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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-
Jjects 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 Al, 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 Al or robotics [52, 80].

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 [105, 114] 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 [69,
105, 114] 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 [47],
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 learn-
ing component, NEUROK, adopts a transformer-based [98]
encoder-decoder architecture that learns to encode a static
3D object into a latent distribution over its possible kine-
matic 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, eliminat-
ing any need for physical or action annotations. Moreover,
this framework relies on a minimal inductive bias — that the
object’s deformation space is low-dimensional — making it
broadly applicable to diverse dynamic 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 [73, 107, 112]; modeling elas-
tic objects with MPM [12, 15, 24, 41, 44, 55, 56, 65, 67—
69, 81, 105, 114, 115], projective dynamics [10, 26, 88], or
geometry-agnostic elastic simulation methods [16, 29, 82];
using spring-mass to model deformable objects [42, 118];
predicting articulations to model articulated objects [21, 43,
45,48,51,70,71,79, 83, 103, 104, 106]; and building phys-
ical models for cloth [33, 57, 59, 62, 66, 77, 117]. 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-
mon technique in forward computer graphics, yet the focus
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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.

is efficiency rather than versatility. The goal of such ap-
proaches [5, 14, 19, 20, 31, 39, 40, 50, 63, 82, 91, 95, 97,
99, 100, 120] 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, 13, 53, 58, 60, 87, 93, 94, 96] 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 [18, 61, 64, 90],
learn constitutive laws [76, 81], 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, 23, 30, 75] 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 [74, 86], faces [1, 8, 9], and animals [121]) and tar-
get other tasks — most dominantly, for animating charac-
ters [11, 32, 34, 35, 38, 78, 84, 85, 101, 108-111, 119] and
controlling embodied agents [54, 72, 92]. 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-centric' 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
mesh Mo = (Vp, F) with n vertices. We denote by x° €
R3" the concatenated vertex positions in V. Our pipeline
outputs a sequence of deformed meshes with timestamps
ranging from 1 to T, denoted as {My,--- , Mr}, where
M; = (V;, F), and the concatenated vertex positions are
represented by x’ € R3",

While the vertices of the mesh M, can theoretically take
arbitrary positions in R3", only a small subset of these con-
figurations correspond to plausibly re-posed shapes. In fact,
a randomly sampled deformation vector from R3" 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 V¥ embedded in
R3™, where ki, denotes the intrinsic degrees of freedom of
the deformation space and ki < 3n.

IWe 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.

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 C R¥ is
the state space of the parameterization, and F : Z —
R3™ maps any state vector z € Z to a vertex configu-
ration of M 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 M is given. Consequently, most ap-
proaches adopt geometry-derived parameterizations, such
as the high-dimensional particles (material points) used in
MPM [41]. 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 VFn, 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 M. The model comprises an encoder that
encodes M 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 [47]. 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
(Z2(My), F(-; Mp)) from an input mesh M, 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 p a4, (z) for the instance Mg
and sample from this distribution a latent, which is further decoded
to a predicted deformation field with decoder D.

state space Z(Mj) associated with M, by studying a

surrogate task: learning a generative distribution paq,(¢)

over all plausible deformation fields® ¢(x) : R® — R?

of M. Concretely, we train a conditional variational

auto-encoder [46] to learn three models to approximate the
instance-specific prior distribution p 4, (¢):

1. A kinematic prior encoder &.,,q4(M,) that takes in the
conditioning input mesh and outputs the parameters for
a prior distribution p, (z) over the latent space R¥.

2. A variational deformation encoder Eyag (¢, M) that
takes in a deformation field ¢ and a conditional mesh
M and produces the parameters of a posterior distribu-
tion qM, (Z | ¢)

3. A deformation decoder D(z, M) that takes in a sam-
pled latent z from the conditional prior distribution
DM, (z) and decodes it into a deformed mesh M.

After learning these three models, we extract the high-
density region of the latent probability distribution p 4, (2)
as the NEUROK kinematic state space Z(,M,), and use the
probabilistic decoder D(z, M) as the NEUROK mapping
F (3 Mo).

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 E.ong, Evag, and
D. As a general principle, we use transformers [98] as back-
bones to ensure that they scale well to large-scale datasets.

Kinematic Prior Encoder. &4 takes a conditional mesh
My as input and outputs the kinematic prior distribution

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

for My. To encode M, we evenly sample ngample points
from the surface of the input mesh to form a point cloud
Viample- We then use the position embedding layer fol-
lowing 3DShape2Vecset [113] to obtain point-wise features
Feoong € R™sompe X Fros | where Flos 18 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 [37, 116] and
store a series of learnable tokens {e;}X |, 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 {f;} X ,. We flatten the features
to form fieong € RE*Floken where Figyen is the dimension of
each token. We use the normal distribution N (ficond, I) as
the instance-specific prior distribution p a4, (2).

Variational Deformation Encoder. Eyag outputs poste-
rior distribution gaq,(z | ¢) by taking two inputs: a de-
formation field ¢ and an instance-specific mesh M. To
parameterize these inputs, at training time, we sample a
deformed mesh of M. This deformed mesh is repre-
sented as M, = (V,, F) with a shared topology F' as
Mo = (Vp, F). Similar to Eong, we sample a point cloud
Viample on the surface of M,. We then compute the ver-
tex deformation® 6, = V, — V; from M to M, and use
barycentric interpolation to compute the deformation vec-
tor Ggmple € Ruom>numie of the sampled points, where
dgeform 18 the dimensionality of the deformation represen-
tation. We then concatenate dgmple With the position vec-
tors of Viample and encode it using the position embedding
layer [113] to get the point-wise feature Fyag as inputs to
the transformer. We similarly use a perceiver-based [37] ar-
chitecture and store 2 x K learnable tokens. These tokens
are mapped to 2 x K features {f/AF}2*K  We separate
those features into two sets and flatten them to represent the
mean pyag € RE*Foien and variance oyap € RE* Foken of
the posterior. The output posterior distribution gaq,(z | ¢)
is modeled as a Gaussian distribution N (p4yAE, OVAE)-

Deformation Decoder. D(z, M) is a decoder that de-
codes sampled latent z to a deformed mesh from M. To
implement this, we sample 7Ngmple points from the surface
of the input mesh to form a query point cloud Vyuery. As the
latent space has a dimensionality of K X Fiken, We reshape
zinto K latent tokens {e; } X |, each with Fj, dimensions.
We then pass the query point cloud and the latent tokens to
several blocks of self-attention and cross-attention layers,
and predict Ngmple features {fi}?;“f"‘e. We further pass the
features into an MLP to get the final deformation vectors
Spred = {0: 17" . We deform Vgyery using the predicted de-
formation vectors, and drive the mesh vertices Vj by aver-
aging the deformations over K4;ive nearest sampled points.

3Practically, we parameterize the deformation of each point with dual
quaternions. See the Supp. Mat. for more discussion.



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 [25, 104] and physical simulation. The details of the
dataset can be found in the Supp. Mat.

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 as M and sample the deformation from
the first mesh to the second mesh to form the sampled de-
formation vector 5sample. These are passed into three models
to get the reconstructed deformation dpr.q. The models are
supervised with the standard conditional VAE target:

L = ||8sample —Opreal 3+ AD e 1. (4mo (2 | )[p 1o (2)), (1)

where )\ is a hyper-parameter and we set A = 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 C RF to a lower-dimensional latent space Q C RFq,
where £, < k.

We perform the dimension reduction through the Active
Subspace Method [22] that reduces the dimensionality of a
high-dimensional space Z by considering a surrogate func-
tion G(z) = g(Az+e€(z)), where G : R¥ — R, A € RFa*k,
and g : R* — 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
dpred predicted from a set of sampled points on M.

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 {z;}7_,, with z € Z(M,). 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 [47] to generate such dynamics.

5.1. Preliminaries: Lagrangian Mechanics

Lagrangian mechanics studies a physical system by defining
a set of parameters {qy, - - - , qx} 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 q are called generalized velocities.

From this perspective, Z(M,) effectively forms a con-
figuration space of the studied object-centric physical sys-
tem, and any z € Z (M) 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 oL OJOL

dt 0z 0z’ @

For most physical systems we study in this paper, we
define Lagrangian function L(z,z) = T(z,z) — V (z) using
the kinetic energy 7" 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(M,) with:

mG(z)z+ C(z,z) + V,V =0, 3)
where G(z) = JI.J,, J, is the Jacobian of F, C; =
mzj’k T'iji(2)z;z1, T'iji is the Christoffel symbol. Its
derivation can be found in the Supp. Mat. We solve it with
numerical solvers and get the trajectory of {z;} - ;.

5.3. Boundary Conditions

Our system takes in conditions such as actions to generate
4D dynamics. They are incorporated by optimizing (zg, Zo)
to minimize ||xo — F(2z0)||3 + ||%0 — J2Zol||3, where xq, X¢
are input positions and velocities of selected particles of the
system. After solving (zg, zo), they serve as the initial con-
dition for solving Eq. (3). See the Supp. Mat. 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 [104],
and evaluate reconstruction accuracy using Chamfer dis-
tances [28] and a volumetric consistency metric (IoU).

Baselines. We evaluate two types of baselines for learning
object kinematics. NeuralDeformationGraphs (NDG) [11],
CANOR [34], and KeyPointDeformer (KPD) [38] model
kinematics using implicit representations. FreeArt3D [17]
and SINGAPO [71] 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 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 Baselines. = We compare against representative meth-
ods for generating 4D dynamics from 3D shapes. Phys-

We show that our pipeline generates 4D simulative dynam- Dreamer [114] distills physical parameters from video

ics for diverse objects, evaluated across eight objects.



Table 1. Quantitative comparison on inverse-kinematics opti-
mization.

Chamfer (L1) | Chamfer (L2) ] IoU7?T

NeuralDeformationGraphs [11] 0.670 0.724 0.289
SINGAPO [71] 0.313 0.200 0.091
FreeArt3D [17] 0.169 0.139 0.354
CANOR [34] 0.082 0.067 0.568
KeyPointDeformer [38] 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 [36] and WorldScore [27]. AQ: Aesthetic Quality, DD:
Dynamic Degrees, 1Q: Imaging Quality, CLIP: CLIP score [89],
MM: Motion Magnitude.

User Study VBench [36] WorldScore [27]

Alignment T RealismT AQT DD IQT CLIPT MM?T

PhysDreamer [114] 5.95% 5.36% 0362 0.500 48432 0.716 0.783
OmniPhysGS [69] 1.67% 0.48% 0380 0.625 48937 0.690  0.544
Pixie [49] 5.12% 4.17% 0392 0.625 46.177 0.659  0.857
AnimateAnyMesh [102] 5.83% 6.67% 0450 0.625 48370 0.730  0.889
NEUROK (ours) 81.43% 83.33% 0483 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 the Supp. Mat. for more results.

models, Pixie [49] predicts simulation parameters us-
ing amortized-inference networks, and OmniPhysGS [69]
represents each asset with material-aware Constitutive
Gaussians for general physics-based dynamics.  Ani-
mateAnyMesh [102] 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 [36] and WorldScore [27].

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 [114], OmniPhysGS [69], Pixie [49])
can handle certain material categories but generalize poorly,
while end-to-end methods (AnimateAnyMesh [102]) 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.

Energy
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(a) Energy Evolution of Generated Traj.
with Euler-Lagrangian Dynamics
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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 [104] 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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