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Figure 1. Bridging the representation gap. Left: Photorealistic 3DGS assets are easy to capture but incompatible with physics engines,
while traditional meshes are physics-ready but lack capture fidelity. Right: Our representation abstraction framework unifies heterogeneous

assets — captured 3DGS, virtual meshes, and particle systems — within a single scene-level physical simulation.

Abstract

3D Gaussian Splatting (3DGS) has achieved state-of-the-
art photorealistic rendering, but the representation gap
prevents these assets from being physically interactive.
Production-grade physics engines do not understand the
3DGS representation, while prior physics-for-3DGS meth-
ods are monolithic silos. These prior works are fundamen-
tally limited, demonstrating only object-centric physics in
isolated environments, such as on an ideal plane — they are
incapable of interacting with complex static collision ge-
ometry or heterogeneous assets. We propose a novel frame-
work that, for the first time, bridges this gap by enabling
3DGS assets to participate in scene-level, heterogeneous,
multi-solver physical simulations. Our core contribution is
a Representation Abstraction Framework that “translates”
all diverse assets—including 3DGS, virtual meshes, and
fluids—into a unified physical particle set. This abstrac-
tion is key to enabling complex behaviors, such as the non-
rigid deformation of 3DGS assets, within a unified physics
pipeline. This particle set, along with the static scene col-
lision boundaries derived from scene capture, is processed
within a solver-agnostic physics kernel. The physical re-
sults are then mapped back to drive each asset’s specific vi-
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sual reconstruction. This architecture unlocks capabilities
impossible with prior art. We demonstrate complex, two-
way interactions between deformable 3DGS assets, stan-
dard CG assets (like fluids and meshes), and large-scale
captured static environments, showcasing realistic coupled
phenomena that were previously unattainable.

1. Introduction

3D Gaussian splatting (3DGS) [20] has recently become the
state-of-the-art (SOTA) for real-time, photorealistic novel-
view synthesis. It represents scenes with millions of ex-
plicit Gaussian splats, achieving unprecedented rendering
quality and speed. However, while 3DGS has seen im-
mense success in rendering static scenes or replaying pre-
captured motion, these high-fidelity worlds remain largely
“dead” [1, 17]—they lack physical interactivity. Transform-
ing these assets from “passive renderables” to “active par-
ticipants” is the next major frontier to unlock their full po-
tential [2].

The core challenge in achieving this stems from a fun-
damental representation gap [35]. On one hand, 3DGS is a
powerful visual representation defined by covariance (),
spherical harmonics (C), and opacity (0). On the other
hand, powerful, mature, production-grade physics engines
(e.g., Unreal Engine [8], Houdini [29]) are representation-
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Table 1. Comparison of physics-based 3D Gaussian splatting methods. Our framework unifies high-fidelity captured objects (GS
particles) with external standard assets (meshes/fluids) in a single scene-level simulation with advanced rendering.

PhysGaussian [35] DecoupledGaussian [33]

Gaussian Splashing [10]

GausSim [28] Ours

Core paradigm Unified (MPM) Decoupled & inpaint

Unified (PBD) Unified (neural) Hybrid representation

Dynamic object rep. GS particles only GS particles only GS particles only GS particles only Hybrid (GS + mesh/fluid)
Sim. captured objects v v v v v

Sim. external assets X X X X v
Heterogeneous interaction X X X X v (e.g., GS «> mesh)
Physics solver generality Single (MPM) Single (MPM) Single (PBD) Single (neural) Multiple (MPM, SPH, rigid...)
Scene-level interaction X v X X v

Complex terrain support X (Ideal plane) X (Ideal plane)

X(Ideal plane) X(1deal plane/void) ¢/ (Full 3D)

Rendering pipeline Custom rasterizer Custom rasterizer
Advanced lighting/shadows X X

Custom (PBR) Custom rasterizer
Limited X

Industrial (Unreal Engine 5)
¢/ (Lumen, RT)

agnostic, operating on a completely different set of physi-
cal representations (like particles, meshes, and rigid bodies)
and supporting heterogeneous, multi-solver (MPM [30],
SPH [13], PBD [25]) architectures. These engines cannot
natively understand the novel 3DGS representation.

To bridge this chasm, prior work was forced down a
“siloed” path [5, 23, 35-37]: they built proprietary, mono-
lithic physics solvers specifically for 3DGS. This approach,
however, suffers from two fundamental flaws. First, it is
homogeneous: it creates a non-extensible closed system
in which only GS particles exist, making it fundamentally
incapable of interacting with external, standard CG assets
(like meshes, fluids, or rigid bodies). Second, it is isolated:
it is not scene-level. It typically operates in a void or on
an ideal plane and is fundamentally unable to support com-
plex, pre-existing 3D static collision geometry. This “toy”
approach is a dead end for scalable and general physics in
complex worlds [9, 38].

In this paper, we argue against re-inventing the wheel
with another siloed solver. Instead, we propose a novel Rep-
resentation Abstraction Framework. Our framework acts as
a bridge that, for the first time, unifies 3DGS captured as-
sets, traditional CG assets, and complex static scenes within
powerful, “off-the-shelf” heterogeneous physics engines.

This framework aims to solve both flaws of the siloed
path. First, to solve the homogeneous problem, we translate
and abstract all diverse dynamic assets—whether 3DGS (as
soft bodies), virtual meshes (as PBD deformable bodies), or
external fluids (as SPH particles)—into a unified physical
particle set. Second, to solve the isolated problem, we also
consume the static scene boundaries (M. ), which are ex-
tracted from the scene capture [33].

These two elements—the unified dynamic particles and
the static scene boundaries—are then fed into a unified
simulation context. Here, a modular heterogeneous solver
handles all physical interactions between assets [26] and
the static scene (e.g., particle-mesh collision, fluid-on-soft-
body coupling). After simulation, our framework “reverse-

translates” the physical results (e.g., deformation gradient
F°, new position z°) and intelligently routes them to each
asset’s own specific visual reconstruction pipeline: 3DGS
assets use F' to update their covariance >0 while mesh as-
sets use particle positions to drive barycentric skinning.

We demonstrate this end-to-end system by validating it
on a series of previously impossible, complex dynamic sce-
narios. For example, we show a captured 3DGS soft-body
bear deforming under a virtual SPH fluid splash while real-
istically sliding across a captured static garden scene with
complex geometry. Our work ultimately transforms 3DGS
from static renderables into fully functional, interactable
“physical sandboxes”, achieving dual physical and visual
high-fidelity within a unified production renderer like Un-
real Engine 5 [8].

In this paper, we make the following contributions: (i)
We propose the first framework to enable scene-level, het-
erogeneous, multi-solver physics for 3D Gaussian Splat-
ting. (if) We introduce a representation abstraction layer
that translates diverse dynamic assets (3DGS, meshes, flu-
ids) and complex static scenes into a single physical simula-
tion context. (iif) We demonstrate complex, two-way phys-
ical interactions between captured 3DGS assets, standard
CG assets, and real-world static scene geometry. (iv) We
deliver a complete end-to-end pipeline with unified render-
ing in Unreal Engine 5, leveraging advanced features such
as Lumen global illumination.

2. Related work

2.1. Physics simulation of 3D Gaussian splatting

Despite 3DGS’s rapid adoption for high-fidelity rendering,
prior efforts [5, 10, 16, 35] to endow it with physics have
followed a monolithic and siloed paradigm. These works
fall into two main categories: analytical solvers (e.g., Phys-
Gaussian [35] and others treating kernels as material points
in MPM or adapting them for PBD) and neural solvers (e.g.,
GausSim [28], which uses a center of mass systems model



[31] governed by continuum mechanics to learn dynamics).

While groundbreaking, this entire monolithic approach
suffers from fundamental limitations that restrict its use
to “toy” scenarios [2, 33]. First, it locks the asset into
a single-solver model, preventing complex multi-material
simulation. Second, and more critically, these GS-specific
solvers are siloed and non-extensible. They are incapable
of interacting with external, standard virtual assets (such as
meshes, fluids, or rigid bodies). Consequently, these meth-
ods are demonstrated in isolated environments, such as on
an ideal plane, and cannot support complex, pre-existing 3D
static collision geometry. In summary, the field has been
missing a general and scalable solution to integrate high-
fidelity GS assets into complex, scene-level simulations.
Our work directly confronts this limitation.

2.2. Heterogeneous multi-solver physics

In the broader computer graphics community, high-fidelity
physical simulation for production has long embraced a
heterogeneous, multi-solver architecture [8, 12, 26, 29].
The power of modern physics engines lies not in a single,
“one-size-fits-all” solver, but in the ability to couple mul-
tiple, specialized solvers, managing complex interactions
between assets represented in entirely different ways (e.g.,
coupling SPH for fluids, MPM for granulars, and PBD for
cloth). The core capability of these industrial-strength sys-
tems is a unified collision and coupling mechanism that
manages interactions between these disparate solvers as a
generalized process.

These powerful engines are, however, representation-
agnostic. They operate on a common currency of particles
and explicit triangle meshes [5]. They have no native un-
derstanding of rendering-oriented representations such as
NeRF [24] or 3DGS [15, 20]. Therefore, a significant gap
exists. Instead of “re-inventing the wheel” by building an-
other limited, GS-specific solver, the more intelligent and
scalable path is to bridge this gap. Our core contribution,
a Representation Abstraction Framework, is precisely this
bridge.

2.3. Neural scene representations

While implicit representations like NeRF [24] first achieved
photorealism, their monolithic structure and slow rendering
make them extremely difficult to physically simulate. This
limitation led to the shift towards explicit or hybrid repre-
sentations, culminating in 3D Gaussian splatting, whose ex-
plicit, point-based nature is far more suitable for physical
interaction than an implicit field. However, recent works
on dynamic 3DGS (or 4DGS [27, 34]) focus predominantly
on kinematic motion. These methods (e.g., [11]) only re-
play a pre-captured or generated motion sequence. They
are not physics-based; they cannot simulate new dynam-
ics or respond to novel physical interactions. Simulating

new, physically-plausible dynamics for these assets remains
a critical open challenge, which our work is the first to
tackle within a general-purpose, heterogeneous, and scene-
level simulation framework.

3. Method

We introduce a novel end-to-end framework that enables
captured 3D Gaussian splatting (GS) assets to participate
in complex, scene-level physical simulations with hetero-
geneous virtual assets. The core challenge is that modern
physics engines are not designed to process GS representa-
tions, while existing GS-specific physics methods are siloed
and cannot interact with complex, multi-solver scenes.

Our key contribution is a Representation Abstraction
Framework, which acts as a bridge to resolve this. As
shown in Figure 2, our framework is organized into three
stages: (1) heterogeneous asset preparation and abstraction,
(2) a unified simulation kernel, and (3) heterogeneous visual
recoupling and rendering.

3.1. Asset preparation and abstraction

The goal of this stage is to consume a diverse set of optional
input assets (shown in Fig. 2, left) and translate them into
the two key components required by our simulation kernel:
a single static collision mesh (M) and a single unified
particles list.

Populating the static world (Mgc). The Mie de-
fines all non-moving geometry our dynamic objects can
interact with. It is a composite mesh assembled from all
static sources, including both captured real-world data and
optional imported assets. For in-the-wild scenes, we pro-
cess multi-view images [3, 4, 22] through our captured as-
set pipeline. This pipeline uses techniques like Gaussian
segmentation [6] and object-scene restoration (leveraging
planar-based Gaussian [7] and surface reconstruction [19])
to extract the base static geometry from the real scene cap-
ture. Users can also augment the static world with their own
custom geometry, such as imported 3D Gaussian splatting
(BDGS) assets or virtual mesh assets. All selected static
sources are processed and merged into the final watertight
Mslalic~
Populating the dynamic world (unified particle list). All
dynamic participants are processed by our representation
abstraction layer and converted into a single unified parti-
cles list. This layer handles a wide variety of asset types:
Captured 3DGS assets: Dynamic GS objects (Ggyn) are
converted into a set of physical particles Xy. If the asset has
been pre-processed by the object-scene restoration pipeline
of DecoupledGaussian [33], we use its dense points directly.
Otherwise, for standard 3DGS captures, we define the ob-
ject’s interior by computing a continuous opacity field d(X)
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Figure 2. Architecture of our Representation Abstraction Framework. (1) Asset preparation & abstraction. Heterogeneous inputs
(left), including real scene capture and various imported assets, are processed. A static collision mesh (Miaric) is reconstructed from multi-
view images using planar-based Gaussian. The representation abstraction layer translates all assets into a unified particle list. Visual-only
data (e.g., F¥est, w;kQ) is cached. (2) Unified simulation kernel. The kernel consumes the particles and static mesh, using a suite of het-
erogeneous solvers (MPM, SPH, PBD-cloth, rigid-body, articulated-body) to output the updated physical state (x’, F’). (3) Heterogeneous
recoupling & rendering. The visual state recoupling step “reverse-translates” the physical state using the cache. It performs asset-specific
reconstruction and serialization. These are loaded into Unreal Engine 5 to produce the final cinematic results.
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For each resulting particle position Xj, we instantiate
a physical entity pj. This entity, which is consumed
by the simulation kernel, encapsulates all necessary in-
formation: its geometric and kinematic state (e.g., po-
sition Xj, mass mj, velocity Vj), its assigned physi-
cal model (ModelType;), and its constitutive parameters
(e.g., Young’s modulus E, Poisson’s ratio v for MPM par-
ticles). The full structure is defined as:

pj = {Xj,mj,Vj,ModelTypej, Ej,vj,...} (2

Concurrently, the visual entity vj = { resj,Cj,0j5} is
stored in the visual asset cache for later recoupling.

Virtual meshes: Dynamic meshes are “particle-ized” us-
ing Poisson disk sampling.

VXi, Xk € Xmesh, || Xi —Xk|| >r fori#k (3)

We establish a binding [18] between the template mesh
Miemplaie and its particles by pre-computing barycentric
weights {wik }, such that its rest position is defined by:

>

rest __

v = wikXk “)

This template mesh and its weights are also stored in the
visual asset cache.

External particle systems (e.g., fluid): These inputs (Vir-
tual Particles) are loaded directly as a set of initial particle
positions Xparicte- Their Model1Type is set (e.g., to SPH),
and no separate visual entity is required.

Kinematic assets (e.g., robot arm [14]): These assets are
not converted to particles. They are treated as standard vir-
tual mesh assets (rigid bodies) whose motion is not solved
by our physics kernel. Instead, their transforms are kine-
matically prescribed by the user-defined animation. They
act as one-way colliders, affecting other dynamic objects
(like the rigid-body cubes) while remaining unaffected by
them.

3.2. Unified simulation kernel

This stage acts as a modular, solver-agnostic physics kernel.
As shown in Figure 2, the kernel takes two unified inputs
from Stage 1: the complete static collision mesh (Myic)
and the unified particles list at the current time ¢.

The particles are initialized with their current physical
state (X¢, F¢), derived from the initial state (t = 0) or
the previous loop’s output. These inputs are processed
by the heterogeneous solvers module, which manages and
seamlessly interfaces with various specialized solvers (e.g.,
MPM, SPH, PBD-cloth, rigid body, and articulated body).



The kernel's core capability is its ability to robustly

manage heterogeneous interactions. This includes handling
complex, continuous force exchanges (e.g., pressure from

SPH particles onto MPM particles) as well as discrete col-
lision events.

For discrete collision and frictional contact between all
entities (e.g., particle-mesh or rigid-body-on-rigid-body),
the kernel employs a uni ed impulse-based mechanism. As
an example of this discrete coupling mechanism, when two
entities i and j collide, a response impulse is computed to
determine the post-collision velocities. Lgtand r, denote
the normal and tangential components of the relative veloc-
ity between the two colliding entities. The post-collision
velocity components are determined by:

r,=er p
ro =rymax(0;1 jr

)]
(6)
where e is the coef cient of restitution and is the Coulomb

friction coef cient.
This unied impulse-based approach ensures non-

nJ=jrd)

ance rest;j .
T
JQ = FJO rest;j Fjo (8)
The opacity J-° is assumed to be an invariant material
property and is carried over from its rest state:

7= )
Finally, the rotation (extracted froijE is used to rotate
the SH coef cients £ The mathematical derivation prov-
ing this F propagationto is physically consistentis pro-
vided in the Supp. S3.

Mesh assets: We retrieve the asset's template mesh
M emplate@nd its precomputed barycentric weightsfg
from the cache. The new deformed vertex positi@isv
computed by applying these same weights to the new par-
ticle positions X :

X
V.o = Wik XO 10
i k
k

Particle assets: For uid assets (SPH), the physical parti-
cle position is its own visual representatiorf. P X jo_

penetrating and frictional response across all dynamic as-

sets when they collide with each other or with dMic.
Within each time step,
cuted iteratively in a speci ¢ sequence — rigid-body and
articulated-body solvers rst, followed by MPM, SPH, and
nally PBD — with updated particle states propagated be-
tween solvers and re ned through inter-solver iterations,

ensuring that complex coupling forces and constraints are

consistently resolved within the same step. More detailed
solver and continuous coupling implementations are pro-
vided in the Supp. S6. Atthe end of the step t, the simula-
tion kernel returns the updated physical statei1(xF 1 ),
which is passed to the nal stage for visual reconstruction.

3.3. Heterogeneous recoupling and rendering

Serialization and nal rendering. The recoupled visual

the heterogeneous solvers are €X€Hata is serialized into asset-aware formats (e.g., .ply les

for 3DGS, .abc les for meshes, .pbd caches for parti-
cles). These serialized les are then loaded into our nal
cinematic results pipeline. We utilize Unreal Engine 5 as
our nal renderer. The engine natively ingests the .abc
and .pbd caches, while our 3DGS plugins [32] (a com-
patible Gaussian Splatting rendering component) load the
per-frame .splat les. This nal step allows all our co-
simulated assets to be rendered together, interacting cor-
rectly with advanced features like Lumen global illumina-
tion and ray-traced shadows.

4. Experiments

This nal stage reverse-translates the sparse, abstract phys-

ical data from the simulation kernel back into high- delity, We validate our framework across ve complex scenarios
renderable visual assets. This stage requires two inputs: théhat are, by design, unattainable by prior siloed methods.
updated physical state $F°) from Stage 2, and the visual Each scenario exercises a distinct capability: scene-level

asset cache (containing fest Wik ; :::g) from Stage 1. composition, heterogeneous multi-solver coupling, articu-
lated dynamics, complex geometry interaction, and integra-

tion with imported 3DGS assets — all while maintaining

Visual state recoupling. The visual state recoupling step L 5 i i
photorealistic rendering via Unreal Engine 5.

performs asset-speci ¢ reconstruction in parallel for all dy-
namic entities. As shown in Figure 2, different asset types 4.1. Implementation details
use different reconstruction logic:
« 3DGS assets: We propagate the physical deformation to,
the visual attributes. The new Gaussian cenfbilsp;et to
the updated particle position.

Simulation kernel. We implement our core abstraction
layer and simulation loop (described in Sec. 3). Our uni ed
kernel, which is built upon the Genesis-world physics solver
[12], acts as a modular, solver-agnostic kernel that manages
and dispatches tasks to specialized solvers, including MPM
(for soft bodies), SPH (for uids), PBD (for cloth), standard
rigid-body dynamics (for objects), and articulated-body dy-
namics (for kinematic chains).

0_,0
Py =X

)

The new covariance ? is computed by applying the
physical deformation Fto the cached rest-state covari-



Figure 3. Our qualitative showcase of new, scene-level heterogeneous simulations produced using our framework. Each row demon-
strates a unique coupling of different asset types and physics solvers, executed within a captured 3DGS environment and rendered in Unreal
Engine 5. Row 1: Fluid (SPH) on virtual mesh. A virtual uid (SPH) is poured into an imported virtual mesh (bowl), interacting with both

the bowl and the static 3DGS scene (garden table). Row 2: Fluid (SPH) on GS soft body (MPM). A high-viscosity uid (SPH) is coupled
with a captured 3DGS soft body (MPM donut), demonstrating complex multi-solver, two-way interaction on a plate. Row 3: Articulated
rigid body manipulation. A kinematically-driven robotic arm (articulated-body solver) manipulates a virtual rigid body (cube) on a table.
Row 4: Cloth (PBD) on captured statue. A virtual cloth (PBD solver) realistically drapes and slides over the complex, non-convex geome-
try of a captured 3DGS statue, refuting the “ideal plane” limitation. Row 5: Rigid-body collision in 3DGS container. Multiple virtual rigid
bodies (fruits) interact with each other and with the complex geometry of an imported 3DGS asset (the basket). These scenarios are, by
design, unattainable by prior “siloed” methods.

Asset preparation. The preparation of static and dynamic men for global illumination and shadows.
assets follows the structure detailed in Section 3.1. For

scene-level static geometry, two strategies are employed to i ‘ . . i h
construct the static collision mesh (Mqo): direct capture  Baselines for comparison.  Our primary baselines are the

and composition. For scenes captured in situ (e.g., Kitchen, S110€d” SOTA methods (e.g., PhysGaussian [35], GausSim
[28]). Crucially, these baselines cannot be applied to our

Statue), we utilize our full asset pipeline to process multi- . | : h desianed for h
view images and extract the base static geometry4) experimental settings. They are not designed for heteroge-

from the real scene capture. For compositional scenarios!€0US: scene-level composition. Our qualitative showcase
(e.g., Garden, Rooms), we load a primary 3DGS scene ano(Seg:. 4:2) ther.efore demonstrates capabilities that are, by
then import additional assets—such as virtual mesh bowlsd€Sign, impossible for them.
or pre-captured 3DGS fruit baskets—which are also pro-
cessed and merged into the nal static collision geometry.
Dynamic assets are uniformly converted into the unied We present ve complex scenarios, visualized in Figure 3
particle list, regardless of their original source format. and our supplementary video, to demonstrate the breadth
of new capabilities unlocked by our framework. These
scenarios are chosen to validate our core claims by show-
Rendering. All scenarios are serialized (e.g., .splat, casing: (1) scene composition (SPH on virtual mesh), (2)
.abc caches) and rendered in Unreal Engine 5 using a multi-solver coupling (SPH on MPM 3DGS), (3) articu-
compatible 3DGS rendering component and leveraging Lu-lated dynamics (robot arm), (4) complex geometry inter-

4.2. Qualitative showcase of new capabilities
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