GS-Playground: A High-Throughput Photorealistic
Simulator for Vision-Informed Robot Learning
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Fig. 1: Gs-Playground Overview. It integrates photorealistic 3D Gaussian Splatting with high-performance parallel physics, achieving
over 10* aggregate FPS across 2048 environments at 640 x 480 resolution on a single GPU. We provide comprehensive sensor suites (Contact,
Vision, LiDAR) and support a wide range of robotic embodiments and learning tasks, including locomotion, navigation, and manipulation.

Abstract—Embodied Al research is undergoing a shift toward
vision-centric perceptual paradigms. While massively parallel
simulators have catalyzed breakthroughs in proprioception-based
locomotion, their potential remains largely untapped for vision-
informed tasks due to the prohibitive computational overhead of
large-scale photorealistic rendering. Furthermore, the creation
of simulation-ready 3D assets heavily relies on labor-intensive
manual modeling, while the significant sim-to-real physical gap
hinders the transfer of contact-rich manipulation policies. To
address these bottlenecks, we propose GS-Playground, a multi-
modal simulation framework for high-throughput, photorealistic
robot learning in interactive rigid-body settings. We develop
MotrixSim, a novel high-performance parallel physics engine,
specifically designed to integrate with a batch 3D Gaussian
Splatting (3DGS) rendering pipeline to ensure high-fidelity
synchronization. Our system achieves an aggregate rendering

throughput of 10* FPS across 2048 environments at 640 x 480
resolution, significantly lowering the barrier for large-scale visual
RL. Additionally, we introduce a Real2Sim workflow that re-
constructs photorealistic and memory-efficient simulation-ready
environments, reducing the manual effort required to create
complex scenes for robot interaction. Extensive experiments
on locomotion, navigation, and manipulation demonstrate that
GS-Playground enables high-throughput photorealistic RL
and robust Sim2Real transfer for interactive rigid-body robot
learning. Project homepage: https://gsplayground.github.io.

I. INTRODUCTION

Vision serves as the most information-rich modality for
robotic perception of the environment. Recently, significant
progress has been made in learning policies for quasi-static
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TABLE I: Comparison of physical and perceptual capabilities across parallel robotics simulators.

. Physics Batch VRAM  Integrated Batch Batch 3DGS Dynamic  3DGS Startup Physics
Simulators Engine Physics Usage Batch IK Renderer Render Env. 3DGS Render Speed Cross
Fidelity Num. Scene FPS Platform
MulJoCo/MIJX [46] Brax/MJX  CPU/GPU *x X Madrona + - - - + L
IsaacLab [39] PhysX5 GPU * K kK x v omni.RTX ++ - - - ++ L
ManiSkill [45] PhysX5 GPU * * Kk v Vulkan SBR + +++ W/L
Genesis [64] Taichi GPU *x v Madrona + - - ++ W/L/M
RoboGSim [29] PhysX4 - - X +++ 1 v ~ 100 ++ L
DISCOVERSE [19] MuJoCo - X +++ 1~4 v ~ 650 ++ L
GSWorld [20] PhysX$5 - - X - +++ 1 v - ++ L
GaussGym [11] PhysX4 GPU * X GSplat +++ Up To 4096 X - ++ L
GS-Playground | MotrixSim CPU/GPU v BatchSplat +++ Up To 4096 v ~ 10k ++++ W/L/M

Note: 1. Batch Physics: Indicates supported hardware for batched simulation. 2. VRAM Usage: The number of ‘x’ indicates higher VRAM consumption.
In headless mode, only physics simulation overhead is considered. 3. Batch Render Fidelity: The number of ‘+’ represents higher visual fidelity. 4. 3DGS
Render FPS: Aggregate throughput across 2048 environments at 640x480 resolution with an NVIDIA RTX 4090 GPU and an Intel i9-14900K CPU. 5.
Startup Speed: More ‘+’ means faster startup times. 6. Physics Cross Platform: W: Windows, L: Linux, M: macOS.

manipulation and navigation directly from real-world visual
data [25, 165, 4} 159, 128, 53| [17]. However, tasks involving com-
plex dynamics and contacts—such as locomotion and contact-
rich manipulation—require large-scale parallel simulation for
effective reinforcement learning (RL). While current massively
parallel simulators have revolutionized proprioception-based
learning [34) 39, 158, 45l 64], they often struggle to rec-
oncile visual fidelity with rendering efficiency, limiting the
application of large-scale, vision-informed policy learning. We
attribute this gap to two primary limitations:

« Prohibitive Rendering Overhead: Existing simulation
pipelines face severe scalability bottlenecks when inte-
grating high-resolution rendering. The exorbitant compu-
tational cost of photorealistic rendering creates intense
resource contention with policy learning, frequently re-
sulting in Out-of-Memory (OOM) failures. Consequently,
these hardware constraints force a compromise between
visual fidelity and simulation throughput, restricting
the scale and efficacy of vision-based training. Recent
3DGS-based robotic systems such as GSWorld [20]
and RoboGSim [29] attach photorealistic rendering to
manipulation pipelines, but run as single-environment
closed-loop evaluators rather than batch-rendered, on-
policy training engines.

« Laborious Asset Synthesis: Constructing simulation as-
sets that combine visual fidelity with robot-interaction
compatibility remains a persistent challenge. While
3D reconstruction has advanced significantly, convert-
ing these representations into “sim-ready” assets com-
patible with high-frequency rigid-body physics and
memory-efficient rendering remains difficult and labo-
rious. Vid2Sim [52] and Video2Game [51] reconstruct
navigable scenes or playable games from a single video,
but target agent navigation and graphics rather than robot-
object interaction. This highlights the critical need for a
pipeline capable of rapidly transforming individual real-
world scenes into high-fidelity simulation environments
for robot interaction.

To bridge the gap, we introduce GS-Playground, a
robot-learning simulation framework that harmonizes high-
throughput rigid-body physics simulation and high-fidelity

visual rendering (Figure [I). Our platform maintains the pre-
cision and stability required for physics simulation while
providing the rendering efficiency necessary for large-scale,
vision-informed policy training and sim-to-real transfer. Our
core contributions are as follows:

1) Embodied Robot Simulation Platform: We develop
MotrixSim, a ground-up, cross-platform (Windows,
Linux, and macOS) parallel physics engine that supports
both GPU and CPU backends. This architecture provides
high-fidelity rigid-body dynamics and comprehensive
sensor integration (including RGB cameras, LiDAR, and
force/contact sensors) across diverse robot embodiments
(such as quadrupeds, humanoids, and manipulators). This
platform facilitates a flexible development workflow from
local prototyping to massively parallel training.

2) Memory-Efficient Batch 3DGS Rendering: To mitigate
the memory bottlenecks in large-scale photorealistic sim-
ulation, we introduce a specialized point-pruning strategy
optimized for rigid-body environments. This approach
enables a memory-efficient rendering architecture capable
of a breakthrough aggregate throughput of 10* FPS
across 2048 environments at 640 x 480 resolution on a
single GPU, significantly expanding the scale of vision-
based reinforcement learning.

3) “Sim-Ready” Real2Sim Workflow: We present a tar-
geted pipeline that streamlines the conversion of in-
dividual real-world scenes into simulation-ready rigid-
body environments with photorealistic rendering and
task-configurable physical parameters. Our workflow sig-
nificantly reduces the laborious manual effort usually
required to create complex “sim-ready” assets, enabling
the rapid population of diverse simulation environments.

We validate GS-Playground through a rigorous ex-
perimental regime. First, we demonstrate that our physics
engine matches state-of-the-art simulators in accuracy and
efficiency, with enhanced stability in specific contact-rich
scenarios. Next, we confirm our rendering pipeline’s ability
to provide high-fidelity feedback at unprecedented speeds.
Finally, we benchmark the framework on a diverse suite of
tasks—including quadrupedal locomotion, humanoid control,
navigation, and robotic manipulation—across both state-based



and vision-driven reinforcement learning. We summarize the
key features of GS—-Playground alongside other state-of-
the-art simulators in Table [l We will release the framework
and synthesized Bridge-GS dataset to empower the research
community.

II. RELATED WORK
A. Massive Parallelism in Simulation

Massive parallel physical simulation has emerged as the
indispensable infrastructure for efficient robot learning, par-
ticularly for locomotion and contact-rich manipulation [18}
27, 1430 135, 110, 167, 136, 149, (16l 50, 163, |6]. Milestone plat-
forms such as Isaac Gym [34], Isaac Lab [39], and Genesis
[64] have revolutionized the throughput of sample collection
by instantiating tens of thousands of parallel environments
on GPUs. However, existing frameworks typically prioritize
physical throughput over perceptual fidelity. Rendering archi-
tectures often diverge into two extremes: they either favor high
sampling rates via streamlined rasterization (e.g., Madrona
[42], ManiSkill3 [435]]) or prioritize cinematic photorealism via
computationally expensive ray-tracing (e.g., Isaac Lab [39]).
The simultaneous achievement of massive parallel throughput
with high-fidelity, photorealistic rendering remains a critical
bottleneck for scaling vision-centric robot learning.

B. Vision-Centric Robot Learning

Vision serves as the most information-rich modality for
robotic perception. Recently, significant progress has been
made in learning policies for quasi-static manipulation and
navigation directly from real-world visual data, exemplified
by Vision-Language-Action (VLA) models [25 165, 4] and
Vision-Language-Navigation (VLN) models [9, 5, 160 61].
However, tasks involving complex dynamics and intermittent
contacts rely heavily on simulation-based reinforcement learn-
ing (RL) to acquire skills in an unsupervised manner.

Early attempts to incorporate visual inputs into RL were
often constrained by conventional, small-scale simulations [2}
37, 166], where low simulation throughput hindered the stable
acquisition of complex skills. While recent advancements in
massive parallel simulation have enabled sophisticated policy
optimization for locomotion and dexterous manipulation, these
frameworks primarily rely on proprioceptive states or point
clouds due to the prohibitive computational overhead and lim-
ited fidelity of visual rendering [7} 30, 23| 156]. Furthermore, to
mitigate the sim-to-real gap, recent attempts on vision-based
RL methods often necessitate extensive visual randomization
of textures, lighting, and backgrounds [17, 153]]. This, however,
imposes a substantial burden on GPU resources, significantly
raising the computational threshold for research in vision-
informed robot learning.

C. Gaussian Splatting and Real-to-Sim Reconstruction

Building simulators highly consistent with the real world
relies on high-quality visual rendering and precise phys-
ical modeling. Recently, Gaussian Splatting (3DGS) [24]]
has rapidly developed as an emerging scene reconstruction

method, enabling photorealistic real-time rendering from arbi-
trary viewpoints. Its unique representation strikes a balance
between visual fidelity and memory efficiency, making it
particularly suitable for resource-constrained simulation en-
vironments. Recent research has significantly improved the
capability to reconstruct renderable models from real scenes
in terms of reconstruction paradigms [48, 38| 22]], model
efficiency [15} 12} [14], and generative Gaussian models [8}31].

However, these methods generally struggle to directly meet
the requirements of robotic simulators for sim-ready scenes.
Existing works indicate that 3DGS-based rendering holds
significant potential in robotics, enhancing sim-to-real transfer
for vision-based policies [29| [13 40], augmenting training
datasets [3 133} 157, 154]], and supporting real-to-sim evaluation
pipelines [21} [1} 120} [62]]. While GaussGym [11] pioneered the
application of 3DGS in RL, our work extends this capability to
contact-rich manipulation and larger-scale parallel throughput,
providing a more versatile foundation for diverse vision-
informed robot learning tasks.

III. SYSTEM DESIGN
A. System Overview

Figure 2| illustrates the architecture of GS-Playground,
which comprises three core tiers: (1) MotrixSim, a high-
performance parallel physics engine supporting both GPU
and CPU backends; (2) a memory-efficient batch 3DGS
renderer optimized via point-pruning; and (3) an automated
Real2Sim pipeline for rapid scene synthesis. These modules
are seamlessly integrated with a multi-modal sensor suite to
provide the high-throughput, photorealistic feedback necessary
for vision-centric robot learning.

Data Flow. The simulation loop begins with the physics en-
gine, which advances the world state using a velocity-impulse
formulation. The updated rigid-body poses are synchronized
with the Batch 3DGS Renderer through Rigid-Link Gaussian
Kinematics (RLGK), enabling zero-overhead updates of visual
clusters. The renderer produces photorealistic RGB images
and depth maps, while the sensor suite provides LiDAR
point clouds and high-dimensional contact data (including
multi-point forces and torques). These modalities form the
observation vector for end-to-end policy learning.

Asset Creation. Orthogonal to the loop, the Real2Sim
Pipeline streamlines the conversion of individual real-world
captures into simulation-ready assets. By performing auto-
mated segmentation, reconstruction, and sub-millimeter pose
alignment, this pipeline produces photorealistic rigid-body
assets for robot interaction.

Development Workflow. A key design principle is the
flexibility of the development-to-training workflow. Our core
physics engine is cross-platform (Windows, Linux, macOS),
facilitating rapid local debugging and prototyping on various
workstations. For large-scale training, the system leverages an
optimized CUDA-based rendering pipeline on Linux, achiev-
ing a breakthrough aggregate throughput of 10* FPS across
2048 environments at 640 x 480 resolution by utilizing spe-
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Fig. 2: GS-Playground System Architecture. Left: an automated Real2Sim pipeline that constructs simulation-ready visual and geometric
assets from RGB inputs via object segmentation, background inpainting, and 3DGS/mesh reconstruction. Middle: a physics and rendering
simulation core with CPU/GPU physics backends, integrated sensor and LiDAR simulation, and batch-optimized 3DGS rendering with
pruning and rigid-link kinematics. Right: downstream applications including manipulation, navigation, and large-scale parallel reinforcement

learning.

cialized point-pruning to balance visual fidelity and memory
consumption.

B. Physics Solver Formulation

In robotic manipulation, the choice of constraint formula-
tion directly impacts simulation fidelity. Optimization-centric
solvers that rely on regularized soft contacts tend to produce
visually smooth but physically ’spongy’ interactions, where
heavy payloads may exhibit gradual drift due to residual
forces. MotrixSim utilizes a velocity-impulse formulation in
generalized coordinates and implements strict complemen-
tarity with explicit velocity clamping at the friction limits.
This approach sacrifices the smoothness of the gradients in
exchange for geometric precision, allowing for the simulation
of rigid bodies that can maintain perfect static equilibrium
and allows for high constraint stiffness and large simulation
time steps. This makes the engine particularly suitable for
engineering applications where stability and exact constraint
satisfaction are paramount.

The discretized dynamics equation for generalized coordi-
nates g € R™ and velocities v € R™ over a time step h is
formulated as:

MVT —v) =TT + TN 4 h(Tewe —c) (1)
where M is the mass matrix, J. and J,, are the Jacobians for
equality and inequality constraints, respectively, and A denotes
the constraint impulses. The term c accounts for Coriolis and
centrifugal forces. We incorporate soft constraints by defining
an implicit impulse relation AT = f(u';x, h) and linearizing
it via a first-order Taylor expansion at the current velocity u:

x flu)+ g{(lﬁ ) @)

By defining the positive definite compliance matrix C =
(—%)_1 and the bias term ¢ = u + Cf(u), we obtain the
standardized compliance form:

=-—CAT+¢ (3)

By substituting this velocity relation into the constraint space
and eliminating the equality constraints A, via the Schur
complement method, we obtain a reduced linear system for
the inequality constraints A,,:

=AXI +Db )

The system matrix A and the right-hand side vector b are
explicitly given by:

A= M YT 3 M I (W, +C,) I M I

(5)
Y(¢, —JTv) (©6)

where W, = J.M~1J7T is the effective inverse mass matrix
of the equality constraints. The term (W, +C.) is guaranteed
to be invertible as it is the sum of a positive semi-definite
matrix and a positive definite matrix.

The solver resolves contact and friction as a Mixed Comple-
mentarity Problem (MCP). The impulse vector A,, comprises
normal components A and frictional components A|. The
solution must satisfy the bounds defined by the Coulomb
friction model:

b=7J,v+J,M 1 IT (W, +C,.)~

w; >0, ifAF=1
(103 S 0, if )\j_ = U;

where w; = [(A+C,)A,} +(b—(,,)]i. For normal contact, the
bounds are [0, o0); for friction, the bounds are [—pAT, uAT].
This formulation is solved efficiently using a Projected Gauss-
Seidel (PGS) solver, ensuring stable friction behavior while
accommodating both rigid and compliant contact interactions.

This framework demonstrates high extensibility. It supports
various physical constraints, including MJCF-defined contact
models (e.g., parameters solref, solimp), tendons, and
actuators. Integrating a new constraint type simply requires
defining its impulse-state relationship A(x,u) and the cor-
responding Jacobian J. Additionally, to achieve real-time



performance in large-scale scenarios with massive contacts,
we implemented two key engineering optimizations:

1) Parallelization via Constraint Islands: Leveraging
the spatial locality of physical interactions, we dynamically
construct a constraint dependency graph at each time step.
By analyzing the connectivity of the graph, the rigid body
system is partitioned into disjoint sets of interacting bodies,
termed “Constraint Islands.” Since the Linear Complemen-
tarity Problems (LCPs) for these islands are mathematically
independent, they are dispatched to multi-core CPU threads
for parallel solving, ensuring linear performance scaling with
scene complexity.

2) Warm-Starting with Temporal Coherence: We exploit
the temporal coherence of physical processes by implementing
a Contact Manifold Tracking system. This system persists con-
tact constraints across simulation frames. Instead of initializing
the Projected Gauss-Seidel (PGS) solver with zero vectors, we
warm-start the solver using the converged impulses A;_; from
the previous frame as the initial guess Ainjia. This strategy
significantly accelerates convergence, typically reducing the
required PGS iterations from over 50 to fewer than 10 for
stable stacking tasks.

C. Batch Renderer Optimization

Rendering thousands of high-fidelity 3DGS scenes simulta-
neously presents a significant memory challenge. To optimize
memory usage while maintaining visual fidelity, we propose
several key advancements as follows:

Efficient Pruning Strategy. We adopt an efficient pruning
strategy inspired by recent works [15} [12} [14] to reduce the
number of Gaussians while preserving visual quality for robot-
learning workloads. For static scenes, our pruned representa-
tion keeps 30% of the original Gaussians while maintaining
high PSNR and SSIM (Table [[V); for dynamic objects and
robot-linked assets, pruning can be more aggressive depend-
ing on visual complexity. This reduction significantly lowers
VRAM usage and improves rendering speed, making the
renderer well-suited for large-scale, high-fidelity simulations.

Throughput Scaling. We build our Batch-3DGS rendering
pipeline on top of gsplat [55] and introduce simulation-
oriented system optimizations for large-scale parallel environ-
ments. With these optimizations, we can render up to 2048
scenes at a resolution of 640 x 480 with a total throughput of
up to 10,000 FPS; in single-environment rendering of the same
scene, our pruned 3DGS reaches 648 FPS versus 125 FPS for
vanilla 3DGS. This scaling significantly improves throughput
per unit compute, supporting large-batch training workflows.

Rigid-Link Gaussian Kinematics (RLGK). To ensure
temporal consistency and eliminate visual artifacts in dy-
namic scenarios, we introduce Rigid-Link Gaussian Kinemat-
ics (RLGK), which binds clusters of 3D Gaussians to cor-
responding rigid bodies in the physics engine. This coupling
ensures that visual representations move synchronously with
their physical counterparts, enabling “zero-overhead” updates
and artifact-free dynamic rendering during fast motion or
contact events.

TABLE II: Comparison of LiDAR simulation capabilities.

LiDAR Sensor Feature Ours IsaacSim  Gazebo

Rotating LiDAR Support
Solid-State LiDAR Support
Non-repetitive scan LiDAR
Static Irregular Objects
Dynamic Irregular Objects
Self-Occlusion

3DGS Representation
Massively Parallel

N N NN
WX X X AX AN
XX X X NNN S

D. Real2Sim Asset Pipeline

Users can create a set of simulation-ready assets from a
single RGB image via our Real2Sim pipeline. The pipeline
reconstructs 3D representations (3DGS/mesh), estimates geo-
metric pose and scale, and supports task-level physical param-
eters for collision modeling and manipulation learning. In our
experiments, mass, friction, and inertia are assigned through
task configuration, manual tuning, or domain randomization
rather than estimated from the input image; the modular
pipeline can incorporate system identification when interaction
data is available.

Objects Segmentation and Background Inpainting. We
present an automated pipeline for object segmentation and
background inpainting from a single RGB image. Objects
are detected using Grounding DINO [32] and segmented
with SAM1/SAM?2 [26| |41]] under a prompt-wise independent
detection scheme, enabling explicit tracking of instance—label
associations. To mitigate unreliable semantic similarity in
open-vocabulary detection, we de-duplicate instances using
visual criteria only: mask IoU for general redundancy and
a dual-criterion rule based on mask inclusion and boundary
overlap to correct over-segmentation. Instance selection is
prioritized by a composite confidence score combining de-
tection and segmentation confidence. Occluded object regions
are recovered through an iterative mask expansion process
coupled with sequential inpainting. Objects are removed one at
a time, and after each inpainting step, the scene is re-detected
to identify newly exposed regions that are spatially adjacent
and label-consistent with existing instances under a bounded
area growth constraint. Background inpainting is performed
sequentially using LaMa [44]] to ensure stable reconstruction.

Assets Generation. For object-level assets, we apply SAM-
3D [8] to the original RGB image together with the object
mask (Mp;) to reconstruct its 3DGS and mesh, and to esti-
mate its pose and scale. For scene-level assets, the inpainted
background is processed by AnySplat [22] to generate the
background 3DGS, depth map (D), as well as the camera
intrinsics and extrinsics. To align object- and scene-level
assets, we first transform the object such that its rendered
depth map (D,,;) aligns with the background depth (Dy,).
The object is then scaled so that the area of its rendered
mask matches the original object mask (M,y;), measured by
pixel occupancy. To reduce memory footprint for downstream
robotic tasks, we apply Speedy- splat [14] for 3DGS pruning.



TABLE III: Qualitative comparison of contact dynamics. The
Newton’s Cradle case evaluates momentum transfer, while the Boston
Dynamics Spot case validates base stability with a 10 ms timestep.

Scenario MuJoCo IsaacSim Ours
| E——
Newton’s Cradle N
(pre-impact) -
| ——
Newton’s Cradle 70
(post-impact) o

Boston Spot
(t=0s)

Boston Spot
(t=2s)

E. User Interface and Ecosystem Design

GS—-Playground provides a rich set of features including
multi-modal sensing, seamless ecosystem compatibility, and
cross-platform support to facilitate robot development.

Multi-modal Sensor Suite Beyond standard RGB and
depth streams, we integrate a high-performance Batch-LiDAR
module utilizing ray-casting to generate high-fidelity point
clouds and heightmap scanning (Table [[I). Additionally, our
platform provides detailed contact information equivalent to
MuJoCo, including multi-point contact forces, torques, and
decomposed normal/tangential components.

Ecosystem Compatibility and Cross-Platform Workflow.
Prioritizing zero-friction” migration, our API is compatible
with the MuJoCo MIJCF format, enabling rapid project migra-
tion. The physics engine features a cross-platform architec-
ture (Windows/Linux/macOS), allowing local prototyping and
debugging before deploying large-scale parallel training on
Linux GPU clusters using Batch-3DGS and CUDA-optimized
perception modules.

IV. RESULTS

We evaluate GS-Playground through a comprehen-
sive benchmark suite spanning visual and geometric fidelity,
physics stability, manipulation proficiency, and locomotion
capability. Our results demonstrate the platform’s superiority
in photorealistic rendering, massive parallel physics stepping,
and effective Sim2Real transfer for both vision-based and
contact-rich tasks.

A. Physics Stability and Solver Robustness

Multi-Scenario Benchmarking. We conduct a multi-
scenario stability study across multiple simulators to stress-test
contact handling under challenging dynamics.

1) Hard Contact & Momentum Conservation: Using a New-
ton’s Cradle setup with identical initial perturbations across en-
gines, we evaluate long-horizon momentum transfer and dissi-
pation under hard contacts (Table ] Top). GS-Playground
preserves impact timing and swing amplitude with reduced

Store Stability Comparison (Ours vs. MuJoCo)

Ours MuJoCo Implicit+Noslip
MuJoCo Implicit ® MuJoCo Euler
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Fig. 3: Physics stability under complex multi-body interactions.
(a) The dense store shelf scenario; (b) Stability error across time
steps, computed over all objects in the scene with identical initial
placements. The error is defined as \/Ap? + A62, where Ap is mean
positional drift (m) and A6 is mean orientation drift (rad).

Dense Store Shelf Scenario

o
w

Stability error
o
N

=

0

Performance Comparison on Complexity Scaling
Ours (CPU) B MuJoCo (CPU) MjWarp (GPU) Genesis (GPU)
(a) Complexity (Batch=1) (b) Stability (N=10)
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Fig. 4: Performance Comparison on Complexity Scaling. Left:
As the complexity (N, the number of humanoid robots) in a single
environment increases, the FPS advantage of our framework becomes
increasingly pronounced. Right: At a complexity of N = 10, our
framework maintains FPS advantage with large batch sizes, where
Genesis fails to reach convergence.

energy bleed across repeated impacts, while MuJoCo exhibits
stronger damping and phase drift.

2) Large Time-step Stability: We evaluate base stability on
a Boston Dynamics Spot model under physics-only stepping
with a 10ms timestep, no control input, and identical initial
pose (Table [l Bottom). GS—Playground exhibits smaller
base displacement and reduced drift over time, suggesting
more stable contact resolution under large time steps.

3) Complex Multi-Body Interactions: In a dense store shelf
scenario with stacked objects, we evaluate static stability under
complex multi-contact constraints. While GS-Playground
consistently converges to stable equilibria, MuJoCo exhibits
characteristic jitter and contact-induced drift—common arti-
facts in high-density contact graphs (Fig. [3).

Stability and Scalability in Complex Scenes. We evaluate
the algorithmic robustness of GS—Playground against Mu-
JoCo (CPU) and Genesis/MjWarp (GPU) in high-complexity
single-environment scenarios. To vary scene complexity, we
scale the number (V) of 27-DoF humanoid agents within a
single environment. All experiments were conducted on an
AMD 9950x CPU and an NVIDIA RTX 5090 GPU. Results
are shown in Fig. @] As constraint density increases, GPU-
based solvers suffers from severe performance degradation.
At N = 10, Genesis fails to reach convergence and exhibits
numerical instability through Jacobian-related errors. When
complexity reaches N = 50, MjWarp’s throughput collapses to
amere 1.71 FPS. In contrast, GS-P1layground (CPU) main-
tains a robust throughput of 1,015 FPS at N = 50. This perfor-



Render Throughput Comparison (Ours vs IsaacSim)
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Fig. 5: Aggregate rendering throughput of GS-Playground vs. Isaac Sim’s ray-tracing renderer across resolutions. Isaac Sim relies on
manual asset modeling and encounters Out-Of-Memory (OOM) exceptions at higher resolutions, while GS-Playground leverages automated
asset generation from real-world captures. Evaluations span three GPU architectures: NVIDIA RTX 4090, RTX 6000 Ada Generation, and

NVIDIA A100.

TABLE IV: Image Quality Metrics. Our pruned model retains 30%
of the original Gaussians while preserving high PSNR and SSIM for
static scene reconstruction.

Method # Gaussians | PSNR 1 SSIM 1t LPIPS |
3DGS 100% 27.1503 0.8296 0.2238
Ours 30% 26.8658 0.8022 0.2840

Realistic Simulation Rendering

Fig. 6: Visualization of rendering. The simulated renderings are
nearly indistinguishable from real photographs indicating photoreal-
istic fidelity. Our framework supports a broad range of tasks and
evaluations, including diverse objects and scene configurations.

mance represents a 32x speedup over MuJoCo and a ~600x
improvement over MjWarp. Note that GS-Playground also
offers competitive GPU performance, with further gains ex-
pected as we are refining our GPU-specific kernel fusion and
memory management strategies.

B. Visual Fidelity and Efficiency

Visual 3DGS Compression. We measure the trade-off
between memory footprint and visual quality, as summarized
in Table For full static scene reconstruction, we compare
raw 3DGS reconstructions with our pruned version, retaining
only about 30% of the Gaussians while preserving high PSNR
and SSIM. Additionally, for manipulated dynamic objects and

the robot body, the number of points can be further reduced
by up to 90%, enabling more aggressive memory compression
without compromising the critical visual cues required for
robotic perception.

Rendering Throughput Comparison. We evaluate the ren-
dering throughput of GS-Playground against Isaac Sim’s
ray-tracing renderer across three standard resolutions and
multiple GPU architectures, including the NVIDIA RTX 4090,
RTX 6000 Ada, and A100. As illustrated in Fig. [5] our frame-
work consistently outperforms the baseline in aggregate FPS at
all tested batch sizes, with the gap most pronounced at higher
resolutions such as 1280720, where Isaac Sim’s ray-tracing
approach frequently encounters Out-Of-Memory (OOM) ex-
ceptions at larger batch sizes. Our Gaussian Splatting-based
pipeline thus provides a more memory-efficient and scalable
solution for large-scale parallel visual simulation.

Qualitative Rendering Fidelity and Diversity. Fig. [6]
presents a qualitative comparison between real and simulated
renderings. The simulated renders exhibit a high degree of
visual consistency with real camera images, preserving crit-
ical geometric features and surface details. Moreover, the
scenes depicted span a diverse set of object types, materials,
and configurations, demonstrating that our simulation system
maintains a high level of visual consistency across varied
setups, making it suitable for diverse training and evaluation
scenarios. All experiments were conducted on the Bridge-v2
dataset [47]. On an NVIDIA RTX 3090 GPU, the per-scene
pipeline latency is within 5 minutes end-to-end before 3DGS
pruning, while dataset-scale generation distributes pipeline
stages across multiple GPUs. Compared to Bridge-v2, Bridge-
GS enriches each asset with scene- and object-level 3DGS
representations, object-level meshes, object poses, and camera
intrinsics and extrinsics; Sec. @ provides additional dataset
details.

C. Physics-Intensive Locomotion Learning

Simulation Comparison. We benchmark our framework
against IsaacLab using the Isaac-Velocity-Flat-Unitree-Gol-v0
and Isaac-Velocity-Rough-Unitree-Gol-v0 environments. All
configurations are trained for an equivalent number of total
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Fig. 7: Wall-clock training efficiency for Unitree Gol locomotion.
(a) Flat terrain; (b) Rough terrain (stairs). “deci” denotes the deci-
mation, which refers to the number of physical sub-steps per control
step. Lower decimation typically increases throughput but may com-
promise physical fidelity. All results—both GS-Playground and
the IsaacLab baseline—were measured on identical hardware (RTX
5070Ti + Ryzen 7 9700X).

steps. On flat terrain (Fig. [7h), while IsaacLab achieves higher
speed at low fidelity (d = 1, where d denotes the decimation
factor, or the number of physical sub-steps per control step),
it fails to reach a competitive terminal reward. In contrast, our
method with d = 1 achieves a terminal reward comparable to
IsaacLab at d = 4, while reaching convergence faster. This
result demonstrates that our solver’s stability permits larger
integration time steps without compromising physical fidelity
or policy convergence. This stability advantage is even more
apparent in complex environments like the stairs terrain (Fig.
). Here, our framework at d = 1 achieves higher rewards
and faster convergence than the baseline at the same setting.
Against the high-precision baseline (d = 4), our method
remains faster in wall-clock time. These results show that our
approach offers a clear dual advantage in stability and speed
for complex, contact-rich tasks.

Sim2Real Deployment. We demonstrate the practical utility
of GS-Playground by successfully deploying state-based
locomotion policies onto a Unitree Go2 quadruped and a
Unitree G1 humanoid (Fig. [8a), (b)). The quadruped policy,
utilizing simplified collision geometries and 1,024 parallel
environments, reached convergence in 10 minutes of wall-
clock time. The humanoid policy, employing full-collision
manifolds and 2,048 parallel environments, reached conver-
gence in approximately 6 hours. These results demonstrate our
framework’s efficiency in bridging the physics reality gap.

D. Vision-Centric Navigation Learning

We demonstrate a vision-based navigation task on the Uni-
tree Go2, where the robot is required to search for and reach a
target traffic cone (Fig. [8(d)). The policy observes egocentric
RGB images rendered by GS-Playground during training.
To couple high-level visual decision making with stable legged
control, we adopt a two-level hierarchical RL design. A high-
level policy encodes egocentric RGB observations and outputs
a compact navigation command (e.g., desired base motion
command). A low-level locomotion controller takes the com-
mand together with proprioceptive states and produces joint-
level control signals for the Go2. Both levels use PPO: the
low-level controller is pre-trained and frozen, while the high-

Fig. 8: Real-world deployment of policies trained in GS-
Playground. We demonstrate robust Sim2Real transfer across diverse
embodiments and modalities: (a) Quadrupedal Locomotion: Veloc-
ity tracking on Unitree Go2; (b) Humanoid Locomeotion: 23-DoF
balancing and walking on Unitree G1; (c¢) Visual Manipulation:
End-to-end RGB-based grasping; (d) Visual Navigation: Real-time
cone following on Unitree Go2 using raw RGB observations.

level policy is trained in GS-Playground. After training in
simulation, we directly deploy the learned policy on a real
Go2, which successfully performs goal-directed navigation
toward the cone using only onboard egocentric vision. These
results validate that GS-Playground provides the high-
fidelity visual feedback necessary for training vision-encoder
policies capable of zero-shot real-world deployment.

E. Vision-Centric Manipulation Learning

To evaluate the platform’s efficacy in bridging the visual
Sim2Real gap, we conducted a block-grasping task using the
Airbot Play robotic arm (Fig. Bf). The control policy, trained
as a goal-conditioned RL agent, maps raw RGB observations
and proprioceptive states to 6-DoF joint actions. Utilizing
our Real2Sim pipeline, we reconstructed a high-fidelity 3DGS
simulation scene that serves as a direct visual proxy for the
real-world setup. To improve robustness against real-world
variability, we incorporated domain randomization of camera
poses and image-level appearance (brightness, contrast, and
exposure) during training. For comparison, we trained the
same policy under matched task definition, network, PPO
hyperparameters, and randomization protocol in three batched-
rendering baselines—Mujoco Playground, ManiSkill3, and
Isaac Lab—while varying the simulator and visual rendering
stack. The resulting policy achieves an 18/20 success rate
(90%) during zero-shot real-world deployment, whereas all
three baselines achieve 0/20 under the same real-world evalu-
ation protocol (Table [V]and Fig.[9). Under this matched setup,
the observed failures are consistent with a visual domain gap
between the baseline renderings and the real scene, rather than
a difference in task definition or policy architecture. Notably,
the evaluation was performed in a real-world scene that fea-
tured no specialized visual engineering or simplification, such
as simplified backgrounds or controlled lighting. The robot
demonstrates agile and stable grasping maneuvers, indicating
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Fig. 9: Rendering comparison for the AIRBOT PickCube scene.
From left to right: Real World, GS-Playground, Isaac Lab, Man-
iSkill3, and Mujoco Playground. GS—-Playground closely matches
the appearance of the real scene, while all other simulators exhibit
a substantial visual domain gap that, under the matched setup of
Table M leads to 0% Sim2Real transfer.

TABLE V: Zero-shot Sim2Real success rate on PickCube under
matched task setup, network, and image-level domain randomization
(20 real-world trials each).

Simulator Real-world Success Rate
Mujoco Playground 0% (0/20)
ManiSkill3 0% (0/20)

Isaac Lab 0% (0/20)
GS-Playground (Ours) 90 % (18/20)

that the perceptual richness of 3D-Gaussian-based simulation
can support policies trained from complex, unsimplified visual
cues. Sec. [D| provides additional implementation details.

V. DISCUSSION

We plan to utilize GS-Playground to synthesize large-
scale vision-informed data for VLA and VLN models, facilitat-
ing robust sim-to-real transfer. Additionally, by incorporating
the real-to-sim workflows, we are constructing expansive,
scalable environments for the rigorous verification and bench-
marking of advanced robotic policies.

Despite its current performance, our framework has sev-
eral limitations that provide opportunities for future research.
GS-Playground currently focuses on interactive rigid-body
robot learning across manipulation, locomotion, and naviga-
tion. More general Real2Sim, including automatic estimation
of physical parameters from visual observations alone, remains
future work.

Unlike ray tracing or standard rasterization-based renderers,
3D Gaussian Splatting bakes static lighting into the recon-
structed scene. Visual augmentation such as color jitter and
brightness randomization improves robustness, but does not
fully solve dynamic lighting. Transparent or highly reflective
objects can also remain difficult even with segmentation and
inpainting, especially under severe transparency, specular re-
flections, or heavy occlusion.

Furthermore, the current Rigid-Link Gaussian Kinemat-
ics (RLGK) assumes rigid bodies. Representing deformable
objects (cloth, fluids) or soft-body manipulation remains a
challenge. We plan to integrate particle-based dynamics (like
PBD or MPIM) with Gaussian splatting to address non-rigid
interactions.

VI. CONCLUSION

We introduce GS-Playground, a high-performance sim-
ulation platform that harmonizes a custom parallel physics
engine with a memory-efficient batch 3D Gaussian Splatting
(3DGS) renderer to bridge the gap between realism and
efficiency. By utilizing a specialized point-pruning strategy,
our framework achieves an aggregate rendering throughput
of 10* FPS across 2048 environments at 640 x 480 reso-
lution while avoiding the heavy memory overhead of tra-
ditional neural rendering. An automated Real2Sim pipeline
streamlines the creation of simulation-ready visual and geo-
metric assets for complex robot-learning scenes. Evaluations
across quadrupedal, humanoid, and manipulation embodi-
ments demonstrate that GS-Playground facilitates robust
Sim2Real transfer by bridging the reality gap in both physical
dynamics and visual perception. Together, these capabilities
establish GS-Playground as a scalable, open-source plat-
form for high-throughput photorealistic robot learning and
Sim2Real research.
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