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Abstract

Recently, 3D Gaussian Splatting (3DGS), an explicit scene
representation technique, has shown significant promise for
dynamic novel-view synthesis from monocular video input.
However, purely data-driven 3DGS often struggles to capture
the diverse physics-driven motion patterns in dynamic scenes.
To fill this gap, we propose Physics-Informed Deformable
Gaussian Splatting (PIDG), which treats each Gaussian parti-
cle as a Lagrangian material point with time-varying constitu-
tive parameters and is supervised by 2D optical flow via mo-
tion projection. Specifically, we adopt static-dynamic decou-
pled 4D decomposed hash encoding to reconstruct geometry
and motion efficiently. Subsequently, we impose the Cauchy
momentum residual as a physics constraint, enabling inde-
pendent prediction of each particle’s velocity and constitutive
stress via a time-evolving material field. Finally, we further
supervise data fitting by matching Lagrangian particle flow to
camera-compensated optical flow, which accelerates conver-
gence and improves generalization. Experiments on a custom
physics-driven dataset as well as on standard synthetic and
real-world datasets demonstrate significant gains in physical
consistency and monocular dynamic reconstruction quality.

Code — https://github.com/SCAILab-USTC/Physics-
Informed-Deformable-Gaussian-Splatting

1 Introduction
How can physical dynamics be faithfully embedded into
spatio-temporal scene representations? Recent novel-view
synthesis methods have demonstrated a remarkable abil-
ity to reconstruct high-fidelity 3D representations of the
physical world from sparse 2D observations (Yang et al.
2024a; Mildenhall et al. 2019; Schönberger and Frahm
2016; Pumarola et al. 2021). These approaches aim to render
dynamic scenes from arbitrary viewpoints and timestamps,
with the expectation of not only recovering dynamic geom-
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etry but also accurately capturing the evolution of intrinsic
physical properties across space and time.

Due to the absence of credible constraints on motion pat-
tern or 3D structure, novel-view synthesis in dynamic scenes
faces significant challenges (Zhao et al. 2024; Liu et al.
2025; Li et al. 2022; Xu et al. 2024; Zhu et al. 2024): firstly,
sparse-view observations may be insufficient to supervise
complex motion patterns; secondly, the synthesis results of-
ten suffer from inconsistencies of physical dynamics. To this
end, we investigate how to embed motion constitutive laws
into the dynamic novel view synthesis framework.

Neural Radiation Fields (NeRF) (Mildenhall et al. 2020;
Pumarola et al. 2021; Park et al. 2021b) uses implicit scene
representation and volume rendering to achieve novel view
synthesis of high quality, but treats each reconstruction as a
whole Eulerian volume, thus restricting the physical consis-
tency to a two-dimensional projection. 3D Gaussian Splat-
ting (3DGS) (Kerbl et al. 2023) enables real-time render-
ing with explicit Gaussian primitives, but makes it difficult
to build 4D dynamic models from sparse inputs. The incre-
mental method (Luiten et al. 2024) leads to an explosion
in storage over time, whereas the deformation field method
(Wu et al. 2024; Yang et al. 2024b; Bae et al. 2024) learns
dynamic Gaussian motions using an implicit method. And
the efficiency of dynamic reconstruction is further optimised
using the low-rank assumption (Huang et al. 2024; Zhang
et al. 2025a) or 4D decomposed hash coding (Xu et al. 2024;
Dai et al. 2025; Kwak et al. 2025). Although these existing
methods achieve considerable results in dynamic novel view
synthesis, they only simplify the motion to rigid body trans-
formation, ignoring the motion constitutive laws of different
materials. Meanwhile, relying only on the visual supervision
from monocular videos results in the inability to uniformly
constrain the state of 3D particles, leading to deviations of
Gaussian particles from their original motion patterns.

To address these challenges, as shown in Fig. 1, we
propose Physics-Informed Deformable Gaussian Splatting,
which models dynamic 3D Gaussians as time-evolving La-
grangian particles to recover spatio-temporal structure and
intrinsic physical properties. Our main contributions are:
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Figure 1: Physics-Informed Deformable Gaussian Splatting achieves physically consistent and generalisable monocular dy-
namic novel-view synthesis effects, performing excellently in physical scenarios such as fluid dynamics and elastic mechanics.

• We extend the Cauchy momentum equation into a con-
stitutive law, in which each Gaussian is treated as a La-
grangian particle whose velocity and stress are predicted
by a time-evolving material field, and momentum resid-
uals are penalized to enforce physical consistency.

• We adopt 4D decomposed hash encoding by decoupling
the spatio-temporal representation in a canonical hash
space, significantly reducing memory from O(n4) to
O(n3) while keeping satisfying reconstruction accuracy.

• We propose a Lagrangian particle flow matching term.
By aligning Gaussian flow and velocity flow to camera-
compensated optical flow, we directly supervise particle
motion and ensure the material field converges reliably.

• Our method integrates into a fully differentiable pipeline
that renders dynamic scenes from sparse inputs, show-
ing promising results on our physics-driven dataset and
existing real-world and synthetic datasets.

2 Related Work
Early dynamic reconstruction methods based on explicit ge-
ometry (Broxton et al. 2020; Newcombe, Fox, and Seitz
2015; Orts-Escolano et al. 2016; Mildenhall et al. 2019)
and NeRF canonical mappings (Mildenhall et al. 2020;
Park et al. 2021a; Pumarola et al. 2021) suffer from high
computational costs. Recent 3D Gaussian Splatting ap-
proaches (Kerbl et al. 2023; Luiten et al. 2024; Wu et al.
2024; Xu et al. 2024; Huang et al. 2024; Zhang et al. 2025a)
improve efficiency and detail but still struggle to generalize
dynamic motion while preserving static accuracy. To address
2D visual supervision limitations, methods like Gaussian-
Flow (Gao et al. 2024), MotionGS (Zhu et al. 2024), and
MAGS (Guo et al. 2024) incorporate optical flow, achieving
high-quality rendering yet lacking physical consistency.

Physics-guided methods using material point method
(MPM) (Zhang et al. 2025b; Xie et al. 2024), physics-
informed neural networks (PINNs) (Chu et al. 2022; Wang,
Tang, and Chu 2024), or spring-mass models (Zhong et al.
2025; Jiang et al. 2025) enhance realism but remain limited
by discretization, fixed material properties, and poor adapt-
ability to diverse scenes, leaving the development of a uni-

versal, physically consistent framework for diverse dynamic
scenes an open challenge.

3 Preliminaries
3.1 Physics-Informed Neural Network
PINNs (Raissi, Perdikaris, and Karniadakis 2019) establish
a synergistic framework between data-driven modeling and
physical law enforcement by encoding governing equations
into loss functions. The core architecture employs partial
differential equation (PDE) residuals as supervisory signals
through a multi-task learning paradigm.

The total loss function combines data fitting and physical
constraint terms. The data fitting term quantifies prediction
errors relative to measurements through mean squared er-
ror minimization, where Nd is the number of training data
points. The physical constraints are enforced through auto-
matic differentiation for PDE residual computation across
Nf points within the physical domain Ω:

LDF =
1

Nd

Nd∑
i=1

∥uNN(xi)− utrue(xi)∥2, (1)

LPDE =
1

Nf

Nf∑
i=1

∥∇x · F(uNN,x)∥2Ω. (2)

Here, uNN is the neural network’s predicted solution,
utrue is the ground-truth solution from measurements or an-
alytic solution, F is the flux in conservation-form PDEs,
∇x ·F =

∑d
i=1

∂Fi

∂xi
denotes its divergence in d spatial di-

mensions, and xi ∈ Ω are the evaluation points.

3.2 3D Gaussian Splatting Method
3DGS (Kerbl et al. 2023) represents a scene as an explicit
set of millions of learnable 3D Gaussians, each parameter-
ized by a center position µ ∈ R3, a quaternion orientation
q ∈ R4, an anisotropic scale s ∈ R3, spherical harmonics
coefficients h ∈ R3(k+1)2 for view-dependent color c ∈ R3,
and an opacity o ∈ [0, 1]. Each Gaussian contributes at point
x ∈ R3 as αi(x) = oi exp

(
− 1

2 (x − µi)
⊤Σ−1

i (x − µi)
)
,
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where Σi is computed from qi and si. This infinite-support
formulation enables global gradient flow.

Differentiable rendering in 3DGS depends on a splatting
pipeline: each Gaussian is projected onto the image plane via
its mean µi and covariance Σi, and contributes according to
a 2D Gaussian. When a pixel is covered by N depth-sorted
Gaussians, we composite its color as C =

∑N
i=1 ci αiTi,

where ci and Ti =
∏i−1

j=1(1 − αj) are the RGB color and
cumulative transmittance of the i-th Gaussian. The full scene
is parameterized by P = {Gi = (µi, qi, si, ci, oi) }Ni=1.

3.3 Problem Formulation
Known and Unknown. Novel view synthesis in monocu-
lar dynamic scenes requires reconstructing complex spatio-
temporal evolution from sparse video frames. Given a se-
quence of monocular inputs, the goal is to estimate a set of
Gaussian particles with static attributes and a time-varying
deformation field that models their motion over time.

Objective. The optimization objectives are twofold as ren-
dering consistency and physical consistency. The former en-
sures that the synthesized views faithfully reproduce the
input frames, while the latter imposes physics-driven con-
straints to encourage plausible, convergent, and generaliz-
able dynamic behavior. The motivation for this work arises
from the following key questions, which we attempt to in-
vestigate in this paper: (1) How can we model the positions
and time-varying deformations of Gaussian particles with-
out any known ground-truth particle motion priors? (2) What
kind of boundary conditions or surrogate supervision can en-
able physically meaningful and generalizable modeling of
dynamic materials?

4 Method Overview
4.1 Dynamic Modeling in Canonical Hash Space
Recent methods reconstruct dynamic scenes by defining a
static canonical space and learning deformation fields for
temporal mapping. However, incremental and deformation-
field approaches (Luiten et al. 2024; Yang et al. 2024b) incur
high memory overhead, while low-rank plane decomposi-
tion (Huang et al. 2024) often reduces motion fidelity. The
sparsity of dynamic regions further underscores the need to
perceive and model time-varying elements robustly.

4D Decomposed Hash Encoding Inspired by hash-based
Grid4D (Xu et al. 2024), we replace costly 4D MLPs or
low-rank plane decompositions with a compact hash encod-
ing, which reduces memory from O(n4) to O(n3), where n
is samples per axis. Specifically, each Gaussian coordinate
(x, y, z, t) is mapped to four separate 3D hash grids:

Gxyz(x, y, z), Gxyt(x, y, t), Gyzt(y, z, t), Gxzt(x, z, t), (3)

We then use a Spatial MLP fs to extract a spatial context
feature and convert it into a directional attention weight:

a = 2σ
(
fs(Gxyz(x, y, z))

)
− 1, a ∈ (−1, 1), (4)

where σ(·) denotes the Sigmoid function. The weight of the
spatial context feature modulates the raw temporal encoding

produced by Temporal MLP ft so that motion predictions
respect both spatial structure and temporal variation:
h = a ⊙ ft

(
Gxyt(x, y, t), Gyzt(y, z, t), Gxzt(x, z, t)

)
. (5)

To track deformation, we finally use a compact multi-head
MLP D(h) = {Rx, Tx, ∆r, ∆s} that decodes feature h
into a rotation Rx and translation Tx, a scale update ∆s, and
a rotation increment ∆r represented as a quaternion. The
quaternion ∆r is converted to an incremental rotation matrix
∆R for smooth interpolation and stable optimization. The
canonical Gaussian is updated as:

µ′ = Rx µ+ Tx, S
′ = S +∆s,R′ = R+∆r. (6)

Decoupling and Canonical Hash Space 4D decomposed
hash encoding enables dynamic reconstruction with differ-
entiable splatting, where all rendering parameters are opti-
mized using the renders loss in 3DGS (Kerbl et al. 2023):

Lrenders = (1− λc)L1 + λc LD−SSIM . (7)

However, only one of its four 3D grids Gxyz is used to
encode static geometry, limiting the capacity for static repre-
sentation. To overcome this, we adopt a two-stage optimiza-
tion strategy. First, all Gaussians are densified to jointly op-
timize static geometry and dynamic deformation. Next, den-
sification is paused, and a dynamic mask is applied to iso-
late moving regions. During refinement, masked Gaussians
update their deformation fields, whereas unmasked ones re-
main frozen, only their rendering parameters are fine-tuned
within the canonical hash space. This procedure yields an ef-
ficient separation between static and dynamic components,
enabling subsequent physical modeling of dynamics while
preserving static representations to the greatest extent.

4.2 Physics-Informed Gaussian Representation
Although 4D decomposed hash encoding enables efficient
dynamic reconstruction, it typically overlooks the intrin-
sic motion pattern, impairing physical coherence. Hence,
we treat each Gaussian as a Lagrangian particle within
the canonical hash space and explicitly embed continuum
mechanics constitutive laws into this framework. Conse-
quently, particle trajectories and internal states evolve nat-
urally, maintaining consistent physical properties and cou-
pling rendering attributes seamlessly with physical behav-
iors, eliminating the costly rematching after densification.

Constitutive Laws in Continuum Mechanics In contin-
uum mechanics, motion follows from the conservation of
mass, momentum, and energy (Landau and Lifshitz 1987;
Nicolis et al. 2015). For a control volume V with density ρ
and velocity field v, Newton’s second law gives

d

dt

∫
V

ρv dV =

∫
V

f dV +

∮
∂V

σ · n dS, (8)

where f is the body-force density and σ is the Cauchy stress
tensor. Applying the divergence theorem

∮
∂V

σ · n dS =∫
V
(∇ · σ) dV yields the differential form

ρ

(
∂v

∂t
+ v · ∇v

)
= ∇ · σ + f . (9)

The Cauchy momentum equation generalizes ma = F
to continua by equating the material derivative of momen-
tum to body and surface forces. In the Lagrangian frame, the
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Figure 2: Overview. It integrates dynamic reconstruction in the canonical hash space (Sec. 4.1), physics-informed Gaussian
representation (Sec. 4.2), and Lagrangian particle flow matching (Sec. 4.3) to achieve differentiable and physically consistent
monocular dynamic video reconstruction. Training architecture can be found in Supp. Sec. C.

stress tensor decomposes as σ = σaniso + µ
(
ε− 1

3 tr(ε) I
)
,

where µ is the shear viscosity and I the identity, and its
divergence ∇ · σ =

∑
j

∂σij

∂xj
quantifies the internal force

density balancing inertia. By choosing different constitutive
laws for σ, it reduces to the governing equations for fluids,
elastic solids, or rigid bodies (Crossley, Glorioso, and Liu
2017; Glorioso, Crossley, and Liu 2017). Details of evolv-
ability can be found in Supplementary Sec. A.

Time-Evolving Material Field Building on the canoni-
cal hash space, as shown in Fig. 2 Sec. B, we embed the
normalized 4D coordinate x = (x, y, z, t) into six learn-
able tensors FHash ∈ R6 representing the spatial planes
XZ,XY, Y Z and the temporal planes XT, Y T, ZT to
capture axis-aligned correlations and preserve fine-grained
structure. We further append a Fourier time encoding T (t) =[
sin(ω1t), cos(ω1t), . . . , sin(ωnt), cos(ωnt)

]
∈ R2n for

high-frequency temporal variation, and include a learnable
index embedding ei=1,...,N ∈ RH , where N is the number
of Gaussian particles and H is the embedding dimension, to
encode each particle’s intrinsic physical attributes, yielding
the feature vector F =

[
FHash, T (t), ei

]
∈ R6+2n+H .

A multi-head MLP fθ ingests F and jointly predicts the
velocity vector v(x, t) =

(
vx(x, t), vy(x, t), vz(x, t)

)
∈

R3 and the six independent components of the stress ten-
sor σ(x, t) =

(
σxx, σyy, σzz, σxy, σxz, σyz

)
∈ R6. These

outputs of our time-evolving material field are compactly
written as

(
v, σ

)
= fθ

(
F
)
.

Thus, we generalize the local Cauchy momentum balance
of Eq. (9) into the global physics constraint LPDE of Eq. (2)
by introducing the residual, omitting f as its effect can be
absorbed into the network-predicted velocity or stress:

r(x, t) = ρ
(∂v
∂t

+ (v · ∇)v
)
−∇ · σ (10)

and penalizing its L2 norm over M samples to obtain

LCMR =
1

M

M∑
i=1

∥r(xi, ti)∥22, (11)

treating velocity vi and constitutive stress σi as independent
intrinsic attributes. This design allows each Gaussian parti-
cle to not only be encoded within the deformation field, but
also to evolve continuously over time, updating its motion
and internal states in a physically consistent manner.

4.3 Lagrangian Particle Flow Matching

Figure 3: Forward vs Backward optical flow decomposition.

Explicitly learning per-Gaussian velocity fields is essential
for accurately capturing motion in dynamic novel-view syn-
thesis. Prior works (Dai et al. 2025) either treat velocity
as a static attribute of each Gaussian or derive it solely
from four-dimensional Gaussian slices, both assume time-
invariant velocity and neglect temporal variation. Incorpo-
rating a physics-informed Gaussian representation effec-
tively models independent particle velocities. However, en-
forcing only the Cauchy momentum residual often prevents
velocity and stress predictions from converging to physically
meaningful solutions. To this end, we propose Lagrangian
particle flow matching: regarding the decomposed motion
flow as an empirical measurement and incorporating it as a
data-fitting term to directly supervise the predicted velocity
field. By minimizing the discrepancy between rendered and
observed motion flow, our method promotes convergence of
both velocity and stress to physically plausible values.
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Optical Flow Decomposition To precisely capture object
motion, we adopt a motion decomposition strategy similar
to (You et al. 2025), decomposing the optical flow between
frames It and It+1 into camera and motion components, and
using the latter as pseudo ground truth to supervise the ren-
dered Gaussian flow and velocity field. Flow-based supervi-
sion requires aligning It and It+1 by warping one flow to the
other. Prior forward-warping approaches (Zhu et al. 2024)
mask the motion flow and warp the Gaussian flow from It+1

to It, often producing stripe artifacts. Instead, we compute
the backward motion flow in It+1, warp it to It, apply mo-
tion masking there, and retain the original Gaussian flow in
It. Because the masking operates on a pixel-wise field, stripe
artifacts are effectively eliminated without distorting valid
displacements, yielding a cleaner supervisory signal.

As shown in Fig. 3, given two frames It and It+1, the
forward strategy (Zhu et al. 2024; You et al. 2025) selects
a pixel p1 ∈ It with depth D1 and camera intrinsic ma-
trix K, back-projects it to 3D as x1 = K−1D1p1, and re-
projects x1 into It+1 to obtain p3. With the pretrained op-
tical flow network (Xu et al. 2023) predicted displacement
flowf

t→t+1 = p4 − p1 , the camera flow and motion flow
are defined as p4 − p1 and p4 − p3, respectively. Our pro-
posed backward motion flow computation starts from ob-
taining pixel p4 ∈ It+1 and its depth D4, then back-projects
to x2 = K−1D4p4 and re-projects x2 into It at p2. With the
backward optical flow estimation flowb

t+1→t = p1−p4, we
define the backward camera flow and motion flow as p4−p2
and p2 − p1, with ground-truth flow as flowgt = p2 − p1.
Crucially, flowgt is already expressed in the reference frame
It, allowing artifact-free supervision with motion mask.

Gaussian Flow and Velocity Flow Matching Building
on our physics-informed Gaussian representation, we fol-
low GaussianFlow (Gao et al. 2024), compute a Lagrangian
particle flow at each pixel p1 by tracking the top-K Gaus-
sians, ranked by their splatting weights wi =

αiTi∑
j αjTj

. Let

µi,t and Σi,t = UiΛiV
⊤
i be each Gaussian’s 2D center and

covariance with singular value decomposition. Propagating
Gaussians from time t to t+1 according to its learned posi-
tion update yields a displacement per particle, and summing
the weighted displacements gives the Gaussian flow

pgaussiani,t+1 = Λ
1
2
i+1Λ

− 1
2

i (p1 − µi,t) + µi,t+1, (12)

flowg =

K∑
i=1

wi

(
pgaussiani,t+1 − p1

)
. (13)

In parallel, we advect each Gaussian by its predicted ve-
locity and project it to It, yielding vt ∈ R2 for velocity flow

pvelocityi,t+1 = Λ
1
2
i+1Λ

− 1
2

i (p1 − µi,t) + vt ∆t+ µi,t, (14)

flowv =

K∑
i=1

wi

(
pvelocityi,t+1 − p1

)
. (15)

Finally, we treat the Lagrangian particle flow matching loss
LLPFM as a data-fitting term LDF as Eq. (1), which helps the
predicted velocity of the time-evolving material field con-
verge more rapidly. The loss is defined as
LLPFM = λg

∥∥flowg − flowgt

∥∥
1
+ λv

∥∥flowv − flowgt

∥∥
1
,

(16)

where λg = λv = 0.5 are the flow-matching weights for
Gaussian and velocity flow, and flowgt denotes the motion
flow with motion mask. By anchoring each particle’s La-
grangian trajectory to its physical state, this data-fitting term
facilitates convergence of both velocity and stress fields to
physically consistent solutions. Unlike boundary-condition-
driven constraints, this surrogate supervision provides a
more generalizable and physically grounded regularization.

5 Experiments
5.1 Experimental Setup
Datasets To evaluate our method across various dynamic
scenes, we compare it against state-of-the-art methods on
the D-NeRF synthetic dataset (Pumarola et al. 2021) and
the HyperNeRF real-world dataset (Park et al. 2021b). We
also construct a custom dataset, PIDG, using Blender and
a physics solver to evaluate the model in complex dynamic
scenes. It covers diverse physical scenarios, including hu-
man motion, cloth simulation, fluid smoke, soft-body dy-
namics, and elastic mechanics, enabling a comprehensive
assessment of motion reconstruction. For real-world data,
we use COLMAP (Schönberger and Frahm 2016) estimates
for camera poses and point clouds; for synthetic data, 100k
random points and precise poses from BlenderNeRF (Raafat
2024). In the HyperNeRF real-world dataset (Park et al.
2021b), we employ pretrained UniMatch (Xu et al. 2023),
Distill Any Depth (He et al. 2025), and SAMv2 (Ravi et al.
2024) to obtain optical flow, depth maps, and motion masks.

Hyperparameters and Metrics Following Grid4D (Xu
et al. 2024), we use a 16-level spatial hash encoder with reso-
lutions from 16 to 2048 and set the temporal encoder’s max-
imum level L to 32. Loss weights λc, λCMR, and λLPFM are
0.2, 0.1, and 0.01, respectively. All methods are trained for
50k iterations on synthetic and 40k on real-world datasets,
with rendering resolutions of 800 × 800 for D-NeRF, 536
× 900 for HyperNeRF, and 1600 × 900 for PIDG. Exper-
iments run on an 80GB NVIDIA Tesla A800 GPU with a
random seed of 42. We set ρ = 1 and initialize σ = 0 as a
stress-free neutral state. We adopt SSIM (Wang et al. 2004),
PSNR (Hore and Ziou 2010), and LPIPS (Zhang et al. 2018)
as evaluation metrics to comprehensively measure structural
similarity, image fidelity, and perceptual quality. We stream-
line GaussianFlow (Gao et al. 2024) CUDA/C++ differen-
tiable rasterizer by removing redundant gradient and projec-
tion computations in backpropagation while retaining regu-
larization support, boosting training efficiency and stability.

5.2 Comparisons
To address Question 1 in the Problem Formulation defined
in Sec. 3.3, we compare PIDG with state-of-the-art methods
on the custom physics-driven datasets and existing datasets,
with the best results in bold and the second-best underlined.
Notably, previous physics-embedded dynamic reconstruc-
tion methods (Xie et al. 2024; Chu et al. 2022; Wang, Tang,
and Chu 2024; Zhong et al. 2025; Jiang et al. 2025) relied
on strict boundary conditions and required RGB-D or multi-
view inputs, making it difficult to generalize to monocular
dynamic synthetic or real-world scenarios.
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Method
Motion Kuro Mechanics Cloth Dry Ice

- Human Motion - - Cloth Simulation - - Fluid Smoke -
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

D-NeRF (Pumarola et al. 2021) 22.80 0.872 0.121 31.24 0.927 0.090 17.74 0.698 0.223
D-3DGS (Yang et al. 2024b) 26.61 0.949 0.053 39.50 0.986 0.033 24.26 0.879 0.163
GaussianPredict (Zhao et al. 2024) 26.41 0.952 0.049 36.45 0.985 0.034 27.23 0.901 0.143
SC-GS (Huang et al. 2024) 26.37 0.931 0.048 39.13 0.991 0.066 23.59 0.861 0.154
Grid4D (Xu et al. 2024) 26.89 0.951 0.052 39.01 0.985 0.037 25.33 0.896 0.149
MoDec-GS (Kwak et al. 2025) 23.16 0.941 0.054 22.89 0.905 0.114 25.95 0.919 0.139
D-2DGS (Zhang et al. 2025a) 25.99 0.938 0.053 41.24 0.989 0.023 23.79 0.863 0.131

PIDG (w/o (LLPFM + LCMR)) 26.86 0.951 0.053 39.23 0.986 0.036 25.34 0.896 0.148
PIDG (w/o LLPFM) 26.85 0.952 0.051 39.97 0.985 0.035 25.55 0.897 0.148
PIDG (Ours Full) 26.97 0.953 0.051 39.96 0.991 0.034 26.12 0.926 0.138

Method
Rubber Duck Balls Reaction Average
- Soft Body - - Elastic Mechanics - - Physical Scenes -

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
D-NeRF (Pumarola et al. 2021) 20.73 0.915 0.145 24.76 0.916 0.093 23.45 0.866 0.124
D-3DGS (Yang et al. 2024b) 26.27 0.967 0.047 31.08 0.975 0.032 29.54 0.951 0.066
GaussianPredict (Zhao et al. 2024) 27.22 0.968 0.046 33.53 0.973 0.040 30.17 0.957 0.062
SC-GS (Huang et al. 2024) 25.17 0.946 0.049 29.72 0.969 0.034 28.80 0.940 0.070
Grid4D (Xu et al. 2024) 27.83 0.970 0.032 32.53 0.977 0.033 30.32 0.956 0.061
MoDec-GS (Kwak et al. 2025) 27.27 0.971 0.033 31.05 0.982 0.037 26.06 0.944 0.075
D-2DGS (Zhang et al. 2025a) 26.20 0.961 0.057 28.93 0.967 0.040 29.23 0.944 0.061

PIDG (w/o (LLPFM + LCMR)) 28.07 0.971 0.032 32.79 0.978 0.029 30.46 0.956 0.060
PIDG (w/o LLPFM) 28.34 0.972 0.031 33.18 0.980 0.029 30.78 0.957 0.059
PIDG (Ours Full) 28.43 0.976 0.037 33.31 0.988 0.031 30.96 0.967 0.058

Table 1: Quantitative dynamic novel view synthesis results on the proposed PIDG dataset.

Figure 4: The visual results on the PIDG dataset.

Results on PIDG physics-driven dataset As shown in
Fig. 4, our method models diverse dynamic motions while
maintaining high-fidelity reconstruction in static regions,
achieving coherent and generalizable motion representation.
In contrast, Grid4D (Xu et al. 2024), although enhanced by
hash grids, lacks physical modeling capability. GaussianPre-
dict (Zhao et al. 2024), based on motion distillation, per-
forms well in static areas but fails to handle complex phys-
ical deformations. The mesh-dependent D-2DGS (Zhang
et al. 2025a) is limited to simple cases and struggles to gen-
eralize to complex synthetic or real-world scenes. As shown

Method (Monocular Inputs) PSNR ↑ MS-SSIM ↑
HyperNeRF (Park et al. 2021b) 25.7 0.726
4D-GS (Wu et al. 2024) 26.9 0.798
MotionGS (Zhu et al. 2024) 25.2 0.905
GaussianPredict (Zhao et al. 2024) 26.6 0.884
SC-GS (Huang et al. 2024) 26.1 0.869
Grid4D (Xu et al. 2024) 27.3 0.899
MoDec-GS (Kwak et al. 2025) 24.2 0.809
D-2DGS (Zhang et al. 2025a) 17.7 0.509

PIDG (w/o (LCMR + LLPFM)) 27.5 0.901
PIDG (w/o LLPFM) 27.6 0.902
PIDG (Ours Full) 27.8 0.906

Table 2: Average results on the HyperNeRF dataset.

in Tab. 1, our method achieves the best average results on
the PIDG dataset and generalizes effectively across vari-
ous dynamic scenarios. Specifically, PIDG (w/o (LCMR +
LLPFM)) employs static-dynamic decoupling to guide de-
formable Gaussians, and PIDG (w/o LLPFM) uses a time-
evolving material field constrained only by LCMR, yield-
ing consistent gains on most synthetic scenes except uncon-
ventional continuum cases. PIDG (Ours Full) further intro-
duces Lagrangian particle flow matching to maintain coher-
ent Gaussian flow across diverse scenes, significantly im-
proving structural similarity in challenging fluid, soft-body,
and elastic scenarios where deformation fields alone are in-
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sufficient. Additional results in the Supp. Sec. D.1 show that
our approach also achieves favorable training efficiency.

Results on HyperNeRF real-world dataset As shown in
Tab. 2, we achieve the best average quantitative results for
monocular dynamic novel-view synthesis on the HyperN-
eRF dataset. Notably, the incorporation of Lagrangian parti-
cle flow matching leads to a clear improvement in structural
similarity, validating it as an effective supervision strategy
without relying on ground-truth particle motion. Our quali-
tative analysis in Fig. 5 further reveals significant improve-
ments. In particular, the alignment of motion flow, velocity
flow, and Gaussian flow is more coherent and intuitive, while
MotionGS, also using optical flow supervision, has yielded
relatively poorer visual results in dynamic regions.

Figure 5: The visual comparison on the HyperNeRF dataset.

5.3 Additional Ablation Study and Analysis
We study how the velocity v and constitutive stress σ jointly
ensure physical consistency through the Cauchy momen-
tum residual LCMR. As shown in Fig. 6, removing σ re-
duces LCMR to the continuity constraint ∇·v = 0, which
enforces smoothness but cannot capture real material inter-
actions. We compare t-SNE embeddings of Gaussian parti-
cles from PIDG and Grid4D in canonical and deformation
spaces. Our method preserves rich dynamics in the canon-
ical space and maintains them after deformation through
dynamic decoupling and inheritable embeddings of indices,
velocities, and stresses. To test generalization, we apply the
time-evolving material field, supervised only by LCMR, as
a plug-and-play module on the D-NeRF dataset with simple
dynamic scenes. Since discontinuous viewpoints yield unre-
liable optical flow, LLPFM is excluded. In this setting, LCMR

acts as a physically consistent regularizer, ensuring coher-
ent dynamics without flow-based supervision. As shown in
Tab. 3, it improves dynamic novel-view synthesis and en-

Dynamic Novel-View Synthesis PSNR ↑ SSIM ↑
GaussianPredict (Zhao et al. 2024) 40.58 0.992
SC-GS (Huang et al. 2024) 41.65 0.993
Grid4D (Xu et al. 2024) 42.00 0.994
D-2DGS (Zhang et al. 2025a) 37.47 0.984
GaussianPredict (+ LCMR) 40.93 0.993
SC-GS (+ LCMR) 41.85 0.994
Grid4D (+ LCMR) 42.10 0.994
PIDG (w/o LLPFM) 42.14 0.995

Future Prediction PSNR ↑ SSIM ↑
GaussianPredict - MLP 24.64 0.932
GaussianPredict - GCN 25.22 0.938
GaussianPredict - MLP (+ LCMR) 24.96 0.936
GaussianPredict - GCN (+ LCMR) 26.04 0.942
PIDG (w/o (LCMR + LLPFM)) 25.16 0.936
PIDG (w/o LLPFM) 25.36 0.938

Table 3: Average results on the D-NeRF synthetic dataset.

hances future prediction via deformation-field extrapolation
and GCN-based GaussianPredict (Zhao et al. 2024).

By examining render results and flow alignments, and em-
pirically validating our approach across diverse scenes and
baseline methods, we address Question 2 in Sec. 3.3 and
underscore the benefits of our time-evolving material field
for physical modeling and consistency enforcement overall.
These experiments show that PIDG exhibits strong general-
ization across various dynamic scenes.

Figure 6: Constitutive and t-SNE analysis on PIDG dataset.

6 Conclusion
In this paper, we proposed Physics-Informed Deformable
Gaussian Splatting that models 3D Gaussian particles from a
Lagrangian perspective and introduces a time-evolving ma-
terial field to unify the constitutive laws. This material field
serves as a physics-based inductive supervision, facilitating
the joint modeling of spatio-temporal structure and intrin-
sic physical properties. Experiments show that our approach
achieves high physical consistency and strong generalization
in monocular dynamic novel-view synthesis.

4731



Acknowledgements
This work was supported by the Fundamental and Interdisci-
plinary Disciplines Breakthrough Plan of the Ministry of Ed-
ucation of China, the National Natural Science Foundation
of China (NSFC) grant 12425113, and the Natural Science
Foundation of Jiangsu Province under Grant BK20240462.
We also acknowledge support from the Key Laboratory of
the Ministry of Education for Mathematical Foundations and
Applications of Digital Technology, University of Science
and Technology of China.

References
Bae, J.; Kim, S.; Yun, Y.; Lee, H.; Bang, G.; and Uh, Y. 2024.
Per-gaussian embedding-based deformation for deformable
3d gaussian splatting. In European Conference on Computer
Vision.
Broxton, M.; Flynn, J.; Overbeck, R.; Erickson, D.; Hed-
man, P.; Duvall, M.; Dourgarian, J.; Busch, J.; Whalen, M.;
and Debevec, P. 2020. Immersive light field video with a
layered mesh representation. ACM Transactions on Graph-
ics (TOG).
Chu, M.; Liu, L.; Zheng, Q.; Franz, E.; Seidel, H.-P.;
Theobalt, C.; and Zayer, R. 2022. Physics informed neu-
ral fields for smoke reconstruction with sparse data. ACM
Transactions on Graphics (TOG).
Crossley, M.; Glorioso, P.; and Liu, H. 2017. Effec-
tive field theory of dissipative fluids. arXiv preprint
arXiv:1511.03646.
Dai, P.; Zhang, P.; Dong, Z.; Xu, K.; Peng, Y.; Ding, D.;
Shen, Y.; Yang, Y.; Liu, X.; Lau, R. W. H.; and Xu, W. 2025.
4D Gaussian Videos with Motion Layering. ACM Transac-
tions on Graphics (TOG), 44(4).
Gao, Q.; Xu, Q.; Cao, Z.; Mildenhall, B.; Ma, W.; Chen, L.;
Tang, D.; and Neumann, U. 2024. Gaussianflow: Splatting
gaussian dynamics for 4d content creation. arXiv preprint
arXiv:2403.12365.
Glorioso, P.; Crossley, M.; and Liu, H. 2017. Effective
field theory of dissipative fluids (II): classical limit, dynam-
ical KMS symmetry and entropy current. arXiv preprint
arXiv:1701.07817.
Guo, Z.; Zhou, W.; Li, L.; Wang, M.; and Li, H. 2024.
Motion-aware 3d gaussian splatting for efficient dynamic
scene reconstruction. IEEE Transactions on Circuits and
Systems for Video Technology.
He, X.; Guo, D.; Li, H.; Li, R.; Cui, Y.; and Zhang, C. 2025.
Distill Any Depth: Distillation Creates a Stronger Monocu-
lar Depth Estimator. arXiv preprint arXiv: 2502.19204.
Hore, A.; and Ziou, D. 2010. Image Quality Metrics: PSNR
vs. SSIM. In Proceedings of the 20th International Confer-
ence on Pattern Recognition, 2366–2369. Istanbul, Turkey:
IEEE.
Huang, Y.-H.; Sun, Y.-T.; Yang, Z.; Lyu, X.; Cao, Y.-P.; and
Qi, X. 2024. Sc-gs: Sparse-controlled gaussian splatting for
editable dynamic scenes. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
4220–4230.

Jiang, H.; Hsu, H.-Y.; Zhang, K.; Yu, H.-N.; Wang, S.; and
Li, Y. 2025. PhysTwin: Physics-Informed Reconstruction
and Simulation of Deformable Objects from Videos. arXiv
preprint arXiv:2503.17973.
Kerbl, B.; Kopanas, G.; Leimkühler, T.; and Drettakis, G.
2023. 3d gaussian splatting for real-time radiance field ren-
dering. ACM Transactions on Graphics (TOG).
Kwak, S.; Kim, J.; Jeong, J. Y.; Cheong, W.-S.; Oh, J.;
and Kim, M. 2025. Modec-gs: Global-to-local motion
decomposition and temporal interval adjustment for com-
pact dynamic 3d gaussian splatting. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 11338–11348.
Landau, L. D.; and Lifshitz, E. M. 1987. Fluid Mechanics:
Volume 6, volume 6. Elsevier.
Li, Y.; Li, S.; Sitzmann, V.; Agrawal, P.; and Torralba, A.
2022. 3d neural scene representations for visuomotor con-
trol. In Conference on Robot Learning.
Liu, S.; Ren, Z.; Gupta, S.; and Wang, S. 2025. Physgen:
Rigid-body physics-grounded image-to-video generation. In
European Conference on Computer Vision.
Luiten, J.; Kopanas, G.; Leibe, B.; and Ramanan, D. 2024.
Dynamic 3d gaussians: Tracking by persistent dynamic view
synthesis. In International Conference on 3D Vision. IEEE.
Mildenhall, B.; Srinivasan, P. P.; Ortiz-Cayon, R.; Kalantari,
N. K.; Ramamoorthi, R.; Ng, R.; and Kar, A. 2019. Lo-
cal light field fusion: Practical view synthesis with prescrip-
tive sampling guidelines. ACM Transactions on Graphics
(TOG), 38(4): 1–14.
Mildenhall, B.; Srinivasan, P. P.; Tancik, M.; Barron, J. T.;
Ramamoorthi, R.; and Ng, R. 2020. NeRF: Representing
Scenes as Neural Radiance Fields for View Synthesis. In Eu-
ropean Conference on Computer Vision, 405–421. Springer.
Newcombe, R. A.; Fox, D.; and Seitz, S. M. 2015. Dynam-
icfusion: Reconstruction and tracking of non-rigid scenes in
real-time. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition.
Nicolis, A.; Penco, R.; Piazza, F.; and Rattazzi, R. 2015. Zo-
ology of condensed matter: Framids, ordinary stuff, extra-
ordinary stuff. Journal of High Energy Physics, 2015(6):
1–50.
Orts-Escolano, S.; Rhemann, C.; Fanello, S.; Chang, W.;
Kowdle, A.; Degtyarev, Y.; Kim, D.; Davidson, P. L.;
Khamis, S.; Dou, M.; et al. 2016. Holoportation: Virtual
3D Teleportation in Real-Time. In Proceedings of the 29th
Annual Symposium on User Interface Software and Technol-
ogy, 741–754.
Park, K.; Sinha, U.; Barron, J. T.; Bouaziz, S.; Goldman,
D. B.; Seitz, S. M.; and Martin-Brualla, R. 2021a. Nerfies:
Deformable neural radiance fields. In Proceedings of the
IEEE/CVF International Conference on Computer Vision.
Park, K.; Sinha, U.; Hedman, P.; Barron, J. T.; Bouaziz,
S.; Goldman, D. B.; Martin-Brualla, R.; and Seitz, S. M.
2021b. Hypernerf: A higher-dimensional representation for
topologically varying neural radiance fields. arXiv preprint
arXiv:2106.13228.

4732



Pumarola, A.; Corona, E.; Pons-Moll, G.; and Moreno-
Noguer, F. 2021. D-nerf: Neural radiance fields for dynamic
scenes. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition.
Raafat, M. 2024. BlenderNeRF. Accessed 1 June 2025.
Raissi, M.; Perdikaris, P.; and Karniadakis, G. E. 2019.
Physics-informed neural networks: A deep learning frame-
work for solving forward and inverse problems involving
nonlinear partial differential equations. Journal of Compu-
tational physics, 378: 686–707.
Ravi, N.; Gabeur, V.; Hu, Y.-T.; Hu, R.; Ryali, C.; Ma, T.;
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