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Figure 1. PhysMotion is a novel image-to-video framework that uses physical dynamics and 3D geometric representations to generate
realistic videos, capturing rigid body motion, elastic deformation, viscoplastic flow, and fracture. Each image pair shows the input image
on the left and the generated dynamics on the right.

Abstract

We introduce PhysMotion, a novel framework that lever-
ages principled physics-based simulations to guide interme-
diate 3D representations generated from a single image and
input conditions (e.g., applied force and torque), producing
high-quality, physically plausible video generation. By uti-
lizing continuum mechanics-based simulations as a prior
knowledge, our approach addresses the limitations of tra-
ditional data-driven generative models and results in more
consistent physically plausible motions. Our framework be-
gins by reconstructing a feed-forward 3D Gaussian from a
single image through geometry optimization. This repre-
sentation is then time-stepped using Material Point Method
(MPM) with continuum mechanics-based elastoplasticity
models, which provides a strong foundation for realistic dy-
namics, albeit at a coarse level of detail. To enhance the
geometry, appearance, and ensure spatiotemporal consis-
tency, we refine the initial simulation using a text-to-image
(T2I) diffusion model with cross-frame attention, resulting
in a physically plausible video that retains intricate details
comparable to the input image. We conduct comprehensive
qualitative and quantitative evaluations to validate the effi-
cacy of our method.

1. Introduction

Video generation and editing are essential in movie and
game industries, where achieving high-quality content ef-
ficiently still remains challenging. Traditional workflows
with commercial software—such as video recording and
post-production editing—are labor-intensive and require
substantial expertise. These methods often result in huge
time and labor costs and restrict accessibility for novices.
Recent advances in deep learning, particularly in genera-
tive models, have enabled more automated and efficient ap-
proaches to video generation. State-of-the-art image and
video diffusion models can synthesize videos from text
prompts or image inputs. However, the inherent sparsity
of text prompts often fails to capture detailed object lay-
outs and complex motion features, resulting in generated
videos that do not fully align with user intentions [27, 85].
To support controllable video generation, additional condi-
tions—such as motion trajectories, reference videos, poses,
and camera movements—have been incorporated into dif-
fusion models [15, 27, 29, 33, 73, 101, 109]. Despite these
advancements, diffusion models still struggle to maintain
physical realism, often producing outputs that violate basic
physical principles [4, 14, 60].

Previous work has employed physics simulators to gen-



erate physics-based dynamics and render videos through
differentiable rendering techniques [6, 31, 35, 47, 54, 92,
108]. For example, PhysGaussian [92], VR-GS [35], and
PhysGen [54] utilize simulators such as MPM [34], XPBD
[57], and rigid body simulators [5] to achieve realistic
physics-driven video synthesis, PhysDiff [104] integrates
physical constraints for human motion recovery. To further
streamline physics parameter tuning, PhysDreamer [108]
distills video diffusion priors via SDS to estimate the phys-
ical material properties of static 3D objects, enabling the
creation of immersive, realistic interactive dynamics. PAC-
NeRF [47] and GIC [6] estimate unknown geometry and
physical parameters to ensure physically plausible outputs
in Neural Radiance Fields (NeRF) and 3D Gaussian Splat-
ting (3DGS), respectively. However, these techniques often
require multi-view images, videos, or 3D objects as input,
limiting their generalizability. While PhysGen [54] gener-
ates dynamics from a single image, it is constrained to 2D
dynamics. Our objective is to generate visually compelling,
physics-grounded 3D dynamics from a single image, en-
hancing both visual quality and the physical plausibility of
the resulting videos.

To address these challenges, we combine insights from
both 3D and 2D generative models. Our goal is to generate
realistic 3D dynamics, for which physical simulations are
best performed on 3D geometry; therefore, we lift the image
to a 3DGS representation. However, a direct application of
3DGS deformation and rendering yields low-quality videos.
Inspired by Image Sculpting [100], we design a coarse-to-
fine refinement stage that employs 2D image diffusion mod-
els and cross-attention mechanisms. This approach enables
the final video to exhibit physically plausible motion con-
sistent with 3D dynamics while preserving the quality and
detail of the original input image. Our contributions in-
clude: (1) A novel single image-to-video framework with
3D geometry awareness and physics-grounded dynamics;
(2) A video enhancement module that improves video qual-
ity, maintains spatiotemporal consistency, preserves intri-
cate details, and aligns closely with the input image; (3)
Versatile evaluation on visual coherence, physical plausi-
bility, and generative diversity.

2. Related Work
Generative Dynamics Previous works primarily follow
two paradigms to generate dynamics from images or 3D
content. Data-driven methods leverage image or video gen-
erative models to create dynamic scenes from various con-
trol signals, such as text prompts [45, 93], bounding boxes
[45], trajectories [48, 73, 85, 91, 110], reference videos
[33, 86, 111], camera movements [85, 97], and force signals
[25]. They rely on pre-trained generative models, which of-
ten lack fundamental understanding of physics [60]. Con-
sequently, the generated motions may violate physical laws.
In contrast, simulation-based methods produce generative

dynamics that are physically grounded [4]. For instance,
PhysGaussian [92] and PhysDreamer [108] integrate a
MPM simulator with 3DGS to generate physics-based dy-
namics; VR-GS [35] employs Extended Position Based Dy-
namics (XPBD) [57] for real-time dynamics; [112] uses a
spring-mass model within 3DGS to simulate elastic objects.
These methods, however, require 3D contents or multi-view
images as input. Recently, PhysGen [54] and PhysGen3D
[11] introduced single-image rigid-body dynamics. How-
ever, their reliance on explicit mesh extraction and PBR
rendering creates a disconnect between the simulation en-
tity and the visual output. In contrast, our method leverages
3D Gaussian Splatting (3DGS) as a unified, compact rep-
resentation. Inspired by [92], we integrate MPM to enable
physics-based dynamics, using only a single image as input.
Unlike Phy124 [51], which outputs coarse video directly
from the MPM simulator, ours produces higher-quality, vi-
sually compelling dynamics through video enhancement.

Sparse-view 3D Reconstruction Recent advancements
in neural rendering techniques, such as NeRF [61] and
3DGS [38], have made significant progress in 3D re-
construction. Approaches like additional depth supervi-
sion [19], depth prior loss [63, 84], CLIP-based supervi-
sion [32], pixel-aligned features [102], frequency regular-
izer [95], and diffusion priors [89] have been introduced
to promote sparse-view reconstruction. More relatedly,
to reconstruct 3DGS scenes from sparse views, methods
[10, 16, 43, 64, 79, 87, 94, 113] have been developed to bet-
ter constrain the optimization process. Among these, FSGS
[113] and SparseGS [94] apply monocular depth estimators
or diffusion models to GS under sparse-view conditions.
DNGaussian [43] uses both soft and hard depth regulariza-
tion to restore accurate scene geometry.

Diffusion Models [76] first introduced diffusion mod-
els to learn a reverse diffusion process for data restora-
tion. [20] applied diffusion models to image synthesis,
achieving higher visual quality in generated images than
GANs. [71] proposed latent diffusion models, which first
compress image data and then sample in a latent space
during the denoising process. Besides image synthesis
[3, 20, 23, 36, 59, 66, 71, 75, 100, 106], diffusion models
have been applied to many other tasks, including 3D recon-
struction and generation [21, 42, 50, 52, 55, 67, 80, 103],
video generation [8, 13, 24, 26, 41, 49, 53, 54, 58, 68, 73,
85, 90, 96, 98, 107], robot policy [17, 37, 105], and scene
understanding [2, 12, 56]. Our task focuses on enhancing
video quality and ensuring alignment with input. Previ-
ous works utilized pre-trained diffusion models as priors,
or trained video diffusion models directly, to create and edit
videos [18, 26, 28, 41, 68, 99]. For example, [99] employed
video diffusion models to learn space-time features for mo-
tion transfer; [41] injected temporal features into frozen



video diffusion models to edit video based on the first edited
frame. However, due to the substantial computational and
memory requirements, video diffusion models remain in its
early stage, largely limited to short clips, or yielding low
visual quality [24]. Consequently, researchers leveraged
image diffusion models, adapting them for video editing
tasks through spatio-temporal slices [18], reference-aware
latent correction [28], interactive semantic point maps [26],
or spatial-temporal attention [68]. Nonetheless, solely ap-
plying image diffusion models on video editing often causes
flickering issues among frames [9]. To mitigate this, meth-
ods such as feature warping [62, 96], cross-frame attention
[7, 24], and noise warping [9] have been proposed to im-
prove video consistency.

3. Method
3.1. Preliminaries
3D Gaussian Splatting In its general format, 3D Gaus-
sian Splatting (3DGS) [38] represents a static scene [61]
with a set of anisotropic 3D Gaussian kernels G = {Gk :
(xk, σk,Hk, Ck)}k∈K , where xk, σk, Hk, and Ck are
the centers, opacities, covariance matrices, and color rep-
resentations of the Gaussians, respectively. At rendering
stage, those 3D Gaussians are projected onto the 2D im-
age space as 2D Gaussian kernels {Gproj

k }k∈K, and the
color of each image pixel p is computed using C(p) =∑

n∈N (p) αncn
∏n−1

j=1 (1 − αj). Here N (p) denotes the
Gaussians overlapping pixel p; αn represents the z-depth
ordered effective opacities, i.e., products of the projected
Gaussian weights Gproj

n and their overall opacities σn; cn is
the decoded color for color representation Cn. The end-to-
end differentiable rendering enables efficient optimization
of 3DGS parameters.

MPM Simulation for Continuum Mechanics In con-
tinuum mechanics, motion is prescribed by a continuous
deformation map x = φ(X, t) between the undeformed
material space Ω0 ∋ X and the deformed world space
Ωt ∋ x at time t. The evolution of deformation map φ
follows the conservation of mass and momentum [44]. As
essentially a Lagrangian method, the Material Point Method
(MPM) naturally obeys conservation of mass. The conser-
vation of momentum can be formulated as ρ(x, t)v̇(x, t) =
∇·σ(x, t)+ f ext, where v(x, t) is the velocity field, ρ(x, t)
is the density field, f ext is the external force per unit volume.
σ = 1

det(F)
∂Ψ
∂FFF

T is the Cauchy stress associated with a
energy density Ψ(F), and F(X, t) := ∇Xφ(X, t) is the
local deformation gradient.

Various works have demonstrated MPM’s superb ability
and compatibility to endow 3DGS with physics-based dy-
namics [31, 51, 69, 88, 92, 108]. In MPM, the continuum
is discretized by a set of particles, each representing a small
material region. At each time step tn, we track their La-
grangian quantities such as position xp, velocity vp, and

deformation gradient Fp. To advance one time step, we dis-
cretize the momentum equation by forward Euler as

mi

∆t
(vn+1

i −vn
i ) = −

∑
p

V 0
p

∂Ψ

∂F
Fn

pF
n
p
T∇wn

ip+ f ext
i . (1)

Here i and p represent the Eulerian grid and the Lagrangian
particles, respectively; wn

ip is the B-spline kernel defined on
i-th grid evaluated at xn

p ; V 0
p is the initial representing vol-

ume, and ∆t is the time step size. The updated grid velocity
field vn+1

i is transferred back to particles as vn+1
p , updat-

ing the particles’ positions to xn+1
p = xn

p + ∆tvn+1
p . We

refer to [46, 114, 115] for more discussions on plasticity
handling, and [22, 34, 78] for more details on MPM.

Physics-Integrated 3D Gaussians We follow [92] to
generate physics-grounded dynamics of 3DGS. Apply-
ing a first-order approximation of the deformation map,
continuum mechanics is combined with 3DGS by x ≈
φ̃k(X, t) := xk + Fk(X − Xk), and the Gaussian distri-
bution function for each Gaussian kernel p is augmented
as Gk(x) = exp

{
− 1

2 (x− xk)
T(FkHkF

T
k )(x− xk)

}
.

This transformation gives a time-dependent 3DGS geo-
metrical framework as xk(t) = φ(Xk, t), hk(t) =
Fk(t)HkFk(t)

T. The world-space covariance matrix hk

can thus be subsequently updated as hn+1
k = hn

k +
∆t

(
∇vkh

n
k + hn

k∇vT
k

)
. In this work, we use only first

order sphere harmonics (SH) [38]. As color is not view-
dependent with order one SH, the polar decomposition to a
rotation matrix is not needed [92].

3.2. Pipeline Overview

As shown in Fig. 2, given a single image, our pipeline con-
sists of two stages: 1) we extract and optimize a 3DGS rep-
resentation of the foreground object, then generate physics-
grounded dynamics using an MPM simulator, where we
manually apply external forces to selected regions and
modify specific particle velocities, inducing controllable
physics-grounded movement; 2) we apply a diffusion-based
video enhancement pipeline to generate high-fidelity video
with realistic object-background interaction.

3.3. Geometry-Aware Reconstruction

Starting from a single image I0, using SAM [39], we seg-
ment the image as a foreground I0F containing the object of
interest, and a background I0B . A spatially consistent 3DGS
representation of the foreground object is pivotal to high-
fidelity physics-based dynamics. We use LGM [81] to ob-
tain a coarse initial 3DGS reconstruction for the foreground
object. We then optimize the coarse 3DGS with depth and
color supervision. Motivated by [43], we include a hard-
depth loss during the optimization stage. Given I0F , as done
in [81], MVDream [74] is used to generate four multi-view
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Figure 2. Overview. Given a single image input I0, we introduce a novel pipeline to generate high-fidelity, physics-grounded video with
3D understanding. Our pipeline consists of two main stages: first, we perform a single-view 3DGS reconstruction of the segmented object
from the input image, then synthesize a physics-grounded coarse object dynamics {Ij}Nj=1 (Sec. 3.3); then, we apply a novel diffusion-
based video enhancement procedure to produce the final enhanced video {I∗

j }Nj=1 with backgrounds (Sec. 3.4), enabling users to create
visually compelling, physics-driven video from a single image with an applied conditional force or torque.

images {Î0F , Î1F , Î2F , Î3F } , where ÎaF is the image generated
at viewpoint with azimuth θ = πa/2 for a = 0, 1, 2, and
3. Each generated image ÎaF is decomposed as a set of pixel
patches ÎaF =

⋃
i

Pa
i . The hard-depth loss Lhard for each

pixel patch is formulated as

Lhard(P
a
i ) =

∥∥∥N
(
Dhard(P

a
i )− D̂(Pa

i )
)∥∥∥

2
, (2)

where hard-depth Dhard(P
a
i ) is defined as

Dhard(P
a
i ) =

∑
p∈Pa

i

∑
n∈N (p)

∥xn−oa∥2·
(
δ(1− δ)p−1Gproj

n (p)
)
.

(3)
Gproj

n (p) represents the projected 2D Gaussians overlapping
pixel p; oa is the camera center of view a; δ ∈ (0, 1) is
a scalar closer to 1 so that the camera only sees the near-
est Gaussians. D̂(·) is the ground truth monocular depth
extracted using MiDaS [77] from the training image pixel
patch; N(·) is a balanced local and global normalization op-
erator as in [43]. The final hard-depth loss can be written
as

Lhard =

3∑
a=1

∑
Pa

i ⊂ÎaF

Lhard(P
a
i ) +

∑
P0

i⊂I0F

Lhard(P
0
i ), (4)

where we replace Î0F with the available ground truth im-
age I0F . Following [43], we freeze all parameters except
xk, k ∈ K for depth guidance, ensuring the optimization
of geometrical information.

For color supervision, we observe that using generated
multi-view images results in poor spatial consistency, due
to the inaccurate camera poses. Hence, color supervision is
only applied on the input view image I0F . Following [38],
we write the color supervision as

Lcolor = L1

(
I(G, 0), I0F

)
+ λLD-SSIM

(
I(G, 0), I0F

)
, (5)

where I(G, 0) is the rendered image at view with azimuth
θ = 0 from the Gaussians G = {Gk}k∈K. The output
of the optimized Gaussians are send to a MPM simulator,
resulting in a coarse object dynamics {Ij}Nj=1 consisting of
N frames. We adopt the open-sourced MPM solver [114].

3.4. Generative Video Enhancement
We present a diffusion-based video enhancement pipeline
to generate enhanced video {I∗j }Nj=1 from the coarse frames
{Ij}Nj=1, which integrates object dynamics with the back-
ground I0B for realistic interactions, and encourages gener-
ative dynamics to maintain temporal consistency. Inspired
by [24], given the coarse frames {Ij}Nj=1, a subset of key-
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Figure 3. Applying blending in latent space causes temporal in-
consistency at the cake’s edge.

frames {Ijk}Kk=1 ⊂ {Ij}Nj=1, with K < N, is selected for
key-frame enhancement. The key-frames {Ijk}Kk=1 are first
jointly enhanced with shared attention features, then the en-
hanced features of key-frames are propagated through the
whole video to ensure temporal consistency. In our setting,
the first frame is always selected as a key frame, i.e. j1 ≡ 1,
as it contains the most faithful information to the input I0.
We introduce our video enhancement pipeline in two stages:
inversion stage (Sec. 3.4.1) and sampling stage (Sec. 3.4.2).

3.4.1 Inversion Stage

We use the α values from the optimized foreground 3DGS
to obtain blended image Īj = αIj+(1−α)I0B , 1 ≤ j ≤ N .
A DDIM+ inversion [100] is applied on blended images
to obtain the noisy latents {Ĩj}Nj=1 as {Īj}Nj=1

DDIM+−−−−−→
Inversion

{Ĩj}Nj=1. They capture the intricate appearance of the object
and spatial information, enhancing the realistic generative
dynamics with high-quality texture and geometric details.

The DDIM+ procedure is outlined as the following. We
fine-tune a pre-trained image diffusion model [72] based
on the segmented object and generated multi-view images.
Leveraging image diffusion priors, this process enhances
the consistency of texture and appearance of the object with
input image. Additionally, we utilize the depth map D(I)
rendered from 3DGS and the canny edge C(I) as control
signals for ControlNet [106] to maintain geometric consis-
tency between the foreground and the background within
each frame. Moreover, we query GPT-4o to retrieve detailed
text descriptions of the object’s appearance and background
context. These descriptions are used in the DDIM+ inver-
sion process to enrich the prompt conditioning, ensuring
that intricate material textures, environmental details, and
motion semantics are faithfully preserved in the inverted la-
tents.

Unlike [100], we blend the foreground and background
in image space before DDIM+ inversion rather than in la-
tent space at sampling stage. Although blending in latent
space preserves the original background and ensures output
consistency with the input image, it heavily depends on ac-
curacy of the mask. Misalignments during mask encoding
can lead to boundary inconsistencies in the final video, as
indicated in Fig. 3, making it unsuitable for video enhance-
ment tasks.

3.4.2 Sampling Stage

During DDIM+ sampling stage, we perform coarse and en-
hanced sampling processes simultaneously. Following [82],
we switch the output of residual blocks and self-attention
blocks in the enhanced sampling stage with corresponding
outputs from the coarse sampling stage as ∀j, 1 ≤ j ≤ N :

fe(Ĩj)← fc(Ĩj), (Qe(Ĩj),Ke(Ĩj))← (Qc(Ĩj),Kc(Ĩj)).

The subscripts e and c stand for the features in enhanced
stage and coarse stage; f∗(Ĩj), ∗ = e, c indicates the out-
put of residual blocks for the latent frame Ĩj ; Q∗ and K∗,
∗ = e, c are queries and keys within the transformer atten-
tion blocks. Feature injection is applied to all upsampling
layers (i.e. the decoding stage) in the UNet. The timesteps
for feature and attention injection is controlled by two hy-
perparameters, τf and τA ∈ (0, 1).

For latent key-frames {Ĩjk}Kk=1 during enhanced sam-
pling, the self-attention features {Qjk}Kk=1 (queries),
{Kjk}Kk=1 (keys), {Vjk}Kk=1 (values) are concatenated and
shared to form the extended attention, with the queries and
keys being replaced by the corresponding values in the
coarse stage (for simplicity, we denote the Q∗(Ĩj) as Qj,∗,
where ∗ = e, c, same as K) as, for k = 1, 2, ...,K,

Ajk,e = Softmax
(
Qjk,c[Kj1,c, · · · ,KjK ,c]

T

√
d

)
. (6)

Here d is the dimension of embedded vectors within Q,K
[83]. For each latent key-frame Ĩjk , its output of attention
block during enhanced sampling ϕe(Ĩjk) is thus

ϕe(Ĩjk) = Ajk,e · [Vj1,e, · · · ,VjK ,e], ∀1 ≤ k ≤ K. (7)

For latent non-key-frames, following [24], we propagate
the enhanced key-frames to them, through the extracted
Nearest-Neighbor correspondences from the coarse blended
video {Īj}Nj=1. For a spatial location q in the feature map
of frame j ∈ {1, · · · , N}\{j1, · · · , jK} , we replace its at-
tention block output by a weighted average between neigh-
boring key-frames

ϕe(Ĩj ,q) = wjϕe(Ĩj+) [νj+[q]]+(1−wj)ϕe(Ĩj−) [νj−[q]] .
(8)

Here, j± denotes the index of the closest future (+) and
past (-) key frames; wj ∈ (0, 1) is a scalar proportional
to the distance between frame j and its neighboring key
frames; νj± is defined over coarse stage on the original
blended video:

νj±[q] = argmin
q∗

D
(
ϕc(Īj)[q],ϕc(Īj±)[q∗]

)
, (9)

where D is the cosine distance. The entire enhanced sam-
pling will output a enhanced video:

{Ĩj}Nj=1 → {ϕj,e}Nj=1; {fj,e}Nj=1 → {I∗j }Nj=1. (10)
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Figure 4. Qualitative Comparison. We use compare our results against MotionI2V [73], DragAnything (DA) [91], CogVideoX-5B [98],
DynamiCrafter (DC) [93] and I2VGen-XL [73]. Text prompts for CogVideoX-5B, I2VGen-XL and DynamiCrafter are generated using
ChatGPT-4o, while trajectories are used for DragAnything and Motion-I2V.

4. Experiment
4.1. Results
Implementation Details We use MiDaS [77] for monoc-
ular depth extraction for 3DGS optimization. For diffusion-
based video enhancement, we leverage a pre-trained Stable-
Diffusion [70] and ControlNet [106] weights, and we fine-
tune them using LoRA [30] trained for 1, 500 steps with
learning rate 10−6. Physical material parameters (mass,
Young’s modulus, Poisson’s ratio and density) are manually
assigned based on semantic category of the object.

Showcases We showcase various 3D-generated dynamics
produced by PhysMotion (Fig. 5), where cake and chair
are generated from synthetic data and others are from are
from real-world images. Our method creates visually com-
pelling, temporal-consistent videos with physics-grounded
dynamics. PhysMotion supports material properties such
as elasticity, plasticity, rigid bodies, granular particles, and
fracture effects. Additionally, the method effectively han-
dles collisions and multi-object interactions.

Table 1. Quantitative Comparisons. We use VideoPhy [4] to
compare the average normalized Physical Commonsense (PC) and
Semantic Adherence (SA) scores, along with user study results
showing preferences for our method over baselines in temporal
consistency (TC) and overall preference.

Methods PC ↑ SA ↑ TC PP Overall
I2VGen-XL 0.1853 -0.8446 89% 90% 90%
CogVideoX-5B 0.0692 0.3480 76% 76% 78%
DynamiCrafter -0.2337 -0.3091 88% 92% 92%
MotionI2V -0.5896 0.1530 92% 94% 91%
DragAnything 0.0545 -0.0703 92% 90% 93%
Ours 0.5142 0.7230 — — —

4.2. Quantitative Evaluation
Baselines and Metrics For quantitative evaluation, we
compare PhysMotion with several open-sourced state-
of-the-art image-to-video generation models: I2VGen-
XL[107], CogVideoX-5B[98], DynamiCrafter[93], Mo-
tionI2V [73], and DragAnything [91]. The first three meth-
ods use text-based conditions, while the latter two use
trajectory-based conditions to generate dynamics from a
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Figure 5. We demonstrate exceptional versatility of our approach across a wide variety of examples.

single image. Following [73], we build a test set that in-
cludes 13 images of different scenes covering various phys-
ical materials. We use ChatGPT-4o [1] to generate the
prompts for each image on possible dynamics for video gen-
eration. For a fair comparison, input images are resized to
the desired height-width ratio of each model. The final out-
put videos are resized to 768×768, same as the output of our
pipeline. We adopt three different metrics: (1) the Physical
Commonsense (PC) of generated videos reported by Video-
Phy [4]; (2) the Semantic Adherence (SA) between videos
and text prompt reported by VideoPhy; and (3) the temporal
consistency (TC), physics plausibility (PP), and user pref-
erence (UP), assessed through a user study. As VideoPhy
gives scores at different scales on different scenes, we ap-
ply a standard z-score normalization and report the z-score
averaged over all scenes for a meaningful comparison. The
normalized z-scores for each scene have mean zero and
variance of one.

For user study, we adopt a two-alternative forced choice
(2AFC)) method as suggested by [24, 40, 65], where par-
ticipants are asked to select which video demonstrates
greater temporal consistency, visual quality, and adherence
to physics in motion among two results generated from ours

and a baseline respectively. The survey includes approxi-
mately 1, 000 judgments per baseline, provided by 20 users.

Comparison As indicated in Tab. 1, based on the Physics
Commonsense (PC) and Semantic Adherence (SA) evalu-
ation, PhysMotion achieved the highest z-scores in both
directions, indicating superior performance across various
physics scenes. These results validate the effectiveness of
PhysMotion in generating accurate dynamics with excellent
semantic adherence across diverse scenarios. Furthermore,
our proposed method consistently outperforms all baselines
in all evaluation criteria in the user preference results (in
both TC, PP, and overall). These results demonstrate Phys-
Motion’s capability to synthesize realistic physical dynam-
ics while maintaining temporal consistency.

4.3. Qualitative Evaluation

We show the qualitative comparison results in Fig. 4. Mo-
tionI2V [73] tends to shift textures without synthesizing
true geometric motion, resulting in shape inconsistencies.
DragAnything [91], often misinterpreting the motion re-
lationship between the camera and object, and moves the
camera instead of the object. Image-to-video generative
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Figure 6. Video Enhancement. Our generative video enhance-
ment captures the realistic texture of bread in the torn area.

methods with text conditions, such as DynamiCrafter [93],
I2VGen-XL [107], and CogVideoX-5B [98], frequently
produce inconsistent motion or unintended object deforma-
tions. For example, in I2VGen-XL and CogVideoX-5B,
the tennis ball disappears, and in DynamiCrafter, the ten-
nis racket deforms and incorrectly embeds the tennis ball.
In contrast, our physics-guided approach ensures physically
plausible dynamics and high visual quality, preserving both
the geometry and texture details of the input image.

4.4. Ablation Studies

We conduct ablation studies to justify the necessity of our
pipeline components. We first evaluate the effectiveness
of our geometry-aware reconstruction stage. The recon-
structed coarse 3DGS of LGM often appears blurry and
exhibits incorrect textures. To address this, we refine the
3DGS using both depth and color supervision, leading to
improved reconstruction quality. As shown in Fig. 7, while
the addition of color supervision enhances texture details,
it introduces floating artifacts around the object due to ge-
ometric ambiguities. The use of hard-depth loss mitigates
this issue by incorporating depth information, ensuring that
the refined front view aligns accurately with the input image
and better preserves the object’s shape. We then examine
the image blending stage. As discussed in Sec. 3.4.1, ap-
plying alpha-blending in the latent space compromises tem-
poral consistency, especially at object edges. Fig. 8 shows
that inaccuracies in the latent space mask lead to the loss of
high-frequency details, such as around the legs of the chair.
Lastly, we evaluate the full enhancement pipeline. Prior
works [92, 108] use fully reconstructed 3D scenes to gen-
erate physics-based dynamics, serving as coarse dynamics
in our pipeline. However, due to challenges in filling inter-
nal 3DGS without internal information, [92] fails to show
realistic dynamics for exposed internal particles, leading to
artifacts and blurriness. As shown in Fig. 6, our method
enhances blurred sections, e.g. in the bread-tearing video,
rendering realistic internal textures.

Coarse 3DGS w/o HD w/ HDFront Image

Figure 7. Coarse 3DGS shows blur and texture errors; without
hard-depth (HD) supervision, floaters appeared; with hard-depth
(HD) supervision, the reconstruction displays better appearance
and correct shape.

Latent Space Blending Image Space Blending

Figure 8. Background blending in latent space yields poor results
due to inaccurate masking compared to blending in image space.

5. Conclusion and Future Work
We introduce PhysMotion, a novel framework that com-
bines physics-integrated 3DGS with image diffusion
models to generate physics-grounded dynamics from a
single image. Compared with text-guided or trajectory-
guided image-to-video methods, PhysMotion achieves
more visually realistic and compelling motion synthesis,
by enhancing coarse videos obtained from physics simu-
lators through image diffusion models. Nevertheless, the
introduction of image diffusion models may introduce ad-
ditional artifacts, such as slight color distortions, affecting
the overall color consistency. How color fidelity can be
maintained in video enhancement is still an unsolved prob-
lem. Future research can also investigate the integration
of video diffusion models with physics-based simulators.
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