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Figure 1. Vid2Sim achieves high-quality reconstruction of appearance, geometry, and physics from multi-view videos effectively. The
reconstruction results are simulation-ready, enabling high-fidelity and visually appealing animations via mesh-free simulation. Here, we
present our method’s reconstruction and simulation results in the GSO [12] dataset.

Abstract

Faithfully reconstructing textured shapes and physical
properties from videos presents an intriguing yet challeng-
ing problem. Significant efforts have been dedicated to ad-
vancing such a system identification problem in this area.
Previous methods often rely on heavy optimization pipelines
with a differentiable simulator and renderer to estimate
physical parameters. However, these approaches frequently
necessitate extensive hyperparameter tuning for each scene
and involve a costly optimization process, which limits both
their practicality and generalizability. In this work, we pro-
pose a novel framework, Vid2Sim, a generalizable video-
based approach for recovering geometry and physical prop-
erties through a mesh-free reduced simulation based on
Linear Blend Skinning (LBS), offering high computational

efficiency and versatile representation capability. Specifi-
cally, Vid2Sim first reconstructs the observed configuration
of the physical system from video using a feed-forward neu-
ral network trained to capture physical world knowledge. A
lightweight optimization pipeline then refines the estimated
appearance, geometry, and physical properties to closely
align with video observations within just a few minutes. Ad-
ditionally, after the reconstruction, Vid2Sim enables high-
quality, mesh-free simulation with high efficiency. Exten-
sive experiments demonstrate that our method achieves su-
perior accuracy and efficiency in reconstructing geometry
and physical properties from video data.

1. Introduction

Understanding and reconstructing appearance, geometry,
and physical properties from observations with high fidelity,

https://czzzzh.github.io/Vid2Sim


a.k.a. system identification, is a fundamental yet challeng-
ing task in computer vision. Traditional methods [13, 17,
19, 24, 39, 46, 49] often rely on known shape information
of given objects, which limits their practicality for broader
applications. Recent advancements [5, 27, 32, 64] lever-
age neural representations, such as NeRF [40] and Gaus-
sian Splatting [28] along with differentiable simulators [25]
to create a unified framework that jointly learns 3D geom-
etry, appearance, and physical parameters. That being said,
none of the previous efforts have achieved accurate, gener-
alizable, and efficient reconstruction of appearance, geom-
etry, and physical properties from the input video, as they
suffer from two main limitations. First, most existing meth-
ods [5, 27, 32, 64] employ heavy per-scene optimization to
identify physical parameters, making the understanding of
various scenes computationally expensive. Second, these
approaches struggle to accurately model complex, physics-
driven deformations, as they typically use Material Point
Methods (MPM) [25] for simulation. This method is limited
by its grid-based representation and its typical dependence
on symplectic time integration, which constrains expres-
siveness. Although alternative approaches, such as Spring-
Gaus [64], employ more efficient mass-spring models, they
are limited to modeling elastic dynamics.

In this paper, we propose a novel framework, named
Vid2Sim, for the high-fidelity reconstruction of textured
shapes and the estimation of physical properties directly
from videos. We first train a feed-forward neural network
that integrates general physical knowledge, utilizing a pre-
trained video vision transformer [54] to infer a range of
physical attributes from the input video sequences. This
component is coupled with an advanced 3D reconstruction
pipeline [53] that predicts both object geometry and appear-
ance, encoded with 3D Gaussians to facilitate instant system
identification. In contrast to prior methods, Vid2Sim incor-
porates an efficient simulation pipeline leveraging an im-
plicit Euler solver as inspired by [41]. This simulation ap-
proach is mesh-free and uses Linear Blend Skinning (LBS)
to enable reduced-order, computationally efficient simula-
tions that are highly adaptable to complex deformations and
fully end-to-end trainable. Then, we perform a lightweight
optimization with a novel Neural Jacobian module to effi-
ciently refine estimates of appearance, geometry, and phys-
ical properties, aligning the reconstructed outputs precisely
with observed video data. This post-prediction optimization
completes in only a few minutes. Upon reconstruction, the
system enables high-quality, mesh-free simulations via the
implicit Euler solver, supporting accurate dynamic behavior
modeling.

We conduct extensive experiments to evaluate our
method where Vid2Sim demonstrates remarkable accuracy
and efficiency in recovering geometry, appearance, and
physical properties from videos compared to existing meth-

ods. In summary, our contributions are three-fold:
• We propose Vid2Sim, a novel framework for generaliz-

able, video-based reconstruction of appearance, geome-
try, and physical properties for mesh-free, reduced-order
simulation.

• We introduce a generalizable feed-forward model with
physical world knowledge to estimate the dynamics, fol-
lowed by an efficient optimization step with Neural Jaco-
bian to improve the reconstruction results further.

• Vid2Sim demonstrates remarkable effectiveness and ef-
ficiency, achieving state-of-the-art performance in accu-
racy and speed compared to existing methods.

2. Related Work

2.1. Physics-aware Dynamic 3D reconstruction
Dynamic 3D reconstruction is one of the critical tasks in
computer vision and graphics. Recent advances in 3D
representations like NeRF [40] and 3D Gaussian Splatting
[28] as well as template-based models [31, 36, 51] make
it flexible to reconstruct complex 3D scenes from visual
data. These methods are recently extended to a dynamic 3D
reconstruction [45, 56, 60] from either monocular videos
[16, 47, 52, 55, 57, 58, 61] or multi-view videos [38, 42, 43].
With the introduction of physics-informed learning [6, 8],
approaches that incorporate physical priors to enhance the
understanding and reconstruction of dynamic scenes have
gained popularity. For instance, PAC-NeRF [32] first jointly
reconstructed the dynamic scene and a simulatable model
using the differentiable Material Point Method [22, 23], and
it was subsequently improved regarding the quality [5, 27]
and adaptability [64]. While these methods achieve physi-
cally complete reconstruction, none of them are generaliz-
able. In contrast to all existing methods, we first propose
a generalizable pipeline that achieves simulation-ready ge-
ometry and physical property recovery in a feed-forward
manner, which is inspired by the recent achievements in
large 3D reconstruction model [21, 53, 62] and 4D recon-
struction model [48]. A highly efficient optimization step is
conducted to further enhance the reconstruction quality.

2.2. Vision-based Physical Simulation
Mesh-free Physical Simulation Traditional physical
elasticity simulation, such as the finite element method
(FEM) [9], often requires a mesh or tetrahedral represen-
tation. This complicates the simulation of scenes recon-
structed from visual data, often represented by NeRF or
3D Gaussians, as obtaining high-quality meshes from these
models for simulation can be a non-trivial task. Mesh-
free models have then been a popular alternative for vision-
based physical simulation such as the material point method
(MPM) [22, 25] and smoothed-particle hydrodynamics
(SPH) [11, 30, 44]. However, neither is a purely point-based



method since SPH needs to update connectivity among
neighborhoods and MPM requires maintaining a back-
ground grid. More importantly, these approaches bring sig-
nificant computational burden. The very recent work Sim-
plicits [41] thus proposed a mesh-free, geometry-agnostic,
and reduced-order elastic simulation method, which offers
another feasibility to do a vision-based physical simulation
in an efficient and flexible way. Inspired by Simplicits [41],
we develop a feed-forward model that efficiently delivers a
generalizable initial estimate, coupled with a differentiable,
reduced-order simulator that employs Linear Blend Skin-
ning for rapid and accurate optimization of appearance, ge-
ometry, and physical properties.

Physical reconstruction and simulation from visual data
Apart from physics-aware dynamic 3D reconstruction, there
are a lot of other applications in vision-based physical sim-
ulation with the help of mesh-free simulation methods.
Works such as PhysGaussian [59] integrate mesh-free sim-
ulators with NeRF [15] or 3D Gaussians [26, 37], making it
possible to interact with these representations. Some other
works [14, 34, 35, 63] combine the simulation model with
the video generation model [2–4, 50] to learn physical prop-
erties and generate dynamics. As of yet, all previous meth-
ods are limited by their reconstruction accuracy, generaliza-
tion capability, and runtime cost.

3. Preliminary

We begin by introducing (1) mesh-free simulation [41],
which operates without mesh or grid representation us-
ing a reduced-order simulator; and (2) 3D Gaussian Splat-
ting [28] for modeling both geometry and appearance.

Mesh-Free, Reduced-Order Simulation Given a set of
points {Xi ∈ R3 | i = 1, 2, ..., n} at the rest position,
following [41], we simulate the dynamics of the points
with a set of handles (full affine transformations) {Zj ∈
R3×4 | j = 1, 2, ...,m} (or zj ∈ R12 in an equivalent vec-
tor form) with a reduced m ≪ n. The deformation of the
point Xi is then defined as

xi = ϕi(Xi,Z) = Xi +

m∑
j=1

Wθ;j(Xi)Zj [Xi, 1]
⊤, (1)

where xi represents the deformed position, and Wθ;j(Xi)
is a scalar weight for Linear Blending Skinning (LBS), pre-
dicted by a small Multilayer Perception (MLP) that models
the transformation of each point based on the combined in-
fluence of the handles.

The handles zi are initialized to zero to make sure the
points are at the rest position at t = 0. Then, at each discrete

time step, the handles vary according to the implicit time in-
tegration with the following incremental potential equation
containing an inertia term and a potential energy term:

zt+1 = argmin
z

1

2
∥z− z̃t∥M +∆t2Epotential(zt) (2)

where ∆t is the simulation time step, z̃t = zt + ∆tżt is
the first order prediction of zt and Epotential(zt) is the po-
tential energy from both internal and external forces. Fol-
lowing [41], when evolving zt at each timestep, we usually
sample a small set of key control points {Xc

i ∈ R3 | i =
1, 2, ..., k}, k ≪ n, which is also called cubature points, to
save the computational time and memory.

3D Gaussian Splatting 3D Gaussian Splatting [28] rep-
resents 3D scenes as Gaussian primitives. Each primitive is
defined by the Gaussian function:

G(x) = e−
1
2 (x−p)⊤Σ−1(x−p) (3)

where p is the center and Σ = RSS⊤R⊤ is the covariance
matrix, factorized into rotation matrix R and scaling matrix
S. For rendering, learnable parameters p and Σ are pro-
jected into camera coordinates as p′ = KW[p, 1]⊤,Σ′ =
JWΣW⊤J⊤, where K is the camera’s intrinsic matrix,
W the extrinsic matrix, and J the Jacobian matrix of the
affine perspective projection. The Gaussian in image space
is then: G′(x′) = e−

1
2 (x

′−p′)⊤Σ′−1(x′−p′) , where x′ is
the pixel position transformed similarly to p 7→ p′. Each
3D Gaussian primitive uses c and α to model appearance,
with c representing view-dependent color (parameterized
by spherical harmonics) and α the opacity. The pixel color
C at x′ is computed via volumetric alpha blending:

C(x′) =

N∑
i=1

TiαiG′
i(x

′)ci Ti =

i−1∏
j=1

(1− αjG′
i(x

′)) (4)

where G′(x′) is the Gaussian with transformed p′ and Σ′,
and Ti is the transmittance along the ray.

To apply deformation to each Gaussian primitive, we ap-
ply ϕ(X,Z) to p and construct Σ = L′L′⊤ with L′ =

F(RS). Here, F = ∂ϕ(p,Z)
∂p is the deformation gradient,

reflecting local deformation in continuum mechanics.

4. Method
We aim to jointly reconstruct the appearance, geometry, and
physical properties of the given target from posed multiview
videos that describe the dynamics. We focus on elastic ma-
terial modeled by the Neo-Hookean constitutive model to
reduce the state space that our feed-forward predictor needs
to learn, where we only predict Young’s modulus E, Pois-
son’s ratio ν and estimated scalar LBS weight Wθ;j(Xi).



Notably, our framework is not restricted to elastic materials
and can be readily extended to various physical phenomena,
which we demonstrate in the supplementary materials that
our method generalizes across different material types. Our
two-stage pipeline, illustrated in Fig. 2, is detailed below.

4.1. Feed-forward Physical System Identification
In the first stage, we develop several neural networks that
learn physical world knowledge, enabling feed-forward re-
construction of the observed appearance, geometry, and
physical configuration of the physical system from the
video.

We leverage the prior knowledge of physical dynamics
by utilizing VideoMAE [54] as the network backbone of
our feed-forward predictor, which is a large video vision
transformer pre-trained on a vast dataset of videos. The vi-
sual features extracted from the backbone are then decoded
by several small MLPs, which function as the regression
head to estimate physical properties. The whole network
takes a single front-view video as input and regresses it to
two physical parameters, {E, ν}, relevant to elastic materi-
als. Additionally, to enable mesh-free, reduced-order sim-
ulation, the network should also regress the LBS values
Wθ;j(Xi) used to deform positions for dynamics, as spec-
ified in Eq. (1). However, as the LBS values are implicitly
modeled using an MLP in [41], it becomes challenging to
estimate them directly in a feed-forward manner.

To address this problem, we introduce a HyperNet-
work [18] approach for predicting the weights of MLP θ̂lbs
for LBS estimation. This HyperNetwork is also imple-
mented in a small MLP as a regression head, similar to the
ones to predict E and ν. Additionally, it is tasked with re-
gressing only the weights and biases of the final linear layer,
keeping the other layers fixed at their default initialization.
This design enhances the generalizability and robustness of
LBS prediction during feed-forward inference. We demon-
strate more details in our supplementary material.

To recover geometry and appearance, we process the
first multiview frames of the input videos by applying the
pre-trained Large Multi-view Gaussian Model [53], which
leverages the generalizable knowledge of the textured shape
recovery trained with large-scale 3D datasets, and effi-
ciently reconstruct them into 3D Gaussians as the shape
representation, which is then normalized into a canonical
space.

Together, we recover the geometry, appearance, and
physical properties through the two branches, as shown in
Sec. 4.1 Stage I, with a short inference time. This produces
a simulation-ready prediction that meets all the require-
ments to be simulated with our simulation method. The
feed-forward prediction is considered as a general estima-
tion, which is then further refined to more closely match the
reference videos, resulting in a specific estimation. More

implementation details can be found in Sec. 5 and our sup-
plementary material.

4.2. Scene-specific Refinement
We conduct joint optimization of geometry, appearance,
LBS, and physical parameters to better fit the reconstruc-
tion with the input multiview videos. Our lightweight op-
timization is significantly more efficient, completing in ap-
proximately 15 minutes, compared to existing methods that
typically require around 1.5 hours. Detailed statistics are
provided in Tab. 5.

To improve the reconstruction quality of the shape and
appearance, we first refine the 3D Gaussians via standard
3DGS training [28]. Next, we refine the LBS estimation
model to capture physical dynamics, enhancing its align-
ment with the specific dynamics of the given object. Usu-
ally, optimizing the LBS, as in Simplicits [41], requires pre-
computing the Jacobian of the deformation gradient with re-
spect to transformations, J(X) = ∂F(X,z)

∂z , where z is the
vector form of transformation Z. Since F = ∂ϕ(X,z)

∂X in-
cludes only linear terms of z, J depends solely on X. For
cubature points C ⊆ {Xi ∈ R3 | i = 1, 2, ..., n}, the Ja-
cobian J ∈ R9Nc×m×m grows large with increasing cuba-
ture points Nc and handles m, necessitating computation
through auto-differentiation. Precomputing this Jacobian is
manageable if done once for fixed neural LBS, but further
LBS optimization makes this cost-prohibitive.

In our method, we accelerate the refinement (and simu-
lation) by introducing a Neural Jacobian module.
Neural Jacobian. We employ a neural network trained to
predict Jθ(X) instead of computing it explicitly. The Neu-
ral Jacobian is trained following the LBS training using the
loss function below

LJ = ||Jθ(X)z+ I− F(X, z)||1, (5)

where Jθ(X)z+ I is an estimation of the deformation gra-
dient F(X, z) and its ground truth is much cheaper to get
via finite differences. The training samples for X and z are
generated in a data-free manner the same as [41].We val-
idate the effectiveness of the Neural Jacobian in Sec. 6.3
and our supplementary material. The speed-up is shown in
Tab. 5.

Then, we optimize the physical parameters, with fine-
tuning the LBS and the corresponding Neural Jacibian at
the same time, to match the input videos. We use render-
ing loss to supervise the optimization. This process can be
formulated as:

θ∗lbs, θ
∗
jac, E

∗, ν∗ = argmin
θlbs,θjac,E,ν

Lrendering

Lrendering =
1

N∆s

N∑
i=1

s+∆s∑
t=s

∥Cpred(i, t)−Cgt(i, t)∥22.

(6)



	𝐸

Stage I
Generalized Feed-forward 
Prediction

Stage II
Scene-specific Refinement

Multi-view Images at First Frame

Single-view Video

Large Multi-View 
Gaussian Model

Large Video Vision 
Transformer

3D Gaussian Splats

Physical Properties

Multi-view Videos

	𝜈 	𝜃#!"#

Refined
Appearance

Di#erentiable
Simulation & Render

Multi-view Videos
(Input)

Rendering 
Loss

Rendering 
Loss

First Frame

🔥

❄

Figure 2. An overview of Vid2Sim, comprising two stages. In Stage I, a generalizable feed-forward model reconstructs appearance,
geometry, and physical properties, generating simulation-ready outputs. In Stage II, a lightweight optimization pipeline refines these
estimated attributes to closely match the input video. We introduce a mesh-free reduced simulation based on Linear Blend Skinning (LBS),
which provides high computational efficiency and versatile representational capability for high-fidelity dynamic reconstruction.

Here, Cpred represents the rendering sequence from the sim-
ulation steps {zs, zs+1, . . . , zs+∆s}, Cgt is the reference
rendering sequence, and N denotes the number of views.
For efficiency, we set ∆s = 4 and randomly sample s from
s′ to T −∆s in each iteration, in which s′ is the first frame
where Cpred is different from Cgt. This allows the process
to cover the entire valid observation.

5. Implementation Details

5.1. Feed-forward Physical System Identification
Dataset. We choose 50k high-quality 3D objects from
Objaverse [10] to construct our dataset (49k for training
and 1k for validation). For each object, we generate an
animation with the motion of falling to the ground at 448
× 448 resolution simulated by our reduced simulator, with
randomly sampled E ∈ [104, 106], ν ∈ [0.2, 0.5].

Implementation. We use two identical 4-layer MLPs to
predict the scalar E and ν and a 4-layer MLP as the hyper-
network to predict the final linear layer of the LBS network.
We trained the whole network on one NVIDIA-L40 GPU
for 1 day with the Adam [29] and a learning rate of 10−5,
where the backbone’s weights are fine-tuned from pretrain-
ing and the regression heads are trained from scratch.

5.2. Physical System Refinement
Dataset. To evaluate the performance of our full pipeline,
we use both a synthetic dataset and a real-world dataset.

The synthetic dataset is a mesh dataset that contains
12 delicate objects collected from Google Scanned Objects
(GSO) [12] with complex geometry and detailed texture.
We use FEM to simulate animations in the most accurate
physic as references. We rendered each animation from 12
different viewpoints at 448 × 448 resolution for 24 frames.

The first 16 frames are treated as observation, and the 8
frames remaining are references for future state prediction.

For the real-world dataset, we captured 3 different ani-
mations (See Fig. 4) orange, bird and cup with four posed
cameras at surrounding views. We use BackgroundMat-
tingV2 [33] with post-processing to obtain the mask of the
object.

Implementation. We first refine the 3D Gaussians fol-
lowing the original 3DGS [28] and use the data-free method
from [41] to train the full LBS layers and the correspond-
ing Neural Jacobian. Afterwards, we jointly optimize
{θlbs, θjac, E, ν} for 400 iterations. We also use the Adam
optimizer and the learning rates are set to {5 × 10−7, 5 ×
10−7, 5× 10−3, 1× 10−3}. We use 10 control handles and
500 cubature points for simulation. We use Farthest Point
Sampling (FPS) to sample cubature points.

6. Experiments
6.1. Baselines and Metrics
We compare our method with the state-of-the-art methods:
GIC [5], Spring-GS [64], and PAC-NeRF [32] on the dy-
namic reconstruction task and the future state prediction
task at both synthetic and real-world datasets. We use the
Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
Index Metric (SSIM), and video perceptual loss (FoVVDP)
as the metrics for evaluation. We additionally report the
running time of each method to assess runtime efficiency in
Tab. 5.

6.2. Evaluation on the synthetic dataset
Following previous methods [5, 27, 32, 64], we evaluate
our method and baselines for dynamic reconstruction on
the 12 diverse synthetic test cases. Both qualitative re-
sults (Fig. 3) and quantitative results (Tab. 1) show that our
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Figure 3. Comparison with the SOTA methods [5, 32, 64] on physics-aware dynamic reconstruction from multi-view videos (reference).
Our method achieves the best quality in terms of textured shape and physical dynamics.

method Vid2Sim achieves a much higher quality of recon-
struction for appearance and physics compared with all the
SOTA methods across different objects. To be more spe-
cific, previous methods rely on optimizing dynamic NeRF
or 3D Gaussians to model appearance, a process that is
challenging in high-dimensional spaces and often results in
blurred textures as shown in Fig. 3. In contrast, our pipeline
enables explicit deformation guided by a deformation field

based on 3D Gaussians, preserving high-quality details op-
timized in the canonical space. Furthermore, baseline mod-
els are constrained to a differentiable simulator with a sym-
plectic solver, which introduces oscillations and instability,
compromising the realism of the simulations. Unlike these
models, our implicit solver within the differentiable simula-
tor provides a more accurate and efficient simulation.



Table 1. Quantitative Comparison with Previous Methods in Dynamic Reconstruction.

backpack bell blocks bus cream elephant grandpa leather lion mario sofa turtle Mean

PS
N

R
↑ PAC-NeRF 19.37 25.00 23.36 20.72 23.24 22.27 21.63 20.85 22.66 21.01 22.49 22.19 22.06

Spring-Gaus 17.42 20.49 22.78 20.06 23.58 21.30 21.64 18.29 21.95 20.23 21.89 21.23 20.91
GIC 18.94 19.55 18.78 20.84 23.81 21.86 20.50 21.00 19.33 21.28 24.16 22.09 21.01

Ours (full) 28.30 30.14 33.49 27.76 35.75 29.29 27.52 32.55 28.27 27.35 30.44 31.13 30.17

SS
IM

↑ PAC-NeRF 0.887 0.956 0.940 0.908 0.893 0.922 0.939 0.932 0.936 0.921 0.926 0.923 0.924
Spring-Gaus 0.867 0.941 0.941 0.903 0.912 0.919 0.948 0.917 0.937 0.920 0.921 0.920 0.920

GIC 0.903 0.945 0.930 0.925 0.922 0.936 0.948 0.949 0.934 0.938 0.942 0.936 0.934
Ours (full) 0.944 0.972 0.978 0.944 0.966 0.955 0.962 0.977 0.957 0.949 0.954 0.969 0.961

Fo
V

V
D

P
↑ PAC-NeRF 6.043 7.473 7.001 6.540 5.991 6.791 6.626 6.485 7.006 6.876 6.543 6.711 6.674

Spring-Gaus 5.455 6.862 6.890 6.377 5.899 6.524 6.998 5.988 6.902 6.153 6.300 6.569 6.410
GIC 6.130 6.230 6.062 6.552 5.889 6.907 6.855 6.737 6.331 6.985 7.069 6.782 6.544

Ours (full) 8.341 8.288 8.943 7.948 9.181 8.307 7.830 9.007 7.866 7.771 8.049 8.820 8.363

6.3. Ablation Study
We conduct extensive ablation studies on our key designs.
Tab. 2 summarize the quantitative results. Since only 4
views are used in LGM [53] in our Stage I, it is difficult
to reconstruct the accurate appearance and geometry at in-
ference time, resulting in compromised quantitative results
(Ours (Stage I only)). Nevertheless, the predicted physi-
cal properties from Stage I are effective enough to produce
high-quality simulations. This is validated byOurs (Stage
I+refine GS), where we solely refine the 3D Gaussians from
LGM initialization without changing any physical proper-
ties. This demonstrates that appearance and geometry are
critical for the overall dynamic reconstruction. Ours (Stage
I+fit GS) is a similar ablation where the 3D Gaussians are
trained from scratch, demonstrating a worse result than us-
ing LGM prediction as initialization. Ours (full w/o fine-
tune LBS) shows a further improvement when adding the
optimization of the E and ν, and our full model that un-
locks the LBS reaches the best. Additionally, Ours (full
w/o Stage I Phys.) shows purely optimization results with
random physics initialization, for which we ran the exper-
iments 3 times with random samples of E ∈ [104, 106],
ν ∈ [0.2, 0.5], same as the prediction range of our feed-
forward predictor. This result suggests that a reliable ini-
tialization is crucial for achieving final convergence.

6.4. Future State Prediction
Like Spring-Gaus [64] and GIC [5], we also perform a test
of future state prediction to evaluate how our model’s sim-
ulation aligns the observed videos in future frames. We re-
port an average result across all the test cases on our syn-
thetic dataset in Tab. 4, for which both our method and base-
lines predict 8 frames after reconstructing from 16 frames.
The results show that our method keeps better accuracy than
all the baselines.

6.5. Evaluation on the real-world dataset
We next evaluate our model on the real-world dataset. Ob-
taining accurate 3D Gaussian representations from sparse

viewpoints in our real-world dataset poses a significant
challenge. To address this issue, we employ the registra-
tion network introduced by Spring-Gaus [64] to align the
poses of the 3D Gaussians estimated by LGM [53] in Stage I
with the real-world camera poses. Our approach then lever-
ages these registered static 3D Gaussians, in the manner
of Spring-Gaus, to facilitate reconstruction and simulation.
We compare our method with Spring-Gaus for both dy-
namic reconstruction and future state prediction, as shown
in Fig. 4 and Tab. 3. Our approach demonstrates enhanced
capability in modeling real-world objects, particularly in fu-
ture state prediction.

Dynamic Reconstruction Future State

Spring-GS

Ours

Reference

Figure 4. Visualization of dynamic reconstruction results of
Vid2Sim on the real-world object.



Table 2. Ablation of dynamic reconstruction.

backpack bell blocks bus cream elephant grandpa leather lion mario sofa turtle Mean

PS
N

R
↑ Ours (Stage I only) 19.54 21.34 20.50 19.62 18.08 19.89 19.46 15.53 21.36 19.07 20.48 22.36 19.77

Ours (Stage I+fit GS) 26.87 26.59 32.57 26.53 34.82 26.99 24.45 31.21 27.62 24.83 30.01 30.33 28.57
Ours (Stage I+refine GS) 26.52 27.61 32.49 26.63 34.54 27.05 24.42 31.32 27.54 25.73 30.11 30.37 28.69

Ours (full w/o fine-tune LBS) 27.37 27.97 32.98 27.01 35.31 27.93 27.34 31.06 28.27 26.60 29.90 31.00 29.40
Ours (full w/o Stage I Phys.) 27.63 30.79 33.02 28.35 35.75 28.59 26.72 32.71 27.06 26.58 30.09 31.16 29.87

Ours (full) 28.30 30.14 33.49 27.76 35.75 29.29 27.52 32.55 28.27 27.35 30.44 31.13 30.17

SS
IM

↑ Ours (Stage I only) 0.883 0.950 0.924 0.897 0.909 0.904 0.938 0.895 0.931 0.917 0.913 0.921 0.915
Ours (Stage I+fit GS) 0.931 0.959 0.973 0.937 0.955 0.942 0.944 0.973 0.954 0.936 0.952 0.963 0.952

Ours (Stage I+refine GS) 0.929 0.960 0.974 0.937 0.953 0.943 0.945 0.974 0.954 0.942 0.952 0.962 0.952
Ours (full w/o fine-tune LBS) 0.934 0.965 0.975 0.942 0.960 0.947 0.961 0.974 0.957 0.946 0.951 0.968 0.957
Ours (full w/o Stage I Phys.) 0.938 0.973 0.975 0.948 0.962 0.952 0.961 0.977 0.952 0.951 0.953 0.969 0.959

Ours (full) 0.944 0.972 0.978 0.944 0.966 0.955 0.962 0.977 0.957 0.949 0.954 0.969 0.961

Fo
V

V
D

P
↑ Ours (Stage I only) 6.616 6.175 6.481 6.545 4.450 6.188 6.064 5.661 6.834 5.912 6.062 7.330 6.193

Ours (Stage I+fit GS) 7.778 6.884 8.792 7.622 9.117 7.468 6.246 8.949 7.681 6.325 8.034 8.628 7.794
Ours (Stage I+refine GS) 7.664 7.000 8.802 7.657 9.105 7.473 6.249 8.968 7.675 6.825 8.060 8.632 7.843

Ours (full w/o fine-tune LBS) 8.080 7.680 8.873 7.770 9.199 7.916 7.676 8.929 7.866 7.312 7.994 8.729 8.169
Ours (full w/o Stage I Phys.) 7.996 8.439 8.861 8.107 9.158 8.064 7.433 9.011 7.438 7.218 7.942 8.782 8.204

Ours (full) 8.341 8.288 8.943 7.948 9.181 8.307 7.830 9.007 7.866 7.771 8.049 8.820 8.363

Table 3. Evaluation on the real-world object.

orange bird cup Mean

PS
N

R
↑ Spring-Gaus 28.69 25.08 24.39 26.05

Ours (full) 30.11 26.02 25.24 27.12

SS
IM

↑ Spring-Gaus 0.987 0.980 0.979 0.982
Ours (full) 0.987 0.981 0.980 0.983

Fo
V

V
D

P↑ Spring-Gaus 8.379 7.494 7.447 7.773
Ours (full) 8.623 7.554 7.447 7.875

Table 4. Comparison on future state prediction.

PSNR ↑ SSIM ↑ FoVVDP ↑
PAC-NeRF 20.11 0.913 5.948

Spring-Gaus 18.32 0.905 5.443
GIC 19.20 0.916 5.702

Ours (full) 25.07 0.945 7.770

6.6. Comparison of Efficiency

Though using an implicit Euler solver with Newton’s
method and line search, our method is still much more ef-
ficient regarding differentiable simulation. This is because
of four reasons: (1) The implicit Euler solver requires fewer
time steps; (2) The simulation and optimization is operated
on a reduced dimension; (3) We design a neural Jacobian for
faster precomputation and (4) Our strategy of using partial
frames.

We compare the computation time among our method
and baselines for one optimization iteration that contains
one forward and backward pass (consider using all 12 views
on backpack case). We also report the whole training time
for all the methods with the default settings. Our results
in Tab. 5 show that our method is even faster than the ef-
ficient Spring-Gaus method, and our proposed neural Jaco-
bian saves more time when using more cubature points and
handles in simulation. All the performances are tested on
one NVIDIA-RTX-4090 GPU.

Table 5. Comparison with existing methods on runtime perfor-
mance. The results in (·) is the case that uses 40 handles and 2000
cubature points for more accurate simulation.

Per Iteration Time Total Training Time

GIC 37.33s 120min
PAC-NeRF 29.04s 84min
Spring-GS 8.08s 54min

Ours (w/o Jθ) 3.22s (13.11s) 26 min
Ours (full) 1.44s (2.11s) 15 min

7. Conclusion
In this paper, we present Vid2Sim, a novel and robust
framework for high-fidelity and generalizable reconstruc-
tion of textured shapes and physical properties directly from
video data. Our approach overcomes key limitations in ex-
isting methods by incorporating a feed-forward model that
efficiently provides generalizable initial estimation, along-
side a differentiable, reduced-order simulator utilizing Lin-
ear Blend Skinning for fast and precise optimization of ap-
pearance, geometry, and physical properties. After the re-
construction, Vid2Sim enables high-quality, mesh-free sim-
ulation with high efficiency. Comprehensive experiments
demonstrate that Vid2Sim achieves state-of-the-art perfor-
mance in both accuracy and efficiency, representing a sig-
nificant advancement in video-based system identification.

8. Limitation and Future Work

Our approach is limited in reconstructing and simulating
complex materials, e.g. fluid, since we use a reduced-order
simulation method. Future works include further enhanc-
ing the ability to express more complex material and mo-
tions. Another direction is to merge the two branches of our
Stage I and train a unified feed-forward network to predict
3D Gaussians together with point-wise physical properties.
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Vid2Sim: Generalizable, Video-based Reconstruction of Appearance, Geometry
and Physics for Mesh-free Simulation

Supplementary Material

This supplementary material covers the following sec-
tions: More Implementation Details (Sec. 9); More Results
on Dynamic Reconstruction (Sec. 10); Generalization Ca-
pability (Sec. 11). Please refer to our supplementary video
for a more comprehensive overview,

9. More Implementation Details
9.1. Large Video Vision Transformer
The pipeline of our Large Video Vision Transformer is
shown in Fig. 5. In our framework, we fine-tune the back-
bone network, VideoMAE [54], which is pre-trained on 16-
frame videos at a resolution of 224 × 224. To adapt it to
a higher resolution (448 × 448 in our setting), we interpo-
late the pre-trained positional embeddings to align with the
updated number of input tokens. The output tokens are av-
eraged across all the patches before being sent into the re-
gression MLPs. The regression MLPs for predicting E and
ν are identical and with widths of [768, 512, 256, 128, 1].
The regression MLP for predicting θ̂lbs has widths of
[768, 650, 650, 650, 650] where the width of the last layer
is equal to the number of trainable parameters for a linear
layer. We demonstrate in Tab. 6 that it is better to predict
only the last layer of θ̂lbs and keep the first 7 layers fixed
for consistency with the optimization stage (Stage II) than
to predict full layers in our task. This is because Hypernet-
work predicts ∼ 30k network parameters for full-layer LBS,
making training much more difficult than our one-layer pre-
diction design. We use GELU [20] as the activation function
for all regression MLPs.

	𝐸
Young’s Modulus
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	𝜃#!"#
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Figure 5. Detailed pipeline of the large video vision transformer.

9.2. LBS and Jacobian Network
The implementation of the LBS and Jacobian network is
visualized in Fig. 6. Specifically, the LBS network com-

PSNR ↑ SSIM ↑ FoVVDP ↑
One-layer prediction (Ours) 28.83±3.06 0.954±0.014 7.907±0.859

Full-layer prediction 28.53±3.21 0.953±0.015 7.782±0.886

GT (data-free train) 29.40±2.59 0.957±0.012 8.169±0.579

Table 6. Quantitative results in Dynamic Reconstruction across
different LBS prediction settings using the same optimized geom-
etry and physical parameters for fairness.

Forward Time Backward Time 1
NΣN

i=1||Ji
θ − Ji

gt||22
4 blocks w/o PE 0.00081s 0.00158s 9.22× 10−7

2 blocks 0.00052s 0.00099s 5.12× 10−7

4 blocks (Ours) 0.00086s 0.00166s 4.04 × 10−8

GT Jacobian 6.51398s 0.00014s -

Table 7. Speed (time per iteration) and average accuracy across
different Neural Jacobian models. All the values are tested under
the setting of 2000 points & 10 handles on one NVIDIA-RTX-
4090 GPU.

prises 8 linear layers with a constant layer width of 64 and
ELU [7] activation function. We observe that the neural Ja-
cobian predominantly focuses on learning to predict high-
frequency features, rather than the low-frequency signals
typically modeled by the LBS prediction network. This in-
sight motivates us to adopt a design for predicting the Ja-
cobian that differs from the standard MLP architecture used
in the LBS network, where we incorporate positional en-
coding into the input to capture the high-frequency features
effectively. The input positions are embedded into a 512-
dimensional space using positional encoding. The model
comprises four residual blocks, each containing two linear
layers. The first two residual blocks have a layer width of
512, while the last two have a layer width of 1024. The out-
put is projected with a linear layer from the features. We
use the GELU [20] activation function in the Jacobian net-
work. We found that 4 blocks with positional encoding are
sufficient to predict the Jacobian that is accurate enough for
simulation, so we didn’t scale up it further to save data-
free training time. We report the speed-accuracy trade-off
for different Neural Jacobian models in Tab. 7. Note that
the time cost of Neural Jacobian is only meaningful in its
data-free training, which contains 10k iterations. It can be
ignored in the joint optimization of Stage II.

The LBS and Jacobian networks are first trained in a
data-free manner, supervised by randomly sampled X and
z, inspired by [1, 41]. The LBS network is optimized
by minimizing an elastic loss and orthogonal regulariza-
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Figure 6. Network structure of LBS network and Jacobian network.

backpack bell blocks bus cream elephant grandpa leather lion mario sofa turtle Mean

PS
N

R
↑ PAC-NeRF 18.03 21.74 21.67 19.05 19.81 20.68 20.20 19.48 20.67 17.06 19.60 22.09 20.01

Spring-Gaus 17.35 21.04 22.93 19.77 24.80 20.97 21.76 19.28 21.32 20.51 21.55 22.42 21.14
GIC 18.22 19.33 18.26 20.23 23.94 21.50 20.45 20.76 18.53 21.17 23.38 22.60 20.70

Ours (full) 26.59 27.26 31.29 25.64 33.85 27.95 24.09 31.11 25.89 26.54 27.82 30.81 28.24

SS
IM

↑ PAC-NeRF 0.882 0.956 0.935 0.900 0.900 0.924 0.941 0.929 0.931 0.932 0.918 0.933 0.924
Spring-Gaus 0.866 0.945 0.936 0.899 0.918 0.921 0.950 0.924 0.931 0.922 0.913 0.931 0.921

GIC 0.879 0.938 0.918 0.903 0.901 0.924 0.943 0.937 0.917 0.930 0.920 0.934 0.920
Ours (full) 0.940 0.964 0.971 0.935 0.951 0.955 0.953 0.975 0.949 0.951 0.942 0.973 0.955

Fo
V

V
D

P
↑ PAC-NeRF 5.873 6.514 6.803 6.330 4.695 6.681 6.516 6.437 6.581 3.989 5.779 6.943 6.095

Spring-Gaus 5.535 6.945 6.920 6.344 5.970 6.482 7.045 6.260 6.766 6.201 6.296 7.011 6.481
GIC 5.959 6.129 5.947 6.394 5.805 6.921 6.930 6.696 6.023 7.029 6.905 6.939 6.473

Ours (full) 8.331 7.640 8.921 7.898 8.900 8.398 7.020 9.053 7.659 8.015 7.912 9.000 8.229

Table 8. Quantitative comparison with previous methods on dynamic reconstruction (novel views).

backpack bell blocks bus cream elephant grandpa leather lion mario sofa turtle Mean

log(E)

PAC-NeRF 3.28 1.08 4.02 3.30 3.22 3.05 2.99 1.20 2.34 3.37 0.20 1.94 2.50
GIC 1.16 2.87 2.12 1.93 2.13 1.53 0.42 3.45 2.85 1.82 0.65 3.18 2.01

Ours (full) 0.69 0.15 0.54 0.26 0.95 0.18 1.07 0.73 0.48 0.50 0.18 0.44 0.51

ν

PAC-NeRF 0.21 0.23 0.33 0.16 0.12 0.06 0.36 0.26 0.14 0.33 0.30 0.01 0.21
GIC 0.11 0.24 0.29 0.18 0.08 0.24 0.26 0.02 0.14 0.22 0.01 0.08 0.16

Ours (full) 0.10 0.10 0.07 0.06 0.11 0.05 0.02 0.06 0.05 0.06 0.08 0.02 0.06

Table 9. Mean Absolute Error (MAE) among baselines and our method on physical property predictions.

tion loss. The Jacobian network is optimized by minimiz-
ing the L2 loss between the predicted deformation gradient
F(X, z) and the estimated F̂(X, z) from the finite differ-
ence.

The two networks are then jointly trained along with
physical parameters according to the observed multi-view
videos, where we only minimize the L2 loss between sim-
ulated animations and the observed multi-view videos, as
described in Sec. 4.3 in the main paper.

9.3. Boundary Condition Implementation
We follow [41] to implement boundary conditions with in-
cremental potential contact for handling collision, the con-

straints are formulated with barrier functions that provide
extra potential energy. For example, our floor barrier in the
dynamic reconstruction and the future state prediction task
uses Ef = 105 × ΣN

i=1[max(0, hf − hi)]
2 as potential en-

ergy, where Ef is part of the external energy (See Eq. 2 in
the main paper). Barrier functions can be very flexible in
our method, and we provide more examples in Sec. 11.2.

10. More Results on Dynamic Reconstruction

In Sec. 10.1, we provide a comprehensive investigation by
showcasing additional qualitative results of dynamic recon-
struction and future state prediction across baselines, our



Stage I model, and our full model. In Sec. 10.2, we eval-
uate the performance of dynamic reconstruction on novel
views. Additionally, we evaluate the prediction of physical
properties E and ν in Sec. 10.3.

10.1. More Qualitative Results on Dynamic Recon-
struction and Future States Prediction

As illustrated in Fig. 7 and Fig. 8, our model demonstrates
remarkable physics-aware dynamic reconstruction quality
compared to existing methods [5, 32, 64] that suffer from
reconstructing blurry textures and incorrect dynamics due
to the use of dynamic representations and symplectic solver.
This is further evidenced by real-world test cases presented
in Fig. 9, where the reconstruction results of the SOTA
method Spring-Gaus [64] collapses when hitting the ground
plane, while ours successfully capture the physical dynam-
ics and produce higher realistic results.

10.2. Evaluation on Novel View Synthesis

We further evaluate the performance of our method on novel
view synthesis by randomly sampling 6 novel views for
each synthetic test case and evaluate the dynamic recon-
struction performance among our method and baselines. We
show qualitative results in Fig. 10 and quantitative results
in Tab. 8, where our method consistently outperforms other
models.

10.3. Evaluation on Physical Parameters Estima-
tion

Next, we evaluate the Mean Absolute Error (MAE) on the
estimated log(E) and ν in the Neo-Hookean elastic model
used by PAC-NeRF [32], GIC [5] and our method. As
shown in Tab. 9, our method outperforms all the other ap-
proaches in most cases while showing its competitive per-
formance on the remaining samples, which validates the ef-
fectiveness of our model on physical property estimation.

11. Generalization Capability

We provide more simulation results on changed materials
in Sec. 11.1 and provide additional simulation results on
different boundary conditions in Sec. 11.2.

11.1. Generalized to Different Materials

Although our method mainly focuses on reconstructing
elastic objects in this paper, our framework can be general-
ized to materials characterized by various constitutive mod-
els. Here, we show simulation results regarding three dif-
ferent materials: Elasticity, Plasticine, and Sand following
[5, 32]. The qualitative results are shown in Fig. 11, where
different materials are simulated precisely as our method is
combined with different constitutive models effectively.

In order to compute the potential energy Epotential for
simulation, we derive the corresponding energy density
function Ψ(F) for each constitutive model below.

Elasticity. The energy density function can be formulated
as

Ψ(F) =
µ

2
[tr(F⊤F)− d]− µ ln(J) +

λ

2
ln2(J) (7)

where d = 3 is the space dimension, F is the deformation
gradient and J is the determinant of F, µ and λ are Lamé
parameters related to Young’s modulus E and Poisson’s ra-
tio ν:

µ =
E

2(1 + ν)
λ =

Eν

(1 + ν)(1− 2ν)
(8)

Plasticine Plasticine material is modeled with a combi-
nation of Saint Venant-Kirchhoff Model (StVK) and von
Mises return mapping function. The energy density func-
tion of StVK can be formulated as

Ψ(F) = µ[tr(G2)] +
λ

2
[tr2(G)] (9)

where G = 1
2 (F

⊤F−d) is the Green strain. The von-Mises
return mapping function projects the deformation gradient
back onto the boundary of the elastic region according to
the von-Mises yielding condition. The mapping function
can be formulated as

Z(F) =

{
F δγ ≤ 0
U exp(ϵ− δγ ϵ̂

∥ϵ̂∥ )V
⊤ otherwise

(10)

where F = UΣV⊤ is the singular value decomposition
(SVD) of F, ϵ = log(Σ) is the Hencky strain, ϵ̂ = ϵ −
ϵ̄ is the normalized Hencky strain and δγ = ∥ϵ̂∥ − τY

2µ is
von-Mises yielding condition with the yield stress τY as a
physical parameter.

Sand Similar to the Plasticine material, we also use StVK
as the constitutive model and apply its energy density func-
tion to the Sand material. The difference is that we use
Drucker-Prager yield criteria instead of von-Mises yield cri-
teria. The mapping function can be formulated as

Z(F) =


UV⊤ tr(ϵ) > 0
F δγ ≤ 0, tr(ϵ) ≤ 0
U exp(ϵ− δγ ϵ̂

∥ϵ̂∥ )V
⊤ otherwise

(11)
where δγ = ∥ϵ̂∥F + α (dλ+2µ)tr(ϵ)

2µ is the yield stress, α =√
2
3

2 sin θf
3−sin θf

and θf is the friction angle.



11.2. Generalized to Complex Boundary Conditions
In this section, we demonstrate that the reconstruction re-
sults of our method, Vid2Sim, integrate seamlessly into the
simulation of various animations under complex boundary
conditions. Two examples are presented in Fig. 12, high-
lighting Vid2Sim’s ability to generate high-quality anima-
tions across diverse boundary scenarios.
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Figure 7. More dynamic reconstruction results from the input videos.
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Figure 8. More dynamic reconstruction results from the input videos.
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Figure 9. More dynamic reconstruction results from real-world input videos.
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Figure 10. Novel view synthesis of the dynamic reconstruction results.



Sand
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Figure 11. Simulation with different materials. We use E = 107, ν = 0.49 for the stiff elastic and E = 8000, ν = 0.4 for the soft elastic.
In Plasticine material τY is set to 500 and in Sand material θf is set to 10◦.

(a) A bus slides at a moving floor.

(b) Blocks drop on the balls.

Figure 12. Simulation results based on different boundary conditions.
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