NEUROK: Generative 4D Neural Object Kinematics
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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 withinthis learned parameterization, the physical system can be
a low-dimensional latent space from the Lagrangian me- greatly simpli ed: we only need to model the transition be-
chanics' perspective in classical physics. We demonstratetween low-dimensional latent vectors, similar to how a pen-
the effectiveness and generality of this neural simulation dulum system can be simpli ed through a symbolic param-
framework across diverse dynamic object types, showingeterization (Fig. 2(a)). This data-driven parameterization
clear advantages over prior works. leads to a universal framework that simulates system dy-
namics from the perspective of Lagrangian mechanics [47],
where category-agnostic energy functions are de ned over
the latent states and dynamics are directly derived using
These quantities need not be the Cartesian co-ordinates ofEUk':'r'L":lgrange equations.

the particles, and the conditions of the problem may This framework forms a versatile and scalable pipeline
render some other choice of coordinates more convenient. for generative simulation of dynamic objects. Its core learn-
ing component, BUROK, 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 eld. The model can be trained
solely on 4D geometric trajectories of 3D objects, eliminat-

1. Introduction

— 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, ; ) . X
in the community of generative Al, generating such 4D re- Ing any need for physmal or gcuoq annqtauo_ns. Moreover,
active behaviors with no reliance on any category-speci c th'?’ fra}mework re!les ona m.|n|mal |r_1duct|\(e blas—tha}t th?
physical priors is far from trivial, despite the importance of objects deformation space is low-dimensional — making it

this capability in constructing 3D world models for embod- broadly applicable to diverse dynamic _ObjeCtS'
ied Al or robotics [52, 80]. We validate our framework by curating a large-scale 4D

object dataset, training a feed-forwarceBROK model,

A long-standing view holds that generating such 4D sim- > i - )
ulative dynamics demands a comprehensive physical under@"d generating 4D dynamics across a wide range of objects.

standing of the object. This is epitomized by most exist- W€ évaluate its performance by comparing against existing
ing works [105, 114] that generate 4D dynamics by adopt- methods, demonstrating its superior general|za_1b|!|ty and ef-
ing prede ned category-speci ¢ physical models and esti- fectlveqess. To the best of our knqwledge, thl§ is the rgt
mating their parameters with system identi cation. While data-driven framework capable of simulating object-centric
this paradigm is effective for target object categories ( phys!cal systemg without any reliance on heuristic priors or
articulated objects, continuum bodies, and cloth), it strug- Physical annotations.

gles to generalize beyond these prede ned categories, and,

more importantly, offers limited scalability to large-scale 2. Related Work

4D datasets comprising diverse dynamic structures.

Is it possible to build a general-purpose simulator that
generates such 4D motions without any category-speci c
inductive bias? We argue that this is achievable by re-
considering a critical yet long-overlooked piece: Hiee-
matic state parameterizationof dynamic objects. As il-
lustrated in Fig. 2, a kinematic state parameterization de-
nes the con guration 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 representateog, a
dense particle set derived from mesh discretizations. While
effective, this choice leads to an over-parameterized system
and thus necessitates category-speci ¢ physical constraint
to prevent the system from being under-determined.

We revisit this important factor by introducing an
automatically-discovered kinematic state parameterization
scheme —Neural ObjectKinematics (NUROK) — a la-
tent space from which any vector sampled can be decodedReduced-Order Simulation. Model reduction is a com-
into a plausible deformation of the modeled object. With mon technique in forward computer graphics, yet the focus

Physically-Inspired 4D Generation. Existing approaches

to generating 4D simulative dynamics typically follow a
two-step paradigm: nding a physical model of the tar-
geted domain, and determining its parameters with sys-
tem identi cation. 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-
cal models for cloth [33, 57, 59, 62, 66, 77, 117]. While
hey perform well within speci c domains, none can gen-
erate 4D motions without assuming a prede ned dynamic
structure. Our framework removes such structural biases,
enabling general 4D simulative dynamics generation.



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 frorfbdas formally de ned in Def. 1, a

kinematic state parameterization studied in this paper is a(gaiF ) which contains a latent manifold and a decodef that maps a

sampled latent to a vertex con guration. This de nition explicitly includes those kinematic state parameterizations that are not compact.

is ef ciency rather than versatility. The goal of such ap- malize this idea through the concept of kinematic state pa-
proaches [5, 14, 19, 20, 31, 39, 40, 50, 63, 82, 91, 95, 97,rameterization and demonstrate its huge potential as a gen-
99, 100, 120] is typically to accelerate an existing phys- eral interface in physically-inspired 4D generation.

ical simulation system where all physical constraints are )

known, in contrast to our category-agnostic setting. These3. Overview

approaches typically train instance-speci ¢ neural networks 3.1. Formulation and Concepts

to represent the reduced-order kinematic space for a spe- "~
ci c object, rather than learning a generalizable, amortized- This paper studies generating simulative dynamics of 3D
inference model on a large dataset as in our framework.  object-centrié physical systems. Our pipeline takes a static
shapshot 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
visual (_lenam|c systems, typically through e|the_r phy5|cs-_a single 3D snapshot of an object cannot fully determine its
agnostic or physics-aware approaches. Physms-agnostlf)hysical parameters, our goal is generateone plausible
methods [3, 13, 53, 58, 602 87, 93, 94, 9.6] learn dY' 4D sequence that satis es one valid physical con guration
hamics e”d'to'?”d _ ofteq via GNNs — using sypthetlc and conforms to human physical intuition [4]. We assume
datasets O_f action-state pairs. A"“"“Q“ effective in con- no kinematic or physical priors on the dynamic structure of
ftrolled settings, they s_truggle to generalize to real-world 0b- yho 1y geled object. The object can be articulated, rigid, a
jects due to the scarcity of action-labeled data. In contrast, .o - vnuum body, or even a heterogeneous combination of

our method relies so_l_ely on 4D ggometric su.p(.arvision,. of- several dynamic types, like the examples shown in Fig. 1.
fgrlng great_er scalability for graphics and 3D vision e_lpphca— The geometry of the modeled object is represented as a
tions. Physics-aware methods assume known physical mod; cp o = (Vo: F) with n vertices. We denote by® 2

els and use_ne_ural networks to solve PDEs [18_' 61, _64'_9O]'R3“ the concatenated vertex positionsMg Our pipeline
learn constitutive laws [76, 81], and learn discretization outputs a sequence of deformed meshes with timestamps
schemes [2]. While demonstrating potential in producing ranging from1 to T, denoted a§M 1;  :M g, where

accurate solutions, these approaches are unsuitable for ouy - (Vi;F), and the concatenated vertex positions are
setting which makes no assumptions about dynamic Struc'rep;resenttéd b;{‘ 2 R3

tulres. Cloier t60 %r fggm%atlon are(:j rr|1eth0ds that. T]S,e nheu— While the vertices of the mes¥ ( can theoretically take
ral networks [6, 23, 30, 75] to model systems within the arbitrary positions irR3", only a small subset of these con-

!_agrr?nglan m(?crlianlcs fr_am?work, burt] th_e|:jfocus 'ﬁ leahm' gurations correspond to plausibly re-posed shapes. In fact,
Ing the system's Lagrangian from synthetic data rather than, randomly sampled deformation vector frd®a" will al-

learning data-driven kinematic state parameterizations. most certainly yield a deformed mesh far outside the distri-
Neural Deformation Priors. ~ Several graphics systems bution of valid object poses. Empirically, the set of plau-
have also explored learning data-driven priors over objectSible vertex position vectors of a dynamic object forms a
deformations] but most are Category-speci&:q, for hu- low-dimensional con gura’[ion manifOI&lkim embedded in
mans [74, 86], faces [1, 8, 9], and animals [121]) and tar- R3", whereki[n denotes the intrinsic degrees of freedom of
get other tasks — most dominantly, for animating charac- the deformation space ahg;  3n.

ters [113 32, 34, 35_: 38, 78, 84, 85, 101, 108_1_111 119]and  1we colloquially de ne an object-centric physical system as one in
controlling embodied agents [54, 72, 92]. We instead for- which most motion arises from a single dominant deformable object.

Machine Learning for Dynamic Systems. Beyond 3D
vision, machine learning has also been used to model non




Figure 3. Overview of our framework. Given a static 3D shape, BWROK uses a transformer-based encoder to predict an instance-
speci ¢ 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 condigogisférces, 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 withvertices, we need to
de ne a parameterization scheme for its kinematic states,
which in turn determines the solution space for a physical
simulator. We formulate this with the following de nition:

De nition 1: Kinematic State Parameterization

A k-dimensionakinematic state parameterizatidéor
a dynamic object is a pa{Z ;F), wherez  RKis
the state space of the parameterization, andZ !
R3" maps any state vectar2 Z to a vertex con gu-
ration ofM ¢ with n vertices.

Determining a kinematic state parameterization is the
rst step when studying a physical system, and it dic-

De nition 2: Neural Object Kinematics

If a k-dimensional kinematic state parameterization
(Z;F) uses a neural network to represéntand the
range ofF is Vkin, we refer to this pair as Neural
ObjectKinematics (NMNUROK) of a dynamic object.

We train an encoder-decoder model to inferNROK of
a given objecM (. The model comprises an encoder that
encodedM ¢ to an instance-speci ¢ latent spade of the
object's kinematic states and a decoBlethat 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 BUROK greatly simpli es the
solution space of the physical system, since we only need
to model the dynamics between latent vecton a low-

tates how the system should be solved. As in Fig. 2(a), dimensional space. It also eliminates the need for inter-
concise symbolic parameterizations are commonly used toparticle physical equations employed in mainstream simula-
simplify the solution space, but such representations aretion approaches to keep the deformed shape intact and plau-
generally inaccessible in 4D generation where only the sible, as any sampled latent can be mapped into a validly
raw 3D geometryM  is given. Consequently, most ap- deformed mesh. This allows us to study the system as a
proaches adopt geometry-derived parameterizations, suchvhole by considering the energy landscape over different
as the high-dimensional particles (material points) used in kinematic states of an entire system.
MPM [41]. Such parameterizations are commonly redun-  Formalizing this intuition, we simulate this system from
dant and under-constrained since some con gurations will the Lagrangian mechanics' perspective in classical physics.
yield implausibly deformed shapes, as in Fig. 2(b). The learned MUROK can be seen as thgeneralized-

To solve dynamics in high-dimensional solution space coordinatesof the object-centric physical system, and such

de ned by the redundant parameterization, prior works in- SYStéms can be solved in a generic manner by de ning
troduce category-speci ¢ physical equations and constraintstN€ Lagrangian function of the system and solving Euler-
to prevent the system from being under-determined. Thesel'ag"jmge equatlons [47]. We detail this proces; n .Sec. S.
formulations are effective in targeted domains, yet they AN overview of our framework can be found in Fig. 3.

struggle to model objects beyond the designated category. . i
4. Generative Learning of NEUROK

This section discusses the methodology of learning
an encoder-decoder model to predict aeUROK
We address the above-discussed problem by introducing Z (M ¢);F( ;M ¢)) from an input meshM , of a
kinematic state parameterization learned from data: 3D snapshot of a dynamic object. We model the latent

3.2. Proposed Solution



for M o. To encodeM o, we evenly sampl@sampie Points
from the surface of the input mesh to form a point cloud
Vsample We then use the position embedding layer fol-
lowing 3DShape2Vecset [113] to obtain point-wise features
F cong 2 RMsample Fpos whereF s 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 [37, 116] and
store a series of learnable tokeres g}‘zl , whereK is the
number of tokens. With the learnable tokens, we apply mul-
tiple blocks of cross-attention and self-attention layers to

Figure 4.Generative learning of NEUROK. During training, we . K
randomly sample an instance mesh and one of its possible defor-Obtaan encoded featurefdf;gi, . We atten the features

mation elds from the training set, and supervise all three models to form cong2 R¥ Froeen, WhereFtOk_en ',S the dimension of
with KL and reconstruction targets. During inference, we only use €ach token. We use the normal distributlr{ cong 1) as
Econd to obtain the prior distributiopw , (z) for the instanceM o the instance-speci c prior distributiopy ().

and sample from this distribution a latent, which is further decoded

o a predicted deformation eld with decodBr. Variational Deformation Encoder. BEsg outputs poste-

rior distributiongy ,(z j ) by taking two inputs: a de-

state spaceZ (M o) associated withM o by studying a  formation eld and an instance-specic mes¥ . To

surrogate task: learning a generative distributipn, ( ) parameterize these inputs, at training time, we sample a

over all plausible deformation elds (x) : R® ! R® deformed mesh oM o. This deformed mesh is repre-

of M . Concretely, we train a conditional variational sented aM , = (V;;F) with a shared topolog§ as

auto-encoder [46] to learn three models to approximate theM o = ( Vo; F). Similar to Econg, We sample a point cloud

instance-speci c prior distributiopy ,( ): Vsample ON the surface oM o. We then compute the ver-

1. Akinematic prior encoder EcondM o) that takes inthe ~ tex deformation , = V, Vo fromM o to M , and use
Conditioning input mesh and outputs the parameters for barycentric interp0|ati0n to compute the deformation vec-
a prior distributionpy , (z) over the latent spade*. tor sample 2 Relem N of the sampled points, where

2. A variational deformation encoder Bag(; M o) that  Jdeform is the dimensionality of the deformation represen-
takes in a deformation eld and a conditional mesh tation. We then concatenate.mpie With the position vec-
M o and produces the parameters of a posterior distribu-tors of Vsampieand encode it using the position embedding
tionaw ,(z] ). layer [113] to get the point-wise featuFg,ag as inputs to

3. A deformation decoderD(z; M o) that takes in a sam-  the transformer. We similarly use a perceiver-based [37] ar-
pled latentz from the conditional prior distribution Cchitecture and stor2 K learnable tokens. These tokens
v . (2) and decodes it into a deformed médh,. are mapped t@ K featuresf f**°g?. . We separate
After learning these three models, we extract the high- those features into two sets and atten them to represent the

K Fioken I K Fioken
density region of the latent probability distributipg , (z) mean vag 2 R “r and variance vag 2 R =" of
as the NNUROK kinematic state spa@(M o), and use the ihe posterior. The outp.ut pqstgrlor distributign ,(z ] )
probabilistic decodeB (z; M o) as the NUROK mapping 'S modeled as a Gaussian distributhr{ vag; vae)-

F(;Mo). Deformation Decoder. D(z;M o) is a decoder that de-
An overview of these models can be found in Fig. 4. We codes sampled lateatto a deformed mesh fromd o. To

design these three models with scalable transformer-basegmplement this, we samplRsample Points from the surface
architectures and train them on a large-scale 4D dataset t@f the input mesh to form a query point cloMglery. As the

let them learn generalizable kinematic priors. latent space has a dimensionalitykof Fioken, We reshape

. zintoK latent tokense; g, , each withFendimensions.

4.1. Model Architecture We then pass the query point cloud and the latent tokens to
We now discuss the model architecture€gf.q BEae; and several blocks of self-attention and cross-attention layers,
D. As a general principle, we use transformers [98] as back-and predichsampie featurest f; g™, We further pass the
bones to ensure that they scale well to large-scale datasetsfeatures into an MLP to get the nal deformation vectors

pred = T 10i=3™" We deformVguery Using the predicted de-
formation vectors, and drive the mesh vertitgsby aver-
aging the deformations ovér e Nearest sampled points.

Kinematic Prior Encoder. E.ongtakes a conditional mesh
M o as input and outputs the kinematic prior distribution

2To parameterize deformation elds for use in neural networks, we
sample points on the mesh and treat their deformations as the parameteri- 3Practically, we parameterize the deformation of each point with dual
zation of . quaternions. See the Supp. Mat. for more discussion.




4.2. Dataset and Training From this perspectiveZ (M o) effectively forms a con-
guration space of the studied object-centric physical sys-
tem, and any 2 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 de ning a smooth functitnover the
latent space and solving the Euler-Lagrange equation:

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 QQL: @'— @)
seguence and obtain two meshes with shared topology. We dt@ @
use the rst mesh aM o and sample the deformation from For most physical systems we study in this paper, we

the rst mesh to the second mesh to form the sampled de-de ne Lagrangian functioh (z;z) = T(z;z) V(z) using
formation vector sample These are passed into three models the kinetic energyl and potential energy of the system.
to get the reconstructed deformatigfies. The models are . .
supervised with the standard conditional VAE target: 5.2. Euler-Lagrange Equations forNEUROK

With the de ned Lagrangian functions and the learned

L = ji sample prediz* D ki (v o(Z] iipm 4(2)); (1) NEUROK, we solve the dynamics af2 Z (M o) with:
where is a hyper-parameter and we set 0:01. mG(z)z+ C(z;2)+ 1 ,V =0; A3)

4.3. Dimension Reduction where G(z) = J;Js, J; is the Jacobian of, C; =

o m ik (2)ZyZc, ik is the Christoffel symbol. Its
The raw latent space of the learned VAE can be high- gerivation can be found in the Supp. Mat. We solve it with
dimensional. To obtain a reduced-order latent space, Wenymerical solvers and get the trajectoryfafg_, .
further perform a dimension reduction process to compress o -
Z  RK to a lower-dimensional latent spae  RXs, 5.3. Boundary Conditions

wherekg k. _ _ . ~ Our system takes in conditions such as actions to generate
We perform the dimension reduction through the Active 4p dynamics. They are incorporated by optimiz{ag; zo)
Subspace Method [22] that reduces the dimensionality of ato minimizejjx, F (20)ji3 + jixo J2z0ji3, wherexo; Xo
high-dimensional space by considerking a surrogalfe fll(JnC' are input positions and velocities of selected particles of the
tionG(z) = g(Az+ (z)),whereG:R“! R,A2R“ ¥,  gystem. After solvindzo; zo), they serve as the initial con-

andg : R“ ! R. In this way, the span of the rows 8 dition for solving Eq. (3). See the Supp. Mat. for details.
identi es the directions that matter f@[7]. We de neG in

away that identi es the in uence af 2 Z onthe predicted 6. Experiments
deformation. Therefore, we formaliZé as the 2-norm of

req predicted from a set of sampled pointsdry. 6.1. Neural Object Kinematics Learning

) _ ) We evaluate the effectiveness ofeENROK for learning
5. Generative 4D Simulation kinematic state parameterization. Given an object and a tar-

) . _ . et pose of the same object, we estimate an initial kinematic
With the predicted BUROK, our initial task of generating getp )

d . f hes | ted int state and identify the optimal latent state vector that deforms
a dynamic sequenTce of meshes 1S converted Into generatt-he input shape to match the target. For quantitative assess-
ing a series of z;jg/_, , withz 2 Z (M o). Note that our

; ) . ment, we use the test dataset of PartNet-Mobility [104],
mappingF in the I(_aarned MUROK will map any sampled and evaluate reconstruction accuracy using Chamfer dis-
Iaten.tz toa plau§|bly deformed_ shapg that cor_responds to tances [28] and a volumetric consistency metric (loU).

a valid con guration of the studied object-centric physical

system. This observation motivates us to use methods fromBaselines. We evaluate two types of baselines for learning

Lagrangian mechanics [47] to generate such dynamics.  object kinematics. NeuralDeformationGraphs (NDG) [11],
CANOR [34], and KeyPointDeformer (KPD) [38] model

5.1. Preliminaries: Lagrangian Mechanics kinematics using implicit representations. FreeArt3D [17]

and SINGAPO [71] explicitly learn articulation structures,

Lagrangian mechanics studies a physical system by de ningIimiting them to speci ¢ object categories

a set of parametefsy;;  ; qkgthat completely de ne the
state of the system in @on guration space Such param-  Results. As shown in Tab. 1 and Fig. 5, our framework
eters are calledeneralized coordinatesf the system, and  consistently outperforms existing methods in inverse kine-
their time derivativeg| are calledjeneralized velocities. matics, demonstrating its exibility and effectiveness.



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 nd the best-matching kinematic
state. We compare how well the reconstructed shape decoded from the obtained state vectors matches the target.

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-

L . ) 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.
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