaps.
world and its digital twin. In thereal-to-sim direction, our Closed-loop DAgger Learning with Visual Benchmarking.
pipeline reconstructs a metric-accurate digital twin from GSWorld shows reliable policy evaluation results in corre-
short multi-view captures, sets an absolute scale with ArUco lation with real-world deployments, contributing to using
markers, and aligns the robot URDF to the scene via surfaceDAgger to iteratively improve real-world policies.
tting (e.g., ICP). We then attach collision meshes and ma-
terial properties to produce a versatile GSDF asset.sline Il. RELATED WORK
to-real direction is the reverse: policies trained in GSWorld Robotics Simulation. With developments in computer
deploy on hardware without interface translation becausgraphics for rendering [54] and object material simula-
their control and observation spaces match the robot's nativien [50], the robotics community has designed various
APIs. Policies trained with both sim and real data camphysics engines [10, 13] and simulators [47, 56, 60] to
be deployed in the sim to evaluate, detect failures, arslpport various robotics tasks. Recently, more and more
gather DAgger corrections, thus closing the iteration loopsimulators have started to improve efciency and delity.
Achieving this sim-to-real alignment requires that the sceneBor example, Mujoco-Jax [60] exploits just-in-time com-
geometry, camera properties, and action semantics remaiiters [18] to achieve impressive simulation ef ciency in
consistent across the real-to-sim divide. We measure tiython. To improve rendering delity and redusam2real
degree of this correspondence through a suite of metriessual gaps recent papers have turned to sophisticated ray-
evaluating the visual, geometric, and functional similaritytracing techniques [54] and generative Al tools [39] to reduce
between the two worlds. the visual observation gap between simulation renderings and

With photo-realistic perception and native action-spacthe real world. A recent ‘meta-simulator', Roboverse [15],
control in one loop, GSWorld supports zero-shot sim-toattempts to provides a uni ed simulation interface to make
real for both visual imitation learning and visual RL, whileuse of the advantages in individual simulators. This paper
exploiting scalable parallelism to accelerate data generfocuses on improving the delity of simulation renderings
tion and training. Its closed-loop DAgger work ow lets by combining recent advances in 3D Gaussian Splatting and
practitioners reproduce on-robot failures inside the digitaimulators.
twin, step through them frame-by-frame, and collect targeted Real2Sim (Real-to-Simulation). As an alternative to
corrective labels with far less teleoperation overhead. Finallynodeling basic physics and elements from the bottom-up
GSWorld provides reproducible visual benchmarking: shareid simulation, real2sim approaches take a different approach
GSDF assets, xed camera intrinsics/extrinsics, consistend build simulation assets by virtualizing real-world assets.
lighting/materials, and standardized action semantics eRecent real2sim methods can be roughly divided into two
able apples-to-apples comparisons across robots, scenes, estégories: photo-realistic 3D reconstruction [1, 6, 17, 27,
tasks—so improvements re ect algorithmic progress rathej4, 35, 44, 45, 53] and part-level (articulated) object under-
than environmental variance. standing [7, 11, 36, 52].

Existing GS-based simulators either target single-setup Real2Sim (Real-to-Simulation) - Photo-realistic Ren-
photo-realistic rendering, provide engine-tied pipelines withdering. Early method in Real2Sim reconstruction [44] use
out a portable asset standard, or limit the reproduciblReRFs [37], Diffusion [28] or Mesh [52] for photo-realistic
cross-embodiment benchmarking and deployment-orienteédodeling. Due to the inherent implicit representation of
on-policy data collection [5, 27, 38, 45]. While GSWorldNeRFs, they often rely on surrogates such as deformation
delivers an effective real-to-sim-to-real work ow that uni es elds [21] to deform the visual renderings to accommodate
photo-realistic 3DGS with contact-accurate physics, enablingbject motion, which is unnatural and inef cient. On the
scalable cross-embodiment benchmarking, zero-shot imitather hand, mesh-based representations contain many arti-
tion and reinforcement learning, and automated high-qualifiacts [52] that lead to visual gap. Simpler [28] proposes
DAgger data collection for continual deployment-time im-to use generative modeling to advance reproducible bench-
provement. marking [22, 24] by supporting photorealistic rendering.

In summary, our contributions are: However, Simpler requires expensive manual labor to match

A solid real-to-sim-to-real pipeline. Our robust real-to-sim-green screen and textures, hindering its scalability. With

to-real pipeline accurately aligns the simulation with thalevelopments in 3DGS [26], a rasterization-based method,

real environment, enabling a wide range of subsequeBplatSim [45] successfully combined 3DGS with PyBul-
applications. let [10] to build a photo-realistic simulator and demonstrated

Simulation Data Collection and Visual Imitation Learn-zero-shot sim2real policy deployment. As 3DGS can be



Fig. 2: GSWorld provides an interface on top of existing simulators to render photorealistic assets. Our GSDF assets are
compatible with existing simulators to use standard formats for rendering vigugls depth, segmentatijpand computing

physics collisions. GSWorld provides a rendering wrapper on top of simulators to make the RGB rendering photo-realistic
to support various domain randomization and applications.

explicitly represented as “Gaussian Blobs', the photo-realistic [1l. METHOD

appearance can be displaced consistently with object physigs. proplem Formulation

However, SplatSim relies on manual 3D segmentation of

both the robot arm and objects, which is over tted to a single We consider the problem of learning robot policies from

scene. In parallel to the development of SplatSim, Embodiedfisual observations. LeSsm denote simulated scene and

GS [1] learns arm-object interaction without using physic&ea denote the real scer&e, reconstructed by 3DGS from

engine in a single scene; Robo-GS [34] focuses on identifynultiple RGB viewpointsV = vj. Gea can be used to

ing physical parameters of individual objects from renderingiender novel-view RGB imagek® = Gea (p;s), which

and ManiGaussian [35] investigates optimizing Gaussia@nables photorealistic rendering of the scene under arbitrary

representations from simulators with ideally synchronize§amera posep and environment states

multi-view information. Most recently, Re3Sim [17] extends Our goal is to replace raw real-world RGB observations

SplatSim [45] and found that the capability to performl " with 3DGS-rendered imagds* for downstream robot

photo-realistic simulation leads to more robust manipulatiolearning tasks, including IL, RL, and DAgger. Formally,

policies with domain randomization and mixed simulatiorat each time step, the underlying state of the system is

(e.g.,non-photorealistic simulation assets with photo-realisticepresented as

scenes). We continue to advance the progress in photo- St =(q;xt1;:::'x{‘); (1)

realistic simulation by combining the latest advancements

in 3DGS and introducing more 3DGS assets with a uni edvhereq 2 R™ denotes the robot's joint position, and

asset format. represents the 6D pose of theh object inSea. We mainly
Real2Sim (Real-to-Simulation) - Others.Here we pro- use joint position control for the robots. The robot receives

vide a concise review of other progress in real2sim thain observation

is orthogonal to our method. Part-level (articulated) object _ oS L

understanding methods [7, 11, 36, 52] apply internet-scale 0 = 117 = Geal (PiS1); @

pre-t_ralned wsgal arjd Iangyage models [32, 46] to Creat(Fendered fromG.4 given the current camera poge and

physics and articulation of simulation assets from reaI'Worlgnvironment stats;.

obgervajtlons. Whlle these methods focus on understandlngIn RL, the policy s trained by interacting with the

articulation of QbJECtS’ recent method_s ha_lve also yvorked %hvironment and receiving rewards. In IL, the exgenpro-

more challenging tasks such as estimating physics for d%- _____

formaple object.s [25] and rigid contr-acts .[42]' PhysTwin [251Nhich are used to supervise. In DAgger, s iteratively
optimizes physics models for elastic objects by assuming 2 o by collecting expert rollouts from previous failure

Sprmg-Mass mpdel and estimating physms pgrameters fro&\ses, gettingp . In all cases, the policy takes as ingyf
video observations. Scalable Real2Sim [42] is an advance- real - . .
: . S _ . hstead ofl {°*, and robot proprioceptiong, i.e.,
ment from previous physics estimation method [34], in which
the authors built a pipeline that uses robot arm and camera a (1% q): ©)
setups to automate estimation of rigid physics parameters
including mass, center of mass, and inertia tensor [42]. At test time, the trained policy must generalize to
Liu et al. [31] proposes to optimize robot kinematics fronreal-world observations™?, ensuring that GSWorld bridges

differentiable rendering. sim2real visual gap.



B. Recipe for Real2Sim Reconstruction works [29, 61]. However, collecting DAgger data is hard as

This section describes how GSWorld creates GSDF asséttsrquires reprodgcing scene setups for the model to ‘re-
to construct photo-realistic scenes. Compared with existirgPerience’ the failure case.
work [17, 27, 34, 45, 59] that focus on constructing robots in GSWorld provides an interface for automatic DAgger data
a single scene, GSWorld is designed (1) with an easy_to_uggllectlon in simulation. Given the GSDF of the target
streamlined procedure to reduce manual alignment efforf$ployment environment and tasks with scripted policies, we
and (2) to incorporate recent advancements in 3DGS sukpll out the policies with GSWorld. For failure recordings
as geometric accuracy [19]. Di = (s1;:::;s7), we randomly sample recovery states

a) Collecting Training Views:To construct a scene S D ¢ with a uniform sampler, where the task is still
with a robot, we use both robot sensore.( wrist cameras achievable ins;, and run the motion planner to obtain
and third-person cameras) and mobile phone cameras whii@rrective data, as illustrated in Fig. 3.
saving the current joint pose of robot during the scene
capture.
b) Aligning Scale for Metric RepresentatiofExisting

real2sim2real methods [43, 45] relies on COLMAP [49],
which introduces scale ambiguity. While such ambiguity can
be dealt with manually for a single scene, it affects the
scalability for multiple robot embodiments and scenes. To
avoid manual scale alignment, we use a simple solution to
include a printed ArUco marker [14, 23] on the tabletop
during the data collection (qualitative examples in Fig. 1).
The detected keypoints of ArUcO markers are projected
onto the point cloud formed by 3DGS. We then scale the
point cloud using the known scales of the ArUcO marker. In

addition, the ArUco marker helps identify the support surfacE_ 3 o i i .
in collision and estimate gravity direction. Ig. 3: DAgger Data Collection in Simulation. With privileged

Aliani Rob d TableGi . | information provided by simulation, we can record and relive the
c) '9”'”9 obots and Table .Iven a metric-scale t5ire cases during rollouts and generate corrective data for policy
Gea oOf a static robotR and a metric-scale robot URDF adaptation.

in Ssim , we align the simulation joint position with the real ) ) ) ) o
world. Then, we sample and densify surface point clouds 10 iteratively improve zero-shot sim2real policies, we
from the visual mesh of the robot URDF. We then pentomyollec_t de}ta, evaluate policies, record failures, and recover,
an ICP to compute the rigid transforfys, : Gea = resulting in an aggregated dataset
TR%im Ssim - Compared to previous methods [45], our ICP s= i(Qs:0s:As)i 4)
has fgwer degrees of freedom since the scale ?s xgd. Given where O.: A, denote simulation robot joint positions
the allgnment, we use-K—NNt(.) segment robqt links3g - and actionsiabsels.oS = 19 is the GSV%/orId—Pendered

d) Object Assets:Our prior reconstruction stage fo- . L : .

._observations and is the DAgger iteration.

cuses on background and robot scans. For moveable objecpﬁ_o improve policies trained with real-world data. we rst
O, we consider integrating existing large-scale datasets agt\j/aluatep the polices and repeat the same oo ’Ieadin o
supporting custom objects for generalizability. Speci caIIy,Olataset ) P P P 9
we use DTC [12] for its photo-realistic visual quality, and R = (Qr:0r A (5)
YCB [4]. For custom objects, we use 2DGS [19] to get R rpEnfrLs
the reconstructiorO% and mesh reconstruction. Mass is , where Q;;O,;A, are collected in the real world by
estimated by weighing. The unobserved bottom regions é&leoperation.
the object can be optionally inpainted using amodal re- b) Visual Benchmarking.:Recent VLAs [3, 33, 40]

construction [2, 55] or 3D object generation [30] methodtrain generalist policies that work on many different robot
Similarly, we use ICP to get the transfor ~ for the em_b_od|ments. Learning from extensive cross-embodiment
k-th object:0% = TS~ Oy ’ training data, these bas_e modgls gdapt to unseen robot
' hardware and language instructions in a few-shot or even
C. Applications - Closing the Loop for Developing Visualzero-shot manner [3, 33]. However, due to their reliance
Manipulation Policies on real robot data during training, there does not exist a
a) Closed-loop DAgger Training:In the traditional standardized visual manipulation benchmark that studies the
imitation learning settings, policy weights are not updateduality of the base models and their data sampling ef ciency
once they are trained and deployed. During deploymerfipr novel embodiments.
policies often run into failures. DAgger [48] is a solution GSWorld provides a photo-realistic rendering interface to
to this case where corrective data is used to train the modadldress such an issue. With our GSDF assets, we provide
to adapt to failure cases. DAgger data has been shown photo-realistic simulation of various scenes with different
have much better data ef ciency than plain data by previousobot embodiments, and a wide selection of interactable
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