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Abstract

We present ElastoGen, a knowledge-driven AI model that
generates physically accurate 4D elastodynamics. Unlike
deep models that learn from video- or image-based obser-
vations, ElastoGen leverages the principles of physics and
learns from established mathematical and optimization pro-
cedures. The core idea of ElastoGen is converting the dif-
ferential equation, corresponding to the nonlinear force equi-
librium, into a series of iterative local convolution-like op-
erations, which naturally fit deep architectures. We carefully
build our network module following this overarching design
philosophy. ElastoGen is much more lightweight in terms of
both training requirements and network scale than deep gen-
erative models. Because of its alignment with actual physical
procedures, ElastoGen efficiently generates accurate dynam-
ics for a wide range of hyperelastic materials and can be eas-
ily integrated with upstream and downstream deep modules
to enable end-to-end 4D generation.

Introduction
Recent advancements in generative models have enhanced
the ability to produce high-quality digital contents across
diverse media formats (e.g. images, videos, 3D models,
4D data). In particular, the generation of 4D data, includ-
ing both spatial and temporal dimensions, has seen notable
progress (Singer et al. 2023; Shen et al. 2023; Xu et al. 2024;
Ling et al. 2023; Bahmani et al. 2024a; Yin et al. 2023; Bah-
mani et al. 2024b).

On the other hand, learning physical dynamics that ex-
hibit temporal consistency and adhere to physical laws from
observable data remains a difficult problem. Data are in the
wild and noisy. Their underlying coherence is agnostic to
the user. As a result, existing deep models have to assume
some distributions of the data, which may not be the case
in reality. In theory, the network would extract any knowl-
edge provided sufficient data. In practice however, such
data-based learning becomes more and more cumbersome
with increased dimensionality of generated contents – it is
unintuitive to define the right network structure to guide a
physically meaningful generation; it requires terabyte- or
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petabyte-scale high-quality training data, and center-level
computing resource to facilitate the training. Those theo-
retical and practical obstacles combined impose significant
challenges.

We explore a new way to establish physics-in-the-loop
generative models. Our argument is that learning from
knowledge instead of from raw data is more effective for
generative models. Physical laws and principles are often
in the form of partial differential equations (PDEs) and nu-
merically solved with discretized differential operators. We
note that those operators hold a similar structure as a con-
volution kernel on the problem domain, where the values of
those convolution kernels depend on the specific problem
setting. Inspired by those observations, we propose Elasto-
Gen, a knowledge-driven neural model that generates physi-
cally accurate and coherent 4D elastodynamics. ElastoGen
can be easily coupled and integrated with upstream and
downstream neural modules to enable end-to-end 4D gener-
ation. The core idea of ElastoGen is converting the global
differential operator, corresponding to the nonlinear force
equilibrium, to iterative local convolution-like procedures.
Such knowledge-level priors allow us to design dedicated
network modules for ElastoGen, where each network mod-
ule has a well-defined purpose of relaxing locally concen-
trated strain rather than being treated as a piece of a black
box. Compared with other data-learning-based generative
models, ElastoGen is lightweight – in terms of both train-
ing requirements and the network scales. Furthermore, due
to its consistency with physics procedure, ElastoGen gener-
ates physically accurate dynamics for a wide range of hyper-
elastic materials. Specifically, we summarize some features
of ElastoGen as follows:
Compact generative network inspired by physics princi-
ples The network architecture of ElastoGen is strongly in-
spired by our prior knowledge of physics and corresponding
numerical procedures. This allows a compact and effective
generative framework in the form of deep neural networks.
The training efforts for such a carefully tailored deep model
become lightweight as well.
NeuralMTL with diffusion parameterization ElastoGen
features a neural material module, NeuralMTL, to encode
the underlying constitutive relations for real-world hypere-
lastic materials such as Neo-Hookean and or Saint Venant-
Kirchhoff (StVK). We leverage a lightweight conditional
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diffusion model to predict its network parameters to isolate
our training efforts.
Nested RNN with low-frequency encoding ElastoGen
constitutes a two-level recurrent neural network (RNN) ar-
chitecture. An encoder extracts low-frequency deformations
so that the inner RNN relaxation only takes care of the local
high-frequency strains. This design makes ElastoGen more
efficient for stiff materials.

Related Work
4D generation with diffusion models The primary objec-
tive of generative models is to produce new, high-quality
samples from vast datasets. These models are designed to
learn and understand the distribution of data, thereby gen-
erating samples that meet specific criteria. Recently, diffu-
sion models have emerged as a powerful technique, achiev-
ing state-of-the-art results in generating high-fidelity im-
ages (Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel 2020;
Rombach et al. 2022), beating the competitors that are based
on generative adversarial networks (GANs) (Goodfellow
et al. 2014; Zhu et al. 2019; Chan et al. 2021) or vari-
ational autoencoders (VAEs) (Kingma and Welling 2014;
Child 2021; Razavi, Van den Oord, and Vinyals 2019). This
sets the stage for further explorations in more complex ap-
plications, such as the generation of 3D content (Jain et al.
2022; Lin et al. 2023; Metzer et al. 2023; Poole et al. 2022;
Wang et al. 2024; Liu et al. 2023, 2024; Feng et al. 2024a),
video content (Blattmann et al. 2023; Harvey et al. 2022;
Ho et al. 2022b,a; Karras et al. 2023; Ni et al. 2023), and
3D videos or called 4D dynamic scenes (3D objects with
shape change throughout time) (Singer et al. 2023; Shen
et al. 2023; Xu et al. 2024; Ling et al. 2023; Bahmani et al.
2024a; Yin et al. 2023; Bahmani et al. 2024b). These ad-
vanced applications demonstrate the versatility and expand-
ing potential of diffusion models across diverse media for-
mats. However, existing 4D generation techniques struggle
to ensure temporal consistency and require substantial train-
ing data, underscoring the challenges of capturing and repli-
cating the dynamic and interconnected behaviors present in
real-world scenarios within a generative model framework.
Neural physical dynamics Physical dynamics has tradi-
tional numerical solutions, such as the finite element method
(FEM) (Zienkiewicz and Morice 1971; Zienkiewicz, Taylor,
and Zhu 2005) and mass-spring systems (Liu et al. 2013).
Each approach offers distinct advantages and limitations.
For example, Position-Based Dynamics (PBD) (Müller et al.
2007) and Projective Dynamics (PD) (Bouaziz et al. 2014)
offer simplified implementation and faster convergence but
can struggle with complex material behaviors and do not al-
ways guarantee consistent convergence rates. Recently, neu-
ral physics solvers, which integrate neural networks with tra-
ditional solvers, aim to accelerate and simplify the compu-
tation process. The pioneering works (Chang et al. 2017;
Battaglia et al. 2016) directly utilized neural networks to
predict dynamics, achieving promising results in simple par-
ticle systems. Subsequent studies (Sanchez-Gonzalez et al.
2018; Kipf et al. 2018; Ajay et al. 2018; Li et al. 2019c,a,b)
adopted network architectures to the specific features of
the systems, thereby enhancing performance. Differentiable

simulators are also proposed (Degrave et al. 2019; de Avila
Belbute-Peres et al. 2018; Hu et al. 2019), enabling end-
to-end training of the physics-based behavior from ground-
truth data. The advent of Physics Informed Neural Networks
(PINNs) (Raissi, Perdikaris, and Karniadakis 2019; Pakra-
van et al. 2021) marks a leap forward. These networks incor-
porate extensive physical information to constrain and guide
the learning process, ensuring that predictions adhere more
closely to physical laws and has succeeded in domains such
as cloths (Geng, Johnson, and Fedkiw 2020) and fluids (Um
et al. 2020; Gibou, Hyde, and Fedkiw 2019; Chu et al. 2022).
Some work (Yang, He, and Zhu 2020) shifts away from end-
to-end structures and use neural networks to optimize part of
the simulation. Another line of research generates dynam-
ics through physics-based simulators, where network learns
static information while physical laws govern the generation
of dynamics (Li et al. 2023; Feng et al. 2023; Xie et al. 2023;
Feng et al. 2024b; Jiang et al. 2024), giving physical mean-
ings to Neural Radiance Fields (NeRF) (Mildenhall et al.
2020; Kerbl et al. 2023a). These methods demonstrate the
benefits of embedding human knowledge into networks to
reduce the learning burden.

Background
To make the paper self-contained, we start with a brief re-
view of the preliminaries of elastodynamics and the diffu-
sion model.

Variational optimization of elastodynamics
The dynamic equilibrium of a 3D model can be character-
ized by d

dt

(
∂L
∂q̇

)
− ∂L

∂q = fq , where L = T − U is sys-
tem Lagrangian i.e., the difference between the kinematic
energy (T ) and the potential energy (U ). q and q̇ are gen-
eralized coordinate and velocity. fq is the generalized exter-
nal force. With the implicit Euler time integration scheme:
qn+1 = qn + hq̇n+1, q̇n+1 = q̇n + hq̈n+1, it can be re-
formulated as a nonlinear optimization to be solved at each
time step:

qn+1 = argmin
q

{
1

2h2
∥q− q̂∥2M + U(q)

}
, (1)

where q̂ = qn − hq̇n − h2M−1fq , the superscript n and
n+ 1 indicates the time step, h is the time step size, and M
is the mass matrix.

Diffusion model
A diffusion model transforms a probability from the real
data distribution Preal to a target distribution Ptarget through
diffusion and denoising.
Diffusion. The diffusion process incrementally adds Gaus-
sian noise to the initial data x0 ∼ Ptarget, gradually trans-
forming it into a sequence x1,x2, ...,xT , where xT approx-
imates the real distribution Preal. The aim is to learn a noise
prediction model ϵθ(xt, t), estimating the noise at each iter-
ation t to facilitate data recovery in the denoising phase. The
noise learning objective is formulated as:
L = Ex0∼Ptarget,ϵ∼N (0,I),t∼Uniform({1,...,T})[∥ϵ−ϵθ(xt, t)∥2].

(2)
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Denoising. Denoising iteratively removes noise from xT ∼
Preal, recovering the original data x0 by adjusting the noisy
data at each iteration t as:

xt−1 =
1
√
αt

(xt−
1− αt√
(1− αt)

ϵθ(xt, t))+σtz, z ∼ N(0, I),

(3)
where 1−αt = βt is a scheduled variance, and σt is typically
set to σt =

√
βt. N(0, I) is standard normal distribution.

Diffusion and denoising processes allow for effective mod-
eling of the transition between distributions, using learned
Gaussian transitions for noise prediction and reduction.

Methodology
ElastoGen, as illustrated in Fig.1, is a lightweight generative
deep model that produces physically grounded 4D content
from general object descriptions, such as stiffness or mass.
ElastoGen rasterizes the input shape and uses a nested two-
level recurrent neural network (RNN) to predict its trajectory
sequentially. Each prediction undergoes an accuracy check
to ensure physical validity. The network design follows a
numerical procedure based on variational optimization as in
Eq.(1), ensuring that ElastoGen avoids redundant compo-
nents that could lead to overfitting. The following sections
detail each major module of the pipeline.

Method overview: piece-wise local quadratic
approximation
Our elastodynamics generation mimics numerical optimiza-
tion procedures that minimize the variational energy as in
Eq. (1). It is possible to tackle this problem at the global
level, i.e., optimizing all the degrees of freedom (DoFs) of
the system at once e.g., using Newton’s method. Such a
brute-force scheme requires to learn dense inter-correlations
among features at all DoFs, which inevitably leads to com-
plex and large-scale network architectures with numerous
parameters to be learned.

Alternatively, we opt for a divide-and-conquer way
to approach Eq. (1). We consider the total potential
energy U as the summation of multiple energies of
quadratic form: U(q) ≈

∑
i Ei(qi), where Ei(qi) =

minpi∈Mi

ωi

2 ∥Gi[qi]− pi∥2. Here, i indicates the i-th sub-
volume of the object. For instance, one may discretize the
object into a tetrahedral mesh, and Ei then represents the
elastic potential stored at the i-th element. Gi denotes a dis-
crete differential operator, which converts positional fea-
tures qi to strain-level features. To this end, we build Gi such
that Gi[qi] = vec(Fi), i.e., the vectorized deformation gra-
dient (F ∈ R3×3) of the sub-volume, which gives the lo-
cal first-order approximation of the displacement field. The
constraint manifoldMi denotes the zero level set of Ei. In
other words, we consider Ei as a quadratic energy based on
how far local displacement qi is from its closest energy-free
configuration (pi), given the local material stiffness ωi.

Provided the current deformed shape qi, we can find
argminpi

ωi

2 ∥Gi[qi]− pi∥2, which suggests a locally op-
timal descent direction to reduce U . The global displace-
ment can then be obtained by minimizing q over Ei at all

the sub-volumes. While this is a global operation, it acts as
a Laplacian-like smoothing operator, which can be approxi-
mated through repeated local smoothing. This procedure re-
sembles shape matching methods (Müller et al. 2005) and
PD (Bouaziz et al. 2014), offering a piecewise sequential
quadratic programming (SQP) approach (Boggs and Tolle
1995) to approximate U locally. ElastoGen functions as
a neural version of the aforementioned procedure, with a
nested RNN structure that handles local strain relaxation
through volume convolutions, ensuring the network remains
compact and lightweight.

Unfortunately, real-world materials are more than a col-
lection of quadratic forms. The elastic energy of nonlin-
ear materials cannot be well approximated by a quadratic
form of the deformation gradient. This limitation means
that shape matching or PD can only handle simplified ma-
terial behavior. To this end, we augment ElastoGen with a
NeuralMTL module to ensure that each local SQP closely
matches actual materials.

NeuralMTL & neural projection
The goal of NeuralMTL is to correct local quadratic approx-
imations of U so that ElastoGen faithfully generates physi-
cally accurate results for any real-world hyperelastic mate-
rial. Specifically with NeuralMTL (N ), Ei becomes:

Ei(qi) = argmin
Pi∈SO(3)

ωi

2

∥∥Fi · N
(
Gi[qi]

)
−Pi

∥∥2
F
. (4)

We set ωi as ωi = Vie based on real-world material pa-
rameters: Young’s modulus e and the size of the sub-volume
Vi. Gi extracts the deformation gradient vec(Fi) and feeds
it to NeuralMTL, N . As the name suggests, N predicts a
neural strain based on the information of local deformation
Fi. Given the material model and parameters, N is used
for all Ei, and we do not put a subscript on N . ∥ · ∥F de-
notes the Frobenius norm.N predicts a material-space strain
prediction, which is then converted to world space by Fi.
Pi ∈ R3×3 is a rotation matrix i.e., Pi ∈ SO(3). Intu-
itively, as shown in Fig. 2 (a), NeuralMTL warps Fi to a
different configuration of Fi · N (Fi) so that the new dis-
tance to Pi correctly reflects the local energy landscape of
Ei as visualized in the inset.

For isotropic elastic materials, we add a nonlinear singu-
lar value decomposition (SVD) activation to the operator Gi
such that Fi = UiSiV

⊤
i . Si is a diagonal matrix with sin-

gular values arranged in descending order, which correspond
to the local principal strains. This activation converts Ei to:

Ei(qi) =
ωi

2
∥UiSiV

⊤
i · N (Gi[qi])−UiV

⊤
i ∥2F

=
ωi

2
tr
(
SiSiV

⊤
i · N (Gi[qi]) · N⊤(Gi[qi])Vi

+I− 2ViSiV
⊤
i · N (Gi[qi])

)
.

(5)

We further require this learning-based strain measure that
1) NeuralMTL predicts a symmetric strain; and 2) the ad-
justed energy remains invariant to rotation and merely de-
pends on Si. Let Ni = N (Gi[qi]) ∈ R3×3 be the raw output
of NeuralMTL. Instead of directly imposing those restric-
tions during the training, we append a network module to
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(a) The pipeline of ElastoGen. (b) The network structure.

Figure 1: Pipeline overview. (a) ElastoGen rasterizes an input 3D model (with boundary conditions) and generates parameters
filling our NeuralMTL module. Conceptually, NeuralMTL predicts locally concentrated strain of the object, which is relaxed
by a nested RNN loop. (b) The RNN predicts the future trajectory of the object. There are two sub RNN modules. RNN-
1 repeatedly relaxes the local stress in a 3D convolution manner. Those relaxed strains are converted to positional signals,
and RNN-2 merges local deformation into a displacement field of the object. ElastoGen automatically checks the accuracy of
the prediction of both RNN loops, and outputs the final prediction of qn+1 once the prediction error reaches the prescribed
threshold.

nonlinearly activate the raw output of N as:

N (Gi[qi])← Vi

(
Ni +N⊤

i

)
V⊤

i , (6)

which further simplifies Ei to:

Ei =
ωi

2
tr
(
QiQ

⊤
i

)
+

3ωi

2
− ωi tr (Qi) ,

Qi(Si) = Si

(
Ni +N⊤

i

)
.

(7)

Intuitively, this activation escalates the order of the neu-
ral strain predicted by N , pushing it to become a nonlin-
ear strain estimation with a prescribed format — just like
upgrading an infinitesimal strain to Green’s strain to better
measure large rotational deformation. As a result, the neu-
ral projection corresponding to our NeuralMTL can be eas-
ily obtained as Pi = UiV

⊤
i , i.e., the rotational component

from Fi. This is an important property of NeuralMTL — if
we choose to employ the network to learn an adjustment of
Pi (which is also technically feasible), the local relaxation
that predicts Pi becomes complicated, and the generation is
less robust.

Given an input 3D object, ElastoGen rasterizes it into a
set of sub-volumes. For a user-specified sub-volume, which
in our implementation is a voxel that intersects with the
object, Gi operator extracts the local covariance matrix of
the displacement field over this sub-volume. Let Ai =
[q1,q2, ...qk] ∈ R3×k and Āi = [q̄1, q̄2, ...q̄k] be de-
formed and rest-shape position of vertices of a sub-volume
with k vertices (k = 8 for a cubic volume). Gi has an ana-
lytic format of:

Gi[qi] =
[(
ĀĀ⊤)−1

Ā⊗ I
]
qi, (8)

which is a convolutional neural network (CNN) whose
weights can be pre-computed given the rasterized object.
The output of Gi is then activated via a SVD module, which
outputs Ui, Vi, and Si.

And the NeuralMTL N can also be implemented as a
CNN whose weights are predicted by a generative diffu-

sion model given the material type and parameters such as
Young’s modulus e and Poisson’s ratio ν.

(a) (b) (c)

Figure 2: (a). NeuralMTL learns a mapping N to warp Fi,
enabling the quadratic strain energy to work for hyperelas-
tic materials (b). Sampling topology over 2D input space to
ensure smooth output variation. (c) Deforming object with
rasterization grid.

Decoupling NeuralMTL from deformation and
material parameters
NeuralMTL takes Fi as input and outputs the neural strain
measureN (Fi). This strain is then evaluated against Eq. (4)
to check if ElastoGen reasonably minimizes Eq. (1) and is
ready for the next time step. NeuralMTL is designed to ac-
commodate material nonlinearity, meaning different mate-
rial parameters {e, ν} result in different outputs even for the
same Fi.

A direct approach would be training NeuralMTL
N (Fi, e, ν) on both Fi and {e, ν}. However, since Neu-
ralMTL needs to be evaluated frequently during deforma-
tion, we decouple the influences of Fi and {e, ν} to main-
tain a compact network. Following the approach in (Zhang
et al. 2024a), we generate N (Fi) using a diffusion model
D(e, ν), where W = D(e, ν) is the parameters for the net-
work N (Fi).

To train the modelD, we prepare a dataset of paired {e, ν}
and W. To this end, we first uniformly sample both e and
ν at fixed intervals and then establish a topological order,
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as shown in Fig. 2 (b). A target elastic energy Ψ(e, ν) can
be easily computed for each sampled {e, ν}. W is then ob-
tained via the following optimization:

W = argmin
W

∥log(ΨN + 1)− log(Ψ + 1)∥2 , (9)

where ΨN = ωi

2 ∥Fi·N (W,Fi)−UiV
⊤
i ∥2, andN (W,Fi)

suggests parameters of N are prescribed by W. The loga-
rithmic function log is used to penalize energy deviations
under the same deformation, ensuring non-negative energy.
As the energy function varies smoothly with {e, ν}, our pre-
defined topological ordering of {e, ν} samples facilitates ef-
ficient training. W can converge within a few hundred gradi-
ent descent iterations when initialized from the previous W.
During inference, afterD predicts W, we perform a few ad-
ditional gradient descent iterations to fine-tune the weights,
ensuring N accurately fits the desired elastic energy func-
tion. This two-step process enables smooth variation of the
energy function with respect to {e, ν}, ensuring efficient and
precise network parameter generation.

Subspace encoding
If the quadratic approximation of Eq. (1) is exact, Neu-
ralMTL, N , is not needed. And after obtaining Qi for all
voxels, we set its derivative to zero leading to:(

M

h2
+
∑
i

Li

)
qn+1 = fq +

M

h2
(qn + hq̇n) +

∑
i

bi,

(10)
where bi = Liqn − ∂Ei

∂q . The term M
h2 +

∑
i Li as the

global matrix, which remains constant in this case. This al-
lows for pre-factorization, converting the global matrix into
lower and upper triangular forms to facilitate efficient solv-
ing of the linear system. However, the use of NeuralMTL
introduces nonlinearities in the energy landscape, making
Li(q) dependent on the current deformed pose q. A fully
implicit evaluation would require∇qLi and∇qN , which is
computationally expensive and less stable due to the need
for additional training constraints (e.g., penalizing |∇N | to
prevent overfitting). To address this, we adopt a lagged ap-
proach, computing Li by using q from the most recent up-
date.

Directly inverting the global matrix is computationally
expensive due to the dense correlations between vertices.
As an alternative, traditional iterative methods update each
node by incorporating information from its neighbors, us-
ing results from the previous iteration, and continue relax-
ing locally until convergence is achieved. Inspired by these
methods, we decompose the global solve for q by perform
multiple local operations at qi. Additionally, since the ob-
jects are rasterized into a grid, these repetitive local opera-
tors can be efficiently implemented using a recurrent CNN.
This CNN takes qi as input and outputs the relaxed result
after one step. This CNN collects information from the ver-
tices to the voxels via a convolution, then relaxes it back to
the vertices using a transposed convolution. Additional im-
plementation details can be found in our supplementary ma-
terial (Feng et al. 2025). Conceptually, this approach func-
tions as a matrix-free method for solving the global system,

Figure 3: ElastoGen with implicit models. ElastoGen sup-
ports both explicit and implicit models. We dense-samples
the implicit neural field, directly generating physically accu-
rate dynamics without a simulator, enabling image-to-image
generation from novel camera poses.

ensuring that ElastoGen generates a physically accurate tra-
jectory.

ElastoGen is therefore built as a two-level RNN network.
The outer RNN (RNN-1, see Fig. 1) applies local Neu-
ralMTL adjustments over Gi at each voxel region and the
neural projection for Pi. The inner RNN (RNN-2) handles
global solve by iterating a CNN, approximating the local re-
laxation effect through repeated local operations. Each local
operator relaxes the concentrated strain predicted by Neu-
ralMTL N and is propagated across the object. The process
iterates until the difference between the results of two con-
secutive iterations is below a specified threshold.

However, this approach requires many RNN loops to
achieve effective global relaxation. This is because local
operations are more effective in processing locally concen-
trated strains, while object-wise global deformation can only
be progressively approximated by information exchange
across voxels. This is also a well-known limitation in numer-
ical computation — Gauss-Seidel- or Jacobi-style iterative
methods are less effective in relaxing low-frequency resid-
ual errors, which are often paired with a multigrid solver for
large-scale problems.

To address this issue, we apply SVD to encode Eq. (10)
into a low-frequency latent space and directly solve the sys-
tem within this space. The result is then decoded back to
the original space, serving as the initialization for RNN-2.
However, since the global matrix varies across objects and
timesteps, performing frequent SVD computations on the
global matrix is inefficient. Given that only a prediction of
the overall low-frequency deformation is required, we ap-
proximate the object’s global matrix using the global matrix
of a uniform rasterized grid. This projection can be precom-
puted, eliminating the need for recalculation at each step or
for each object. With this approach, each latent mode takes
the form of a smooth sine wave, as illustrated in Fig. 2 (c).

Experiments

We implement ElastoGen using Python. Specifically, we
use PyTorch (Imambi, Prakash, and Kanagachidambare-
san 2021) to implement the network and a simulator for
training data generation. Our hardware is a desktop com-
puter equipped with an Intel i7-12700F CPU and an
NVIDIA 3090 GPU. Detailed statistics of the settings,
models, and fitting errors are reported in Tab. 1. All the ex-
periments are also available in the supplemental video.
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Scene Grid resolution #DoFs #latent ∆t #R1 #R2 EM Fitting error t/frame
Cantilever (Fig. 4) 16× 3× 3 432 18 0.001 5 108 All 4.11× 10−4 0.01

Lego (Fig. 3) 26× 46× 30 11K 54 0.005 15 320 NH 2.34× 10−4 0.44
Drums (Fig. 3) 28× 22× 34 4K 54 0.005 15 320 CR 7.63× 10−5 0.21
Bridge (Fig. 5) 66× 13× 27 7K 81 0.003 5 96 StVK 5.78× 10−4 0.92
Ship (Fig. 5) 53× 33× 16 14K 81 0.001 5 100 NH 2.34× 10−4 1.20

monster (Fig. 6) 32× 30× 22 20K 36 0.001 5 100 NH 2.34× 10−4 0.78
shoe (Fig. 6) 48× 30× 20 28K 36 0.001 5 100 NH 2.34× 10−4 1.08

Table 1: Experiments statistics. We report detailed settings of our experiments. #DoFs: the average number of DOFs involved
in the optimization. ∆t: the size of timestep. #R1: the average loop count of RNN-1 for each step. #R2: the average number
of RNN-2 loops for each timestep. # latent: the dimension of latent layer in the subspace encoder. EM: the elastic materials
including Neo-Hookean (NH), StVK, and co-rotational (CR) models. Fitting error: the loss of NeuralMTL in Eq. (9). t/frame:
the seconds needed for each frame.

Quantitative validation of NeuralMTL
ElastoGen replicates the behavior of complex hyperelastic
materials with varying parameters. We quantitatively com-
pare ElastoGen’s results with those from the finite element
method (FEM) using a cantilever beam bending test. Elas-
toGen predicts the trajectories for three classic materials co-
rotational (Brogan 1986), Neo-Hookean (Wu et al. 2001),
and StVK (Barbič and James 2005). Each material is tested
at three Poisson’s ratios, with a fixed Young’s modulus.
(Poisson’s ratio alters the material response more nonlin-
early than Young’s modulus). The results of ElastoGen, as
shown in Fig. 4 (b), align well with the results obtained from
the classic method of FEM. Both overlap nearly perfectly.
Such superior accuracy is due to our NeuralMTL prediction.
As shown in Fig. 4 (a), the diffusion-generated strain from
NeuralMTL closely matches the ground truth (GT) with the
correlation coefficient r being larger than 0.98 (calculated

as r =
∑n

i=1(gi−ḡ)(fi−f̄)√∑n
i=1(gi−ḡ)2

∑n
i=1(fi−f̄)

2
for each sample point fi

and gi on neural strain and the ground truth curve, and f̄
and ḡ are their averages). We also plot the total neural en-
ergy variation over time for those materials (ν = 0.32) in
Fig. 4 (c).

Versatility
ElastoGen is a general-purpose generative AI model. As
long as a 3D object can be rasterized, ElastoGen deals
with both explicit, e.g., as shown in Fig. 5, and implicit
shape representations. For instance, when ElastoGen read-
ily takes an implicit neural radiance field (NeRF) (Milden-
hall et al. 2021) based model. One can conveniently employ
the Poisson-disk sampling as described in Feng et al. (2023)
to obtain the rasterized model. Given user-specified exter-
nal forces or position constraints, ElastoGen generates its
further dynamics directly via a neural network without re-
sorting to an underlying physic simulator as used in PIE-
NeRF (Feng et al. 2023). Similarly, a 3DGS (3D Gaussian
splatting)-based model (Kerbl et al. 2023b) can also feed
to ElastoGen for 4D generation. We demonstrate this using
NeRF dataset images in Fig. 3.

ElastoGen enables artists and animators to quickly pro-
duce high-quality 4D animations, even for complex mod-

els. Examples of high-resolution, triangle mesh objects are
shown in Fig. 5, where ElastoGen generates visually accu-
rate dynamics while preserving fine structural details. Addi-
tionally, material parameters can be inversely learned from
video to ensure consistency with observed dynamics.

ElastoGen can also serve as a downstream model for 3D
generation frameworks to accomplish true 4D generation
tasks. After rasterizing the 3D object generated by the up-
stream model, it can be used as the input to ElastoGen,
which then produces physically plausible animations driven
by forces or constraints. As shown in Fig. 6, by integrating
ElastoGen with ARM (Feng et al. 2024a), we achieve high-
quality and physically accurate 4D elastodynamics genera-
tion.

More comparisons
Comparison with ground truth. In addition to Fig. 4, we
further compare ElastoGen with the FEM simulation under
large-scale nonlinear twisting. The comparison is based on
the Neo-Hookean material. For highly nonlinear instances,
the physical accuracy of ElastoGen relies on the RNN
loops — more loops at both RNN-1 and RNN-2 effectively
converge ElastoGen to the ground truth. Nevertheless, for
general-purpose generation, fewer iterations also yield good
results. Detailed experimental results and error plots are pro-
vided in the supplementary materials (Feng et al. 2025).
Comparison with SOTA competitors. We compare Elas-
toGen with existing 4D generative models, including Gen-
2 (Inc. 2024) and PhysDreamer (Zhang et al. 2024b) in
Fig. 7, showing that ElastoGen excels in both physical accu-
racy and geometric consistency. Gen-2 generates moderate
motion with limited nonlinearity, such as rotation and bend-
ing, and fails to maintain geometric consistency over time,
causing changes in both color and shape. This is a common
issue for observation-based 4D models, where complex vi-
sual correlations in training data are difficult to decouple in
a monolithic deep model. PhysDreamer produces plausible
elastodynamics only at small time steps (∆t < 6.0× 10−5)
due to the underlying explicit integration, which is known to
be unstable under large time steps. In contrary, ElastoGen is
able to generalize on large time steps. In Tab. 2, we present a
quantitative comparison of error using the Intersection over
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Figure 4: Quantitative validation of NeuralMTL. (a) Comparison between the energy computed from NeuralMTL strain and
the ground truth energy. (b) Visualization of the final static state of the cantilever beam generated by our method, with different
materials and material parameters. (c) Plots of the elastic energy during the prediction.

Figure 5: Experiments on high-resolution mesh ob-
jects. ElastoGen generates realistic nonlinear elastic dy-
namics under external forces. Both high-frequency local de-
tails and low-frequency global deformations are effectively
captured with a carefully designed nested RNN architecture.

Figure 6: 4D generation with ARM (Feng et al.
2024a). We combine ElastoGen with a 3D generation model
ARM (Feng et al. 2024a) to perform 4D elastodynamics
generation. The first row shows a monster shaking its head,
while the second row shows a shoe being squeezed.

Union (IoU) metric between ElastoGen, Gen-2 (Inc. 2024),
and PhysDreamer (Zhang et al. 2024b). The reference data
is generated using (Feng et al. 2023). Our method demon-
strates superior accuracy in comparison to the others.

Conclusion
ElastoGen is a knowledge-driven deep model that embeds
physical principles and numerical procedures into the net-
work design. As a result, it is remarkably lightweight and
compact. Each module is designed for a specific computa-
tional task aimed at minimizing the total variational energy.
This modular design enables decoupled training, removing
the need for large-scale training datasets. The accuracy of

ElastoGen (Ours) Gen-2 PhysDreamer

Figure 7: Comparison (trajectory) between ElastoGen,
Gen-2 (Inc. 2024) and PhysDreamer (Zhang et al.
2024b). We visualize the trajectory of a swinging carnation
using ElastoGen, Gen-2, and PhysDreamer. Note that Phys-
Dreamer can only produce plausible elastodynamics with
tiny time steps.

ElastoGen (Ours) Gen-2 PhysDreamer

94% 64% 75%

Table 2: Comparison of quantitative error between Elas-
toGen, Gen-2 and PhysDreamer. We compute the Inter-
section over Union (IoU) using reference data generated by
(Feng et al. 2023). Higher IoU values indicate greater accu-
racy.

ElastoGen can be controlled by NeuralMTL, which predicts
the strain based on observed numerical computations.

ElastoGen also has limitations. It currently lacks collision
support and is less efficient for thin geometries due to ex-
cessive convolution operations on empty voxels. It may also
fail to converge with highly stiff materials, such as near-rigid
objects. Future improvements will include adding dynamics
for more physical phenomena, integrating collision support,
and automating the setting of physical parameters to enable
real-world dynamics with minimal input.
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