
Let it Snow! Animating 3D Gaussian Scenes with Dynamic Weather Effects
via Physics-Guided Score Distillation

Gal Fiebelman1 Hadar Averbuch-Elor2 Sagie Benaim1

1The Hebrew University of Jerusalem 2Cornell University

https://galfiebelman.github.io/let-it-snow/

Figure 1. Our Physics-Guided Score Distillation framework enables dynamic scene-wide editing of static 3D Gaussian scenes introducing
dynamic weather effects such as snowfall, rainfall, fog, and sandstorms. We do so by introducing a unified optimization framework where
physics simulation guides Score Distillation to jointly refine the motion prior for photorealism while simultaneously optimizing appearance.
Above, we show the effect of snow falling across different viewpoints at increasing timesteps over three different scenes.

Abstract

3D Gaussian Splatting has recently enabled fast and
photorealistic reconstruction of static 3D scenes. How-
ever, dynamic editing of such scenes remains a signifi-
cant challenge. We introduce a novel framework, Physics-
Guided Score Distillation, to address a fundamental con-
flict: physics simulation provides a strong motion prior that
is insufficient for photorealism, while video-based Score
Distillation Sampling (SDS) alone cannot generate coher-
ent motion for complex, multi-particle scenarios. We re-
solve this through a unified optimization framework where
physics simulation guides Score Distillation to jointly re-
fine the motion prior for photorealism while simultaneously
optimizing appearance. Specifically, we learn a neural dy-
namics model that predicts particle motion and appear-
ance, optimized end-to-end via a combined loss integrat-
ing Video-SDS for photorealism with our physics-guidance
prior. This allows for photorealistic refinements while en-

suring the dynamics remain plausible. Our framework en-
ables scene-wide dynamic weather effects, including snow-
fall, rainfall, fog, and sandstorms, with physically plausible
motion. Experiments demonstrate our physics-guided ap-
proach significantly outperforms baselines, with ablations
confirming this joint refinement is essential for generating
coherent, high-fidelity dynamics.

1. Introduction

Dynamic editing of static 3D scenes is typically a man-
ual task that requires extensive knowledge of specialized
software. A key challenge lies in creating temporally con-
sistent, scene-wide modifications while maintaining both
physical plausibility and photorealistic appearance. While
static editing methods can enhance visual appearance, in-
troducing dynamic elements that evolve over time and in-
teract naturally across an entire scene remains largely un-
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explored. Recent advances in neural scene representations,
particularly 3D Gaussian Splatting (3DGS) [14], have en-
abled real-time, high-fidelity reconstruction and rendering
of static 3D scenes from multi-view images. However, the
development of effective approaches for dynamically edit-
ing these representations with scene-wide temporal effects
presents a significant challenge.

Prior works for static editing of neural representa-
tions [2, 7, 18, 28, 32, 36, 43] cannot model temporal evo-
lution or dynamic effects. Physics-based animation ap-
proaches [10, 17, 25, 37, 40] provide plausible motion
but focus on manipulating existing scene elements; they
cannot synthesize photorealistic appearance for new ele-
ments, and their motion-only guidance is insufficient for
photorealism. Conversely, data-driven 4D generation meth-
ods [12, 16, 20, 23, 27, 34, 41] generate photorealistic ap-
pearance but struggle with physically plausible motion, of-
ten failing in scene-wide, multi-particle scenarios that re-
quire continuous particle emission.

Accordingly, we propose a framework for scene-wide,
multi-particle dynamic editing that resolves this conflict
through Physics-Guided Score Distillation. Our key in-
sight is that physics simulation can serve as a powerful mo-
tion prior to guide video diffusion optimization, enabling
Score Distillation Sampling (SDS) to jointly refine motion
for photorealism while synthesizing appearance, rather than
learning both from scratch, a task that proves intractable for
complex multi-particle scenarios. Rather than rigidly sepa-
rating motion generation from appearance optimization, we
jointly optimize both within a unified framework.

Specifically, we learn a neural dynamics model that pre-
dicts particle trajectories and appearance parameters over
time, supporting continuous particle emission and inter-
action throughout the temporal sequence. This model is
optimized end-to-end using Video Score Distillation Sam-
pling (Video-SDS), where physics guides the optimization
through two complementary mechanisms: (1) the network
is conditioned on reference trajectories from Material Point
Method (MPM) simulation, providing physically-informed
input features, and (2) a physics regularization loss encour-
ages learned motion to remain close to simulated trajecto-
ries while permitting learned refinements for photorealism.

Our approach offers several advantages over existing
editing methods. By leveraging physics as a guidance prior
rather than a fixed constraint, we achieve temporally con-
sistent edits with natural interaction patterns while allowing
the diffusion model to refine both motion and appearance
for visual quality. Our Video-SDS optimization, guided
by physics regularization, ensures that dynamic elements
achieve both photorealistic appearance and plausible mo-
tion that integrate seamlessly with the static scene.

We demonstrate our approach on scenes from both the
MipNeRF 360 [1] and Tanks and Temples [15] datasets,

showing its effectiveness across a range of dynamic scene
modifications, including snowfall, rainfall, fog, and sand-
storms with diverse appearance variations. Extensive ex-
periments demonstrate that our physics-guided approach
significantly outperforms existing methods in both motion
plausibility and visual quality. Our ablations confirm that
when motion is fixed without physics-guided refinement,
Video-SDS cannot properly optimize appearance demon-
strating that motion refinement through our joint optimiza-
tion is essential for achieving photorealistic results. Without
physics guidance, Video-SDS alone cannot reliably learn
both motion and appearance for complex multi-particle sce-
narios with continuous particle emission. To summarize,
our main contributions are:

• A Physics-Guided Score Distillation framework that
leverages physics simulation as a motion prior to guide
video diffusion optimization, enabling joint learning of
motion and appearance for scene-wide, multi-particle dy-
namic editing.

• A neural dynamics model optimized through a combined
loss integrating Video-SDS for photorealism with physics
regularization for motion plausibility, supporting contin-
uous particle emission over time.

• State-of-the-art results across diverse dynamic weather
effects, with ablations confirming that physics guidance
is essential for coherent multi-particle dynamics.

2. Related Work

Score Distillation for 4D Generation and Editing. Score
Distillation Sampling (SDS) [24] revolutionized 3D con-
tent generation by leveraging 2D diffusion priors to opti-
mize 3D representations. This concept was extended to the
temporal domain with Video Score Distillation Sampling
(Video-SDS), which uses supervision from text-to-video
diffusion models [29] to optimize dynamic 3D content.
Building on these foundations, recent 4D generation ap-
proaches [12, 20, 27, 41], works like Gaussians2Life [34],
and 4D editing methods [16, 23] enable text-guided editing
of dynamic scenes. However, while these data-driven ap-
proaches generate photorealistic appearance, they struggle
with physically plausible motion. These methods operate
on fixed Gaussian sets, making them unsuitable for weather
effects that require continuous particle emission, accumula-
tion, and removal throughout the temporal sequence.

Static 3D Scene Editing. Recent advances in static neural
scene editing have enabled text-driven modifications of 3D
representations. Methods such as [7, 21, 28, 43] leverage
diffusion models to modify rendered content. For Gaussian-
based scenes specifically, GaussianEditor [32] and Gauss-
Ctrl [36] enable text-guided editing. Environmental editing
methods like ClimateNeRF [18] enable the addition of static
weather effects to neural radiance fields. The key limita-
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Figure 2. Overview. Left: Physics-Based Motion Prior. Given multi-view images of a static scene, we reconstruct the scene using
3DGS, map the static Gaussians to a particle representation, introduce dynamic particles, and simulate their motion using the Material
Point Method (MPM). We then map these particles back to the Gaussian world and refine scene interactions with our mesh-based collision
handling technique. The simulation provides reference motion trajectories that serve as guidance prior. Right: Physics-Guided Score
Distillation. Our Neural Dynamics Model is conditioned on reference trajectories from physics simulation and optimized through Video-
SDS with physics regularization losses. This joint optimization refines motion for photorealism while synthesizing appearance, maintaining
physical plausibility through physics guidance. This produces photorealistic dynamic weather effects with continuous particle emission
that integrate seamlessly with the static scene.

tion across these approaches is their inability to incorporate
temporal dynamics; they either modify existing elements or
introduce new static components, but cannot create scene-
wide elements that evolve naturally over time.

Physics-Based Animation. Physics-based methods in-
tegrate simulation with neural representations, providing
strong motion priors through physically accurate dynam-
ics. Methods like PhysGaussian [37], PAC-NeRF [17],
and DreamPhysics [10] animate existing scene elements
through simulation. Gaussian Splashing [5] incorporates
Position-Based Dynamics for fluid simulation. RainyGS [4]
synthesizes rain effects through physics-based particle sys-
tems, however it can not generalize to additional weather ef-
fects. While these approaches generate physically-plausible
motion, their guidance is derived purely from physics sim-
ulation. This motion-only prior is insufficient for photo-
realism, as these methods cannot synthesize the complex
photorealistic appearance for newly introduced dynamic el-
ements, a key limitation our joint optimization framework
addresses.

3. Method

In this section we introduce our Physics-Guided Score
Distillation framework for editing 3D Gaussian Splatting
scenes scene-wide, multi-particle edits. As illustrated in
Fig. 2, our approach consists of two components: First,
we use Material Point Method (MPM) simulation to gener-
ate physically plausible reference trajectories for dynamic
particles (Sec. 3.2). These trajectories serve as a guidance
prior rather than fixed motion. Second, we learn a recur-
rent neural dynamics model that predicts dynamic Gaus-

sian evolution over time, optimized through Physics-Guided
Score Distillation (Sec. 3.3), a joint loss combining Video
Score Distillation Sampling (Video-SDS) for photorealis-
tic refinement of both motion and appearance with physics
regularization for motion plausibility. We begin by provid-
ing a brief background about the foundational techniques
(Sec. 3.1) that form the basis of our approach.

3.1. Preliminaries
3D Gaussian Splatting. 3D Gaussian Splatting
(3DGS) [14] represents scenes using a set of 3D anisotropic
Gaussian kernels. Each Gaussian kernel Gi is defined by its
center position xi, opacity σi, covariance matrix Σi which
is decomposed into a scaling factor Si ∈ R3 and a rotation
factor Ri ∈ R4, and spherical harmonic coefficients Ci

for view-dependent appearance. The color C of a pixel
is computed by alpha-blending these 3D Gaussians when
projected to the image plane:

C =

N∑
i=1

TiαiCi, with Ti =

i−1∏
j=1

(1− αj), (1)

where N is the set of depth-sorted Gaussian kernels affect-
ing the pixel, and Ci and αi represents the color and density
of this point computed by a 3D Gaussian G with covariance
Σ and opacity σ.
Material Point Method. The Material Point Method
(MPM) [11, 30] is a numerical simulation technique for
continuum dynamics. In MPM, a continuum is represented
by a set of particles in a grid-based space. Following Phys-
Gaussian [37], particles’ positions are updated over time:

xi(t) = ∆(xi, t) (2)
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where ∆(·, t) updates the particle position. MPM is utilized
for its ability to efficiently handle both particle dynamics
and physical interactions.
Video Score Distillation Sampling. Score Distillation
Sampling (SDS) [24] distills pre-trained 2D image diffu-
sion models to optimize 3D representations. Video Score
Distillation Sampling (Video-SDS) [29] extends this to pre-
trained text-to-video diffusion model for dynamic 3D gener-
ation. Given a camera trajectory r(t), Video-SDS optimizes
the rendered 3D video Vr(t) with predicted noise ϵ̂V:

∇θLVideo-SDS(θ) ≜ E
[
ω(µ)

(
ϵ̂V(Vr(t);µ, y)− ϵ

) ∂Vr(t)

∂θ

]
,

(3)
where µ is noise timestep and θ are optimizable parameters.

3.2. Physics-Based Motion Prior
We use MPM simulation to generate reference trajecto-
ries that serve as a guidance prior for our optimization.
A static scene is first reconstructed from multi-view im-
ages using 3DGS to obtain a set of 3D Gaussians {Gi} =
{xi, σi,Si,Ri,Ci}. We extract a mesh representation of
the scene and map the static Gaussians to a particle-based
representation suitable for MPM simulation. These static
particles act as obstacles in the simulation domain.

Dynamic particles representing weather effects are then
introduced with appropriate physical parameters (emission
region, rate, initial velocity, material properties). MPM sim-
ulation computes the motion trajectories {xsim

p (t),vsim
p (t)}

for these dynamic particles. For computational efficiency,
we implement active particle tracking:

at+1
i =

{
0, if ∥pt+1

i − pt
i∥ < δ or pt+1

i /∈ Ω

ati, otherwise
(4)

where ati represents the active state of particle i at time t,
δ is a movement threshold, and Ω is the valid simulation
domain. This enables the simulation of thousands of parti-
cles across timesteps by efficiently removing particles from
active simulation when they come to rest after collision or
leave the bounds of interest.

Due to the coarse grid resolution of MPM, we re-
fine particle-scene interactions through mesh-based colli-
sion handling. For snow, we project particles onto mesh
surfaces and interpolate with nearby surface Gaussians to
create natural accumulation. For rain, we implement a 3D
wetness grid that tracks moisture with Gaussian smoothing
and temporal decay. For sandstorms, we displace particles
along surface normals with anisotropic scaling to create thin
accumulations. When particles become inactive (ati = 1 to
at+1
i = 0), their final positions and rotations are recorded as

collision states. These simulated trajectories provide phys-
ically plausible reference motion that guides our neural dy-
namics model. Additional collision handling details are

provided in the supplementary (Sec. 8.2) and simulation pa-
rameters in Sec. 8.3.

3.3. Physics-Guided Score Distillation

Rather than treating physics simulation as fixed mo-
tion, we use it as a guidance prior to optimize a
neural dynamics model through Video-SDS. For each
dynamic particle from the MPM simulation, we cre-
ate a corresponding dynamic Gaussian kernel Gg(t) =
{xinit

g (t),Rinit
g ,Aactive

g ,Acollided
g ,vinit

g (t)}, where vinit
g (t) is

the velocity of each gaussian that is provided along the po-
sition xinit

g (t) directly from the motion simulation. Each
Gaussian also maintains state-dependent appearance pa-
rameters based on its physical state determined by the
physics simulation: Aactive

g = {sigmaactive
g ,Sactive

g ,Cactive
g }

for actively moving Gaussians and Acollided
g for Gaussians

that have accumulated on static geometry. For notational
clarity, we omit the explicit state subscripts and use Ag =
{σcollided

g ,Scollided
g ,Ccollided

g } to refer to the appropriate ap-
pearance parameters based on the Gaussian’s current phys-
ical state. Appearance parameters are initialized using a
large language model (LLM) that generates appropriate
baseline values Ainit

g from text prompts describing the de-
sired weather effect. Additional details on LLM initializa-
tion are provided in the supplementary (Sec. 8.4).

Recurrent Neural Dynamics Model. To model the contin-
uous evolution of the dynamic Gaussians, we learn a recur-
rent neural dynamics model that predicts dynamic Gaussian
evolution over time. At each timestep t, the model takes as
input: (1) the previous rendered state {xg(t − 1),Rg(t −
1),Ag(t− 1)} from the previous timestep, where xg(t− 1)
is the position of Gaussian g at time t − 1, Rg(t − 1) is
the rotation of Gaussian g and Ag represents the appear-
ance parameters of Gaussian g (opacity, scale, and color),
(2) the physics velocity vinit

g (t) of Gaussian g at time t
from simulation, and (3) the current timestep t. We imple-
ment separate MLPs for each physical state, with each MLP
processing Gaussians independently. The positions, veloci-
ties, and timestep are processed through learned embedders
(Fourier feature encoding for spatial inputs, sinusoidal en-
coding for time) before being concatenated with the current
appearance parameters Ag(t−1) and fed to the appropriate
state-specific MLP. The recurrence is initialized at t = 0
using physics simulation positions xinit

g (0) and the LLM-
initialized appearance parameters Ainit

g . Additional details
on the network architecture are provided in the supplemen-
tary (Sec. 8.1).

For each Gaussian g, the network predicts: (1) velocity
correction ∆vg relative to the simulated velocity, (2) an-
gular velocity ωg for rotation updates, and (3) appearance
deltas ∆Ag . The refined motion and appearance are com-
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puted as:

vg(t) = vinit
g (t) +∆vg,

xg(t) = xg(t− 1) + vg(t),

Rg(t) = Rg(t− 1) ◦∆R(ωg),

Ag(t) = Ag(t− 1) +∆Ag,

(5)

where vinit
g (t) serves as a motion prior that is refined by

the learned correction, ◦ denotes quaternion multiplication
and ∆R converts angular velocity to a quaternion delta,
and appearance parameters evolve recurrently through ad-
ditive updates. The recurrent model, however, introduces
drift and error accumulation in the recurrent predictions as
the learned trajectories xg(t) diverge from the simulation
trajectories, and vinit

g (t) may correspond to a different posi-
tion in the physics simulation than the actual Gaussian po-
sition. The physics regularization losses introduced in the
next section are therefore essential to mitigate this drift and
maintain physical plausibility throughout optimization.
Physics-Guided Score Distillation Optimization. Next,
we describe how our recurrent neural dynamics model is op-
timized through Physics-Guided Score Distillation, where
the physics prior guides the optimization objective.

The optimization consists of three objectives. First, the
Video-SDS loss LVideo-SDS (Eq. 3) provides photorealistic
guidance from the video diffusion model, ensuring that ren-
dered videos match the target text prompt. Second, physics
guidance losses regularize the learned motion to remain
close to the physics prior through three regularization terms:

Position: Lxyz = ∥xg(t)− xsim
g (t)∥2,

Velocity: Lvel = ∥vg(t)− vsim
g (t)∥2,

Rotation: Lrot = 2 · arccos(|Rg(t) ·Rinit
g |,

(6)

where Rg(t) · Rinit
g is the dot product between two quater-

nion vectors. The position and velocity regularization losses
calculate the L2 distance, preventing rendered trajectories
from drifting away from the reference simulation trajecto-
ries. The rotation regularization loss calculates the angular
distance between the two rotations, preventing excessive ro-
tational drift from initial orientations.

Third, appearance regularization mitigates error accu-
mulation inherent to the recurrent formulation by penalizing
large appearance deltas:

Lapp = ∥∆Ag∥2 = ∥∆σg∥2 + ∥∆Sg∥2 + ∥∆Cg∥2, (7)

applied separately for active and collided Gaussian states.
The complete objective combines these components with
state-specific weights:

Ltotal = LVideo-SDS+λxyzLxyz+λvelLvel+λrotLrot+λappLapp.
(8)

Each regularization term has independent weight param-
eters to provide control over physics-appearance trade-
off. Additional details are provided in the supplementary
(Sec. 8.1).

These regularization terms are critical for mitigating the
drift and error accumulation discussed earlier: higher reg-
ularization weights pull the optimization closer to pure
physics simulation (physically plausible but potentially
lacking photorealism), while lower weights allow the opti-
mization to be dominated by the Video-SDS objective (pho-
torealistic but risking physical implausibility and trajectory
drift). To balance this trade-off, we apply SDS-adaptive
physics guidance, where all regularization weights are dy-
namically scaled by the instantaneous Video-SDS loss mag-
nitude λi · |LVideo-SDS|. This creates an adaptive mecha-
nism where physics guidance is amplified when the dif-
fusion model exhibits high uncertainty (large |LVideo-SDS|)
and relaxes when the model is confident (small |LVideo-SDS|),
balancing physical plausibility with visual quality.

During training, we render video clips from random
camera trajectories, compute Ltotal, and backpropagate gra-
dients to update network parameters. We employ progres-
sive timestep annealing for the diffusion model to refine de-
tails. Through this framework, where physics both condi-
tions network inputs and guides optimization, our model
learns to generate physically plausible, photorealistic dy-
namic weather effects with continuous particle emission.

4. Experiments
We evaluate our framework for dynamic editing of static
3D Gaussian Splatting scenes through physics-guided score
distillation. We present qualitative results across various
scenes and effect types in Sec. 4.1, compare against prior
work in Sec. 4.2, and provide ablation studies in Sec. 4.3.
Finally, we discuss limitations in Sec. 4.4.
Scenes and dynamic weather effects. We demonstrate our
framework on five diverse real-world static scenes: Gar-
den, Bicycle, and Stump from the Mip-NeRF360 dataset [1],
and Playground and Truck from the Tanks and Temples
dataset [15]. For each scene, we create four types of dy-
namic weather effects: snowfall, rainfall, fog, and sand-
storm. This diverse set of effects showcases our approach’s
ability to handle various dynamic scene modifications with
different physical characteristics and temporal behaviors
while maintaining physically plausible motion. Addition-
ally, we demonstrate that our framework can generate cre-
ative appearance variations through text guidance (purple
snow, glittering yellow sand, and magic particles).

4.1. Qualitative Results
Fig. 1 (snowfall) and Fig. 3 (all other dynamic weather
effects) demonstrate our method’s ability to create visu-
ally convincing and temporally consistent dynamic scene

37326



gg
gg
gR

ai
nf
al
l

gg
gg
gg
Fo
g

gg
Sa
nd

st
or
m

gg
gg
gg
gF
og

1

Figure 3. Dynamic weather effects created with our physics-guided SDS framework across different scenes (input frames on left). Each
column represents an increasing timestep, demonstrating temporal evolution with continuous particle emission and realistic scene interac-
tions. Our approach enables scene-wide modifications where emitted particles interact naturally with static geometry and evolve coherently
over time. The snowfall effect is presented in Fig. 1. As the rainfall effect is challenging to visualize, we provide zoomed-in regions to
better illustrate the effect. Complete temporal visualizations for all effects are available in the supplementary (Sec. 6).

modifications across different environments. Our physics-
guided score distillation framework enables effects that ex-
hibit physically plausible motion while maintaining photo-
realistic appearance: snowflakes gently accumulate on sur-
faces through continuous particle emission, raindrops cre-
ate wetness patterns, fog diffuses through the scene, and
sandstorms envelope objects with physically-driven parti-
cle motion. Additionally, Fig. 4 showcases creative appear-
ance variations generated by our framework through text
guidance (e.g., purple snow) while maintaining physically
plausible motion through our physics-guided optimization.
Please refer to the supplementary (Sec. 6) for additional vi-
sualizations across different scenes, effects, and viewpoints.

4.2. Comparison To Baselines
Baselines. Our work addresses the challenge of introduc-
ing dynamic weather effects to static scenes. We com-
pare against static 3D editing methods: ClimateNeRF [18],
which adds static weather effects to NeRFs, and Gauss-
Ctrl [36], a method for text-guided editing of 3D Gaus-
sian Splatting scenes. We also compare against Instruct-
4DGS [16], a recent 4D editing method that applies text-

”Glittering yellow sand flying in the air.”

”Purple snow falling.”

”Magical dust particles flying in the air.”

1

Figure 4. Text Prompt Results. Our physics-guided frame-
work supports creative text prompts beyond standard weather. The
method successfully synthesizes the target appearance while main-
taining the physically plausible motion learned for the correspond-
ing effect (e.g., sandstorm, snowfall).
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Original ClimateNeRF GaussCtrl Ours (Small t) Ours (Large t)

1

Figure 5. Qualitative comparison between our dynamic approach and static editing. We show two different effects across separate
rows, comparing the original scene, ClimateNeRF [18], GaussCtrl [36], and our method at both early (Small t) and later (Large t) timesteps.

w/o CH w/o Motion w/o App w/o PG Ours

1

Figure 6. Qualitative Ablation Study. We compare our full method against four variants. (w/o CH) Gaussians float above surfaces
without collision handling; (w/o Motion) data-driven optimization alone yields incoherent and physically implausible motion; (w/o App)
physics-only achieves plausible motion but lacks photorealistic appearance; (w/o PG) fixed physics motion without joint optimization
prevents effective Video-SDS optimization, hindering appearance quality. Our full method achieves both physically plausible motion and
photorealistic appearance through physics-guided score distillation. Highlighted regions contrast the successful surface accumulation in
our method with the floating artifacts in w/o CH.

Table 1. Quantitative Evaluation. We compare against the static
3D editing methods ClimateNeRF [18] and GaussCtrl [36], and
the 4D editing method Instruct-4DGS [16]. Results are shown for
different edit categories, with F+S representing results for fog and
snow edits (the only effects supported by ClimateNeRF) and All
representing results across all edit types.

Method CLIPSim ↑ CLIPDir ↑ VQAScore ↑ ViCLIP-T ↑ VE-Bench ↑

F+
S

ClimateNeRF 0.23 0.07 0.87 0.15 0.28
GaussCtrl 0.25 0.08 0.71 0.16 0.24
Ours 0.29 0.12 0.92 0.20 0.45

A
ll GaussCtrl 0.24 0.07 0.64 0.15 0.21

Ours 0.28 0.11 0.89 0.19 0.41

4D

Instruct-4DGS 0.21 0.07 0.57 0.13 0.19
Ours 0.28 0.11 0.89 0.19 0.41

guided edits to dynamic Gaussian scenes via score distil-
lation. Since Instruct-4DGS assumes an existing dynamic
scene, we initialize its deformation field to zero and train
it jointly, allowing the method to learn motion dynamics
from diffusion guidance (additional details in the supple-
mentary, Sec. 7). RainyGS [4] addresses rain synthesis
through physics-based particle systems with rain-specific
simulation and rasterization techniques, however, it is not
directly comparable as it does not generalize beyond rain
effects and their code is not publicly available.

Evaluation Metrics. We employ metrics that assess visual
fidelity and alignment with the intended edit. Our evalua-
tion includes comparisons to static methods; therefore, we
consider both image-based and video-based metrics: (1).

CLIP Similarity [26], (CLIPSim), measures the CLIP sim-
ilarity between the output rendered images and the target
text prompts. (2). CLIP Direction Similarity [6] (CLIPDir),
measures the cosine distance between the direction of the
change from the input and output rendered images and the
direction of the change from an input prompt to the edit
prompt. (3). VQAScore [19], measures the probability that
the answer to the question ”Does the image show caption”
is ”Yes” by inputting the rendered image and caption into
a VQA model. (4). VE-Bench Score [31], provides a score
that evaluates video editing quality by measuring tempo-
ral consistency, visual quality, and edit fidelity for dynamic
video content through automated metrics designed specifi-
cally for assessing video-based edits. (5). ViCLIP-T, as pre-
sented in [39], uses ViCLIP [33], a video CLIP model that
incorporates temporal information when processing videos.
ViCLIP-T calculates the cosine similarity between text and
video embeddings, measuring how well the output video
aligns with the target text prompt, providing a measure of
text faithfulness for dynamic content.

Comparisons. A qualitative comparison to static 3D edit-
ing methods is shown in Fig. 5. We show our results at two
different timesteps: one at an early stage of the simulation
(Small t) and one at the end (Large t). In the snowfall ex-
ample in the first row, the static methods cannot capture the
temporal dynamics of continuous particle emission and ac-
cumulation, yielding only surface modifications (ClimateN-
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eRF) or appearance changes (GaussCtrl). In the second
row, for the fog example, the effect is either unnoticeable
(ClimateNeRF) or unrealistic (GaussCtrl). Our physics-
guided framework produces effects that exhibit both phys-
ically plausible temporal evolution and photorealistic ap-
pearance. Additional comparisons across different scenes,
effects, and viewpoints are provided in the supplementary
(Sec. 7, Sec. 9).

In Tab. 1 we show a quantitative comparison to to these
baselines. For the static methods, we create moving camera
videos from their results to enable fair comparison using
video-based metrics. ClimateNeRF only performs modi-
fications for the fog and snow effects, thus we show re-
sults over these effects (F+S) and also over all weather
effects. As illustrated in the table, our method achieves
higher scores across both video and image-based metrics,
demonstrating that our approach produces high-quality ef-
fects even in static frames, while the temporal dimension,
enabled by continuous particle emission and physics-guided
optimization, further distinguishes our method. We ad-
ditionally compare against Instruct-4DGS in Tab. 1 (4D).
Without a physics-based motion prior, Instruct-4DGS pro-
duces incoherent results with physically implausible mo-
tion, resulting in significantly lower scores across all met-
rics (qualitative comparison in the supplementary, Fig. 7).

4.3. Ablations

We conduct ablation studies to evaluate four variants: (1)
without collision handling (w/o CH), removing mesh-based
collision handling techniques; (2) without appearance op-
timization (w/o App), using only physics simulation with
LLM-initialized appearance parameters and no Video-SDS
optimization; (3) without motion simulation (w/o Motion),
using only data-driven optimization by initializing a 4D
Gaussian Splatting representation [35] and optimizing its
deformation field using Video-SDS; and (4) without physics
guidance (w/o PG), where motion trajectories from physics
simulation are fixed and only appearance parameters are op-
timized through Video-SDS, eliminating the joint optimiza-
tion, physics regularization losses, and physics conditioning
that enable our approach.

Fig. 6 and Tab. 2 illustrate that each ablated compo-
nent leads to a significant degradation in quality. The w/o
CH ablation demonstrates that without proper collision han-
dling, dynamic Gaussians fail to interact convincingly with
static scene geometry, with snowflakes floating unnaturally
above surfaces instead of accumulating realistically. While
the w/o App variant achieves physically plausible motion,
it produces suboptimal visual appearance due to simplified
LLM-initialized parameters. The w/o Motion variant pro-
duces incoherent and noisy results, producing significantly
lower results than other variants. These results demonstrate
that video diffusion models alone cannot reliably generate

Table 2. Quantitative Ablation Results. Comparison against
variants without collision handling (w/o CH), appearance opti-
mization (w/o App), without motion simulation (w/o Motion) or
physical guidance (w/o PG).

Method CLIPSim ↑ CLIPDir ↑ VQAScore ↑ ViCLIP-T ↑ VE-Bench ↑

w/o CH 0.24 0.10 0.83 0.16 0.34
w/o App 0.25 0.10 0.82 0.16 0.37
w/o Motion 0.18 0.03 0.35 0.08 0.13
w/o PG 0.26 0.10 0.85 0.17 0.37
Ours 0.28 0.11 0.89 0.19 0.41

physically plausible motion for complex multi-particle sce-
narios and are not designed to introduce new Gaussians.
The w/o PG variant demonstrates that fixed motion prevents
effective Video-SDS optimization. Without the joint opti-
mization enabled by our physics-guidance prior, the model
cannot learn the motion refinements required for the diffu-
sion model to satisfy the text prompt. Additional ablation
results are provided in the supplementary (Sec. 7).

4.4. Limitations
While our physics-guided score distillation framework
achieves high-quality results, several limitations remain.
First, our current approach focuses on adding dynamic el-
ements that interact with static scene geometry but does
not enable bi-directional interactions where dynamic effects
cause deformation or movement of existing scene elements.
Extending our framework to support such interactions rep-
resents a promising direction for future work. Second,
our framework does not currently update the appearance of
static Gaussians to reflect environment changes induced by
dynamic effects, such as shadows or ambient lighting vari-
ations. The modification of static Gaussian appearance to
reflect these environmental effects represents an important
direction for future research. Third, while physics simu-
lation provides a strong initialization for optimization, our
approach assumes that learned trajectories remain close to
the reference simulation. If the optimized trajectories de-
viate significantly from the physics prior beyond a certain
threshold, the guidance velocity signal becomes unreliable.
Exploring ways to adapt or recalibrate the guidance is an
interesting direction for future work.

5. Conclusion

We presented Physics-Guided Score Distillation, a frame-
work for dynamic editing of 3D Gaussian Splatting scenes.
Our key insight is to leverage physics simulation as a pow-
erful motion prior, enabling the joint refinement of both mo-
tion and appearance within a unified Video-SDS optimiza-
tion. Our ablations confirm this joint refinement is essential
for achieving coherent, photorealistic results, as simpler al-
ternatives fail. This work bridges physics-based simulation
with data-driven diffusion models, opening a new path for
realistic, dynamic 3D content creation.
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