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Figure 1. We present a versatile and scalable framework for generating simulative 4D dynamics of static 3D objects under physical
conditions (e.g., forces, actions, velocities). Trained on a large-scale 4D shape dataset without any explicit physical annotations, our method
does not rely on any inductive bias of the object’s dynamic structure and therefore can be applied to various types of dynamic objects,
ranging from elastic bodies, cloth, and continuum bodies, to multi-body objects. Project page: https://chen-geng.com/neurok

Abstract

Data-driven approaches have revolutionized 3D vision,
enabling transformers to effectively reconstruct and gen-
erate static 3D objects. However, generating simulative
4D dynamics—realistic temporal deformations of static ob-
jects under various physical conditions—remains challeng-
ing and often ad hoc, despite its importance in building
comprehensive 3D world models. Most existing methods
assume a predefined physical model and use system identi-
fication to estimate parameters, restricting these methods to

specific categories and small-scale datasets.
We propose that these restrictions can be overcome by

learning a data-driven kinematic state parameterization for
object-centric physical systems. Specifically, we learn both
a latent space representing all possible states of the object
and a decoder that maps any sampled latent to a plausibly
deformed shape of the object. We refer to this parameteri-
zation as Neural Object Kinematics (NEUROK), and learn
a transformer-based encoder-decoder model on a curated
large-scale 4D dataset. This formulation and the learned
model significantly simplify the generation of simulative dy-
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namics since we only need to consider the dynamics within
a low-dimensional latent space from the Lagrangian me-
chanics’ perspective in classical physics. We demonstrate
the effectiveness and generality of this neural simulation
framework across diverse dynamic object types, showing
clear advantages over prior works.

1. Introduction

These quantities need not be the Cartesian co-ordinates of
the particles, and the conditions of the problem may
render some other choice of coordinates more convenient.

— L. Landau & E. Lifshitz, in Mechanics, 1960

Given a 3D geometric snapshot of a dynamic object, hu-
mans can intuitively imagine how the object would react
under different physical conditions, even without precise
knowledge of the governing physical equations. However,
in the community of generative AI, generating such 4D re-
active behaviors with no reliance on any category-specific
physical priors is far from trivial, despite the importance of
this capability in constructing 3D world models for embod-
ied AI or robotics [63, 92].

A long-standing view holds that generating such 4D sim-
ulative dynamics demands a comprehensive physical under-
standing of the object. This is epitomized by most exist-
ing works [121, 130] that generate 4D dynamics by adopt-
ing predefined category-specific physical models and esti-
mating their parameters with system identification. While
this paradigm is effective for target object categories (e.g.,
articulated objects, continuum bodies, and cloth), it strug-
gles to generalize beyond these predefined categories, and,
more importantly, offers limited scalability to large-scale
4D datasets comprising diverse dynamic structures.

Is it possible to build a general-purpose simulator that
generates such 4D motions without any category-specific
inductive bias? We argue that this is achievable by re-
considering a critical yet long-overlooked piece: the kine-
matic state parameterization of dynamic objects. As il-
lustrated in Fig. 2, a kinematic state parameterization de-
fines the configuration space of state vectors that fully spec-
ify an object’s geometry. Most existing approaches [81,
121, 130] adopt a kinematic state parameterization natu-
rally inherited from the object’s shape representation, e.g., a
dense particle set derived from mesh discretizations. While
effective, this choice leads to an over-parameterized system,
and thus necessitates category-specific physical constraints
to prevent the system from being under-determined.

We revisit this important factor by introducing an
automatically-discovered kinematic state parameterization
scheme — Neural Object Kinematics (NEUROK) — a la-
tent space from which any vector sampled can be decoded
into a plausible deformation of the modeled object. With

this learned parameterization, the physical system can be
greatly simplified: we only need to model the transition be-
tween low-dimensional latent vectors, similar to how a pen-
dulum system can be simplified through a symbolic param-
eterization (Fig. 2(a)). This data-driven parameterization
leads to a universal framework that simulates system dy-
namics from the perspective of Lagrangian mechanics [58],
where category-agnostic energy functions are defined over
the latent states and dynamics are directly derived using
Euler-Lagrange equations.

This framework forms a versatile and scalable pipeline
for generative simulation of dynamic objects. Its core
learning component, NEUROK, adopts a transformer-
based [111] encoder-decoder architecture that learns to en-
code a static 3D object into a latent distribution over its
possible kinematic states and to decode any sampled latent
vector into a corresponding deformation field. The model
can be trained solely on 4D geometric trajectories of 3D
objects, eliminating any need for physical or action anno-
tations. Moreover, this framework relies on a minimal in-
ductive bias — that the object’s deformation space is low-
dimensional — making it broadly applicable to diverse dy-
namic objects.

We validate our framework by curating a large-scale 4D
object dataset, training a feed-forward NEUROK model,
and generating 4D dynamics across a wide range of objects.
We evaluate its performance by comparing against existing
methods, demonstrating its superior generalizability and ef-
fectiveness. To the best of our knowledge, this is the first
data-driven framework capable of simulating object-centric
physical systems without any reliance on heuristic priors or
physical annotations.

2. Related Work

Physically-Inspired 4D Generation. Existing approaches
to generating 4D simulative dynamics typically follow a
two-step paradigm: finding a physical model of the tar-
geted domain, and determining its parameters with sys-
tem identification. This includes directly modeling physical
properties of rigid objects [85, 123, 128]; modeling elas-
tic objects with MPM [13, 17, 26, 52, 55, 67, 68, 77, 79–
81, 93, 121, 130, 131], projective dynamics [10, 31, 100], or
geometry-agnostic elastic simulation methods [18, 34, 94];
using spring-mass to model deformable objects [53, 135];
predicting articulations to model articulated objects [23, 54,
56, 59, 62, 82, 83, 91, 95, 118, 119, 122]; and building phys-
ical models for cloth [41, 69, 71, 74, 78, 89, 134]. While
they perform well within specific domains, none can gen-
erate 4D motions without assuming a predefined dynamic
structure. Our framework removes such structural biases,
enabling general 4D simulative dynamics generation.

Reduced-Order Simulation. Model reduction is a com-
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Figure 2. Kinematic state parameterization. (a) Several kinematic state parameterizations can be used to describe a physical system. The
symbolic parameterizations used in classical mechanics are concise yet not accessible in inverse problems. Traditional inverse simulation
approaches use geometry-derived parameterizations, yet require dense physical constraints to solve the over-parameterized system. We
instead learn low-dimensional parameterizations that are both compact and learnable from data. (b) As formally defined in Def. 1, a
kinematic state parameterization studied in this paper is a pair (Z,F) which contains a latent manifold Z and a decoder F that maps a
sampled latent to a vertex configuration. This definition explicitly includes those kinematic state parameterizations that are not compact.

mon technique in forward computer graphics, yet the focus
is efficiency rather than versatility. The goal of such ap-
proaches [5, 16, 21, 22, 37, 50, 51, 61, 75, 94, 103, 108, 110,
112, 114, 137] is typically to accelerate an existing phys-
ical simulation system where all physical constraints are
known, in contrast to our category-agnostic setting. These
approaches typically train instance-specific neural networks
to represent the reduced-order kinematic space for a spe-
cific object, rather than learning a generalizable, amortized-
inference model on a large dataset as in our framework.

Machine Learning for Dynamic Systems. Beyond 3D
vision, machine learning has also been used to model non-
visual dynamic systems, typically through either physics-
agnostic or physics-aware approaches. Physics-agnostic
methods [3, 15, 64, 70, 72, 99, 106, 107, 109] learn dy-
namics end-to-end — often via GNNs — using synthetic
datasets of action-state pairs. Although effective in con-
trolled settings, they struggle to generalize to real-world ob-
jects due to the scarcity of action-labeled data. In contrast,
our method relies solely on 4D geometric supervision, of-
fering greater scalability for graphics and 3D vision applica-
tions. Physics-aware methods assume known physical mod-
els and use neural networks to solve PDEs [20, 73, 76, 102],
learn constitutive laws [88, 93], and learn discretization
schemes [2]. While demonstrating potential in producing
accurate solutions, these approaches are unsuitable for our
setting which makes no assumptions about dynamic struc-
tures. Closer to our formulation are methods that use neu-
ral networks [6, 25, 35, 87] to model systems within the
Lagrangian mechanics framework, but their focus is learn-
ing the system’s Lagrangian from synthetic data rather than
learning data-driven kinematic state parameterizations.

Neural Deformation Priors. Several graphics systems
have also explored learning data-driven priors over object
deformations, but most are category-specific (e.g., for hu-
mans [86, 98], faces [1, 8, 9], and animals [138]) and tar-
get other tasks — most dominantly, for animating charac-
ters [11, 40, 43, 45, 49, 90, 96, 97, 116, 124–127, 136] and

controlling embodied agents [66, 84, 104]. We instead for-
malize this idea through the concept of kinematic state pa-
rameterization and demonstrate its huge potential as a gen-
eral interface in physically-inspired 4D generation.

3. Overview

3.1. Formulation and Concepts

This paper studies generating simulative dynamics of 3D
object-centric1 physical systems. Our pipeline takes a static
snapshot of a 3D dynamic object and a set of physical con-
ditions (e.g., actions, forces, initial velocities) as inputs, and
generates a sequence of temporally evolving 3D shapes. As
a single 3D snapshot of an object cannot fully determine its
physical parameters, our goal is to generate one plausible
4D sequence that satisfies one valid physical configuration
and conforms to human physical intuition [4]. We assume
no kinematic or physical priors on the dynamic structure of
the modeled object. The object can be articulated, rigid, a
continuum body, or even a heterogeneous combination of
several dynamic types, like the examples shown in Fig. 1.

The geometry of the modeled object is represented as a
meshM0 = (V0, F ) with n vertices. We denote by x0 ∈
R3n the concatenated vertex positions in V0. Our pipeline
outputs a sequence of deformed meshes with timestamps
ranging from 1 to T , denoted as {M1, · · · ,MT }, where
Mt = (Vt, F ), and the concatenated vertex positions are
represented by xt ∈ R3n.

While the vertices of the meshM0 can theoretically take
arbitrary positions in R3n, only a small subset of these con-
figurations correspond to plausibly re-posed shapes. In fact,
a randomly sampled deformation vector from R3n will al-
most certainly yield a deformed mesh far outside the distri-
bution of valid object poses. Empirically, the set of plau-
sible vertex position vectors of a dynamic object forms a
low-dimensional configuration manifold Vkint embedded in

1We colloquially define an object-centric physical system as one in
which most motion arises from a single dominant deformable object.
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Figure 3. Overview of our framework. Given a static 3D shape, NEUROK uses a transformer-based encoder to predict an instance-
specific latent space to represent different kinematic states of this object. Each sampled latent on the learned manifold can be decoded
to a corresponding state of the input object. Under different physical conditions (e.g., forces, actions, velocities), our method generates
dynamic trajectories of latents by solving a physically-inspired ODE.

R3n, where kint denotes the intrinsic degrees of freedom of
the deformation space and kint ≪ 3n.

When studying these object-centric physical systems
containing a deformable mesh with n vertices, we need to
define a parameterization scheme for its kinematic states,
which in turn determines the solution space for a physical
simulator. We formulate this with the following definition:

Definition 1: Kinematic State Parameterization

A k-dimensional kinematic state parameterization for
a dynamic object is a pair (Z,F), where Z ⊆ Rk is
the state space of the parameterization, and F : Z →
R3n maps any state vector z ∈ Z to a vertex configu-
ration ofM0 with n vertices.

Determining a kinematic state parameterization is the
first step when studying a physical system, and it dic-
tates how the system should be solved. As in Fig. 2(a),
concise symbolic parameterizations are commonly used to
simplify the solution space, but such representations are
generally inaccessible in 4D generation where only the
raw 3D geometry M0 is given. Consequently, most ap-
proaches adopt geometry-derived parameterizations, such
as the high-dimensional particles (material points) used in
MPM [52]. Such parameterizations are commonly redun-
dant and under-constrained since some configurations will
yield implausibly deformed shapes, as in Fig. 2(b).

To solve dynamics in high-dimensional solution space
defined by the redundant parameterization, prior works in-
troduce category-specific physical equations and constraints
to prevent the system from being under-determined. These
formulations are effective in targeted domains, yet they
struggle to model objects beyond the designated category.

3.2. Proposed Solution

We address the above-discussed problem by introducing a
kinematic state parameterization learned from data:

Definition 2: Neural Object Kinematics

If a k-dimensional kinematic state parameterization
(Z,F) uses a neural network to represent F , and the
range of F is Vkint , we refer to this pair as a Neural
Object Kinematics (NEUROK) of a dynamic object.

We train an encoder-decoder model to infer NEUROK of
a given object M0. The model comprises an encoder that
encodes M0 to an instance-specific latent space Z of the
object’s kinematic states and a decoder F that decodes any
sampled latent to a plausibly deformed shape. This model
is learned with a generative objective, as detailed in Sec. 4.

A successfully learned NEUROK greatly simplifies the
solution space of the physical system, since we only need
to model the dynamics between latent vector z in a low-
dimensional space. It also eliminates the need for inter-
particle physical equations employed in mainstream simula-
tion approaches to keep the deformed shape intact and plau-
sible, as any sampled latent can be mapped into a validly
deformed mesh. This allows us to study the system as a
whole by considering the energy landscape over different
kinematic states of an entire system.

Formalizing this intuition, we simulate this system from
the Lagrangian mechanics’ perspective in classical physics.
The learned NEUROK can be seen as the generalized-
coordinates of the object-centric physical system, and such
systems can be solved in a generic manner by defining
the Lagrangian function of the system and solving Euler-
Lagrange equations [58]. We detail this process in Sec. 5.

An overview of our framework can be found in Fig. 3.

4. Generative Learning of NEUROK
This section discusses the methodology of learning
an encoder-decoder model to predict a NEUROK
(Z(M0),F(·;M0)) from an input mesh M0 of a
3D snapshot of a dynamic object. We model the latent
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Figure 4. Generative learning of NEUROK. During training, we
randomly sample an instance mesh and one of its possible defor-
mation fields from the training set, and supervise all three models
with KL and reconstruction targets. During inference, we only use
Econd to obtain the prior distribution pM0(z) for the instance M0

and sample from this distribution a latent, which is further decoded
to a predicted deformation field with decoder D.

state space Z(M0) associated with M0 by studying a
surrogate task: learning a generative distribution pM0

(ϕ)
over all plausible deformation fields2 ϕ(x) : R3 → R3

of M0. Concretely, we train a conditional variational
auto-encoder [57] to learn three models to approximate the
instance-specific prior distribution pM0

(ϕ):
1. A kinematic prior encoder Econd(M0) that takes in the

conditioning input mesh and outputs the parameters for
a prior distribution pM0

(z) over the latent space Rk.
2. A variational deformation encoder EVAE(ϕ,M0) that

takes in a deformation field ϕ and a conditional mesh
M0 and produces the parameters of a posterior distribu-
tion qM0(z | ϕ).

3. A deformation decoder D(z,M0) that takes in a sam-
pled latent z from the conditional prior distribution
pM0

(z) and decodes it into a deformed meshMz.
After learning these three models, we extract the high-

density region of the latent probability distribution pM0
(z)

as the NEUROK kinematic state space Z(M0), and use the
probabilistic decoder D(z,M0) as the NEUROK mapping
F(·;M0).

An overview of these models can be found in Fig. 4. We
design these three models with scalable transformer-based
architectures and train them on a large-scale 4D dataset to
let them learn generalizable kinematic priors.

4.1. Model Architecture

We now discuss the model architectures of Econd, EVAE, and
D. As a general principle, we use transformers [111]
as backbones to ensure that they scale well to large-scale
datasets.

Kinematic Prior Encoder. Econd takes a conditional mesh

2To parameterize deformation fields for use in neural networks, we
sample points on the mesh and treat their deformations as the parameteri-
zation of ϕ.

M0 as input and outputs the kinematic prior distribution
for M0. To encode M0, we evenly sample nsample points
from the surface of the input mesh to form a point cloud
Vsample. We then use the position embedding layer fol-
lowing 3DShape2Vecset [129] to obtain point-wise features
Fcond ∈ Rnsample×Fpos , where Fpos is the feature dimension of
position embeddings. To allow the encoder to take varying
numbers of point samples from a single mesh during encod-
ing, we adopt a perceiver-based architecture [48, 132] and
store a series of learnable tokens {ei}Ki=1, where K is the
number of tokens. With the learnable tokens, we apply mul-
tiple blocks of cross-attention and self-attention layers to
obtain K encoded features {fi}Ki=1. We flatten the features
to form µcond ∈ RK×Ftoken , where Ftoken is the dimension of
each token. We use the normal distribution N (µcond, I) as
the instance-specific prior distribution pM0

(z).

Variational Deformation Encoder. EVAE outputs poste-
rior distribution qM0(z | ϕ) by taking two inputs: a de-
formation field ϕ and an instance-specific mesh M0. To
parameterize these inputs, at training time, we sample a
deformed mesh of M0. This deformed mesh is repre-
sented as Mz = (Vz, F ) with a shared topology F as
M0 = (V0, F ). Similar to Econd, we sample a point cloud
Vsample on the surface of M0. We then compute the ver-
tex deformation3 δz = Vz − V0 from M0 to Mz and use
barycentric interpolation to compute the deformation vec-
tor δsample ∈ Rddeform×nsample of the sampled points, where
ddeform is the dimensionality of the deformation represen-
tation. We then concatenate δsample with the position vec-
tors of Vsample and encode it using the position embedding
layer [129] to get the point-wise feature FVAE as inputs to
the transformer. We similarly use a perceiver-based [48] ar-
chitecture and store 2 ×K learnable tokens. These tokens
are mapped to 2 × K features {fVAE

i }2×K
i=1 . We separate

those features into two sets and flatten them to represent the
mean µVAE ∈ RK×Ftoken and variance σVAE ∈ RK×Ftoken of
the posterior. The output posterior distribution qM0

(z | ϕ)
is modeled as a Gaussian distribution N (µVAE, σVAE).

Deformation Decoder. D(z,M0) is a decoder that de-
codes sampled latent z to a deformed mesh from M0. To
implement this, we sample nsample points from the surface
of the input mesh to form a query point cloud Vquery. As the
latent space has a dimensionality of K ×Ftoken, we reshape
z into K latent tokens {ei}Ki=1, each with Ftoken dimensions.
We then pass the query point cloud and the latent tokens to
several blocks of self-attention and cross-attention layers,
and predict nsample features {fi}

nsample
i=1 . We further pass the

features into an MLP to get the final deformation vectors
δpred = {δi}

nsample
i=1 . We deform Vquery using the predicted de-

formation vectors, and drive the mesh vertices V0 by aver-

3Practically, we parameterize the deformation of each point with dual
quaternions. See Appendix C.1 for more discussion.
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aging the deformations over Kdrive nearest sampled points.

4.2. Dataset and Training

All three models are trained simultaneously on a large-scale
4D dataset of deforming meshes of dynamic objects. We
construct this dataset by curating instances from existing
works [27, 119] and physical simulation. The details of the
dataset can be found in Appendix D.

At each training iteration, we randomly sample an in-
stance from all training instances of the dataset. For this
instance, we randomly select two frames in its deformation
sequence and obtain two meshes with shared topology. We
use the first mesh asM0 and sample the deformation from
the first mesh to the second mesh to form the sampled de-
formation vector δsample. These are passed into three models
to get the reconstructed deformation δpred. The models are
supervised with the standard conditional VAE target:

L = ||δsample−δpred||22+λDKL(qM0
(z | ϕ)||pM0

(z)), (1)

where λ is a hyper-parameter and we set λ = 0.01.

4.3. Dimension Reduction

The raw latent space of the learned VAE can be high-
dimensional. To obtain a reduced-order latent space, we
further perform a dimension reduction process to compress
Z ⊆ Rk to a lower-dimensional latent space Q ⊆ Rkq ,
where kq ≪ k.

We perform the dimension reduction through the Active
Subspace Method [24] that reduces the dimensionality of a
high-dimensional space Z by considering a surrogate func-
tion G(z) = g(Az+ϵ(z)), where G : Rk → R, A ∈ Rkq×k,
and g : Rkq → R. In this way, the span of the rows of A
identifies the directions that matter for G [7]. We define G in
a way that identifies the influence of z ∈ Z on the predicted
deformation. Therefore, we formalize G as the 2-norm of
δpred predicted from a set of sampled points onM0.

5. Generative 4D Simulation
With the predicted NEUROK, our initial task of generating
a dynamic sequence of meshes is converted into generat-
ing a series of {zi}Ti=1, with z ∈ Z(M0). Note that our
mapping F in the learned NEUROK will map any sampled
latent z to a plausibly deformed shape that corresponds to
a valid configuration of the studied object-centric physical
system. This observation motivates us to use methods from
Lagrangian mechanics [58] to generate such dynamics.

5.1. Preliminaries: Lagrangian Mechanics

Lagrangian mechanics studies a physical system by defining
a set of parameters {q1, · · · ,qk} that completely define the
state of the system in a configuration space. Such param-
eters are called generalized coordinates of the system, and
their time derivatives q̇ are called generalized velocities.

From this perspective, Z(M0) effectively forms a con-
figuration space of the studied object-centric physical sys-
tem, and any z ∈ Z(M0) is a vector of generalized coordi-
nates of the system. Therefore, we can generate the dynam-
ics of z by using principles in Lagrangian mechanics.

Lagrangian mechanics solves the dynamics of general-
ized coordinates by defining a smooth function L over the
latent space and solving the Euler-Lagrange equation:

d

dt

∂L

∂ż
=

∂L

∂z
. (2)

For most physical systems we study in this paper, we
define Lagrangian function L(z, ż) = T (z, ż)−V (z) using
the kinetic energy T and potential energy V of the system.

5.2. Euler-Lagrange Equations for NEUROK

With the defined Lagrangian functions and the learned
NEUROK, we solve the dynamics of z ∈ Z(M0) with:

mG(z)z̈+ C(z, ż) +∇zV = 0, (3)

where G(z) = JT
z Jz, Jz is the Jacobian of F , Ci =

m
∑

j,k Γijk(z)żj żk, Γijk is the Christoffel symbol. Its
derivation can be found in Appendix B.3. We solve it with
numerical solvers and get the trajectory of {zi}Ti=1.

5.3. Boundary Conditions

Our system takes in conditions such as actions to generate
4D dynamics. They are incorporated by optimizing (z0, ż0)
to minimize ||x0−F(z0)||22+ ||ẋ0−Jzż0||22, where x0, ẋ0

are input positions and velocities of selected particles of the
system. After solving (z0, ż0), they serve as the initial con-
dition for solving Eq. (3). See Appendix B.6 for details.

6. Experiments
6.1. Neural Object Kinematics Learning

We evaluate the effectiveness of NEUROK for learning
kinematic state parameterization. Given an object and a tar-
get pose of the same object, we estimate an initial kinematic
state and identify the optimal latent state vector that deforms
the input shape to match the target. For quantitative assess-
ment, we use the test dataset of PartNet-Mobility [119],
and evaluate reconstruction accuracy using Chamfer dis-
tances [33] and a volumetric consistency metric (IoU).

Baselines. We evaluate two types of baselines for learning
object kinematics. NeuralDeformationGraphs (NDG) [11],
CANOR [43], and KeyPointDeformer (KPD) [49] model
kinematics using implicit representations. FreeArt3D [19]
and SINGAPO [83] explicitly learn articulation structures,
limiting them to specific object categories.

Results. As shown in Tab. 1 and Fig. 5, our framework
consistently outperforms existing methods in inverse kine-
matics, demonstrating its flexibility and effectiveness.
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Figure 5. Qualitative comparison on learning object kinematics. We evaluate different methods on learning compact and smooth
kinematic spaces. Given an input object and the shape of a target pose, we perform inverse kinematics and find the best-matching kinematic
state. We compare how well the reconstructed shape decoded from the obtained state vectors matches the target.
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Figure 6. Qualitative comparison on physically-inspired 4D generation. We compare against baselines on the task of generating
physically-plausible 4D motion given a single shape and conditioning actions.

6.2. Generative 4D Simulation

We show that our pipeline generates 4D simulative dynam-
ics for diverse objects, evaluated across eight objects.

Baselines. We compare against representative meth-
ods for generating 4D dynamics from 3D shapes. Phys-
Dreamer [130] distills physical parameters from video
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Table 1. Quantitative comparison on inverse-kinematics opti-
mization.

Chamfer (L1) ↓ Chamfer (L2) ↓ IoU ↑
NeuralDeformationGraphs [11] 0.670 0.724 0.289
SINGAPO [83] 0.313 0.200 0.091
FreeArt3D [19] 0.169 0.139 0.354
CANOR [43] 0.082 0.067 0.568
KeyPointDeformer [49] 0.067 0.067 0.570

NEUROK (ours) 0.028 0.028 0.764

NEUROK w/o Model Reduction 0.045 0.059 0.711
NEUROK w/o Data Augmentation 0.036 0.041 0.724
NEUROK w/o Dual-Quaternion 0.033 0.037 0.728

Table 2. Quantitative comparison on physically-inspired gen-
eration. We report user study preferences along with metrics from
VBench [46] and WorldScore [32]. AQ: Aesthetic Quality, DD:
Dynamic Degrees, IQ: Imaging Quality, CLIP: CLIP score [101],
MM: Motion Magnitude.

User Study VBench [46] WorldScore [32]

Alignment ↑ Realism ↑ AQ ↑ DD ↑ IQ ↑ CLIP ↑ MM ↑
PhysDreamer [130] 5.95% 5.36% 0.362 0.500 48.432 0.716 0.783
OmniPhysGS [81] 1.67% 0.48% 0.380 0.625 48.937 0.690 0.544
Pixie [60] 5.12% 4.17% 0.392 0.625 46.177 0.659 0.857
AnimateAnyMesh [117] 5.83% 6.67% 0.450 0.625 48.370 0.730 0.889

NEUROK (ours) 81.43% 83.33% 0.483 0.750 51.100 0.761 2.343

View 1 View 2

Figure 7. Simulating real objects. Our model can be used to sim-
ulate real-captured objects. See our project page for more results.

models, Pixie [60] predicts simulation parameters us-
ing amortized-inference networks, and OmniPhysGS [81]
represents each asset with material-aware Constitutive
Gaussians for general physics-based dynamics. Ani-
mateAnyMesh [117] is an end-to-end 4D generator trained
on large-scale 4D data.

Metrics. Predicting 4D dynamics from 3D shapes is in-
herently ambiguous, so we evaluate plausibility and visual
quality of the generated motions. A user study with 105
users assesses action alignment and realism. We also report
metrics from VBench [46] and WorldScore [32].

Results. Quantitative and qualitative comparisons in Tab. 2
and Fig. 6 show that existing baselines perform well only
within their specialized domains. Physically based meth-
ods (PhysDreamer [130], OmniPhysGS [81], Pixie [60])
can handle certain material categories but generalize poorly,
while end-to-end methods (AnimateAnyMesh [117]) lack
fine-grained conditioning and struggle on rarely encoun-
tered object types. Across all settings, our method consis-
tently generates the most physically plausible and visually
realistic 4D dynamics, demonstrating strong generalization
to diverse object categories.

(a) Energy Evolution of Generated Traj.
      with Euler-Lagrangian Dynamics

(b) Energy Evolution of Interpolated Traj.
          w/o Euler-Lagrangian Dynamics

Total Energy
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Kinetic Energy
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Figure 8. Analysis of energy conservation. Our approach main-
tains physical consistency in the generated trajectories through Eu-
ler–Lagrangian modeling. Under this formulation, the total energy
of the simulated motion remains approximately constant.

Input 4D Generation Input 4D Generation

Figure 9. Generalization on unseen categories. Our model
can generalize to novel object categories that are completely not
present in the training data.

Simulating Real Objects. Our pipeline can also simulate
and manipulate real scenes. We scan a real scene and apply
our approach to simulate the dynamics of the objects within
it. As shown in Fig. 7, our method successfully simulates
the closing motion of the laptop on the desk.

6.3. Analysis and Ablation Studies

Analysis of Physical Consistency. We analyze the phys-
ical consistency of the proposed framework in Fig. 8. As
demonstrated, our method preserves the basic conservation
law of energy by leveraging a physically-inspired frame-
work from Lagrangian mechanics.

Generalization on Unseen Categories. Our method learns
common dynamic structures from the training dataset and
successfully generalizes them to entirely new object cat-
egories. As shown in Fig. 9, a NEUROK variant trained
only on PartNet-Mobility [119] categories can still generate
plausible dynamics for unseen object types.

Ablation Studies. We evaluate the impact of key design
choices in Tab. 1. The results show that model reduction,
training data augmentation, and our deformation parame-
terization each contribute significantly to the overall perfor-
mance of the proposed framework.

7. Conclusion
We have introduced a novel framework, NEUROK, for
generating 4D simulative dynamics from static 3D shapes,
bridging physical principles and learned latent spaces
through a physically inspired formulation. Our work opens
up promising future research directions and introduces a
new research paradigm in 4D visual generation.
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Appendix

In this appendix, we provide detailed theory, formulations, implementation notes, and experimental settings that could not be
included in the main paper due to space constraints. We expand on the core theoretical results and formulations introduced in
the main text, describe additional implementation details and the dataset construction process, and present a comprehensive
account of our experimental setup and results. We also report supplementary experiments, offer further analysis, and discuss
limitations and directions for future work. To keep this part self-contained, we occasionally reuse text and figures from the
main paper. We refer readers to our project page at https://chen-geng.com/neurok.
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A. Notations
The following table summarizes the main symbols used throughout this paper.
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Table 3. Summary of the main symbols and notations used in the paper.

Symbol Meaning

A Projection matrix to reduced subspace.
Ci(z, ż) Coriolis-like term.
DKL KL divergence.
δz Vertex deformation fromM0 toMz.
δpred Predicted sampled-point deformations.
δsample Deformation vectors of the sampled points on the surface.
D(z,M0) Decoder that decodes a latent z to a deformation field ϕ.
ddeform Dimension of deformation representation. For this paper, it is 8 due to the dual-quaternion representation.
EVAE(ϕ,M0) Posterior encoder producing the posterior distribution qM0

(z|ϕ).
Econd(M0) Encoder producing prior kinematic distribution forM0.
{ei}Ki=1 Learnable latent tokens.
F Face set shared across meshes.
Fpos Positional feature dimension of the positional embedding.
Ftoken Dimensionality of each token.
FVAE Point-wise features in the encoding process of EVAE.
Fcond Point-wise features in the encoding process of Econd.
F(x, t) External physical-space force field applied to the object.
F : Z → R3n Decoder mapping state vector z to vertex configuration of n vertices.
{fi}Ki=1 Transformer token features.
G(z) Function for sensitivity of the Active Subspace Method.
G(z) = J⊤

z Jz Latent-manifold metric.
Γijk Christoffel symbols.
g(·) Low-dimensional surrogate in the Active Subspace Method.
Jz Decoder Jacobian of F .
K Number of latent transformer tokens.
Kdrive Number of nearest driver points for vertex deformation.
k, kq Raw latent dimension and reduced dimension.
kint Intrinsic DOFs of the deformation space.
L(z) Lagrangian function in the Lagrangian Mechanics.
λ KL weighting hyperparameter.
L VAE training loss.
Mt = (Vt, F ) Deformed mesh at time step t.
Mz = (Vz, F ) Mesh decoded from latent state z.
M0 = (V0, F ) Canonical reference mesh of the dynamic object with vertex set V0 and face set F .
µVAE, σVAE Parameters of the Gaussian distribution predicted by EVAE.
µcond Mean of the prior distribution pM0

(z).
m Mass parameter.
∇zV Gradient of potential.
n Number of vertices for a certain mesh. Note that different meshes can have different number of vertices.

Continued on next page
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Symbol Meaning

nsample Number of sampled points of a point cloud from a surface.
P(z) Jacobian ∂π/∂z of the reduction map.
π Reduction map from the redundant latent z to the minimal generalized coordinates q.
Ψ Embedding of the minimal coordinates q into the physical vertex space R3n.
ϕ(x) A deformation field that maps any point x ∈ R3 to the deformation of this point.
pM0

(ϕ) Distribution over plausible deformations ϕ forM0.
pM0

(z) Instance-specific prior distribution ofM0 over latent states.
Q ⊆ Rkq Reduced latent space via Active Subspace Method.
Q(z, ż, t) Generalized force conjugate to z, given by the pullback JT (z)F.
qi, q̇i Minimal generalized coordinates and velocities in Lagrangian mechanics (the redundant learned latent is z).
qM0

(z | ϕ) Posterior over latent states.
T Length of mesh sequence.
T (z), V (z) Kinetic and potential energy.
V0, Vt, Vz Vertex sets ofM0,Mt,Mz .
Vquery Query point cloud.
Vsample Sampled surface point cloud to encode a 3D shape.
Vkint The manifold of all plausible deformations forM0.
x0,xt Concatenated vertex coordinates of M0 and Mt.
x0, ẋ0 Initial particle positions/velocities.
(z0, ż0) Initial conditions.
Z ⊆ Rk The domain of a kinematic state parameterization with k dimensions
Z(M0) or ZM0 Object-specific latent state space associated withM0.
z A sampled state vector from Z .
{zt}Ti=1 Latent trajectory.

B. Theory, Methodology and Examples

In this section, we provide a more comprehensive discussion on the concepts, theory, and methodologies proposed in the
main paper. We reused some of the figures and texts to keep the content self-contained.

B.1. Formulation and Concepts

Problem formulation. This paper studies generating simulative dynamics of 3D object-centric physical systems. In this
paper, we colloquially define an object-centric physical system as one in which most observed motion arises from a single
dominant deformable object. Our pipeline takes a static snapshot of a 3D dynamic object and a set of physical conditions
(e.g., actions, forces, initial velocities) as inputs, and generates a sequence of temporally evolving 3D shapes.

Scope of the problem. As a single 3D snapshot of an object cannot fully determine its physical parameters, our goal
is to generate one plausible 4D sequence that satisfies one valid physical configuration and conforms to human physical
intuition [4]. We assume no kinematic or physical priors on the dynamic structure of the modeled object. The object can be
articulated, rigid, a continuum body, or even a heterogeneous combination of several dynamic types.

We assume that the modeled object has a low-dimensional kinematic space and a concrete shape. Therefore, we do not
model phenomena involving fluid in this paper. We also assume that different kinematic states of the input object can be
deformed from the shape of any other kinematic states with a shared mesh topology. Therefore, this paper does not handle
objects which change their topologies during transformations (e.g., flower blooming).
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Figure 10. Examples. (Left) A dynamic object in our daily life can have diverse and heterogenous dynamic structures. Traditional ap-
proaches model each type of dynamic structure individually with domain-specific physical equations, which is not scalable to in-the-wild
4D datasets. (Right) Several kinematic state parameterizations can be used to describe a physical system. The symbolic parameter-
ization used in classical mechanics are concise yet not accessible in inverse problems. Traditional inverse simulation approaches use
geometry-derived parameterizations, yet require dense physical constraints to solve the over-parameterized system. We instead learn a
low-dimensional parameterizations that are both compact and learnable from data.

Discussion. In this setting, ambiguities in the generated dynamics are expected because the input contains only static 3D
objects. Our goal is visual 4D generation with motion that looks physically reasonable, which is a common aim in the 4D
generation community [77, 117, 130]. We are not trying to predict exact physical trajectories, a task that is not feasible when
starting from static inputs alone. Even so, this generative setup is useful for downstream tasks. In robotics, for example,
researchers often need to create objects with different plausible physical properties to build simulation environments that
help policies generalize [63, 119]. Similarly, in AR/VR and visual content creation, perfect physical accuracy is usually not
the main concern; what matters most is that the generated motion looks plausible.

Geometry representation. The input geometry of the modeled object is represented as a mesh M0 = (V0, F ) with n
vertices. We denote by x0 ∈ R3n the concatenated vertex positions in V0. Our pipeline outputs a sequence of deformed
meshes with timestamps ranging from 1 to T , denoted as {M1, · · · ,MT }, where Mt = (Vt, F ), and the concatenated
vertex positions are represented by xt ∈ R3n.

While the vertices of the meshM0 can theoretically take arbitrary positions in R3n, only a small subset of these configura-
tions correspond to plausibly reposed shapes. In fact, a randomly sampled deformation vector from R3n will almost certainly
yield a deformed mesh far outside the distribution of valid object poses. Empirically, the set of plausible vertex position
vectors of a dynamic object forms a low-dimensional configuration manifold Vkint embedded in R3n, where kint denotes the
intrinsic degrees of freedom of the deformation space and kint ≪ 3n.

Kinematic state parameterization. When studying these object-centric physical systems containing a deformable mesh
with n vertices, we need to define a parameterization scheme for its kinematic states, which in turn determines the solution
space for a physical simulator. We generalize this with the following definition:

Definition 3: Kinematic State Parameterization

A k-dimensional kinematic state parameterization for a dynamic object is a pair (Z,F), where Z ⊆ Rk is the state
space of the parameterization, and F : Z → R3n is a mapping that maps any state vector z ∈ Z to a vertex configura-
tion ofM0.

As illustrated in Fig. 11, we do not assume the image of F is Vkint , therefore some kinematic state z ∈ Z can be mapped
to pure noisy shapes.

Some parameterizations are compact, and some are redundant. Consider the following example:
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Figure 11. Illustration of Kinematic State Parameterization. As formally defined in Def. 3, a kinematic state parameterization studied
in this paper is a pair (Z,F) which contains a latent manifold Z and a decoder F that maps a sampled latent to a deformation vector. This
definition explicitly include those kinematic state parameterizations that are not compact. For a non-compact kinematic state parameteri-
zation, it is possible that some sampled latent z is mapped to implausibly deformed shapes.

Example 1: A pendulum with shape

In Fig. 10, a swinging pendulum’s dynamic geometry can be either parameterized with its swing angle θ:

Z = R1,F(θ) = (r sin θ,−r cos θ),

or with a trivial parameterization:

Z = R3n,F(x) = x.

For the trivial parameterization in Ex. 1, a randomly sampled z ∈ Z = R3n will almost certainly produce a noisy shape.
Therefore, for methods adapting similarly dense parameterizations, constraints or physical equations need to be introduced
to keep the shape plausibly deformed. For example, if using MPM [52] to model this pendulum, strong elastic forces need to
be introduced to keep particles from breaking apart. We formulating this intuition with the following claim.

Choice of kinematic state parameterization dictates the problem complexity. When simulating physical systems, physi-
cists typically find concise parameterizations (generalized coordinates [58]) to simplify the solution space, similar to θ in
Ex. 1. However, such symbolic parameterizations are generally inaccessible in an inverse-graphics setting, where only the
raw 3D geometryM0 is given. Consequently, most approaches [81, 130] adopt natural, geometry-driven parameterization
schemes, such as the high dimensional particles (material points) used in MPM [52].

To solve dynamics in the high-dimensional solution space defined by the redundant parameterization, researchers have
introduced physical equations and constraints to prevent the system from being under-determined. These formulations have
proven effective in forward graphics settings, where full scene descriptions are available as input. However, they become
problematic in inverse-graphics scenarios when no physical priors on the modeled object are assumed, since the imposed
constraints are not universal. Consequently, prior approaches [77, 130] remain restricted to specific target domains instead of
generalizing across arbitrary dynamic objects.

B.2. Neural Object Kinematics

Motivation. We solve the above-discussed problem inspired by a simple observation: humans can imagine the dynamic
structure of a dynamic object just by watching its shape and leveraging prior knowledge. If a neural network is trained on
a large-scale of 4D data on how 3D shapes deform, it can theoretically learn similar priors. To this end, we introduce the
following concept:
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Method Z (state space) F : Z → R3n Application domain Constraints

MPM [52] R3Np (material particle
positions)

Particles reconstructed
into a mesh

Elastoplastic materials,
granular media

Continuum mechanics
PDE

Full-space FEM R3n (nodal displacements) xrest + u Elastoplastic materials,
cloth

Elastic energy

PBD / XPBD R3n (vertex positions) x Real-time cloth, hair, soft
bodies

Distance, bending, volume
constraints

Projective Dynamics R3n (vertex positions) x Cloth, soft bodies, shells Strain energies, inertia
term, iterative projections

Spring-based models R3Nm (mass positions) Mass positions mapped to
mesh geometry

Cloth, hair, simple soft
bodies

Hookean springs,
damping, fixed-point and
collision constraints

Rigid bodies R6Nb (translations +
orientations)

Rigid transforms applied
to rest vertices

Rigid-body simulation Joint constraints,
non-penetration, friction,
contact

Articulated + skinning Rk (joint DOFs) Skinning of rest mesh
(LBS/DQS)

Characters, robots,
articulated objects

Joint limits, torques,
optional dynamics

Reduced FEM Rk xrest +Bq Fast reduced deformable
simulation

Reduced space from the
defined physical
constraints for a single
system, projected elastic
energy

NEUROK Rk D(z,M0) Objects with
low-dimensional
kinematic space

Learned prior embedded
in (Z,F) with
Lagrangian mechanics

Table 4. Kinematic state parameterizations of typical simulation methods. Most forward simulation techniques use a task-specific
parameterization designed for a particular physical domain, but such parameterizations are usually unavailable in an inverse setting where
no category-specific priors can be assumed. Existing inverse-graphics approaches [130] typically adopt one of these simulation formula-
tions directly, which restricts them to that domain. Our approach instead learns physical constraints from large-scale 4D object data and
reduces reliance on manual, category-specific modeling. Reduced FEM methods are seemingly similar to NEUROK in that they learn a
low-dimensional state space, but they focus on accelerating a known physical system (e.g., elastic objects with continuum mechanics).
Consequently, they learn a reduced model for a specific physical system rather than an amortized-inference feed-forward model for gener-
alizable object priors, and their simulations still depend on the physical constraints of the underlying full system.

Definition 4: Neural Object Kinematics

If a k-dimensional kinematic state parameterization (Z,F) uses a neural network to represent F , and the range of F
is Vkint , we refer to it as a Neural Object Kinematics (NEUROK) of a dynamic object.

A successfully learned NEUROK simplifies the physical system. After NEUROK is successfully learned, any latent
vector z sampled from Z will be mapped to a validly deformed input mesh. This greatly simplifies the simulation process,
as we no longer need to add category-specific constraints to maintain geometric plausibility.

Using this concept, our proposed generative 4D simulation pipeline comprises two components: NEUROK learning and
generating latent dynamics. The first component uses a transformer-based encoder-decoder model to learn an NEUROK for
dynamic objects from a large-scale 4D dataset, and the second component provides a physically-based approach to generate
a dynamic sequence {z1, · · · , zT } to be decoded back into dynamics meshes.

As a concrete example on why NEUROK can simplify the simulation, let’s again consider the example in Ex. 1. If we
directly model the particles forming the 3D shape of the rigid pendulum, we need to model the microscopic interactions
between particles by discretizing the geometric volume and apply Newton’s law. Using NEUROK as our kinematic state
parameterization allows us to view the problem from a global, systematic perspective: we only need to consider the global
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energy of the system, as any configuration with NEUROK will yield a plausible shape. We no longer needs constraints just
to keep the particles from breaking apart since these constraints have been learned from data.

NEUROK as generalized coordinates in Lagrangian mechanics. One key insight in this paper is that the learned NEU-
ROK can enable physically-inspired 4D generation from Lagrangian Mechanics’ perspective from the literature of classical
physics. Lagrangian mechanics is an alternative formulation in classical mechanics. Compared to the widely-used Newto-
nian mechanics, it uses a configuration space as well as a smoothly defined function over the configuration space (named
Lagrangian) to model a mechanical system. It eliminates the need of modeling individual forces in a complex physical sys-
tem as opposed to the classical Newtonian mechanics. Lagrangian mechanics uses energy as its central element, and solves
dynamics with an ODE formed with Euler-Lagrangian equations [58].

The framework of Lagrangian mechanics fits the general theme of our approach perfectly. The latent state space Z learned
NEUROK as defined by Def. 4 constitutes a configuration space for the studied object-centric physical system, and the
framework of Lagrangian mechanics allows us to only analyze the system’s energy without defining category-specific forces
between dense particles. Therefore, we study leveraging the principles in Lagrangian mechanics to generate the dynamics
{zi}Ti on z ∈ Z . We detail this process as follows.

B.3. Lagrange Mechanics on NEUROK

In this section, we will first show that the Euler-Lagrangian equation still holds on the learned (potentially over-parameterized)
manifold ZM0

.
In this section, we discuss the process of using Lagrangian mechanics to solve dynamics of z ∈ ZM0

. As discussed
above, z can be considered as the generalized coordinates of the physical system. Lagrangian mechanics solve the dynamics
of such systems with the Euler-Lagrange equations:

d

dt

∂L

∂ż
=

∂L

∂z
. (4)

We need to define Lagrangian L for the studied physical systems to make it generalizable and category agnostic for most
dynamic objects. Following conventions in classical mechanics, the Lagrangian L(z) is defined as:

L(z) = T (z)− V (z), (5)

where T (z) is the kinetic energy of the system under the configuration z, and V (z) is the potential of the system under this
setting.

To define the energy of a physical system of a deformed mesh, we sample ksample points x ∈ R3×ksample from the volume
of the deformed objectM0. We denote the kinetic and potential energy of the system parameterized with the sampled points
with Tx(·) and Vx(·), and:

L(z) = Tx(D(z,M0)(x))− Vx(D(z,M0)(x)). (6)

For the following, we denote the deformation field D(z,M0) as F to simplify the notations.
We then define Tx and Vx such that they are general and category-agnostic for most dynamic objects of our interest. Note

that the goal of this paper is to generate one possible 4D motion sequence for a given static 3D object. Therefore, to simplify
the following derivation, without loss of generality, we choose one plausible configuration of the system of assuming an
isotropic distribution of mass in the volume of the object, with m as mass parameter for each sampled particle. In this way,
the Tx is defined as follows:

Tx(x) =
1

2
m||ẋ||22 (7)

=
1

2
mẋT ẋ, (8)

where we use ẋ to denote dx
dt following convention in physics. In this way, T (z) can be defined as:
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T (z) = Tx(F(z)) (9)

=
1

2
m(

d

dt
F(z))T · ( d

dt
F(z)) (10)

=
1

2
mżTJT (z)J(z)ż (11)

=
1

2
mżTG(z)ż, (12)

where J(z) = ∂F
∂z is the Jacobian of F , G(z) = JT (z) · J(z).

Remark. In this paper, we focus on generating one plausible 4D motion that conforms to intuitive physical reasoning.
Therefore, we adapt one of possible physical parameters of the system to simplify the derivation. One can certainly define
a general mass matrix for certain applications with the same derivation framework, yet this is beyond the scope of this 4D
generation paper.

The potential Vx is designed with the same principle as Tx: it should be general and category-agnostic, working for most
dynamic objects within our interest, and corresponds to one possible physical configurations of the system. Therefore, we
design the following potential for all physical systems we study in this paper:

Vx(x) = mg · x+
ke
2

∑
j∈N (i)

(||xi − xj ||2 − ||x0
i − x0

j ||2)2, (13)

where g is the gravitational acceleration vector, ke is a constant, x0 denotes the initial locations of particles in M0, and
N (i) denotes the neighbor points of point i. This energy is designed by analyzing the global behavior of the system, and
empirically works for all physical systems studied in this paper for different categories (rigid body, articulated, cloth, elastic,
etc.)

The generality of this energy comes from the learned physical prior in the latent state space Z . As constraints on de-
formation have been fully learned in Z , the energy function only plays an role in driving latent vectors to form a dynamic
trajectory in the plausible deformation space. As an example, for most rigid objects, the second term of this energy function
will be near to zero, as the predicted kinematic states of the object will not produce inter-particle deformations due to the
prior learned in data. For articulated objects, we do not need to introduce the joint constraints as they are also learned in Z
by training on a large-scale 4D dataset. With this potential:

V (z) = Vx(F(z)). (14)

And the final Lagrangian L(z) is defined as:

L(z) = T (z)− V (z) (15)

=
1

2
mżTG(z)ż− V (z). (16)

We then derive the ODE on z to solve the dynamic trajectory with Eq. (4). Analyzing the left hand side of the equation,
we have:

d

dt
(
∂L

∂ż
) = mG(z)z̈+m

∑
k

∂G

∂zk
ż · ż (17)

= m(G(z) · z̈+ Ġ(z) · ż), (18)

where:

Ġ(z) =
∑
k

∂G

∂zk
żk. (19)
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Analyzing the right hand side of Eq. (4), we have:

∂L

∂z
=

1

2
mżT

∂G

∂z
ż−∇zV (z) (20)

=
1

2
mżT

∂G

∂z
ż− JT (z)∇xV (x). (21)

Combining Eq. (18) and Eq. (21), we have:

m(G(z)z̈+ Ġ(z) · ż) = 1

2
mżT

∂G

∂z
ż− JT (z)∇xV (x). (22)

Organizing this equation, we have:

mG(z)z̈+m(Ġ(z)ż− 1

2
żT

∂G

∂z
ż) + JT (z)∇xV (x) = 0. (23)

To simplify this equation, we analyze the i-th term of (Ġ(z)ż− 1
2 ż

T ∂G
∂z ż):

(Ġ(z)ż− 1

2
żT

∂G

∂z
ż)i =

∑
jk

∂Gij

∂zk
żkżj −

1

2

∑
jk

∂Gjk

∂zi
żj żk (24)

=
∑
jk

∂Gij

∂zk
żkżj −

1

2

∑
jk

∂Gjk

∂zi
żj żk +

1

2

∑
jk

∂Gik

∂zj
żj żk −

1

2

∑
jk

∂Gik

∂zj
żj żk (25)

=
1

2

∑
jk

∂Gij

∂zk
żkżj −

1

2

∑
jk

∂Gjk

∂zi
żj żk +

1

2

∑
jk

∂Gik

∂zj
żj żk (26)

=
1

2

[
∂Gij

∂zk
+

∂Gik

∂zj
− ∂Gjk

∂zi

]
żj żk (27)

=
∑
jk

Γijk(z)żj żk, (28)

where:

Γijk(z) =
1

2

[
∂Gij

∂zk
+

∂Gik

∂zj
− ∂Gjk

∂zi

]
. (29)

Plugging Eq. (28) into Eq. (23), we obtain the equation of motion governing the latent dynamics of NEUROK, which we
summarize as the following result.

Theorem 1: Euler-Lagrange Equation on the Latent State Space ZM0

The dynamics of the generalized coordinates z ∈ ZM0 under the Lagrangian L(z) = T (z) − V (z) are governed by
the second-order ODE

mG(z)z̈+ C(z, ż) +∇zV (z) = 0, (30)

where G(z) = JT (z)J(z) is the latent metric induced by the decoder Jacobian J(z) = ∂F/∂z, and Ci(z, ż) =
m
∑

jk Γijk(z)żj żk with Γijk the Christoffel symbols of G defined above.

B.4. Covariance of Euler-Lagrangian Equation under Redundant Coordinates

A subtlety underlies the derivation above. By Def. 4, the learned latent spaceZM0
⊆ Rk is allowed to be over-parameterized:

its dimensionality k may exceed the intrinsic degrees of freedom kint of the object’s deformation manifold Vkint (Fig. 11). It is
therefore natural to ask whether it is legitimate to solve the dynamics directly in the redundant latent space ZM0 , as we do in
Eq. (4). We answer this in the affirmative by showing that the Euler-Lagrange equation is covariant under such a redundant
reparameterization: solving it in the over-parameterized latent coordinates recovers the same physical dynamics as solving it
in a minimal set of generalized coordinates, provided a mild full-rank condition on the reduction map holds.
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Setup. Let q = (q1, . . . ,qkint) ∈ Rkint be a minimal set of generalized coordinates that parameterizes Vkint exactly, and
let z = (z1, . . . , zk) ∈ Rk with k > kint be the learned, redundant latent coordinates. Since both parameterize the same
manifold, there exists a smooth surjective reduction map

π : Rk → Rkint , q = π(z), (31)

through which the decoder factors as F = Ψ ◦π, with Ψ : Rkint → R3n embedding the minimal coordinates into the physical
vertex space. We write the Jacobian of the reduction map as P(z) = ∂π/∂z ∈ Rkint×k. A Lagrangian L(q, q̇) expressed in
the minimal coordinates pulls back to the latent coordinates as L̃(z, ż) = L

(
π(z), P(z) ż

)
.

A one-dimensional example. Before stating the general result, we build intuition with a minimal example.

Example 2: Redundant coordinates of a free particle

Consider a free particle with Lagrangian L = 1
2mẋ2, where x ∈ R is the single true coordinate (kint = 1). Its Euler-

Lagrange equation gives mẍ = 0, i.e., x(t) = x0 + ẋ0 t. Now over-parameterize x with two redundant coordinates
(u, v) via x = u + v (k = 2). The pulled-back Lagrangian becomes L̃ = 1

2m(u̇ + v̇)2, and the Euler-Lagrange
equations for u and v both reduce to

m(ü+ v̈) = mẍ = 0.

Both redundant equations collapse to the single true equation mẍ = 0. The system is under-determined in (u, v) —
only the physical combination x = u+ v is constrained — yet every solution decodes to the correct physical motion.

Covariance. The behavior observed in Ex. 2 holds in general.

Theorem 2: Covariance under redundant coordinates

Let L̃(z, ż) = L
(
π(z), P(z)ż

)
be the pullback of a Lagrangian L(q, q̇) under a smooth reduction map q = π(z) with

Jacobian P(z) = ∂π/∂z. Then the Euler-Lagrange residuals

R̃ =
d

dt

∂L̃

∂ż
− ∂L̃

∂z
∈ Rk, R =

d

dt

∂L

∂q̇
− ∂L

∂q
∈ Rkint ,

are related by R̃ = P(z)TR. In particular, if z(t) satisfies the Euler-Lagrange equation in the latent coordinates
(R̃ = 0) and P(z) has full row rank kint along the trajectory, then q(t) = π(z(t)) satisfies the Euler-Lagrange equation
in the minimal coordinates (R = 0).

Proof. Writing the reduction in components, qi = qi(z) and q̇i =
∑

l
∂qi

∂zl
żl, which yields the two standard identities

∂q̇i

∂żj
=

∂qi

∂zj
,

∂q̇i

∂zj
=
∑
l

∂2qi

∂zj∂zl
żl. (32)

Since qi does not depend on żj , the first identity gives

∂L̃

∂żj
=
∑
i

∂L

∂q̇i

∂q̇i

∂żj
=
∑
i

∂L

∂q̇i

∂qi

∂zj
. (33)

Differentiating in time,
d

dt

∂L̃

∂żj
=
∑
i

∂qi

∂zj

d

dt

∂L

∂q̇i
+
∑
i

∂L

∂q̇i

∑
l

∂2qi

∂zj∂zl
żl. (34)

Using both identities in Eq. (32),
∂L̃

∂zj
=
∑
i

∂L

∂qi

∂qi

∂zj
+
∑
i

∂L

∂q̇i

∑
l

∂2qi

∂zj∂zl
żl. (35)

18



Subtracting Eq. (35) from Eq. (34), the second-order terms cancel by the symmetry of mixed partials, leaving

d

dt

∂L̃

∂żj
− ∂L̃

∂zj
=
∑
i

∂qi

∂zj

(
d

dt

∂L

∂q̇i
− ∂L

∂qi

)
, (36)

which is exactly R̃j =
∑

i Pij(z)Ri =
(
P(z)TR

)
j
. Finally, R̃ = 0 implies R ∈ ker

(
P(z)T

)
; when P(z) has full row rank

kint, P(z)T has full column rank and ker
(
P(z)T

)
= {0}, hence R = 0. □

Physical validity of latent trajectories. Thm. 2 is stated in terms of the abstract reduction map π, which we never observe
directly. The following corollary recasts its hypothesis as a concrete condition on the learned decoder F , and concludes that
a trajectory solved in the latent space is physically valid.

Corollary 1: Physical validity of decoded trajectories

Let F be a NEUROK (Def. 4), so that rangeF = Vkint , and let z(t) be a latent trajectory obtained by solving the
Euler-Lagrange equation in ZM0

. If F is a local submersion onto Vkint along z(t) — that is, F is locally surjective
onto the deformation manifold, or equivalently its Jacobian J(z) = ∂F/∂z has full rank kint at every point of z(t) —
then the decoded trajectory x(t) = F(z(t)) is a physically valid motion: it satisfies the Euler-Lagrange equations of
the underlying physical system on Vkint , independent of the chosen latent parameterization.

Proof. Since F = Ψ ◦ π with Ψ an embedding, J(z) = (∂Ψ/∂q)P(z), where the left factor ∂Ψ/∂q has full column
rank kint. Left-multiplication by a full-column-rank matrix preserves rank, so rank J(z) = rankP(z). Hence F being a
local submersion onto Vkint (rank J(z) = kint) is equivalent to P(z) having full row rank, i.e., to the reduction map π being a
submersion. Thm. 2 then gives R = 0, i.e., q(t) = π(z(t)) satisfies the Euler-Lagrange equations in the minimal coordinates,
and the decoded motion x(t) = Ψ(q(t)) is its image under the embedding Ψ. □

Remark (relation to G(z) and dimension reduction). Intuitively, Cor. 1 asks that the decoder not collapse intrinsic motion
directions along the trajectory — its Jacobian must keep spanning the full kint-dimensional tangent space of Vkint . Note that
when k > kint the latent metric G(z) = JT (z)J(z) is necessarily rank-deficient even under this condition, so the equation of
motion (Eq. (30)) does not pin down z̈ uniquely — mirroring the under-determination of (ü, v̈) in Ex. 2. Thm. 2 guarantees
this residual freedom lies entirely in the physically irrelevant kernel directions, so every latent solution decodes to the same
physical trajectory. In practice, we further apply the Active Subspace reduction [24] to obtain a compact kq-dimensional
latent whose Jacobian is better conditioned, which improves the numerical stability of the solver and helps maintain the rank
condition of Cor. 1.

Remark (no orthogonality constraint on the learned latent). A useful practical consequence of Thm. 2 is that the learned
latent coordinates need not be mutually orthogonal: the decoder Jacobian J(z) need not have orthonormal columns, and
equivalently the metric G(z) = JT (z)J(z) need not be diagonal. As with generalized coordinates in classical mechanics,
the latent axes may be skewed and coupled; the off-diagonal entries of G(z) encode this non-orthogonality, and the Coriolis-
like term C(z, ż) — built from the Christoffel symbols of G — accounts for the induced inter-coordinate coupling, leaving
the decoded physical trajectory unchanged. The learning objective of NEUROK (Appendix C) therefore does not need to
impose any orthogonality, disentanglement, or isometry penalty on ZM0

: the network is free to discover whatever (possibly
entangled, non-orthogonal, and over-parameterized) parameterization best fits the data. Orthogonality affects only the nu-
merical conditioning of the solver, not the correctness of the dynamics, and is handled separately by the dimension reduction
above.

B.5. Generalized Forces

The development so far assumes a conservative system whose dynamics are determined entirely by the Lagrangian L =
T − V . To support effects that cannot be written as the gradient of a potential — external pushes, drags, actuation, or
dissipative contact — we extend the formulation with generalized forces, following the standard treatment in analytical
mechanics [58, 105]. The Euler-Lagrange equation then takes the forced form

d

dt

∂L

∂ż
− ∂L

∂z
= Q(z, ż, t), (37)
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where Q(z, ż, t) ∈ Rk is the generalized force conjugate to the latent coordinates z.
A generalized force is obtained from a physical-space force by the principle of virtual work. Let F(x, t) be a force

field acting on the sampled material points x = F(z). Under an infinitesimal latent displacement δz, the points move by
δx = J(z) δz, and the virtual work done is

δW = F · δx = F ·
(
J(z) δz

)
=
(
JT (z)F

)
· δz, (38)

so the generalized force is the pullback of the physical force through the decoder Jacobian,

Q(z, ż, t) = JT (z)F
(
F(z), t

)
. (39)

Substituting L(z, ż) = 1
2m żTG(z) ż− V (z) into Eq. (37) and repeating the derivation of Thm. 1 yields the forced equation

of motion
mG(z) z̈+ C(z, ż) +∇zV (z) = Q(z, ż, t), (40)

which we integrate for z̈ =
[
mG(z)

]−1(
Q − C − ∇zV

)
. In practice we evaluate the pullback in Eq. (39) with a single

vector-Jacobian product, so the generalized force costs one extra backward pass through the decoder and never requires
forming J(z) explicitly. Finally, because Q acts through the same Jacobian that defines the metric, it transforms covari-
antly under reparameterization (Thm. 2): the forced dynamics, like the unforced ones, are independent of the chosen latent
parameterization.

B.6. Boundary Conditions and Action Conditioning

The proposed neural-symbolic framework has formed an elegant bridge to communicate the physical world and learned latent
space with the Euler-Lagrangian equation. As the latent space is connected to a physical 3D representation with F , it enables
native support for diverse types of physical conditioning. We expand on the following types of conditioning.

External Non-conservative Force. Using the extended formulation of Appendix B.5, our system natively supports con-
ditioning on external, possibly non-conservative, forces. The user specifies a force field F(x, t) over a chosen region of
the object and time window, and the system applies the corresponding generalized force Q(z, ż, t) = JT (z)F(F(z), t) in
Eq. (40). We support constant forces, forces gated to a spatial region — selected by a bounding box in either the world frame
or the rest (canonical) frame of the object — and a time interval, as well as forces that ramp smoothly over their active win-
dow. Unlike the conservative uniform and constant force below, which can equivalently be absorbed into the potential, this
mechanism handles localized, time-varying, and genuinely non-conservative forcing that admits no potential representation.

Uniform and constant force Our system supports uniform force F by adding an additional force-inherited potential energy
term VF (·) to Vx(x):

VF (·) = −F · x, (41)

and solving the updated Lagrangian mechanical system with commonly defined V (·) and VF (·).

Initial velocity The most common conditioning of the system is selecting a region of the input meshM0 as well as sampled
points xsample in this selected region, and providing the initial velocities ẋsample for these sampled points. This provides the
initial conditions (z0, ż0) by solving the following projective optimization problem:

min
z0,ż0

||x0 −F(z0)||22 + ||ẋ0 − Jzż0||22. (42)

Quasistatic action Our system also supports dragging-style quasistatic action conditioning. This is by providing the posi-
tions of sampled points xt

sample from a specific region at different timestamps t, and solving the trajectory by optimizing:

min
zt

Et

[
||xt −F(zt)||22

]
. (43)
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B.7. Collision Handling

Collisions are incorporated into the same energy-based formulation: each contact is modeled as a soft, one-sided barrier
potential added to V (z), so that the repulsive response −∇zV arises automatically through Eq. (40). This keeps collision
handling fully within the Lagrangian framework and requires no explicit constraint projection. The energy dissipated at
impact is then modeled by a per-step velocity restitution, described at the end of this section.

Self-collision. Although the modeled system is object-centric, a deforming object may collide with itself. We detect this
in a topology-free, geometry-agnostic manner using a pairwise barrier on the sampled points, analogous to the non-adjacent-
primitive filter of Incremental Potential Contact [65]. Once, from the rest pose, we precompute the set of point pairs

P =
{
(i, j) : ∥x0

i − x0
j∥ > dfilt

}
, (44)

whose rest-pose distance exceeds a threshold dfilt; pairs that are already close at rest are expected to remain close and are
excluded so that they do not saturate the barrier from the start. The self-collision potential then penalizes any retained pair
that approaches within an activation distance d̂:

Vself(x) =
kself

2

∑
(i,j)∈P

max
(
0, d̂− ∥xi − xj∥

)2
, (45)

where kself is the barrier stiffness.

Inter-object collision. Collisions with the surrounding environment (e.g., a ground plane or other static obstacles) follow
the same soft-barrier principle. For a half-space obstacle bounded along axis a at height h, we add a one-sided quadratic
penalty over the sampled points,

Vobs(x) = kobs

∑
i

max
(
0, h+ ϵ− xi,a

)2
, (46)

with stiffness kobs and a small margin ϵ. More general static colliders are handled analogously by penalizing penetration of
their signed-distance field.

Contact restitution. The barrier potentials above are conservative and hence energy-preserving. To model the energy lost
at impact, we additionally apply a velocity restitution whenever a contact is active: at each integration step, if any contact
potential is non-zero (Vself + Vobs > 0), we rescale the generalized velocity ż ← ρ ż with a restitution coefficient ρ ∈ (0, 1],
where ρ = 1 is perfectly elastic and ρ < 1 dissipates energy at each contact. This produces stable, visually plausible bounces
without the full machinery of impulse-based contact resolution. Optionally, to keep the trajectory within the region where
the decoder is well-behaved, we apply the same reflective treatment in latent space: when a coordinate leaves a prescribed
range, |zi| > zmax, we reflect it back into the range and flip the corresponding velocity.

B.8. Numerical Integration

We integrate the (forced) equation of motion (Eq. (40)) with a semi-implicit, or symplectic, Euler scheme, which is our default
solver. Let ∆t be the step size and

z̈n =
[
mG(zn)

]−1(
Qn − C(zn, żn)−∇zV (zn)

)
(47)

the acceleration evaluated at step n. Each step updates the velocity first, then advances the position using the updated velocity:

żn+1 = żn +∆t z̈n, (48)
zn+1 = zn +∆t żn+1. (49)

Although only first-order accurate, this scheme is symplectic: it preserves phase-space volume and keeps the energy error
bounded over long horizons, whereas the explicit (forward) Euler update zn+1 = zn + ∆t żn drifts unboundedly. This
property underlies the approximately constant total energy observed in our energy-conservation analysis. After each step we
apply the post-step updates of Appendix B.7 — contact restitution and the optional latent-space reflection — together with
an optional small global velocity damping for additional stability. We use ∆t = 5× 10−4 by default.
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C. Generative Learning of NEUROK
In this section, we cover more details of the implementation of NEUROK that cannot be covered in the main paper due to
the space limit.

C.1. Dual-Quaternion Based Deformation Representation

Our method predicts deformation fields ϕ to drive meshM0 to other kinematic states. We find that choosing a right repre-
sentation for ϕ(x) is essential to the success of the model.

Specifically, assuming that in the training data, we have:

ϕ(x) = Tx (50)
= Rx+ t, (51)

where T ∈ SE(3), we parameterize this deformation field with the dual quaternion representation. A dual quaternion is
an extension for the common quaternion representation by introducing a virtual ϵ. Formally, the conversion between dual
quaternion and SE(3) matrix representation (R, t) can be computed with the following process:

Given an element of SE(3),

T =

(
R t

0⊤ 1

)
, R ∈ SO(3), t = (tx, ty, tz)

⊤ ∈ R3, (52)

we convert the rotation matrix R to a unit quaternion

qr = (qw, qx, qy, qz), ∥qr∥ = 1. (53)

The translation is embedded as a pure quaternion

qt = (0, tx, ty, tz). (54)

The dual part of the dual quaternion is obtained via the Hamilton product

qd =
1

2
qt ⊗ qr. (55)

Writing qr = (qw,v) with v = (qx, qy, qz), the Hamilton product

(0, t)⊗ (qw,v) =
(
−t·v, qw t+ t× v

)
, (56)

gives the explicit dual component

qd =
(
− 1

2 t·v,
1
2

(
qwt+ t× v

))
. (57)

Thus the SE(3) transform T is represented by the dual quaternion

q̂ = qr + ϵ qd (58)
= (qw, qx, qy, qz) + ϵ (qdw, qdx, qdy, qdz), (59)

where (qdw, qdx, qdy, qdz) = qd. We found that this representation gives a smoother latent space Z , as demonstrated in our
ablation studies in the main paper.

C.2. Details of Model Architectures

In this section, we provide additional model architecture details for training NEUROK, including the concrete instantiation
of the conditional VAE and hyperparameters.

All three components in Fig. 4 of the main paper — the kinematic prior encoder Econd, the variational deformation encoder
EVAE, and the decoder D— share a common transformer-based perceiver [48, 111] architecture.
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Table 5. Architecture hyperparameters for the NEUROK conditional VAE implementation.

Component Setting

Latent token count K 128

Latent token channels (bottleneck channels) 1024

Point embed hidden size (Fourier basis width) 8

Point embed output dimension 512

Number of motion encoder transformer blocks 4

Number of deformation decoder transformer blocks 4

Attention heads per transformer block 16

MLP expansion ratio in transformer blocks 4.0

Conditional codebook (for Econd) learnable, size 128× 1024

Prior codebook (for EVAE mean) learnable, size 128× 1024

Log-var codebook (for EVAE logvar) learnable, size 128× 1024

Log-var output head linear layer on bottleneck tokens
Output head of decoder D linear layer from 512 to deformation dim

For both Econd and EVAE, we first sample N points on the mesh surface and embed them using a sinusoidal 3D point
encoder [129], which applies a fixed Fourier basis followed by an MLP to obtain point-wise features. These features are then
consumed by a stack of cross-attention and self-attention “perceiver” blocks with a learned set of latent tokens, as described
in Sec. 4.1 of the main paper. When implementing attention layers, we use RMSNorm to stablize the training.

The latent tokens produced by Econd parameterize the instance-specific Gaussian prior pM0(z), while those from EVAE
parameterize the posterior qM0

(z | ϕ) via separate sets of tokens for the mean and log-variance. The decoder D reshapes
z back into a sequence of tokens and uses them as context for a second perceiver-style transformer that predicts point-wise
deformation vectors on the sampled query points, which are then transferred to mesh vertices by averaging over Kdrive nearest
neighbors. The concrete hyperparameters of this architecture are summarized in Tab. 5.

Latent Distribution and Log-Variance Clamping The VAE models the latent distribution for each instance as a factorized
Gaussian over the K × 1024 latent tokens. Econd outputs the mean of the prior pM0

(z), while EVAE outputs both mean and
log-variance for the posterior qM0

(z | ϕ) via separate transformer branches and a dedicated linear “logvar head.”
To prevent numerical instabilities from excessively large or small variances, we apply a smooth upper clamp to the log-

variance using a softplus-based function. This ensures that the exponentiated variance remains within a bounded range during
training, while preserving differentiability and avoiding hard clipping.

C.3. Model Training

We train the conditional VAE jointly over Econd, EVAE, and D using the standard conditional VAE objective. Training is
performed with AdamW optimizer, a cosine-annealing-with-restarts scheduler, adaptive gradient clipping, and bfloat16 mixed
precision. We use a fixed per-GPU batch size and train for a large number of optimization steps to fully exploit the scale of
our curated 4D dataset. Full optimization hyperparameters are summarized in Tab. 6. Our model is trained on 4 NVIDIA
H100 GPUs for 7 days to arrive final convergence.

Data Augmentation The conditional VAE is trained on a large 4D mesh dataset of deforming objects, as described in
Sec. 4.2 of the main paper. For each training instance we randomly select two frames sharing the same topology, treat the
first as the conditioning mesh M0, and extract the deformation field from the first to the second frame.

During training, we perform randomized SE(3) augmentation of the object. The main sampling and augmentation hyper-
parameters are given in Tab. 7.
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Table 6. Optimization and training hyperparameters for learning NEUROK.

Component Setting

Optimizer AdamW
Initial learning rate 8× 10−5

Weight decay 8× 10−6

Learning rate schedule CosineAnnealingWarmRestarts
Cosine schedule T0 1,000,000 steps
Cosine schedule Tmult 2

Cosine schedule ηmin 8× 10−7

Batch size 512

Mixed precision mode bfloat16

Table 7. Dataset and augmentation hyperparameters for training the conditional VAE.

Component Setting

Number of surface points sampled per shape 512

Bounding-box scale range [0.5, 1.5]

In-plane rotation range around z-axis [0◦, 360◦]

Translation range along x [−0.1, 0.1]
Translation range along y [−0.1, 0.1]

C.4. Mesh Driving

Given the predicted deformation field ϕ(x), we use following algorithm inspired by KNN and RANSAC [30] to obtain the
vertex deformation δz fromM0 toMz.

Concretely, we first sample Ndrive points from the surface ofM0 and obtain their deformations δpred with D(z,M0) with
the sampled latent z.

We then compute K1 nearest neighbors for each vertex based on Euclidean distance and obtain their corresponding defor-
mations δneighbor. We then use the RANSAC algorithm to fit the deformation vector for each vertices. For vertices with a high
inlier ratio, their deformation is returned as in this step. For other N ′ vertices, we continue to do the following steps.

We perform another round of KNN to find λdriveK1 nearest points for the remaining vertices. We then compute the
geodesic distance between the (N ′, λdriveK1) pairs of vertices. We then multiply the euclidean distance with the computed
geodesic distance, and annotate the deformation of points that are not connected to the computed vertice with noise.

Finally, we run the third round of KNN on the updated distance to filter K1 points for each of the remaining vertices.
We run the second round of RANSAC with the updated neighbor point sets from the third round of KNN to obtain the
deformation for every vertices ofMz. The detailed algorithm description can be found at Alg. 1.

D. Dataset Construction
In this section, we detail the pipeline we use to construct the training dataset for the NeuROK network. Our training data
consists of three parts:
1. Dynamic objects from PartNet-Mobility [119],
2. General dynamic objects from Objaverse [27],
3. Synthetic physical simulation data for cloth and continuum bodies.

D.1. Processing of PartNet-Mobility

PartNet-Mobility [119] is a dataset of 2,372 synthetic articulated objects spanning everyday categories such as laptops,
glasses, and chairs. Each object is annotated with a URDF articulation file, link-level meshes, and basic textures. For training
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Input: Reference mesh M0, latent code z, predicted deformation field ϕ(x), number of driving points Ndrive, base
neighbor count K1, expansion factor λdrive

Output: Vertex deformations δz fromM0 toMz

Step 1: Sample driving points and deformations
Sample Ndrive points {xi}Ndrive

i=1 on the surface ofM0.
Compute their predicted deformations using the decoder. Store the set of driving pairs S = {(xi, δpred,i)}Ndrive

i=1 .

Step 2: First KNN and RANSAC pass
foreach vertex v ofMz do

Find the K1 nearest driving points in S w.r.t. Euclidean distance in R3.
Let N1(v) be the corresponding set of deformation vectors.
Run RANSAC on N1(v) to estimate a deformation δ̂(v) and an inlier set I1(v).
if inlier ratio |I1(v)|

K1
is above a threshold then

Accept δ̂(v) as the deformation for v.
else

Mark v as unresolved.
end

end
Let V ′ be the set of unresolved vertices (of size N ′).

Step 3: Geodesic-aware neighbor refinement
foreach vertex v ∈ V ′ do

// (a) Expanded KNN in Euclidean space
Find the λdriveK1 nearest driving points in S w.r.t. Euclidean distance.
Denote this set by Nexp(v).
// (b) Compute geodesic distances and update metric
foreach driving point (xi, δpred,i) ∈ Nexp(v) do

Compute geodesic distance dgeo(v,xi) on the mesh.
Compute Euclidean distance deuc(v,xi).
Define an updated distance

dupd(v,xi) = deuc(v,xi) · (1 + dgeo(v,xi)).

If v and xi are not connected on the mesh (e.g. dgeo is infinite or above a large threshold), mark (xi, δpred,i) as
noise for vertex v.

end
// (c) Third KNN pass with updated distances
From Nexp(v), select the K1 points with smallest dupd(v,xi) that are not marked as noise.
Let this filtered neighbor set be N2(v).

end

Step 4: Second RANSAC pass
foreach vertex v ∈ V ′ do

Run RANSAC on the deformation vectors in N2(v) to estimate a final deformation δ̂(v).
Assign δ̂(v) as the deformation for vertex v.

end

return the deformation field δz defined by δ̂(v) for all vertices v ofMz.

Algorithm 1: The detailed algorithm for mesh driving via KNN and RANSAC.

our method on PartNet-Mobility, we removed corrupted or incomplete assets and split the remaining objects into 2,093
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training instances and 254 test instances. To generate training and evaluation data, we use the Urchin [36] URDF parsing
library to load articulation definitions and perform forward kinematics. During training, we sample joint configurations on the
fly within their respective joint limits to ensure broad coverage of each object’s kinematic space. Although PartNet-Mobility
includes textures, they are generally simple and unrealistic. We augment each object with additional textures generated using
the open-source 3D texturing model Hunyuan3D 2.1 [47]. While these enhanced textures are not used during training, they
significantly improve the diversity and visual fidelity of our simulated renderings.

D.2. Processing of Objaverse

Objaverse-XL [27] is not only a static 3D object dataset — it actually contains rich dynamic objects, as evidenced by previous
works [29]. Inspired by these works, we enrich our training dataset with objects from Objaverse. The filtering pipeline is as
follows.

Filtering out objects without animations. We only use models from Sketchfab of Objaverse-XL to ensure the quality. We
use the meta-data from Sketchfab to judge whether there is animation inside the model. For those models without animation
metadata, we download its glb file and use a GLTF parser to check whether there are animations. After this step, we filter in
only objects with at least one animation.

VLM filtering on static model quality. We then filter out models that do not contain motions of our interest. In this work,
we only consider motions of dynamic objects. However, the majority of Objaverse-XL is humanoid characters. To solve this,
we use a Gemini to filter all objects with their static 3D model rendering with the following prompt:

Prompt for the first step of VLM filtering:
You are an expert CG artist. Your task is to analyze the provided 3D model, identify its primary subject(s), and classify
it using a specific category and label. You must follow the decision process and output format below precisely.
## Decision Process
### Step 1: Is the model a scene or a single subject?
First, determine the overall type. It is a scene if either of the following is true:
- It depicts two or more distinct primary subjects (e.g., a person standing next to a car; a lamp on a table).
- It features a detailed background (anything other than a single, solid, uniform color).
If neither of these conditions is met, the model depicts a single subject.
(Note on Accessories: Items that are clearly part of a main subject (like a knight’s sword and shield, a character’s
clothing, or a guitar held by a person) do not count as separate subjects. The knight is one subject, not three.)
### Step 2: Choose the correct category.
Based on your decision in Step 1, select one category from the appropriate list below.
## Scene Category
- scene — Use this category if you determined the model was a scene in Step 1.
## Subject Categories (Use only if the model is a single subject)
- character — A single human, humanoid, or anthropomorphic figure (e.g., astronaut, elf, talking animal, humanoid
robot).
- animal — A single non-humanoid creature, real or fantasy (e.g., dog, dragon, insect, fish).
- dynamic-object — A single man-made object designed with moving, articulating, or deforming parts (e.g., car, book,
foldable chair, refrigerator, gun).
- static-object — A single man-made object that is rigid and not designed to move or deform (e.g., mug, table, sword,
statue, brick).
- dynamic-nature — A single natural object that is living, flexible, or has moving parts (e.g., a tree with leaves, a
blooming flower, a jellyfish).
- static-nature — A single natural object that is non-living and rigid (e.g., rock, crystal, mountain).
- other — Any subject that does not fit the categories above (e.g., abstract art, fractal pattern, text).
- unknown — Use this only if the subject cannot be identified.
Step 3: Define the output.
Your response must be a single line in the format major category:specific subject, with no extra text.
major category: The category you chose in Step 2.
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Category Count Percentage

animal 2800 6.69
character 15054 35.99
dynamic-nature 522 1.25
dynamic-object 5892 14.09
failed 805 1.92
other 1404 3.36
scene 8866 21.20
static-nature 530 1.27
static-object 5553 13.28
unknown 403 0.96

TOTAL 41829 100.00

Table 8. Category distribution summary of dynamic objects in Objaverse after the first step of filtering.

specific subject: A concise (1-3 words) lowercase description of the model’s content.
- Examples:
A model of a single tiger: animal:tiger
A model of a knight holding a sword: character:knight with sword
A model of a single windmill: dynamic-object:windmill
A model of a simple teacup: static-object:teacup
A model of a cup sitting on a saucer (two distinct objects): scene:cup on saucer
A model of a car parked inside a detailed garage (detailed background): scene:car in garage

After this filtering, the resulting dataset has categories as in Tab. 8. We selected dynamic-objects to move to the next step
of filtering.

Filtering out animations with only global transformations. Each object in Objaverse can have various animations, yet
some of them are ill-posed. In this step, we filter out animations with only rigid, global motions, such as the global rota-
tion or translation of the object. This is done by analyzing the GLTF file and check whether all animations are changing
transformations of the root node of the GLTF tree.

Filtering out purely static animations. Some animations are purely static, and we also need to filter out these animations.
We randomly sample several frames in the GLTF file, and compare whether the changes in the vertex positions are within a
threshold. If all changes are within the threshold, we consider the animation to be static.

Filtering out non-ideal motion types After the previous two filtering steps, the remaining animations are mostly usable.
Yet, some of them are not demonstrating the functionality of the object. For example, some of them are just explosion view
of the object to demonstrate the internal structure. To find out these animations, we again use Gemini to judge whether the
animation of an object is showing its functional deformations. We use the following prompt:

Prompt for the second step of VLM filtering: You are an expert CG artist. Your task is to analyze the type of motion
of the provided 3D model, and classify it using a specific category and label. You must follow the decision process and
output format below precisely.
You will be provided with 30 images the same 3D model. The first 10 images are videos rendered from the first viewpoint,
the second 10 images are videos rendered from the second viewpoint, and the last 10 images are videos rendered from
the third viewpoint.
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Category Count Percentage

explosion 820 9.05
other motion 68 0.75
static 1215 13.41
explosion as demonstration 1 0.01
embodied behavior 505 5.57
other 1039 11.46
functional 5415 59.75

TOTAL 9063 100.00

Table 9. Category distribution summary for animations of objects after filtering.

## Decision Process
### Step 1: What rough type is the provided motion? Decide the major category.
First, determine the overall type. It is a motion of a 3D model with either of the following types:
- Static motion. The model is not moving or deforming at all. In this case, you should classify it as ”static”.
- Explosion as demonstration. The model is exploding or blowing up to show its different parts or to provide a part
segmentation. In this case, you should classify it as ”explosion”.
- Embodied behavior. The model is moving or deforming by itself, without any external force. In this case, you should
classify it as ”embodied behavior”.
- Functional motion. The model is moving or deforming to show its functionality. In this case, you should classify it as
”functional”.
- Other motion. The model is moving or deforming in a way that is not one of the above. In this case, you should classify
it as ”other”.
### Step 2: Determine the specific motion.
Then, you should determine the specific type of motion.
### Step 3: Define the output.
Your response must be a single line in the format major category:specific motion, with no extra text.
major category: The category you chose in Step 2.
specific motion: A concise (1-3 words) lowercase description of the model’s motion.
- Examples:
A tiger walking: embodied behavior:tiger walking
A bicycle with its pedals moving: functional:bicycle with pedals moving
A complex mechanical system is exploding to show its exploded-view drawing: explosion:complex mechanical system
exploding
A human is not moving: static:human not moving

We append animations identified as functional by the VLM to our dataset. The resulting statistics after this step can be
found at Tab. 9.

D.3. Processing of Physical Simulation Data

To construct the third component of our dataset, we generate synthetic simulation data using Blender to capture non-rigid
dynamics. This data focuses on two categories: cloth and continuum bodies.

Cloth Simulation. We sourced 30 high-fidelity, textured shirt models from the BlenderKit asset library. We employ
Blender’s cloth simulation engine to generate realistic fabric dynamics. To maintain the global position of the object, we
select vertices in the shoulder region as pin points. We then introduce external forces by applying two random directional
wind fields sequentially. The simulation timeline consists of an initial wind impulse, a relaxation phase where the cloth settles
under gravity, followed by a second wind impulse and a final gravitational settling phase.
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Soft Body Simulation. We collected 30 high-quality plant and flower models, also via BlenderKit. To simulate soft-
body dynamics efficiently, we adopt a procedural animation technique rather than a full physics simulation. We apply a
“Simple Deform” modifier to the stem of the vegetation to induce bending. By keyframing the deformation parameters,
we approximate the natural oscillatory motion of plants swaying in the wind without the computational overhead of finite
element analysis.

E. Details on Experiment Setting
E.1. Neural Object Kinematics Learning

We conduct the object kinematics learning experiment to evaluate the effectiveness of our learned neural object kinematics.
Following the evaluation of CANOR [43], we first predict kinematic state parameterizations Z from a given object instance
M0, and then optimize such representations so that the decoded deformed objectsMz best align the shape of an unseen pose
of the same instanceMt. The accuracy of such alignment across diverse poses reflects the expressiveness of the kinematic
state parameterization, while the optimization process provides insight into the smoothness and regularization properties of
the learned kinematic space.

For this experiment, due the need of ground-truth target mesh, we use PartNet-Mobility by sampling 50 objects from our
test split and selecting two poses per object as the input and target, respectively. We limit the evaluation to 50 objects because
some of the baselines require per-object optimization, which is computationally expensive. For methods that rely on multiple
posed frames as input, we additionally sample extra unseen poses, distinct from the target pose, to serve as their inputs.

We compare our proposed method with a wide range of baselines that learn object kinematics, namely CANOR [43],
KeyPointDeformer [49], NeuralDeformationGraphs [11], SINGAPO [83], FreeArt3D [19]. CANOR [43] is a feed-forward
model that represents object kinematics as a series of blobs. For evaluation, we optimize the pose-dependent blob attributes,
including position and rotation, and use occupancy prediction loss as objective. KeyPointDeformer [49] is a deformation-
based shape editing method that predicts keypoints for representing object kinematics and applies cage-based skinning driven
by these keypoints. In our setting, we use the keypoints predicted by the network and optimize their positions. NeuralDefor-
mationGraphs [11] is a per-scene optimization method that models 3D object motion using a learned deformation graph with
local shape functions defined at each node. For evaluation, we sample five poses for each test object and train NeuralDefor-
mationGraphs on these poses. After training, we freeze the local shape functions and optimize only the node positions and
rotations to fit the remaining unseen test pose. SINGAPO [83] performs feed-forward articulation prediction from a single
image. Since it was originally developed on a limited set of object categories, we adjusted its LLM prompts to ensure that it
produces valid predictions for all test inputs. For each test object, we render a front-view image and use SINGAPO to infer its
URDF structure. We then align the predicted object to the input shape and subsequently optimize its articulation angles using
Limited-memory BFGS (L-BFGS) optimization [12] to align with the target. FreeArt3D [19] is a per-object optimization
method that distills part shape and articulations from a 3D generation model Trellis [120]. Since it requires multiple posed
frames as input, we randomly sample five distinct poses for each object and render a front-view image for each one. Similar
to SINGAPO, we first align the predicted object to the input shape and then optimize its articulation parameters to match the
target pose.

After optimizing the kinematic space for all methods, we decode each representation back into a posed object mesh and
evaluate the reconstruction quality by measuring how well the optimized mesh aligns with the ground-truth target. We
compute both L1 and L2 Chamfer Distance, and additionally run a manifolding algorithm [44] on both the predicted and
ground-truth meshes before computing IoU, since some objects are not watertight and this can affect IoU calculation.

E.2. Physically-Inspired 4D Generation

We conduct the physically-inspired 4D generation experiment on 8 different objects, Box, Flower, Newton, Shirt, Cloth, Bow,
Laptop, and Lamp. These objects cover diverse dynamic types, including rigid body, articulated bodies, elastic objects, and
cloth. Our approach can generate plausible 4D motion for every dynamic type, yet other approaches can only successfully
model their designated categories. The tested objects are collect from in-the-wild Internet 3D model database and do not
exist in any of the training datasets.

The animated results of these 4D generations can be found on our project page at https://chen-geng.com/
neurok. We compare with diverse baselines on the task of generating 4D motion only from 3D objects. We use their
official implementations and released checkpoints to perform generation on our test cases. For AnimateAnyMesh [117], as
the input is text and it does not support action conditioning, we describe the action with text to condition the generative
model.
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Figure 12. Screenshot of the user study page. We use Google forms and Prolfiic to conduct user study, and this page shows the backend
management page for the first type of questions.

It is inherently ambiguous to generate 4D dynamics given only 3D shapes as input, and the goal of our paper is to perform
4D generation instead of physical simulation. Therefore we compare whether the generated 4D motion is visually plausible
and physically consistent.

This property is evaluated with two categories of quantitative metrics: user study and objective metrics. For user study,
we recruit 105 participants in the Prolific platform, and show them five videos of the rendering of the 4D generation results
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Figure 13. Screenshot of the user study page. We use Google forms and Prolfiic to conduct user study, and this page shows the backend
management page for the second types of questions.

from different approaches. They are asked to answer two questions:

• “Which video best shows the concept of XXX? Please judge based on how well each one shows this concept.” The answer
to this question will be used to evaluate “Alignment”.

• “Which video looks like it has the most substantial and realistic movement? Please judge the videos based on both the
magnitude and realism of the motion.” The answer to this question is used to evaluate “Realism”.
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Table 10. User study results for Prompt Alignment and Motion Realism. Each row shows vote counts for five tested methods.

Metric Case AnimateAnyMesh Ours PhysDreamer Pixie OmniPhysGS Total

Alignment

Box 7 93 1 0 4 105
Flower 21 59 13 10 2 105
Newton 0 105 0 0 0 105
Shirt 1 80 24 0 0 105
Cloth 13 49 3 33 7 105
Bow 6 93 5 0 1 105
Laptop 0 105 0 0 0 105
Lamp 1 100 4 0 0 105
Average 6.125 85.5 6.25 5.375 1.75 105

Realism

Box 13 90 0 2 0 105
Flower 24 55 10 14 2 105
Newton 0 105 0 0 0 105
Shirt 3 77 25 0 0 105
Cloth 13 68 3 19 2 105
Bow 3 98 4 0 0 105
Laptop 0 102 3 0 0 105
Lamp 0 105 0 0 0 105
Average 7 87.5 5.625 4.375 0.5 105

We show the vote of participants on different methods and different test cases in Tab. 10. Our method consistently
surpasses all the baselines. We show the screenshots of the user study pages in Fig. 12 and Fig. 13

We complement our user study with quantitative evaluations using VBench [46] and WorldScore [32]. Since these bench-
marks are primarily designed for video generation models, we adapt their official evaluation toolkits to assess the final
rendered videos of 4D results directly, bypassing the standard benchmark pipelines that require text prompts or other input
conditions. For VBench [46], we use version 1.0 (as v2 [133] does not support custom inputs) and report three key met-
rics: Dynamic Degree, which measures the magnitude of deliberate motion and differentiates rich dynamics from near-static
scenes; Aesthetic Quality, which reflects overall artistic appeal, including framing and visual composition; and Imaging
Quality, which evaluates technical fidelity such as sharpness and artifact levels. We omit background-consistency metrics
because our experiments focus on object-centric dynamics. For WorldScore [32], we report CLIP-Score to evaluate se-
mantic content alignment and Flow Magnitude to quantify motion strength. For CLIP-Score [101], we use a simple text
template, A video of CATEGORY MOTION, such as, A video of a flower swinging in the wind. We
exclude perceptual metrics (CLIP-IQA+ and CLIP-Aesthetic) to avoid redundancy, as visual fidelity is already assessed by
VBench [46]. We also omit metrics designed to proxy 3D consistency or background stability (e.g., reprojection error, Flow-
AEPE, or Gram-style consistency), as they are inapplicable in our setting where all evaluated videos are rendered directly
from dynamic 3D objects.

E.3. Analysis of Energy Conservation

In Fig. 8 the main paper, we analyzed whether the resulting framework is conserving energy and ablated the usage of La-
grangian mechanics modeling of latent dynamics. We detail the settings in this experiment in this section.

We conduct this experiment in the simulation of Box example. From a stationary pose, the top lid of the box is falling
down due to gravity, and its kinetic energy increase during this process. The total energy of this process is roughly constant,
showcasing the physical consistency of our approach.

We compare the generated latent dynamics with a simple trajectory generated by the linear interpolation of two latent
state vectors. The resulting trajectory is not conserving a constant total energy, and therefore this generated trajectory is not
physically consistent.
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Time

Position of CoM (z)
Trajectory of our simulator
Trajectory of traditional simulator

Collision Event

Figure 14. Comparison with ground-truth physical simulation. On the Box example, we compare the center-of-mass trajectory of our
generated 4D motion against a ground-truth sequence produced by a traditional simulator with manual physical annotations. The two
trajectories align closely, and our result accurately captures the timing and position of the collision event.

Figure 15. Generation under forces of varying magnitude. On the Box example, we condition the generation on external forces
of different magnitudes and plot the resulting center-of-mass trajectories. Larger forces yield more pronounced and repeated bouncing
motions, while the smallest force (10N) produces almost no motion, consistent with physical intuition.

E.4. Comparison with Ground-Truth Physical Simulation

To further assess the physical fidelity of our generation, we compare our generated 4D dynamics on the Box example against
a ground-truth trajectory computed by a traditional physical simulator with manually specified physical parameters. As
shown in Fig. 14, our method accurately reproduces the dynamics, including the timing and position of the collision event.
Quantitatively, the average Chamfer distance between the generated and ground-truth mesh sequences is 0.021 (L1) and
2.7× 10−4 (L2

2) within a normalized [−1, 1]3 space, corresponding to a relative deviation of ≈ 1%. The close alignment of
the center-of-mass trajectories indicates that the motion produced by our latent-space Euler-Lagrange formulation (Thm. 1
and Cor. 1) is not only visually plausible but also physically grounded.

E.5. Generation under Forces of Varying Magnitude

Because our framework conditions on rigorously defined physical quantities rather than abstract directional cues, it naturally
responds to the magnitude of the applied force. On the Box example, we apply external forces of varying magnitude and
plot the resulting center-of-mass trajectories in Fig. 15. Larger forces produce more pronounced motions with higher and
repeated bounces, whereas the smallest force (10N) yields almost no displacement. This behavior is consistent with physical
intuition and shows that our method supports fine-grained, physically meaningful conditioning.
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Table 11. Ablation study on different dimensions of model reduction.

Chamfer (L1) ↓ Chamfer (L2) ↓ IoU ↑

NEUROK w/o Model Reduction 0.045 0.059 0.711
NEUROK w/ kq = 5 0.032 0.034 0.711
NEUROK w/ kq = 25 (default) 0.028 0.028 0.764
NEUROK w/ kq = 100 0.023 0.025 0.806
NEUROK w/ kq = 250 0.021 0.023 0.814
NEUROK w/ kq = 500 0.018 0.018 0.830
NEUROK w/ kq = 1000 0.014 0.012 0.833

E.6. Analysis of Model Reduction

The latent space learned by the VAE is high-dimensional. To obtain a more compact reduced-order representation, we perform
dimensionality reduction to compress the original latent space Z ⊆ Rk into a lower-dimensional subspace Q ⊆ Rkq , where
kq ≪ k, using the Active Subspace Method [24]. We additionally conduct an ablation study to evaluate the effect of such
model-reduction and the effect of different reduced dimensionality kq , as reported in Table 11. The results show that model
reduction significantly improves optimization robustness and accuracy, and that performance gains as kq increases. That
being said, a large kq will increase the computational overhead, therefore we choose kq = 25 as our default configuration.

F. Discussions
F.1. Comparison to Other Paradigm

NEUROK and reduced-order models As discussed in the main paper, existing reduced-order simulation methods [5,
16, 21, 22, 37, 50, 51, 61, 75, 94, 103, 108, 110, 112, 114, 137] are designed to accelerate simulations for known physical
systems. They primarily address the forward problem: given system configurations and governing equations, predict the
resulting dynamics. These approaches are highly effective in that regime. However, in computer vision we rarely have access
to system configurations in the first place—the setting is inherently an inverse problem.

This difference motivates the core distinction between our method and reduced-order models. Our approach adopts a
computer-vision and inverse-graphics perspective: we prioritize generalizability, minimal conditioning, and visually plau-
sible 4D generation rather than strict physical fidelity. Technically, reduced-order approaches rely on an explicit physical
system specification, and their latent dynamics are solved under known physical constraints. In contrast, our formulation
learns dynamics through Lagrangian mechanics defined over raw 4D observations without assuming prior knowledge of the
underlying system.

From a modeling standpoint, reduced-order techniques typically overfit to a single, fixed physical system, whereas our
model performs amortized inference across previously unseen shapes. Ultimately, these differences arise from fundamentally
different goals: reduced-order models solve forward simulation problems, while our method targets generative AI and inverse
problems where the physical system itself is unknown.

NEUROK and learning-based constitutive laws A recent line of work [88, 93] has made impressive progress by in-
troducing learning-based constitutive laws to enhance continuum-body simulators. These methods represent an important
advance in physical modeling, providing improved accuracy and flexibility compared to traditional hand-crafted constitutive
formulations. Nevertheless, because they remain rooted in continuum-body mechanics, they are not designed to handle ob-
jects with discontinuities or the articulated and multi-body rigid objects studied in this paper. Their objectives also differ
from ours: whereas these approaches aim for increasingly accurate physical simulation, we focus on visually plausible 4D
generation without requiring explicit physical supervision or ground-truth dynamic trajectories. This difference in goals and
assumptions makes direct comparison infeasible, as constitutive-law learning typically operates on a fixed object with known
training trajectories, while our approach performs amortized inference on objects that are unseen during training.

NEUROK and end-to-end dynamic models Another way to pursue category-agnostic simulative dynamics learning is
through fully end-to-end models, typically based on GNNs [3, 15, 64, 70, 72, 99, 106, 107, 109]. These methods have
achieved impressive results in controlled settings, but they generally require large numbers of action–state pairs for train-
ing—data that is rarely available in real-world scenarios. As a result, such approaches tend to struggle when applied to
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in-the-wild objects, whereas our method remains robust across diverse real-world instances, as demonstrated on our project
page. This mismatch in assumptions also makes direct comparison infeasible: end-to-end dynamic models rely on explicit
physical annotations and action trajectories, while our method does not assume any such supervision and instead learns
directly from raw 4D observations.

F.2. Limitations

The current system is built on the assumption that the dynamic structure of the modeled object is low-dimensional and the
geometry of the object is concrete, therefore it cannot be used to model phenomena involving fluids [38]. We also assume
that there is no geometric growth, elimination, and addition for different kinematic states. Therefore, it cannot be used to
model natural phenomena such as the growth of plants [39].

These limitations can be addressed by using more flexible geometry representations other than Lagrangian deformations,
and we leave this to future works.

F.3. Future works

Our NEUROK opens a new research paradigm for physically-inspired 4D generation, and there are various exciting future
directions to explore within this clean and general framework.

More flexible geometry representations. The first future work as discussed above is more flexible geometric representa-
tions. The current version of NEUROK uses a reference mesh and Lagrangian deformations to model different kinematic state
of objects. A fully implicit representation [14, 120] can enable more flexible kinematic state parameterization, empowering
this framework to model more diverse dynamic objects.

Equivariant network architecture design. Our current neural network design uses plain transformers [111] to model the
deformation fields. It would be more data-efficient if we could leverage the SE(3) equivariance of this output modality. This
can be achieved by using equivariant architectures [28] in network design.

Scaling up using 2D video models and 3D foundation models. This is arguably the most exciting direction for extending
our paradigm. As video generative models [113] and 3D/4D reconstruction models [115] continue to advance, we expect
substantially richer 4D data to become available in the near future. Because our pipeline does not rely on physical supervision
or action annotations—and instead trains purely from raw 4D observations—it is naturally positioned to scale with these
developments. Its data requirements align directly with the trend toward large, diverse 4D datasets, making it a strong
candidate for training general-purpose neural object simulators and forming key building blocks for universal 3D world
models [42].
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[96] Pablo Palafox, Aljaž Božič, Justus Thies, Matthias Nießner, and Angela Dai. Npms: Neural parametric models for 3d deformable
shapes. In Proceedings of the IEEE/CVF International Conference on Computer Vision, pages 12695–12705, 2021. 3

[97] Pablo Palafox, Nikolaos Sarafianos, Tony Tung, and Angela Dai. Spams: Structured implicit parametric models. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 12851–12860, 2022. 3

[98] Georgios Pavlakos, Vasileios Choutas, Nima Ghorbani, Timo Bolkart, Ahmed AA Osman, Dimitrios Tzionas, and Michael J Black.
Expressive body capture: 3d hands, face, and body from a single image. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pages 10975–10985, 2019. 3

[99] Tobias Pfaff, Meire Fortunato, Alvaro Sanchez-Gonzalez, and Peter Battaglia. Learning mesh-based simulation with graph networks.
In International conference on learning representations, 2020. 3, 34

[100] Yi-Ling Qiao, Alexander Gao, and Ming Lin. Neuphysics: Editable neural geometry and physics from monocular videos. Advances
in Neural Information Processing Systems, 35:12841–12854, 2022. 2

[101] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry, Amanda Askell,
Pamela Mishkin, Jack Clark, et al. Learning transferable visual models from natural language supervision. In International confer-
ence on machine learning, pages 8748–8763. PmLR, 2021. 8, 32

[102] Maziar Raissi, Paris Perdikaris, and George E Karniadakis. Physics-informed neural networks: A deep learning framework for
solving forward and inverse problems involving nonlinear partial differential equations. Journal of Computational physics, 378:
686–707, 2019. 3

39
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