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Figure 1. Versatile motion synthesis and rendering. Gaussian Splashing (GSP) is a unified framework combining 3D Gaussian Splatting

(3DGS) and position-based dynamics. By leveraging their coherent point-based representations, GSP delivers high-quality rendering for

novel dynamic views involving interacting deformable bodies, rigid objects, and fluids. GSP enables a variety of compelling effects and

new human-computer interaction modalities not available with existing NeRF/3DGS-based systems. The teaser figure showcases a cliff

battered by waves (a), a deformable ficus plant (b), flooding garden (c) and piled and scattered rigid lego bulldozers in a box (d). The

reconstructed Gaussians not only capture the nonlinear dynamics of fluids and solids but can also be rasterized to realistically render with

both diffuse and specular shadings. GSP re-engineers several state-of-the-art techniques from neural surface reconstruction, specular-aware

Gaussian shading, position-based surface tension, and AI inpainting to ensure the quality of both simulation and rendering with 3DGS.

Abstract

We demonstrate the feasibility of integrating physics-based
animations of solids and fluids with 3D Gaussian Splat-
ting (3DGS) to create novel effects in virtual scenes re-
constructed using 3DGS. Leveraging the coherence of the
Gaussian Splatting and Position-Based Dynamics (PBD) in
the underlying representation, we manage rendering, view
synthesis, and the dynamics of solids and fluids in a co-
hesive manner. Similar to GaussianShader, we enhance
each Gaussian kernel with an added normal, aligning the
kernel’s orientation with the surface normal to refine the
PBD simulation. This approach effectively eliminates spiky
noises that arise from rotational deformation in solids. It
also allows us to integrate physically based rendering to
augment the dynamic surface reflections on fluids. Conse-
quently, our framework is capable of realistically reproduc-
ing surface highlights on dynamic fluids and facilitating in-
teractions between scene objects and fluids from new views.

*Both authors contributed equally to this work
†Corresponding author

1. Introduction

Visualization and reconstruction of 3D scenes have been

the core of 3D graphics and vision. Recent development of

learning-based techniques such as the neural radiance fields

(NeRFs) [44] sheds new light on this topic. NeRF casts the

reconstruction pipeline as a training procedure and delivers

state-of-the-art results by encapsulating the color, texture,

and geometry of the 3D scene into an implicit MLP net.

Its superior convenience and efficacy inspire many follow-

ups, e.g., with improved visual quality [38], faster perfor-

mance [18, 79], and sparser inputs [24, 80]. NeRF is com-

putationally expensive due to the volume rendering. Im-

age synthesis with NeRF has to follow the path integral,

which is less suitable for real-time or interactive applica-

tions unless dedicated compression or acceleration methods

are employed e.g., with NGP encoding [51]. 3D Gaussian

Splatting (3DGS) [29] provides an elegant alternative. As

the name suggests, 3DGS learns a collection of Gaussian

kernels from the input images. Unlike NeRF, which relies

on time-consuming ray marching and volume rendering, a

novel view of the scene from an unseen camera pose is gen-

erated using rasterization with the tile-splatting technique.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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This enables fast rendering with 3DGS.

It is noted that Gaussian kernels not only serve as a good

rendering agent but also explicitly encode rich information

of the scene geometry. This feature suggests 3DGS a good

candidate for dynamic scenes [15, 27, 60, 70, 78], animated

avatars [47, 84], or simulated physics [72]. We expand on

this intuition, enhancing the current 3DGS ecosystem by

injecting physics-based fluid and solid interactions into a

3DGS scene. This appears straightforward at first sight.

Since 3DGS kernels are essentially a collection of ellip-

soids, they can be used for the discretization of the fluid

and solid dynamics just as position-based dynamics [42],

oriented particles [48] or other particle-based simulation

techniques. Unfortunately, a simple combination of those

techniques does not yield the results expected. Large ro-

tational deformation of the solid objects affects the splat-

ting results with sharp and spiky noises [72]. During fluid

motion, fluid particles undergo substantial positional shifts,

moving from the inside to the outside or vice versa. Fluids

are both translucent and specular. The vanilla 3DGS simpli-

fies the composition of the light field without well-defined

appearance properties. This limitation makes fluid render-

ing cumbersome with 3DGS.

This paper presents a system namely Gaussian Splash-

ing (GSP), a 3DGS-based framework that enables realis-

tic interactions between solid objects and fluids in a physi-

cally meaningful way, and thus generates two-way coupled

fluids-solids dynamics in novel views. GSP integrates La-

grangian fluid and 3DGS scenes through a unified frame-

work of position-based dynamics (PBD) [42, 49]. We fol-

low a recent contribution of GaussianShader [26] to aug-

ment Gaussian kernels with additional environmental infor-

mation so that specular shading can be dynamically synthe-

sized along with the fluid’s movement. For solid objects,

GSP uses an anisotropy loss to cap the stretching ratio dur-

ing 3DGS training and mitigate the rendering artifacts in-

duced by rotational deformation. We approximate the nor-

mal of a fluid kernel based on the surface tension if it is near

the fluid surface. For scattered fluid droplets, we resort to a

depth volume rendered via the current camera pose to esti-

mate the normal information [66]. GSP is versatile, due to

the flexibility of PBD. It handles deformable bodies, rigid

objects, and fluid dynamics in a unified way. While it is pos-

sible to incorporate more complicated constitutional models

as in [16] and [31]. We found that PBD-based simulation

suffices in many situations. We further augment GSP with

an image-space segmentation module to select objects of in-

terest from the 3DGS scene. We exploit the latest generative

AI to fill the missing pixels to enable interesting physics-

based scene editing.

In a nutshell, GSP leverages a unified, volumetric,

particle-based representation for rendering, 3D reconstruc-

tion, view synthesis, and dynamic simulation. It contributes

a novel 3D graphics/vision system that allows natural and

realistic solid-fluid interactions in real-world 3DGS scenes.

This is achieved by carefully engineering the pipeline to

overcome the limitations of the vanilla 3DGS. GSP could

enable a variety of intriguing effects and new human-

computer interaction modalities in a diverse range of ap-

plications. For instance, one can pour water to flood the

scene, floating the objects within, or directly liquefy an

object, just as in science fiction. Fig. 1 showcases the

dynamic interaction between a LEGO excavator and the

splashing waves. There are 334,815 solid Gaussian kernels

and 280,000 fluid Gaussian kernels. Through the two-way

coupling dynamics, the excavator is animated to surf on the

splashing waves.

2. Related work
Dynamic neural radiance field Dynamic neural radiance

fields generalize the original NeRF system to capture time-

varying scenes e.g., by decomposing time-dependent neural

fields into an inverse displacement field and canonical time-

invariant neural fields [53, 54, 65, 69], or estimating the

time-continuous 3D motion field [14, 17, 21, 33, 37, 57, 71]

with an added temporal dimension. Existing works enable

direct edits of NeRF reconstructions [3, 12, 25, 32, 45].

In dynamic scenes, the rendering process typically needs

to trace deformed sample points back to rest-shape space

to correctly retrieve the color/texture information [55, 59,

75, 81]. They often extract a mesh/grid from the NeRF

volume. It is also possible to integrate physical simula-

tion with NeRF using meshless methods [16, 31]. Point

NeRF [74] and 3DGS [29] offer a different perspective to

scene representation explicitly using points/Gaussian ker-

nels to encode the scene. The success of 3DGS has inspired

many studies to transplant techniques for dynamic NeRF to

3DGS [36, 70, 76]. They incorporate learning-based de-

formation and editing techniques to reconstruct or generate

dynamics of NeRF scenes. It is noteworthy that a recent

work from Xie et al. [72] integrates physical simulation with

3DGS, leveraging the unified proxy for both simulating and

rendering.

Lagrangian fluid simulation Lagrangian fluid simula-

tion tracks fluid motion using individual particles as they

traverse the simulation domain. A seminal approach

within this domain is smoothed particle hydrodynamics

(SPH) [46], which solves fluid dynamics equations by as-

sessing the influence of neighboring particles. Despite

its efficacy, SPH, particularly in its standard and weakly

compressible forms (WCSPH) [5], suffers from parameter

sensitivity, e.g., kernel radius and time-step size for stiff

equations. To relax the time-step restriction, predictive-

corrective incompressible SPH (PCISPH) [61] iteratively

corrects pressure based on the density error. Similarly,
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position-based dynamics [49] provides a robust method of

solving a system of non-linear constraints using Gauss-

Seidel iterations by updating particle positions directly,

which can also be employed in fluid simulation [40] with

improved stability. Furthermore, surface tension can also be

generated [73] using the position-based iterative solver by

tracking surface particles and solving constraints on them

to minimize the surface area.

Reflective object rendering Achieving precise render-

ing of reflective surfaces relies on accurately estimating

scene illumination, such as environmental light, and ma-

terial properties like bidirectional reflectance distribution

function (BRDF). This task falls under the domain of in-

verse rendering [4, 52]. Some NeRF-related methodolo-

gies disentangle the visual appearance into lighting and

material properties, which can jointly optimize environ-

mental illumination, surface geometry, and material [6–

8, 62, 68, 82, 83]. Other NeRF studies [28, 34, 35, 39]

aim to enhance the accuracy of the normal estimation in

physically based rendering (PBR). Nevertheless, these ef-

forts face challenges such as time-consuming training and

slow rendering speed. On the contrary, 3DGS naturally of-

fers a good normal estimation as the shortest axis of the

Gaussian kernel [20, 26]. Following this idea, it is possible

to achieve high-quality rendering of reflective objects and

training efficiency simultaneously [26].

Point-based rendering Point-based rendering has been

an active topic in computer graphics since the 1980s [30].

The simplest method [19] renders a set of points with a fixed

size. It suffers from holes and relies on post-processing

steps such as hole-filling [19, 56] to correct the resulting

rendering. An improvement is to use ellipsoids instead of

volume-less points. This strategy is usually referred to as

point splatting [85]. The ellipsoids are rendered with a

Gaussian alpha-mask to eliminate visible artifacts between

neighboring splats and then combined by a normalizing

blend function [2, 85]. Point-based rendering well syner-

gizes with Lagrangian fluid rendering, enabling the calcu-

lation of fluid thickness and depth through splatting. This

approach [66] achieves fluid rendering at an impressive real-

time speed. Further extensions to splatting aim to automat-

ically compute the shape and color of ellipsoids, for exam-

ple, auto splats [11]. With the development of deep learning

in recent years, learning-based approaches improve the im-

age quality of splatting [10, 77]. 3DGS [29] has introduced

this technique into 3D reconstruction, enabling high-quality

real-time novel view synthesis for reconstructed scenes. A

natural idea is to combine 3DGS with fluid rendering, en-

abling interaction between reconstructed scenes and dy-

namic fluids.

3. Background
To make our paper self-contained, we start with a brief re-

view of PBD and 3DGS on which our pipeline is built.

More detailed discussions are available in the supplemen-

tary material and relevant literature e.g., [26, 29, 42, 49].

3.1. Position-based dynamics
PBD/XPBD treats a dynamic system as a set of N ver-

tices and M constraints. This perspective offers an easy

and efficient simulation modality, converting the vari-

ational optimization to the so-called constraint projec-

tions. Specifically, XBPD considers the total system

potential U as a quadratic form of all the constraints

C(x) = [C1(x), C2(x), ..., CM (x)]� such that U =
1
2C

�(x)α−1C(x). Here, x represents the position of ver-

tices and α is the compliance matrix, i.e., the inverse of the

constraint stiffness. XBPD estimates an update of constraint

force (i.e., the multiplier) Δλ by solving:[
Δt2∇C(x)M−1∇C�(x) +α

]
Δλ = −Δt2C(x)−αλ,

(1)

where Δt is the time step size, and M is the lumped mass

matrix. The update of the primal variable Δx can then be

computed as:

Δx = M−1∇C�(x)Δλ. (2)

We note that such constraint-projection-based simulation

naturally synergizes with 3DGS. It is also versatile and

can deal with a wide range of physical problems such as

fluid [40, 73], rigid bodies [50], or hyperelastic objects [41].

3.2. 3D Gaussian splatting
3D Gaussian splatting (3DGS) is a learning-based raster-

ization technique for 3D scene reconstruction and novel

view synthesis. 3DGS encodes a radiance field using

a set of Gaussian kernels P with trainable parameters

xp, σp,Ap, cp for p ∈ P , where xp, σp, Ap and cp repre-

sent the center, opacity, covariance matrix, and color func-

tion of each kernel. To generate a scene render, 3DGS

projects these kernels onto the imaging plane according to

the viewing matrix and blends their colors based on the

opacity and depth. The final color of the i-th pixel is com-

puted as:

ci =
∑
k

Gk(i)σkck(rk)

k−1∏
j=1

(1−Gj(i)σj) . (3)

Here, all the kernels are re-ordered based on the z-values at

kernel centers under the current view. Gk(i) denotes the 2D

Gaussian weight of the k-th kernel at pixel i, and rk is the

view direction from camera to the center of the k-th kernel.

The color functions only depend on the viewing direction.
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Figure 2. An overview of GSP pipeline. The input to our system comprises multi-view images that capture a 3D scene. During the

preprocessing stage, foreground objects are isolated and reconstructed. This is followed by point sampling to facilitate scene discretization

for PBD simulation and Gaussian rendering. We train the Gaussian kernels using differentiable 3DGS, which takes into account appearance

materials and lighting conditions. These kernels are animated using PBD, in conjunction with fluid particles, to tackle the dynamics of both

solids and fluids within the scene. Finally, the dynamic scene is rendered into images. This rendering process includes detailed modeling

of specular reflections, thereby providing visually accurate representations of the simulated interactions between solids and fluids.

GaussianShader [26] further enhances 3DGS by incor-

porating additional trainable material parameters for kernel

p such as diffuse dp, specular sp, roughness ρp, and normal

np, along with a global environment map. It fuses more

information into the kernel’s color:

cp(ri) = dp + sp � Ls(ri,np, ρp), (4)

where Ls(ri,np, ρp) is the specular light for the kernel

along ri given the normal and roughness of the kernel. It

can be pre-filtered into multiple mip maps. The symbol �
denotes the element-wise multiplication.

4. Method
As shown in Fig. 2, the input of our system is a collec-

tion of images of a given 3D scene taken from different

viewpoints. We separate foreground objects and the im-

age background for all the inputs and extract the surface

of masked objects. We apply an anisotropy loss to mitigate

undesired splatting render to prevent over-stretching Gaus-

sian kernels when training 3DGS for the solid object. Do-

ing so mitigates the rendering artifacts near the surface of

solid models. We decouple solid simulation and rendering

by utilizing a separate set of sampled particles for simula-

tion, and interpolating deformations of these particles onto

trained Gaussian kernels during rendering. This approach

ensures high-quality and robust results in both simulation

and rendering. On the other hand, fluids use a unified set

of Gaussian kernels (for rendering) or particles (for simu-

lation). We track the fluids surface during simulation and

use surface normal to properly synthesize specular effects

by augmenting them with a decomposed environment map.

Under the PBD framework, both fluids and solids are made

of particles, and can be animated in a unified way based on

local constraint projection.

4.1. Training
Our training process is generally similar to traditional Gaus-

sian Splatting. However, due to our use of Physically-Based

Rendering (PBR) modeling, the visual attributes or material

parameters (e.g., diffuse, specular, roughness) of Gaussian

kernels need to be determined. Without them, high-quality

rendering results are not possible. Similar to [26], we lever-

age the differentiable 3DGS pipeline to optimize the appear-

ance of every Gaussian kernel. All Gaussian kernels are

first shaded with their corresponding material parameters

(Eq. (4)) and are then splatted to a rendered image. Com-

paring it with the training view gives a loss back-propagated

to update the corresponding parameters of Gaussian ker-

nels. Specifically, the trainable parameters for each kernel

p are position xp, opacity σp, covariance Ap and material

{dp, sp, ρp,np}. The loss is defined as:

L = Lcolor + λnLnormal + λaLaniso, (5)

where Lcolor is the color loss between render and train-

ing image; Lnormal is normal consistency regularization

adopted from GaussianShader [26]. The anisotropy loss

Laniso is designed to prevent Gaussian kernels from becom-

ing excessively elongated or compressed and potentially

producing artifacts under large deformations. It is defined

as:

Laniso =
1

|P|
∑
p∈P

max

{
S1
p

S2
p

− a, 0

}
, (6)

where a is a ratio threshold and Sp =
{
S1
p ,S

2
p ,S

3
p

}
are the

scalings of Gaussian kernels with S1
p being the largest scal-

ing and S3
p being the smallest scaling. Note that as the shad-

ing normal is based on the minimal axis of Gaussian ker-

nels, we do not constrain the minimal axis in the anisotropy

loss. Otherwise, a spherical Gaussian kernel will result in
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normal ambiguity. We set a = 1.1, λn = 0.2, and λa = 10
in our experiments.

4.2. Solid simulation and interpolation
In dynamic Gaussian Splatting applications [58, 72], simu-

lation and rendering are often coupled, with Gaussian ker-

nels used for both processes. However, this creates issues:

Gaussian kernels primarily reside on object surfaces, re-

quiring internal kernels that are mostly unrendered unless

they contribute to effects like fracturing. Moreover, uneven

surface kernel distribution can degrade simulation quality,

while uniform distribution can hinder rendering. Thus, de-

coupling simulation and rendering is essential for maintain-

ing quality in both. Our pipeline uses reconstructed 3DGS

kernels for solid rendering and a separate set of particles for

simulation.

For accurate object-object interaction and fluid-solid

coupling, particles must precisely represent object bound-

aries and interiors. We employ Poisson disk sampling [9]

to place simulation particles within the surface mesh, re-

constructed using NeuS [67], which extracts the zero-level

set of a signed distance function for the foreground object.

Existing frameworks incorporating physics with 3DGS [72]

also require spatial discretization for solving dynamics

equations, but these methods can lead to sparse sampling,

particularly for thin object parts, which may degrade simu-

lation quality (see supplementary material).

Once the simulation particles are sampled and in place,

we perform PBD on them to animate frames of dynamic

motion. Each frame, deformation gradients and displace-

ments are interpolated from the simulation particles to the

trained Gaussian kernels using generalized moving least

squares (GMLS) [43], which produces smooth and robust

results.

4.3. Position-based fluids
We employ the Position-Based Fluids (PBF) [40] as our La-

grangian fluid synthesizer. To enforce the fluid incompress-

ibility, PBF imposes a density constraint Cρ
i on each parti-

cle, maintaining the integrated density ρi computed by the

SPH kernel as:

Cρ
i =

ρi
ρ0

− 1 =
∑
j

mj

ρ0
W (pi − pj)− 1, (7)

where mj is the mass of particle j. pi is the position

of particle i, and W is the SPH kernel function. Each con-

straint can be straightforwardly parallelized using GPUs.

GSP incorporates a position-based tension model [73]

to more accurately simulate fluid surface dynamics. Sur-

face detection for a particle is performed through occlusion

estimation, where each particle is enclosed by a spherical

screen. Neighboring particles project onto this screen, and a

particle is classified as on the surface if the cumulative pro-

jection area is below a specified threshold, reflecting its par-

tial exposure. Given the natural tendency of tensions to re-

duce surface area, PBF enforces an area constraint on each

surface particle to minimize local surface area. This process

begins with the calculation of the normal ni for surface par-

ticle i as:

ni = normalize(−∇piC
ρ
i ), (8)

where Cρ
i = 0 indicates the particle is inside the fluid, and

Cρ
i = −1 indicates it is outside. After that, we project the

neighboring surface particles onto a plane perpendicular to

ni and triangularize the plane. The area constraint can then

be built as:

CA
i =

∑
t∈T (i)

1

2
‖(pt2 − pt1)× (pt3 − pt1)‖ (9)

where T (i) is the set of neighboring triangles for particle i.
To promote a more uniform particle distribution, additional

distance constraints are introduced to push apart particles

that are too close to each other:

CD
ij = min {0, ‖pi − pj‖ − d0} , (10)

where d0 is the distance threshold. The original version was

parallelized on CPUs; we have enhanced it for GPU paral-

lelization. Calculations for ni, C
A
i and CD

ij are efficiently

parallelizable on GPUs. Considering that the number of

surface particles surrounding each particle is typically low,

local triangulation for each particle is conducted indepen-

dently on separate threads.

4.4. Rendering
The rendering of the dynamic scene reuses the existing

3DGS pipeline. For dynamic solids, we first transform each

solid Gaussian kernel from rest positions xp to deformed

positions xt
p where t indicates the time step index. We di-

rectly place these kernels at deformed positions. For a ker-

nel with deformation gradient Fp, its covariance At
p and

normal nt
p after deformation is updated by:

At
p = FpApF

�
p , and nt

p =
F−�
p np∥∥F−�
p np

∥∥ . (11)

We then shade the deformed Gaussian kernels

{xt
p, σp,A

t
p,n

t
p} with material {dp, sp, ρp}, i.e., Eq. (4)

and splat them into an image cbg. As shadows are im-

portant to visual outcomes in dynamic scenes, we further

re-engineer nearly-soft shadows [13] into our system to

enhance the realism.

The dynamic particle-based fluids are rendered with el-

lipsoids splatting [40], which is inherently compatible with

the existing 3DGS pipeline. We begin by generating spher-

ical fluid Gaussian kernels at each fluid particle. The initial
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Figure 3. GSP rendering. GSP synthesizes high-quality images

corresponding to dynamically interacting fluids and solids. (a) The

final rendered image combining rendered solids, fluids, and foams.

(b) The rendering result of solids. (c) The rendering result of flu-

ids. (d) The fluid thickness by additive splatting, where the darker

color indicates the higher thickness. (e) The normal of fluids. (f)

The intensity of foam particles. The insets in (b) and (e) represent

solid and fluid Gaussian kernels, respectively.

covariance Ap of each kernel is determined by the parti-

cle radius. The normal np adopts the surface normal of the

nearest surface fluid particle from PBF simulation. We pro-

ceed to set up the appearance material for each fluid Gaus-

sian kernel, which requires careful engineering due to the

fluid’s strong reflection and refraction effects. We employ

the current PBR workflow to model the reflection, which

adopts the same formula of Eq. (4). We set a specular

material (sp = 1, ρp = 0.05 in our experiments) for all

fluid kernels to imitate reflective behavior. The refraction

needs careful treatment, which we model into a thickness-

dependent diffuse color dp. As the fluid thickness increases,

the absorption of light within the fluid intensifies, resulting

in reduced visibility for objects behind. Conversely, when

there is less fluid present, it exhibits a more transparent ap-

pearance. The fluid thickness τ comes from the modified

splatting pipeline, with the alpha blending replaced by ad-

ditive blending. The refraction color dp is then represented

by Beer’s Law [64]:

dp = e−kτpcbgp . (12)

Here, the absorption coefficient k is defined differently for

each color channel, τp,cbgp is the fluid thickness and back-

ground back-projected to each Gaussian kernel respectively.

Note that for background back-projection, a distortion βnp

is added to mimic the change of light path due to refraction.

Opacity σp is set to 1 as most of transmission and refrac-

tion has already been modeled into dp. We finally shade all

fluid Gaussian kernels {xt, σp,A
t
p,n

t
p dp, sp, ρp} and splat

them to the fluid rendering result cfluid with Gaussian Splat-

ting. To enhance the realism of fluids, foam particles are

synthesized [22] and rendered [1]. The 3DGS pipeline is

re-engineered to incorporate additive splatting with distinct

kernels for foam, bubble, and spray particles. The final ren-

dering result is achieved by combining the cbg and cfluid, as

shown in Fig. 3. Please refer to the supplementary material

for more details on the rendering part.

Figure 4. Anistropy regularization. Anistropy regularization ef-

fectively maintains rendering quality under large deformations.

Without the regularization term, 3DGS tends to generate fuzzy

and spiky artifacts, especially near the surface of the model (left).

When the regularization is applied, image quality is greatly im-

proved with correct specular effects.

4.5. Inpainting
Displaced object exposes unseen areas that were originally

covered to the camera. Since they are not present in the

input image, 3DGS is unable to recover the color and tex-

ture information of these areas, leading to black smudges

and dirty textures in the result. GSP remedies this issue us-

ing an inpainting trick. First, we remove all the Gaussian

kernels of the object that may be displaced. We then use

LaMa [63] to inpaint the rendered results, noting the new

colors of pixels originally in spots and assigning them to the

first Gaussian kernel encountered by the rays emitted from

these pixels. We average the recorded colors on all noted

Gaussian kernels for their diffuse color, set their opacity to

1, and their specular color to 0 to prevent highlights.

5. Experiments
We implemented Gaussian Splashing pipeline using

Python, C++ and CUDA on a desktop PC equipped with

a 12-core Intel i7-12700F CPU and an NVIDIA RTX
3090 GPU. Specifically, for the rendering part, we ported

the published implementation of GaussianShader [26]

and integrated our fluid rendering using PyTorch [23].

PBD/PBF engine was implemented with CUDA, and we also

group independent constraints to efficiently parallelize the

constraint projections on the GPU. Please refer to the sup-

plementary material for more details of the implementation.

5.1. Ablation
Anisotropy regularization 3DGS is originally designed

for view synthesis. 3DGS obtained from a static scene pro-

duces low-quality renders when Gaussian kernels undergo

large rotational deformations. The anisotropy regularization

is effective against this limitation as shown Fig. 4. Detailed

statistics regarding the experiment settings and timings are

reported in Tab. 1. Most experiments can also be found in

the supplementary video.

PBR material To show the importance of specular high-

lights in fluid rendering, we show a side-by-side compari-
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Figure 5. Ablation study of specular. We demonstrate the im-

pact of specular highlights on the quality of rendering. On the left

is a fluid rendered with diffuse color only. On the right, surface

reflective specular are added, which exhibits a more realistic and

dynamic fluid.

Shadow Map w/o Shadow Map w/ Shadow Map

Figure 6. Shadow map. GSP incorporates dynamic shadows into

the rendering pipeline to enhance visual realism. We re-engineer

variance shadow mapping [13] within the existing 3DGS pipeline

to produce nearly-soft shadows.

son in a 3DGS scene. As shown in Fig. 5, we compare fluids

rendered using purely diffuse materials with those that in-

corporated specular reflections. The fluids without specular

reflection appear almost smoke-like, while the inclusion of

specular term significantly enhances the realism of the flu-

ids. It should be noted that incorporating PBR in 3DGS is

key to improving the render quality of largely deformed flu-

ids. This is in contrast to previous work [72], which baked

lighting into spherical harmonics and failed to produce re-

alistic rendering when fluids underwent significant motion.

Shadow map In Fig. 6, we demonstrate that GSP, with the

addition of nearly soft shadows, significantly improves vi-

sual realism compared to vanilla 3DGS. Without these shad-

ows, objects appear like flat layers pasted onto the back-

ground, lacking a sense of depth.

Inpainting We conduct an ablation experiment on in-

painting as shown in Fig. 7. In this indoor scene, displacing

cup and dog with vanilla 3DGS results in the occurance of

black smudges and dirty textures, as the hidden area by the

object could not be reconstructed properly due to missing

information in the input images. GSP addresses this by us-

ing LaMa [63] for inpainting.

5.2. Evaluation
We evaluate GSP through a diverse set of experiments, cov-

ering the dynamics of deformable bodies, rigid bodies, and

fluids, as well as two-way coupling between solids and flu-

ids. For additional frames and more detailed results, please

Input w/o inpainting w/ inpainting

Figure 7. 3DGS inpainting. In this indoor scene, both the paper

cup and the stuffed toy dog are segmented from the input image

(left). 3DGS leaves empty spots and dirty textures blended from ir-

relevant kernels, as highlighted in the middle figure. Applying the

inpainting with generative AI [63] ameliorates this issue (right).

refer to the supplementary material. All experiments are

also available in the supplementary video. Fig. 8 illustrates

a dynamic fluid scene featuring a coastal cliff and waves.

The waves continuously push towards the shore from a dis-

tance, and upon colliding with the cliff, they splash out

foam and spray. This accurately models the complex in-

teractions between the fluid and the solid cliff face. In

Fig. 10, a lego bulldozer is surfing on the splashing waves.

Through the two-way coupling, the baseplate and the bucket

deform and vibrate under the impact of the waves. We also

conducted a comparison with PhysGaussian [72] to demon-

strate the high-quality fluid rendering of our method. Please

refer to the supplementary material for details.

GSP has a semantic segmentation module. Therefore,

the user is able to freely manipulate the models in the scene.

Furthermore, since everything is represented as Gaussian

particles, GSP allows the user to transform the state of the

model. The full demonstration is provided in the supple-

mentary material.

Our fluid simulator can also capture the surface tension

within the PBD framework. This enables realistic low-

volume fluid-solid interaction. As shown in Fig. 11, wa-

ter flows from a headset hanging above an office desk, re-

sembling a faucet. Due to surface tension, the water forms

droplets as it falls, sliding down the computer screen and

splashing onto the desk, creating a puddle.

GSP is a versatile system and supports the manipulation

of both rigid objects and deformable bodies. As shown in

Fig. 9, a deformable ficus is waving at you. Due to the

external force applied to it, the plant undergoes continuous

deformation. In Fig. 6, bulldozers are piled and dropped

in a bowl. They collide and contact with each other and

eventually scattered within the box.

6. Conclusion

GSP is a novel pipeline combining position-based dynamics

(PBD) with 3DGS. The core idea behind Gaussian Splash-

ing is to leverage the consistency of volume particle-based
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Figure 8. Waves crashing on cliff. A coastal cliff rises from the sandy beach, while the sea waves continuously crash against the rocky

surface, generating splashes and foam upon collision.

Table 1. Time performance. We present detailed time statistics

for the experiments reported in the paper. All time-related evalu-

ations are expressed in seconds. From left to right, (1) # Kernels
indicates the number of Gaussian kernels, while # Solids, # Flu-
ids, and # BG denote the foreground solid, the fluid, and the back-

ground, respectively. In some experiments (e.g., Cup & Dog and

Headset), the number of fluid particles varies over time. We report

the maximum number of fluid particles. (2) Sim. Time provides

time statistics for simulations, with Overall representing the to-

tal simulation time per time step and Tension indicating the time

taken for each surface tension constraint projection. (3) Render
Time details the time statistics for rendering, with Solids, Fluids,

and BG denoting the time spent on rendering the solids, fluids, and

background, respectively.

Scene (Fig.) # Kernels Sim. Time (s) Render Time (×10−2 s)
# Solids # Fluids # BG Overall Tension Solids Fluids BG

Chair (Supp) 315K 300K 0 5.4 1.1 3.9 5.9 0

Waves (Fig. 8) 420K 817K 0 8.1 3.1 8.2 11.6 0

Garden (Fig. 5) 450K 614K 2.27M 7.3 1.6 6.9 10.3 2.3

Lego (Fig. 10) 330K 280K 290K 3.8 1.0 2.9 4.6 1.9

Cup & dog (Fig. 7) 156K 160K 310K 2.1 0.6 2.4 4.1 1.9

Headset (Fig. 11) 357K 64K 2.22M 1.9 1.8 1.5 3.8 2.7

Can (Supp) 390K 254K 1.19M 1.6 0.8 2.5 4.7 2.0

Astronaut (Supp) 0 145K 0 0.8 0.6 0 4.0 0

Ficus (Fig. 9) 204K 0 0 2.3 0 2.6 0 0

Bulldozers (Fig. 6) 6.67M 0 350K 4.5 0 24.6 0 2.1

Figure 9. Deformable ficus. A deformable ficus plant undergoes

continuous shape changes as it is dragged and manipulated by ex-

ternal forces.

discretization for integrated processing of tasks like 3D re-

construction, deformable simulation, fluid dynamics, rigid

contacts, and rendering from novel viewpoints. While the

concept is simple, developing Gaussian Splashing requires

significant research and engineering. The presence of fluid

Figure 10. Splashing LEGO. Through the two-way coupling

dynamics, the LEGO bulldozer is animated to surf on the splashing

waves.

Figure 11. Headset droplets. Water flows from a headset hanging

above an office desk, resembling a faucet. Due to surface tension,

the water forms droplets, sliding down the computer screen and

splashing onto the desk, creating a puddle.

complicates 3DGS processing due to specular highlights,

and fluid-solid coupling depends on accurate surface data.

Large deformations in solids lead to defective rendering,

and displaced models create untracked empty regions in

input images. We address these challenges by integrat-

ing state-of-the-art technologies. Gaussian Splashing en-

ables realistic view synthesis with novel camera poses and

physically-based dynamics for deformable, rigid, and fluid

objects, including state transformations. Notably, integrat-

ing physically-based fluid dynamics into NeRF/3DGS has

not been explored before. The main contribution is demon-

strating the feasibility of a unified framework for physics-

driven and learning-based 3D reconstruction. However,

Gaussian Splashing has limitations, such as the reduced ac-

curacy of PBD, and the fluid rendering is far from perfect.

Ellipsoid splatting is suitable for position-based fluids but

does not fully account for real-world light transport, such

as refraction.
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