GaussianFluent: Gaussian Simulation for Dynamic Scenes with Mixed Materials

Supplementary Material

A. Material Point Method

Overview We use an explicit MPM. Particles (also the 3D
Gaussian splats) carry
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In summary, given the 3D GS of a static scene { X, Ap, 0p, Cp},
we use simulation to dynamize the scene by evolving these Gaus-
sians to produce dynamic Gaussians {x,(t), ap(t), o, Cp}. Here,
X, is the initial position, while x, is the current position that
evolves over time with velocity v,. Furthermore, A, is the static
covariance of the initial Gaussian; the dynamic covariance a,, is
derived at each step; F', is the deformation gradient used to calcu-
late a,; and the opacity o, and SH coefficient magnitudes C,, are
considered time-invariant.

A.1. The Material Point Method (MPM) Algorithm
Steps

The Material Point Method (MPM) algorithm iteratively transfers
data between particles and a background grid. A single time step
can be broken down into the following three main stages.

A.1.1. Particle-to-Grid Transfer (P2G)

In the first stage, information is transferred from the Lagrangian
particles to the nodes of the Eulerian grid. This process, known
as rasterization, effectively creates a grid-based snapshot of the
continuum’s state. For each particle p, its mass m, and momen-
tum p, = m,V, are interpolated and added to the surrounding
grid nodes ¢. This is done using interpolation functions N, (also
known as shape functions), which depend on the particle’s position
relative to the grid.

The nodal mass m; and nodal momentum p; are computed as
follows:

mi = > mpNip (A2)
P

Pi =Y myVyNip. (A3)
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From the nodal momentum and mass, the initial nodal velocity is
found: v; = p;/m,, provided m; > 0.

A.1.2. Grid Update

This stage contains the core physics computations, which are per-

formed entirely on the grid. First, forces acting on each grid node

are calculated. These forces are typically composed of two parts:

« Internal forces f**™! which arise from the material’s stress.
These are computed by transferring particle stress information
(derived from the deformation gradient F;,) back to the grid.

« External forces £ such as gravity or user-defined interac-
tions.

The total force on a node is f; = fintemal | pexternal

With the total force, the grid node velocities are updated over
the time step At using an explicit time integration scheme (e.g.,
Forward Euler):

v?'H =v; + At

fi

. (A4)
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Boundary conditions, such as collisions with obstacles, are also
enforced on the grid during this stage by modifying the nodal ve-
locities.

A.1.3. Grid-to-Particle Transfer (G2P)

Finally, the updated kinematic information is transferred from the
grid back to the particles. This stage, often called the “gather”
step, updates the Lagrangian particles’ state using the newly com-
puted fields on the Eulerian grid, preparing them for the next time
step. This process involves updating each particle’s velocity, its
deformation gradient, and finally its position.

First, the particle’s velocity v, is updated by interpolating the
new velocities v?“ from the surrounding grid nodes. This is es-
sentially a weighted average, using the same interpolation func-
tions N;;, as the P2G step:

vt = VITING,. (A5)

This update can be a pure Particle-In-Cell (PIC) update, or it can
be combined with the particle’s previous velocity in a FLIP (Fluid-
Implicit-Particle) scheme to reduce numerical dissipation.

Simultaneously, the particle’s deformation gradient F',, which
tracks the local rotation and strain of the material, must also be
updated. This is done by first computing the velocity gradient Vv
at the particle’s position, which is also interpolated from the grid
node velocities:

Vvp => viT'VNG,. (A6)

This gradient is then used to advance the deformation gradient for-
ward in time:

F)™' = (I+ AtVv,)F}, (A7)

where I is the identity matrix. This update is crucial for correctly
computing material stress in the next time step.
Lastly, with the new velocity V;+1 computed, the particle’s

position x,, is updated as:

xp = xp 4+ Atvpth (A8)
Once all particles have been updated, the information on the back-
ground grid is no longer needed and is typically reset or discarded.

The simulation is now ready to begin the next time step with the
P2G phase.



A.2. Evolution of 3D Gaussian Properties via Con-
tinuum Mechanics

This approach outlines a method for animating 3D GS by treating
them as discrete particles within a physics-based system governed
by continuum mechanics. The primary goal is to evolve a static
scene, defined by initial properties, into a dynamic state for ren-
dering.

The evolution of the key Gaussian properties for each time step
is as follows:

¢ Position Evolution (Mean): The Gaussian’s center, or mean, is
its world-space position x,,. This is updated using the particle’s
velocity v, which is determined by the physical simulation, via
explicit time integration:

xZ‘H =x, + At vp. (A9)

¢ Shape Evolution (Covariance): The dynamic world-space co-
variance a,, which defines the Gaussian’s shape and size, is
computed directly from the deformation gradient F';,. The de-
formation gradient describes the local deformation of the mate-
rial around the particle. It maps the initial, undeformed shape
(defined by the material-space covariance A,) to its current, de-
formed configuration:

ap(t) = Fp(t) A, Fp(t)”. (A10)

¢ Orientation Evolution (for Rendering): To correctly render
anisotropic appearances (e.g., using Spherical Harmonics), the
particle’s orientation must be tracked. The rotation component
R, is extracted from the deformation gradient, typically via po-
lar decomposition (F,, = R,S,). This rotation is then applied
to the appearance model during rendering.

¢ Time-Invariant Properties: Visual attributes such as opacity
op and material-space appearance coefficients (e.g., Spherical
Harmonics, C,) are considered intrinsic material properties.
They are typically held constant throughout the simulation.

B. Fracture mechanism with Continuum Dam-
age Material Point Method

B.1. Introduction of CD-MPM

The yield surface serves as a dividing boundary in stress space:
inside it, the material response is elastic; at the boundary plastic
yielding begins; any trial state predicted beyond this boundary is
reconciled by returning it to a suitable point on the boundary in
accordance with ideal plasticity. As mentioned above, the yield
surface of CD-MPM is defined as:

y(p.q) = (L+28)¢" + M*(p+ Bpo)(p — po) = 0. (All)

If (p, q) lies in the elastic domain where y < 0, no plastic correc-
tion is applied.

1—
(pc,qc)=( 2’8170,0) (A12)
Ytr = Y(Per, qer) (A13)
Te@) = /-2 +1 (A14)
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Here p., q. identify the center of the yield ellipsoid (y = 0);
Pir, Qer 18 the uncorrected trial stress state produced at simulation
step n; Jg is the determinant of the elastic deformation gradient
(elastic volume ratio); « is the Bulk Modules; and pn+1, gn+1 18
the state after applying the return mapping R:

(pth qtr)v Ytr S 0
(Elastic)
(p070)7 Ytr >0 A Ptr > Po

(Case 1: upper tip
projection)
(=Bpo,0), yer >0 A pir < —Bpo
(Case 2: lower tip
projection)
Yer >0 A —Bpo < pir < po
(Case 3: center—trial line
intersection)

R(pn+17 QH-H) =

(pz7Qz),

(A15)
Here yir = y(per, qer). If yor < 0, the trial point lies in
the elastic domain and is accepted unchanged: (prn+1,gn+1) =
(ptr, ger). If yor > 0 and pyr > po, the trial point lies beyond
the positive p-axis tip and is projected to the upper tip (po, 0). If
ytr > 0 and prr < —fPpo, it lies beyond the negative tip and is
projected to (—Bpo, 0). Otherwise (y¢ > 0 with —Bpg < pir <
po), we join the center (pe, ¢.) and the trial point (per, gir); the
intersection of this line segment with the yield ellipsoid y(p, q) =
0 defines (pz, gz ), and we set (pn+1, gn+1) = (Pa, ¢ ). Besides
P, q, we also update o and Jg as below:

0, Yir < 0
Qng1 = an + . (Al16)
log(Je.ir/JEmi1), Yir >0
with
Je(po), Case 1
JEnt1 = Je(—Bpo), Case?2 (A17)
JE(pe), Case 3

B.2. Adapted Continuous Return Mapping

However, this piecewise return mapping is discontinuous at the
right tip p = po. Consider trial states with y;» > 0 and very large
shear measure q; — co. Take two sequences with pt, = pg — €
and pyr = po + € (€ > 0). For pir = po — €, the algorithm falls
into the “center—trial line intersection” branch; as g;» — oo the
direction from the center (pc,0), with p. = 155 po, to the trial
point becomes vertical, so the mapped point tends to the upper

apex of the yield ellipsoid y(p, ¢) = 0, namely,

. . _ _(1-8 M(B+1) )
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lim lim R(po + g, qtr) = (va 0)7
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showing a directional jump: one limit preserves (essentially)
shear while the other preserves only the volumetric extension. And
even some small g such as ¢ = po will also occur jumps like this.



Table Al. Parameters and Timings. Seconds per frame (s/frame) is an average. All performance metrics were obtained from experiments
conducted on a GPU delivering 103 Tensor TFLOPS at FP16 precision.

Example s/frame  Atframe Ax Atstep N p E v NACC-(ayg, B, &, M)
watermelon  3.56 1/50 3x1073 1x10™* 27M 2 2000/1000/1 x 10* 0.38 (-0.04, 2/0.6/5, 2, 2.36)
jelly 0.39 1/500 3x107% 1x107® 1M 2 2000 0.45 (-0.5, 1,2, 2.36)
pumpkin 5.12 1/50 3x1073 1x10™* 27M 2 4000 0.40 (-0.04, 1, 2, 2.36)
kiwi 1.58 1/50 1x1072 1x107* 1M 2 2000 0.42 (-0.04, 1, 2, 2.36)
pineapple 1.16 1/50 1x1072 1x107* 1M 2 5000 0.39 (-0.04, 1, 2, 2.36)
dragonfruit  2.27 1/50 1x1072 1x107* 1M 2 2000 0.42 (-0.04, 1, 2, 2.36)
tosta 3.18 1/50 5x107% 1x107% 8M 2 2000 0.38 (-0.1, 1, 2, 2.36)
sandcastle ~ 2.09 1/50 1x1072 1x107* 8M 2 50 0.05 (-0.04,0.01, 1, 2.36)

Return Mapping near p = po: p_c discontinuity vs p_c' continuity

Original (ixed p_c): jump Regularized (adaptive p_c'): smooth

Figure Al. Comparison of two return mapping kinds.

To remove both the numerical instability and the phys-
ical ambiguity at the tip, we replace the interior (p:; €
[—Bpo,po]) center-line branch with a normal closest-point re-
turn: solve (pn+17qn+1) = (ptruqtr) - A)‘Vy(anrlvanrl)’
Y(Prn+1,Gn+1) = 0, AX > 0. Outside this interval, we still
project to the nearest tip. This yields a continuous mapping and
a well-defined consistent tangent.

We modify only the interior plastic branch with —8py < per <
po. Introduce a k-dependent pseudo-center on the p-axis:

Ly =po —pe >0,
k

Ptr — Pe € [0,1],

o = I,

(p/m q::) = (pc + ¢k(pt'r - pc), 0)

(A19)

In Case 3 we replace the fixed center (pc,0) by (p,0), draw
the line through (p..,0) and the trial point (py, gir ), and take its
intersection with the yield surface y = 0 as the updated stress, as
shown in Figure Al. All other cases are unchanged. For any finite
k the return mapping is continuous, because as p; — p, we have
¢r — 1 and thus p,, — ptr, so the update approaches the right tip
smoothly. For any fixed interior psr < po, ¢ — 0 as k — oo,
giving pl. — p. and recovering the original (unmodified) branch.
Hence k provides a homotopy from a continuous regularized map-
ping (finite k) back to the original formulation (kK — c0).

B.3. GPU Parallelization

We achieve a substantial performance improvement by porting the
CPU-bound CD-MPM algorithm to the GPU. Our implementa-
tion reduces simulation times from 4 minutes per frame to a

single second. This is accomplished through a complete frame-
work reimplementation that leverages the NVIDIA Warp library
to parallelize the core simulation loop. Unlike the original CPU-
only method, our GPU-native approach enables the simulation of
far more complex scenes in interactive time.

C. Experiment details

All experiments are conducted on a GPU capable of 52.22
TFLOPS (FP32) and approximately 103 Tensor TFLOPS (FP16).
These simulations typically consume around 10 GB of VRAM,
with peak usage not exceeding 16 GB. Detailed timings and mate-
rial parameters are provided in Tab. Al. For the NACC model, the
parameter 3 is adjusted to differentiate the material properties of
various components, while the initial parameter cvo is maintained
uniformly for all particles within an object.

For coarse texture generation, MVInpainter [40] is selected
over IP-Adapter [54] and MVDream [40] due to its ability to main-
tain color consistency across different viewing axes. Subsequently,
SD-XL was employed for fine texture generation, owing to its en-
hanced performance in generating detailed interior textures com-
pared to IP-Adapter.

For the user study, we prepare eight distinct objects: water-
melon, cake, jelly, pumpkin, bread, kiwi, dragonfruit, and pineap-
ple. We then conduct two separate evaluations. To assess the qual-
ity of the interior filling, we recruit 21 participants, collecting a
total of 8 x 21 = 168 ratings. Separately, to evaluate the simu-
lation dynamics, 26 participants are recruited, providing a total of
8 X 26 = 208 ratings.

We use two types of prompts:

* For interior filling: We explicitly instruct GPT to generate an
inpainting prompt in the form “a slice of [object].” For exam-
ple, GPT produces the following for a watermelon: “A realistic
and detailed drawing of the juicy red flesh and black seeds of a
watermelon slice.”

e For CLIP-score evaluation: To evaluate the plausibility of the
final scene, we have human annotators write prompts that de-
scribe the overall event, for example, “A watermelon dropped
and shattered on a table,” and “Slices of a [object] landing on a
table.”

C.1. Relighting

Existing GS lighting methods, such as Relightable 3DGS [10] and
GS-Phong [11], are not applicable to dynamic simulations. These



methods are intended for static scenes and rely on multiple images
captured under known lighting conditions to learn GS normals and
other attributes. Rather than adopting the Physically Based Ren-
dering (PBR) lighting model in Relightable 3DGS, which requires
learning additional material attributes, e.g., Fresnel parameters, for
each GS, we employ the empirical Blinn-Phong reflection model,
which only requires the normals for GS.

However, it is nontrivial to obtain GS normals using non-
learning methods. As noted in Relightable 3DGS, numerical
normal-estimation methods such as PCA are ill-suited to GS for
two primary reasons: (i) GS particles are spatially sparse, and
(ii) Gaussian centers, especially those with large kernels, are not
tightly aligned with the visual surface. To overcome these issues,
the regularization loss 1 we introduce in Sec. 3.1 promotes ker-
nel densification and surface alignment, thereby enabling effective
normal computation for each Gaussian splat using PCA.

Blinn-Phong Reflection Model Once the normal n for each
GS is computed, we apply the Blinn-Phong reflection model to
determine its final color. For each Gaussian ¢ with center p; and
normal n;, we apply the Blinn-Phong reflection model using view
direction v (from p; to the camera) and, for each light m, light
direction 1,,,, distance 7, and half vector h,, = (L, +v)/||Lm +
v||2. The diffuse and specular terms are D,, = max(n; - 1,,,,0)
and S, = [max(n; - h,,,0)]”, with shininess exponent p. Let
co be the base color, I, the ambient light color, Iy, ,, the color of
light m, and T, ,,, a per-light visibility term. Then

Li=c0ol +ZT,m coG)ILm) (Din + Sim), (A20)

where ® denotes element-wise multiplication.

This lighting framework allows us to effectively simulate com-
plex scenes with multiple objects and dynamic light sources, as
shown in Figure 1 and Figure A7. For example, in the latter fig-
ure, we present a scene of multiple fruits with dynamic lighting
on a table. Such dynamic illumination and shadowing are crucial
for achieving visually consistent and plausible renderings during
simulation, where the evolution of shadows is not considered in
PhysGaussian [49].

D. Use of Large Language Models (LLMs)

We used a large language model solely as a writing aid to improve
the clarity, grammar, and overall readability of the manuscript. Its
role was limited to polishing the language and refining sentence
structure, without contributing to research ideation, experimental
design, or data analysis. All technical ideas, methods, results, and
conclusions are entirely the work of the authors, and we take full
responsibility for the final content.

E. Extra Experiment

Additional objects We show additional results for the cloth
and pillow, as shown in Figure A2. Here, we conduct interior
infilling for the pillow, while for the cloth, we directly use the GS
reconstruction results.

Comparison with FruitNinja FruitNinja is not designed to
handle omnidirectional exposure during simulation, making it un-
suitable for complex volumetric infilling. This limitation stems
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Figure A2. Additional qualitative results for the cloth and pillow.

from their fine-tuning strategy, which uses only horizontal and ver-
tical cross-sections, failing to capture globally consistent textures.
Additionally, FruitNinja requires per-object real images for fine-
tuning. Since such data is not officially available for arbitrary ob-
jects, we use its official watermelon GS release for the experiments
below. Specifically, we render three slices along the x-axis (front,
middle, and back) and conduct fracture simulations. FruitNinja
produces unrealistic interior textures, especially in the peripheral
slices, and its watermelon seeds are virtually absent during the
simulation. In contrast, our optimization scheme enforces consis-
tency across the entire volume, yielding simulation-ready interior

texture infilling.
Slmulatlon ) ) Slice

FruitNinja

Figure A3. Comparison with FruitNinja regarding simulation
and slice rendering.

Comparison with CD-MPM-TOG CD-MPM-TOG lacks
physical stability during simulation, as its discontinuous return
mappmg leads to v1sual artlfacts as shown in F1gure A4.

Ours

Figure A4. Watermelon sunulation using different methods.

Ablation and Robustness Experiments As shown below,
the results on a quarter watermelon demonstrate that removing tex-
ture generation stage 2 affects axis consistency, while omitting
stage 1 causes the watermelon seeds to disappear. Furthermore,
the robustness of our method is verified across multiple samples.
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VNG ) _— St
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Figure AS. Ablation study and robustness evaluation on the water-
melon model.



Figure A6. More examples of object simulation.



Figure A7. More examples of object simulation and illumination.




