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Fig. 1. We propose a unified transformer-based neural simulator for Lagrangian particle dynamics. Left: Our model handles diverse particle systems,
including proteins, elastic solids, fluids, and cloth, within a single architecture. Right: The learned simulator supports downstream tasks including interactive

control, inverse design, and learning from real-world observations.
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A unified simulator that can model diverse physical phenomena without
solver-specific redesign is a long-standing goal across simulation science.
We present a learning-based particle simulator built on a single transformer
architecture to model cloth, elastic solds, Newtonian and non-Newtonian
fluids, granular materials, and molecular dynamics. Our model follows a
prediction-correction design on a shared Lagrangian particle representation.
An explicit predictor first advances particles under the known external forces,
producing an intermediate state that captures externally driven motion but
not inter-particle interactions. A learned corrector then predicts the residual
position and velocity updates through three stages: a particle tokenizer that
encodes local particle-particle, particle-boundary, and topology-guided in-
teractions; a super-token encoder that hierarchically merges particle tokens
into a compact set of super tokens via alternating self-attention and token
merging; and a super-token decoder that lifts these super tokens back to par-
ticle resolution through cross-attention to predict per-particle position and
velocity corrections. Progressive token merging reduces the attention cost at
successive encoder layers by halving the token count at each level, and the
decoder communicates through the compact super-token set rather than full
particle-to-particle attention. Across the six dynamics categories, the same
architecture generalizes to unseen materials, boundary configurations, initial
conditions, and external forces. We further demonstrate downstream inter-
active control, inverse design, and learning from real-world manipulation
data, reducing the need for per-phenomenon solver engineering.

CCS Concepts: « Computing methodologies — Physical simulation.

Additional Key Words and Phrases: Neural Simulation; Transformer

1 Introduction

Building a unified simulation, a single framework that captures the
full diversity of physical phenomena, has long been pursued across
simulation science, from computer graphics and engineering simula-
tion to molecular modeling, but remains elusive in practice. Different
phenomena are traditionally modeled with different discretizations,
from Eulerian grids for fluids, to Lagrangian meshes and the finite-
element method for elastic solids, to particle samples for free-surface
flow, and by different governing equations, from Navier—Stokes to
nonlinear constitutive laws, granular rheology, and atomistic poten-
tials, many exhibiting strong nonlinearity and multiscale coupling.
Modern engines such as NVIDIA Newton [Contributors 2025] push
toward broader coverage by combining several solver backends in
one system, yet each phenomenon still relies on its own dedicated
solver internally. This per-phenomenon, per-solver paradigm makes
cross-phenomenon coupling difficult and constrains how broadly a
single classical pipeline can be applied across the diverse physics of
real-world scenes.

A promising direction is to unify the underlying discrete represen-
tation. Position-based dynamics [Miiller et al. 2007] uses particles
with energy constraints to simulate cloth, soft bodies, and fluids
within a single framework, at the cost of physical fidelity. The mate-
rial point method [Stomakhin et al. 2013; Sulsky et al. 1994] adopts
a hybrid particle-grid representation and captures fluid-solid cou-
pling with higher accuracy, but still relies on per-scene parameter
tuning and is computationally expensive. Despite these tradeoffs,
both demonstrate that a particle-based Lagrangian representation
is a natural common language across physical phenomena: material
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points, mesh vertices, SPH samples, and atoms can all be abstracted
as particles carrying position, velocity, and per-particle physical
properties. Particles, however, only unify the representation layer;
the complex nonlinearity and problem-specific parameterization
of the underlying governing equations remain, and no analytical
model covers all phenomena at once.

Machine learning offers a complementary answer on the model-
ing side: rather than hand-designing constitutive and interaction
laws, a network can learn dynamics directly from trajectory data, by-
passing explicit PDEs and per-scene tuning. Existing neural simula-
tors [Li et al. 2019; Pfaff et al. 2021; Sanchez-Gonzalez et al. 2020; Um-
menhofer et al. 2020], however, are typically designed and trained
for a specific phenomenon or equation class, and reduced-order
methods [Barbi¢ and James 2005; Treuille et al. 2006] further tie
their learned bases to a fixed geometry or shape family. Changing
the physics often requires changing the model design.

We propose a particle-based prediction-correction transformer
whose architecture remains entirely fixed across phenomena, only
the training data changes. The same architecture simulates cloth,
elastic solids, Newtonian and non-Newtonian fluids, granular mate-
rials, and molecular dynamics. Following the prediction-correction
scheme common in particle simulation [Miller et al. 2007], an ex-
plicit predictor integrates known external forces, and a learned
corrector then predicts interaction corrections for position and ve-
locity. The corrector has three stages: a particle tokenizer encodes
local interactions through learnable kernels over spatial, boundary,
and topological neighborhoods; inspired by multigrid hierarchical
coarsening [Vanék et al. 1996], a super-token encoder compresses
these tokens into a compact set of super tokens by alternating self-
attention and token merging, progressively halving the token count;
and a super-token decoder lifts super-token information back to full
particle resolution through cross-attention, producing residual po-
sition and velocity corrections. Because both the architecture and
the prediction-correction interface are equation-agnostic, the model
treats each phenomenon as a different training distribution over
the same input-output format, rather than requiring a new model
design for each governing equation. The pipeline is trained with an
autoregressive rollout loss.

The same architecture, trained on the six Lagrangian dynamics
categories above, generalizes to unseen materials, boundary config-
urations, initial conditions, and external forces. Our model delivers
higher fidelity and more stable long-horizon rollouts than existing
neural simulators while covering a broader range of physical phe-
nomena in a single architecture. Beyond forward simulation, we
demonstrate three downstream applications: interactive control of
deformable objects under user-specified forces; inverse design of
friction parameters via differentiable rollout; and real-world ma-
nipulation prediction on particle trajectories extracted with Phys-
Twin [Jiang et al. 2025] using 3D Gaussian Splatting [Kerbl et al.
2023]. Together, our model handles phenomena whose classical
counterparts each require dedicated FEM, SPH, or MPM solvers,
using a single differentiable architecture and workflow, at the cost
of some per-phenomenon accuracy compared to those specialized
methods. Our contributions are:
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e A particle-based prediction-correction transformer that simulates
cloth, elastic solids, Newtonian and non-Newtonian fluids, gran-
ular materials, and molecular dynamics, in a single architecture.

e A particle tokenizer for local neighborhood interactions combined
with a super-token encoder-decoder for global communication
through progressive token merging.

e Experiments across six dynamics categories showing lower roll-
out errors and more stable long-horizon predictions than existing
neural simulators, together with three applications: interactive
control, inverse design, and real-world manipulation prediction.

2 Related work

We review three lines of work: learning-based physics simulators
that operate on particles and meshes, reduced-order and operator-
learning methods that accelerate simulation through compact rep-
resentations, and transformer architectures applied to graphics.

Learning-based physics simulation. Learning-based simulators
have progressed from object-level prediction to models operating
directly on particles and meshes. Interaction networks [Battaglia
et al. 2016] and neural physics engines [Chang et al. 2017] predict
dynamics of predefined object sets but require manually specified
interaction graphs. SPNets [Schenck and Fox 2018] and DPI-Net [Li
et al. 2019] learn particle-level updates across multiple material
types. Continuous-convolution networks [Ummenhofer et al. 2020]
replace hand-crafted SPH kernels with learned ones. GNS [Sanchez-
Gonzalez et al. 2020] and MeshGraphNets [Pfaff et al. 2021] learn
local message passing on particle radius graphs and simulation
meshes, respectively. Domain-specific neural simulators further ex-
ploit physical structure for Eulerian-fluid acceleration [Tompson
et al. 2017], smoke synthesis [Chu and Thuerey 2017], fluid super-
resolution [Xie et al. 2018], cloth deformation [Bertiche et al. 2021,
2022], garment collision handling [Liao et al. 2024], and constitutive-
law learning within differentiable solvers [Ma et al. 2023]. A common
limitation is that global information must propagate through many
local hops. Our work retains the Lagrangian particle representa-
tion and local neighborhood structure, but introduces a super-token
encoder-decoder that provides global communication in every cor-
rection step without deep message-passing chains.

Reduced-order modeling and neural operators. A complementary
direction accelerates simulation by compressing the state or the so-
lution operator. Latent-space models encode high-dimensional fields
into compact coordinates and learn their temporal evolution [Kim
et al. 2019; Morton et al. 2018; Wiewel et al. 2019]. Neural-field and
subspace methods learn reduced representations spanning specific
geometry families or solution classes [Chang et al. 2025, 2026, 2023;
Chen et al. 2023, 2025, 2026; Huang et al. 2026; Liu et al. 2025; Modi
et al. 2024; Zong et al. 2023], but new geometries or physics typically
require rebuilding the basis. Neural operators learn maps between
function spaces [Li et al. 2021; Lu et al. 2021; Raissi et al. 2019], with
extensions to multiscale problems [Kossaifi et al. 2024; Li et al. 2020;
Raoni¢ et al. 2023; Tran et al. 2023], complex geometries [Li et al.
2023; Wang et al. 2024], and physical consistency [Li et al. 2024];
they predict fields over PDE families rather than evolving individual
particle states. Our model performs particle-level evolution: super

tokens serve as intermediate communication variables regenerated
from the full dynamical state at every timestep, rather than a fixed
reduced basis or a learned solution operator.

Transformers in graphics and simulation. Transformers provide
data-dependent, nonlocal communication on geometric domains. In
point-cloud processing, self-attention supports geometric reasoning,
shape completion, and pretraining [Pang et al. 2022; Wang 2023;
Wu et al. 2024a, 2022; Yang et al. 2023; Yu et al. 2021, 2022; Zhao
et al. 2021]. In rendering, attention aggregates multiview and ray
information for view synthesis and global illumination [Jin et al.
2025; Kulhanek et al. 2022; Wang et al. 2021; Zeng et al. 2025]. Trans-
formers have also been applied to physics surrogates for capturing
long-range dependencies on general domains [Holzschuh et al. 2026;
Wu et al. 2024b]. Video and generative world models produce visu-
ally plausible motion but operate on pixels or latent frames rather
than explicit particle states [Wang et al. 2025]. Our method applies
transformer attention to particle-level simulation, covering a wide
range of physical phenomena within a single architecture.

3  Method

We model one step of Lagrangian particle dynamics as a prediction-
correction procedure [Ladicky et al. 2015; Miiller et al. 2007]. An
explicit prediction step integrates known external forces, produc-
ing an intermediate state that accounts for external acceleration
but not for inter-particle interactions. A learned correction step
then predicts the interaction correction. The corrector consists of
three components: a particle tokenizer that encodes particle-particle,
particle-boundary, and topological interactions, a super-token en-
coder that compresses particle tokens into dynamically generated
super tokens, and a super-token decoder that lifts super-token infor-
mation back to particle resolution to produce position and velocity
corrections. Together, they separate communication into two scales:
the tokenizer captures local interactions, while the encoder and
decoder handle global coupling through the super tokens.

Let X,,V;, F, € RN*3 denote positions, velocities, and external
forces of the N simulated particles, and let C € RN*Cp denote their
per-particle attributes such as mass, material parameters, or atom
types. Separately, N, static boundary particles (X®, C®) represent
walls, obstacles, or contact surfaces, with attributes such as normals
and friction coefficients. 7~ denotes rest-shape topology when avail-
able (e.g., for cloth and elastic solids). The prediction step integrates
the external forces over one timestep,

V, =V, + At M"'F,, X =X+ 5V, +V), ()

where M is the diagonal mass matrix assembled from C. The cor-
rection step takes the predicted state and outputs residual updates:

(AX:, AV;) = Fo( X1, Vi, C, T, X5, CP), ()

yielding X;a; = X; + AX; and Vi = Vi + AV, Predicting both
residuals lets the model represent effects from implicit solves, con-
tact projections, pressure coupling, and damping that cannot be
expressed as a single explicit acceleration. Inputs unavailable in
a domain, such as 7 for fluids or boundary particles for proteins,
are zero-filled so that the architecture remains fixed. Throughout,
bold uppercase letters denote ordered sets of particles (e.g., X) and
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bold lowercase with subscript i denotes the i-th element (e.g., x;). A
superscript (*) indicates the encoder or decoder layer; when omitted
it defaults to layer 0 (the original particle resolution), so in particular
N =N. The following subsections describe one timestep and drop
the time subscript; lowercase symbols such as (%;, 9;, ¢;) denote the
i-th row of (X;, V;, C). The components of 7y are shown in Fig. 2.

3.1 Particle Tokenizer

The particle tokenizer encodes local interactions before global atten-
tion. It follows the locality principle underlying particle methods:
interactions are evaluated over compact neighborhoods, while the
filters inside those neighborhoods are learned from data rather than
prescribed as SPH kernels [Koschier et al. 2022]. For particle i, we
use up to three supports: a spatial neighborhood N} from radius
search around x;, a boundary neighborhood N® from nearby bound-
ary samples, and a topological neighborhood N defined by the
adjacency of the rest-shape tessellation 7. Each branch aggregates
neighbor contributions through a learnable kernel Wg:

k kL k
a = > Wirk)ul,  kelsm), 3)
jeNl.k
where Wy maps a relative displacement to a mixing matrix, pa-
rameterized as a learnable 3D grid with trilinear interpolation and
compact support of radius [Ummenhofer et al. 2020] (details in the

appendix). Each branch defines displacement rlkj and feature uf.‘j as:

Particle-Particle: r}; = %; — %;,

ij u?j = [5j’ cj]’

0 . B __ B v B __ B
Particle-Boundary: r =X X, w;=cj (4)
iy g T _ .0 0 T 5. o 4040
Topology-Guided: UV TR TR THE [0, ¢}, x; x; 1,

where x denotes the particle’s rest-pose position. The particle token
h; concatenates all available branches with the particle’s own state:

h; = MLP([a, a}, a, &, ci). ®)

3.2 Super-Token Encoder

The particle tokens {h;} capture local interactions, but many physi-
cal phenomena, such as pressure waves, elastic stresses, and molecu-
lar motion, require global, long-range communication. Self-attention
provides such coupling [Vaswani et al. 2017], but applying it repeat-
edly over all N particles is computationally expensive. Inspired by
the hierarchical coarsening principle of multi-grid methods [Vanék
et al. 1996], the super-token encoder alternates global self-attention
at the current resolution with token merging [Bolya et al. 2022], so
later attention layers operate on progressively fewer tokens.

Let H, and X be the particle tokens and positions from the to-
kenizer. Each encoder layer £ = 1,..., L, first applies multi-head
self-attention with 3D RoPE [Su et al. 2024] to contextualize all
tokens at the current resolution:

H" = Self-Attn(H{'™, X (-1, (6)

with ﬁﬁ” denotes the i-th token in ﬁé"). We then perform token

merging, which halves the sequence from N~ to N =[N (/=1 /2],

Specifically, the current tokens {ZE[)} are split into two disjoint
halves by alternating index. Each token in the first half is greedily
matched to its most cosine-similar token in the second half, and
matched pairs are merged while unmatched tokens are kept as-is.

Let Mi([) denote the set of tokens collapsed into the i-th output
token. The merged token and its positional anchor are computed
by weighted averaging:
(D
(0) =(0)y) _ J (6 ~(e-1) (£) (£)
(B, %) = D L (B0 &), B < MLp(R). ()
jem® M

l@ = Z]_E e m;{_l) is the multiplicity of token i at layer

¢, initialized as m}o) =1. The merged tokens and positions form He([)

and X© with N®) tokens, which become the input to layer £+1.
Applying self-attention before merging is important: similarity is
computed after each token has seen current-scale context, rather
than from raw local features alone. Thus, particles with similar local
neighborhoods but different global roles (e.g., one near a free surface,
one deep in the interior) are less likely to be merged.

After L, layers, the remaining tokens are the super tokens H £
(LC

where m

HE(LE) with corresponding positions X £ X(L¢), as shown in Fig. 3.
Compared to classical multigrid, which relies on local smoothing
operators and achieves linear per-iteration cost, our encoder uses
global self-attention at each level and retains a quadratic cost at
every resolution. The trade-off is expressiveness: global attention
captures long-range coupling more directly than purely local opera-
tors, and the rapid halving ensures that the total cost is dominated
only by the first full-resolution layer.

Super tokens as a queryable latent field. The pair (H, X) forms
a sparse, queryable latent representation of the current particle
system. Each super token aggregates local features, velocities, and
material information from its represented particle group into a
latent feature anchored at the corresponding position x;. Unlike
an implicit neural field stored entirely in network weights [Chen
et al. 2023], or a neural eigenbasis precomputed for a specific shape
family [Chang et al. 2025], these super tokens are generated online
from the current particle state at every timestep. This distinction is
the key to generalization: within a trained dynamics category, the
encoder can process held-out configurations, since super tokens are
produced from whatever configuration is presented. The decoder
(Sec. 3.3) queries this representation by cross-attending from particle
tokens to super tokens.

3.3 Super-Token Decoder

The decoder lifts coarse context back to particle resolution through
L4 layers. The particle tokens Héo) ={h;} and positions X from the
tokenizer are passed directly to the decoder, bypassing the encoder.
At decoder layer ¢, particle tokens query the super tokens through
cross-attention [Jaegle et al. 2021]:

Hg) = Cross—Attn(Héf_l), X: H, }_(). 8)
Self-attention then refines the tokens:

H" =selfAtn(H", X), H" «MLP(H). (9

All attention blocks use 3D RoPE [Su et al. 2024], residual con-

nections, and feed-forward networks. Thus the decoder performs

a learned coarse-to-fine lifting: the attention weights act as data-

adaptive interpolation weights from super-token anchors to par-
ticles. This resembles coarse-to-fine reconstruction in multilevel



WorldParticle: Unified World Simulation of Lagrangian Particle Dynamics via Transformer « 5

r--=------=---=-—-- - =" —"— —-=-—" - =" = = = = = = = = A
Particle External Super Token Decoder I
Attributes Forces | | +ocom oo~
v v

Particle Tokenizer

o

]

'Cross—Attn{Self—Atth Feed
i Forward
1

,"I:opology—Guided Particle-Particle

1
1
Token
'E Self-Attn Merging

Interaction Interaction

//_"\\\ qf‘\ ™
/ \ () L]

6}@@ @ < (8) | g 070
N % ©90 u
. Super Token

Particle-Boundary| e -
Current State Lo — = = = Interaction ) |\ ZUTT ) B=————"" Predicted Next State

Fig. 2. Prediction-correction particle transformer. Given the intermediate state from the prediction step (Eq. 1), the correction step proceeds in three
stages within one timestep: the particle tokenizer encodes local interactions into per-particle tokens, the super-token encoder compresses them into dynamically
generated super tokens via self-attention and token merging, and the super-token decoder refines particle tokens through alternating self-attention and

cross-attention to produce position and velocity corrections (Eq. 2).

Particle Tokens Super Tokens

Fig. 3. Token merging visualization. Particle tokens (blue spheres, left)
are merged into super tokens (yellow cubes, right). Cube size and color
intensity reflect how many original particles each super token represents.

methods and reduced-order models [Chang et al. 2025; Chen et al.
2023; Fulton et al. 2019], but the weights here are feature-dependent
and recomputed for every timestep rather than fixed by geometry
or a precomputed basis. A final particle-wise MLP maps H;Ld) to
(Ax;, Av;). Full specifications are provided in the appendix.

3.4 Training

We use the same architecture across all dynamics categories and
train one network per category. For a rollout window of W states, in-
cluding the initial ground-truth state (W<5), we start from (X;, V;)
and unroll the prediction-correction update autoregressively for
W—1 steps, feeding each predicted state back as input. The predicted
states {()?Hnm, ﬁ+nAt)}nW:;1 are supervised against the ground-
truth states {(X;4nas WMM)},’W:II. The training loss is:

L=Lon+ Aphys Lphys; (10)

where L, is the mean per-particle, per-step position and veloc-
ity error averaged over the rollout, and L5 optionally super-
vises domain-specific physical constraints, e.g., Lphys = Ldiv> @
divergence-free regularizer for incompressible fluids. Training is
conducted on 8 NVIDIA A100 GPUs (80 GB VRAM per GPU). The

ALGORITHM 1: Predictor-corrector transformer rollout
Require: Rollout window W, timestep A¢, mass matrix M
Require: Initial state (X;, V;), particle attributes C, external forces
{Ft+nm},‘:‘iaz, rest-shape topology 7, boundary particles (X®, C®)
Ensure: Predicted trajectory {(X;+naes Ve+nar) }r‘:‘il_l
1: forn=0to W - 2 do
2:  // Prediction step (Eq. 1)
Ve Venar + MM Frinne, X Xpanar + %(Vt+nAt + ‘7)
// Correction step (Eq. 2)
Build neighborhoods A%, N®, N from (f( X®, T)
H « ParticleTokenizer(X, V, C, N5, N®, NT, C®)
(H, X) « SuperTokenEncoder(H, X)
(AX, AV) « SuperTokenDecoder(H, X, H, X)
// State update
10 Xppmenar « X+AX,  Vigmana « V+AV
11: end for
12: return {(X;+nae, Vienar) },‘;\SI

model has 156.73M parameters. Optimization details are provided
in the appendix.

4 Experiments

We evaluate our model on six categories of particle dynamics, com-
paring it against state-of-the-art neural simulators and ablating key
architectural design choices; model and training details are provided
in the appendix. For each dynamics category, we train a separate
model using data generated by established solvers: Newtonian fluids
from DFSPH [Bender and Koschier 2015], cloth from GIPC [Huang
et al. 2024, 2025], granular sand and non-Newtonian fluids from
MPM [Stomakhin et al. 2013], elastic shapes from VBD [Chen et al.
2024], and protein molecular dynamics from OpenMM [Eastman
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Sand

Non-Ne;}vtonian Fluid

Elastic Solids

Fig. 4. Qualitative results across five of six dynamics categories: Newtonian fluids, cloth, granular sand, non-Newtonian fluids, and elastic solids.
Example sequences show Newtonian fluids flowing with varying viscosity and obstacle placements in a container, cloth colliding with a sphere, granular sand
collapsing with varied initial shapes and friction, non-Newtonian fluids with varying rheological properties on different slopes, and elastic solids with varying
initial rotation on a fixed slope. All test sequences use unseen configurations. In the first figure of each sequence, blue spheres indicate predicted particles, and

white spheres indicate boundary samples. Results for protein are shown in Fig. 6.

et al. 2023]. Within each category, we randomize material parame-
ters, initial conditions, and boundary configurations across training
sequences, and evaluate on held-out test scenes that vary these fac-
tors. Specifically, fluid scenes vary viscosity and obstacle placement;
cloth scenes vary stiffness and density under sphere collisions; sand
scenes vary initial pile shape and friction; non-Newtonian scenes
vary rheological properties and slope angle; elastic solid scenes vary
initial orientation on a fixed slope; and protein scenes vary initial
atomic conformations. Representative rollouts across all categories
are shown in Fig. 1, 4, and 6, illustrating predicted results under
varying materials, initial conditions, and boundary configurations.
Quantitative results are reported in Table 1, containing rollout mean-
squared errors (MSE) for particle positions and velocities, averaged
over all particles, frames, and test sequences, together with the
degrees of freedom (DOF) and per-step compute cost.

4.1 Comparison with Baselines

We compare against GNS [Sanchez-Gonzalez et al. 2020], DeepLa-
grangian [Ummenhofer et al. 2020], and Neural Operator [Li et al.
2021; Viswanath et al. 2024] on fluid, cloth, and sand tasks. As shown
in Fig. 15, all baselines exhibit artifacts such as floating sand parti-
cles, explosive cloth behavior, and interpenetration for long rollouts,
whereas our model maintains stable simulations that closely match
the ground truth.

Table 1. Accuracy and inference cost on test sets. Auto-regressive rollout
MSE for particle positions and velocities, averaged over particles, frames, and
test sequences. DOF: degrees of freedom. Throughput is reported in frames/s;
per-step compute cost is in TFLOPs. All measurements are conducted on a
single NVIDIA A100 GPU (80 GB VRAM).

Metric Fluid Cloth Sand Non-Newt. Elastic Protein
# of Frames 600 90 100 250 100 100
DOFs 42,120 29,400 60,000 60,000 52,542 61,884
Pos. Error (x1073) 516.585 0.077 0.054 0.706 0.158 0.001
Vel. Error (x1073) 263.149 0.454 1.442 1.760 3.530 0.092

Speed (frames/s) 16.176 24.050 11.500 11.168 11.708  14.695
Cost (TFLOP/step) 1.323  0.923 1.886 1.886 1.651 0.944

We attribute the improvement to three design choices. First, the
prediction-correction decomposition factors out known external
forces, so the learned corrector handles only inter-particle interac-
tions. This separation also enables generalization to unseen force
configurations at inference time. Second, the particle tokenizer cap-
tures fine-grained local interactions, while the super-token encoder
and decoder provide global communication through self-attention
and cross-attention; baselines typically offer one scale, requiring



WorldParticle: Unified World Simulation of Lagrangian Particle Dynamics via Transformer « 7

either many message-passing steps for long-range effects or sacrific-
ing local detail. Third, progressive token merging supplies multigrid-
like multi-resolution processing, resolving both fine contact details
and long-range pressure or stress coupling simultaneously.

4.2 Generalization

We evaluate generalization along four axes: unseen initial and
boundary conditions, long rollouts beyond the training horizon,
unseen geometries, and unseen particle sampling densities. The ar-
chitecture is designed to support: super tokens are generated from
the current particle state at every timestep; the tokenizer uses rela-
tive displacements, making the model translation-equivariant; ma-
terial parameters enter as per-particle attributes; and the prediction-
correction separation factors out known external forces so the cor-
rector learns transferable interaction patterns.

Initial and boundary conditions. Fig. 8 shows two sequences from
the dataset of [Ummenhofer et al. 2020]. The first row is a training
sequence whose initial fluid configuration is the closest match to
the test case in the second row; despite this proximity, the fluid
volume, container geometry, and obstacle placement all differ sub-
stantially (highlighted in orange). Our 800-frame rollout on the test
case remains stable and closely tracks the ground truth, capturing
splash patterns, fluid-obstacle interaction, and the long-term set-
tling behavior, demonstrating generalization capabilities to unseen
boundary and initial conditions.

Long rollouts. Fig. 7 shows a cloth-twisting experiment where
boundary vertices are driven by external torques of varying mag-
nitudes. The model was trained on 200-frame sequences but tested
here at 250 frames, requiring extrapolation beyond its training hori-
zon. The cloth continues to accumulate twist without diverging, col-
lapsing, or developing interpenetration, producing coherent wind-
ing motion. Long-horizon stability is a known difficulty for auto-
regressive neural simulators as errors compound; the prediction-
correction decomposition helps by providing a consistent interme-
diate state from the predictor before the corrector is applied.

Geometries. As shown in Fig. 4, the tiger-shaped sand pile never
appeared in the training set, which contains only simple shapes such
as cylinders and boxes, yet our model stably predicts its collapse
with plausible granular flow and pile spreading. This suggests the
model learns local interaction rules rather than memorizing shape-
specific trajectories, so it transfers to novel geometries whose local
particle neighborhoods remain within the training distribution. The
same observation holds for the cloth category, where test meshes
with unseen vertex counts and aspect ratios produce stable rollouts.

Particle sampling density. Fig. 12 tests the fluid model, trained
on approximately 7,000 particles, with altered initial arrangements
and increased particle counts at higher resolutions. Rollouts remain
stable across all tested densities. This robustness follows from the
use of relative displacements in the tokenizer, which depend on
inter-particle distance, allowing the model to process denser or
sparser configurations than seen during training.

=65

Frame:

=400

Frame:

w/o Local
Communication

w/o Global
Communication

QOurs

Fig. 5. Ablation on local and global communication. Three variants
on the fluid task: w/o the super-token encoder-decoder (local only), w/o
the tokenizer’s neighborhood branches (global only), and the full model.
Removing either component degrades rollout quality.

4.3 Ablation Studies

The ablations below isolate two core design choices: the interplay
between local tokenization and global super-token communication,
and the physics-informed regularization loss.

Local and global communication. We examine the effect of local
and global communication on the fluid task. The local-only model
removes the super-token encoder and decoder and predicts the cor-
rection quantity from particle tokens alone, reducing to the Deep
Lagrangian approach [Ummenhofer et al. 2020] without multi-level
information exchange. The global-only model removes the neighbor-
hood aggregation branches in the tokenizer, so each token encodes
only the single particle under consideration rather than summariz-
ing information from a local neighborhood, and embeds positions
and velocities directly into token space. As shown in Fig. 5, the
local-only model fails to propagate long-range pressure information,
while the global-only model loses fine-grained particle interactions
and accumulates error over time. The full model, combining both
pathways, produces the most accurate rollouts.

Physical regularization. We

test the effect of adding a Metric

w/o -Ediv w/ Ldiv

divergence-free regularizer Pos.Loss  0.517 0.535
Lgiv to Lphys on the fluid Vel. Loss 0.263 0.292
task (Fig. 4). The divergence Laiv 0.015 0.008

is computed using the stan-
dard SPH estimator with the same kernel used by the DFSPH ref-
erence solver [Bender and Koschier 2015], applied to the predicted
particle positions and velocities at each rollout step. The inset table
reports rollout position and velocity MSE alongside the divergence
residual. Adding Lg;, reduces the divergence error while main-
taining comparable trajectory accuracy. We also ablate network
hyperparameters and architectural choices on the cloth task (Fig. 4);
full results are reported in the appendix.

4.4  Applications

Our architecture unlocks various downstream applications: the pre-
dictor’s explicit external-force integration (Eq. 1) enables general-
ization to unseen force configurations for interactive control; the
differentiable neural corrector enables gradient-based optimization
of physical parameters for inverse design; and the generic particle
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representation allows training on real-world point-cloud observa-
tions. Fast single-GPU inference makes these applications practical.

Interactive Control. Because the prediction step explicitly inte-
grates external forces, the model generalizes to force configurations
not seen during training. Combined with fast inference, this enables
interactive applications. As shown in Fig. 10, we build a real-time
interface using Polyscope [Sharp et al. 2019] where users apply
forces of arbitrary direction, location, and magnitude.

Inverse Design. Since gradients can be backpropagated through
the neural rollout, we can optimize physical parameters by back-
propagating through auto-regressive rollouts. We consider a setting
where a duck-shaped inflatable mesh slides down a ramp and glides
along the ground; the goal is to recover the friction coefficient y that
brings the duck to rest at a prescribed target location. We freeze the
trained model and optimize y alone via gradient descent through the
rollout. Fig. 13 compares trajectories under the initial and optimized
friction values alongside the optimization curve: the recovered p
places the duck at the target, and the loss converges smoothly.

Learning from Real-World Data. Since our model operates on par-
ticle representations, we can train it directly on real-world point
cloud observations without a classical simulator. Fig. 11 shows three
manipulation sequences from PhysTwin [Jiang et al. 2025], compar-
ing real-world observations with our model’s predicted trajectories.
The predicted rollouts qualitatively match the observed motion.

5 Conclusion and Discussion

We presented a prediction-correction particle transformer for La-
grangian dynamics, trained on cloth, elastic solids, Newtonian and
non-Newtonian fluids, granular materials, and molecular dynam-
ics. The architecture combines local particle tokenization with a
super-token encoder-decoder, capturing both local interactions and
global coupling within a single fixed architecture. The key design
choice is that super tokens are constructed from the full dynamical
state at every timestep, making the global communication input-
dependent rather than tied to a fixed basis or geometry. The model
generalizes to unseen materials, boundary configurations, initial
conditions, and external forces, and supports downstream tasks
including interactive control, inverse design, and learning from
real-world observations.

Several directions remain for future work. The main limitation
is memory: the first encoder layer applies self-attention at full par-
ticle resolution, currently supporting up to approximately 50,000
particles on a single 80GB A100 GPU. Memory-efficient attention
variants such as sparse attention [Child et al. 2019] could extend
this budget to larger scenes. We currently train one parameter set
per dynamics category; training a single model with shared weights
across all categories would move from a unified architecture to a
unified model, though scaling to the combined data volume and
maintaining per-category accuracy will pose additional challenges.
Extending the per-particle attribute to include quantities such as
temperature or strain history would broaden the range of address-
able phenomena, and tighter integration with differentiable recon-
struction pipelines [Hafner et al. 2023] could further close the gap
between learned simulation and real-world deployment.
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Fig. 6. Side-chain rotation prediction on proteins 1a62_A and 16pk_A.
Starting from different initial conformations (orange), the model predicts
side-chain rotational dynamics (blue) at 50 fs timesteps, 100% larger than
the 0.5 fs steps used in traditional simulations.
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Fig. 7. Long rollouts and unseen actuation. Cloth-twisting sequences
under actuation strengths not seen during training. The model remains
stable up to 250 frames, beyond the 200-frame training horizon.
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Fig. 8. Generalization to unseen initial and boundary conditions. First
row: the training sequence whose initial configuration is closest to the test
case in the second row. Orange boxes highlight differences in fluid volume
and container geometry. Despite substantial differences, the model produces
a stable 800-frame rollout that closely tracks the ground truth.
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Fig.9. Ablation on particle-boundary interaction. Fluid rollouts without
(top) and with (bottom) the boundary branch of the particle tokenizer.
Without boundary features, the model produces penetration.
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Fig. 10. Interactive force control. Left: user-specified force parameters
(application region, direction, and duration). Right: three examples of the

resulting model rollouts under forces not seen during training.
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Fig. 11. Real-world manipulation. Predictions on three tasks from Phys-
Twin [Jiang et al. 2025]: lifting cloth, stretching a zebra toy, and folding
rope. Each subfigure: real-world observation (left) and predicted particle
trajectories (right).
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Fig. 12. Generalization to particle sampling density. The fluid model,
trained on approximately 7k particles, produces stable rollouts under altered
initial particle arrangements (7k) and increased particle counts (8k, 9k).
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Fig. 13. Inverse design. Left: forward rollout under the initial friction
guess (top) and the optimized friction (bottom). Right: design objective
and recovered friction coefficient over optimization iterations.
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Fig. 14. Cross-attention decoder vs. trace-source decoder. (a) Training
loss of two diagnostic probes attached to the same frozen super-token
encoder. The cross-attention probe achieves lower position and velocity
errors than the trace-source probe. (b) Influence maps for the two probes:
warmer colors indicate stronger influence. The trace-source decoder shows
primarily local support, while the cross-attention decoder captures non-
local, motion-aware coupling.
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Fig. 15. Baseline comparison on fluid, cloth, and sand. Rollout se-
quences for DeeplLagrangian [Ummenhofer et al. 2020], GNS [Sanchez-
Gonzalez et al. 2020], Neural Operator [Li et al. 2021; Viswanath et al. 2024],
and our model, compared against ground truth (GT). Reported errors are
auto-regressive rollout MSE for position and velocity, averaged over parti-
cles, frames, and test sequences.
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Fig. 16. Decoder attention patterns. (a) Influence maps of selected super
tokens on particles at two frames across 8 decoder layers; warmer colors
indicate stronger influence. Each super token affects spatially distributed
particles, reflecting global coupling. (b) Cross-attention heat maps from
decoder layers 1, 3, and 8 (rows: super tokens, columns: particles). Horizontal
high-response bands indicate that super tokens induce globally coupled
updates across many particles. Experiment uses the non-Newtonian model
from Fig. 4.
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A Method Details
A.1 Learnable Kernel for Particle Tokenizer

For branch k € {s, B, T}, the kernel Wy is parameterized by a learn-
able 3D lattice
O € RGxGxchi’;xc’C

out
>

where each vertex stores a Ci’; ><CZ§Ht mixing matrix and G is the lattice
resolution per axis. Given relative displacement rlkj with ||rlkj || < Re
(zero otherwise), we normalize to grid coordinates:

£ =226 - 1),

f*{“j = rfj/Rk, d e {x,y,z},

and evaluate Wy by trilinear interpolation over the eight enclosing
lattice vertices:

We(rf) = > ws(t) Oln+ 8], (1)
5e{0,1}3

os® = [ (Sata+(1-80)(1~ta)), (12)
de{x,y,z}

wheren = | £],t = £€—n,and O [n+3J] is the mixing matrix at lattice
corner n+ 8. The resulting kernel is continuous and piecewise linear
inside the support radius Ri. Each neighbor contributes Wy (rlkj) uf.‘j,

and the branch output is a* = ¥, JeNK Wk(",kj) uf‘j

A.2  Model Specification

The particle tokenizer uses three neighborhood branches with ker-
nels on a 4 X 4 X 4 learnable lattice at base width 384. The spa-
tial and topology-guided branches are concatenated as two 192-
channel streams, the boundary branch contributes 384 channels,
and the particle self-feature branch contributes 384 channels, yield-
ing h; € R11%2,

The super-token encoder applies L, = 6 layers of self-attention
and token merging at width 1152, with 16 attention heads (head
dimension 72) and bipartite merging (k = 2). 3D RoPE with ro-
tary dimension 72 is applied at every layer using current token
coordinates.

The super-token decoder uses L; = 8 layers, each consisting of
cross-attention (particle queries, super-token keys/values), particle
self-attention, and a feed-forward network, at width 1152 with 12
heads (head dimension 96), FEN hidden width 512, and dropout
0.1. 3D RoPE with rotary dimension 48 is applied in both cross-
attention and self-attention, using particle positions for queries and
super-token positions for keys.

The final prediction head maps HéLd) to (Ax;, Av;) € R through
a five-layer MLP (1152 — 512 — 512 — 512 — 512 — 6), where the
first four layers use Linear+ReLU+LayerNorm and the last is linear
without activation.

The parameter count by module: tokenizer 249,600; super-token
encoder 55,842,060; super-token decoder 99,255,296; prediction head
1,385,478; total 156,732,450.

B Experiment Details
B.1 Training Details

We train with AdamW [Loshchilov and Hutter 2019] (f; = 0.9, f, =
0.999, weight decay 5 x 1074, base learning rate 1 X 10™*). Training
uses 8 NVIDIA A100 GPUs (80 GB each) with FlashAttention-2 [Dao

2024]. The learning rate follows a linear warmup over the first
8,000 steps (start factor 0.01), then cosine annealing over 400,000
steps to 5 x 107%. Batch size is 1; the number of epochs varies by
category. One model is trained per dynamics category, shared across
all systems within that category.

B.2 Main Results

Newtonian Fluids. We simulate dam-break dynamics in a con-
tainer of size 4 X 2 X 2 (x € [-2, 2], y,z € [-1, 1]), where fluid
interacts with two fixed rigid bodies: a boat and an island. Each
sequence uses randomized fluid viscosity v € [4.0x1073, 4.0x1072]
and is simulated for 600 frames at At = 0.01 s using DFSPH [Bender
and Koschier 2015] in SPlisHSPlasH [Bender et al. [n. d.]]. The boat
and island rotations around the y-axis are randomized; the boat
centroid is sampled in x, z € [—0.3, 0.3], y € [0.38, 0.45]; the island
centroid is sampled in x € [0.8, 1.2], z € [-0.3, 0.3] with fixed
y = 0.45.

Per-particle attributes C consist of the normalized viscosity v =
(v - )/ (o, +1078), where 1, and o, are the mean and standard
deviation across sequences. Boundary particles (X®, C®) are sam-
pled from the surfaces of the container walls (54,000 samples), boat
(3,000), and island (3,000), with outward surface normals as bound-
ary attributes C®. The dataset contains 200 sequences, split into 160
training, 20 validation, and 20 test.

Cloth. A triangular cloth mesh with 4,900 vertices falls onto a
fixed sphere (radius 0.3, center height 0.3) above a ground plane at
height —0.01, released from height 0.62. For each sequence, Young’s
modulus E € [1.0 x 10%, 2.0 x 10°] and density p € [100, 400] are
randomized. Stiff-GIPC [Huang et al. 2024, 2025] generates 90-frame
trajectories at At = 0.02s.

Each cloth vertex is treated as a simulated particle. Per-particle
attributes C consist of the normalized (E, p) repeated across all
vertices. The topology 7 is the initial triangular mesh connectivity.
Boundary particles (X®, C?) are sampled from the sphere surface
(5,000 samples) and ground plane (5,000), with outward normals as
C". The dataset contains 200 sequences, split into 160 training, 20
validation, and 20 test.

Granular Sand. Sand piles are dropped onto a rigid ground plane,
simulated with MPM [Stomakhin et al. 2013] in NVIDIA New-
ton [Contributors 2025]. Each sequence is initialized from one of
20 predefined mesh geometries, with the interior voxel-sampled
into 10,000 particles. The internal friction coefficient is random-
ized within p € [0.20, 1.00]; other parameters are fixed at density
p = 1000, Young’s modulus E = 1.0 X 10", and Poisson’s ratio
v =0.3. The ground plane has friction y; = 0.5. Each sequence runs
for 400 steps at At = 0.005 with 2 substeps per step.

Per-particle attributes C consist of the normalized particle radius
7 and normalized internal friction fi, each standardized by mean and
standard deviation across sequences. Boundary particles (X®, C®)
are 5,000 samples on the ground plane with upward-pointing nor-
mals as C®. The dataset contains 400 sequences, split into 360 train-
ing, 20 validation, and 20 test.

Non-Newtonian Fluids. A non-Newtonian fluid flows over a sloped
rigid surface, simulated with MPM [Stomakhin et al. 2013] in NVIDIA
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Newton [Contributors 2025]. Fluid particles are uniformly sampled
within one of 10 predefined mesh geometries and released from
height z = 0.2. The slope angle is randomized as 6 € [0°, 6°], with
0° and 6° guaranteed for each geometry and remaining angles sam-
pled from the same range. Material parameters are randomized per
sequence: Young’s modulus E € [9, 15] and damping d € [60, 90].
Slope friction is fixed at 0.5. Each sequence runs for 250 frames at
At =0.01s.

Per-particle attributes C consist of normalized Young’s modulus
E=0.2(E-7)-1and damping d= 0.04(d—50) —1, replicated across
all particles. Boundary particles (X®, C®) are 5,000 samples on the
sloped ground with surface normals as C®. The dataset contains 400
sequences, split into 360 training, 20 validation, and 20 test.

Elastic Solids. Elastic objects interact with a rigid sloped ground
(10°), simulated with VBD [Chen et al. 2024] in NVIDIA New-
ton [Contributors 2025]. Each sequence uses one of 10 tetrahedral-
ized assets with randomized initial rotation and zero initial velocity.
Material parameters are fixed at Young’s modulus E = 6.5 x 10° and
Poisson’s ratio v = 0.3. Trajectories are 160 frames at At = 0.005 s
with 80 substeps per frame and 150 VBD iterations per substep.

Each tetrahedral vertex is a simulated particle. Per-particle at-
tributes C consist of normalized (E, 7) replicated across all vertices.
The topology 7 is the tetrahedral mesh connectivity. Boundary par-
ticles (X®, C?) are 5,000 samples on the sloped ground with surface
normals as C®. The dataset contains 400 sequences, split into 360
training, 20 validation, and 20 test.

Proteins. Molecular dynamics of proteins requires extremely small
timesteps (e.g., 0.5 fs) due to stiff interatomic potentials, while bio-
logically meaningful events such as side-chain rotations and folding
occur on microsecond to millisecond timescales. Our model oper-
ates as a one-step predictor at a fixed coarser At, enabling rapid
exploration of conformational changes without prohibitively long
conventional simulations.

We generate trajectories for proteins 1a62_A (~2k atoms) and
16pk_A (~6k atoms) from the ATLAS dataset [Vander Meersche
et al. 2024] using OpenMM [Eastman et al. 2023]. For each run,
we first equilibrate in implicit solvent (AMBER14 + OBC1) using
a Langevin integrator at 300K, friction y = 1.0 ps™!, and timestep
0.5 fs for 50,000 steps. From the equilibrated candidates, we select
the initial state whose total energy is closest to the median among
states satisfying |Ex — E|/|E| < 0.01, where E is the mean energy
over all candidates sampled every 10 steps.

Starting from the selected state, we run Hamiltonian dynamics
in vacuum with the amber14-all force field using Velocity Verlet
at 0.5 fs. Each rollout contains 10,000 integration steps, with states
recorded every 100 steps, yielding trajectories of length 100. The
governing equations are Hamilton’s equations:

_oH

llpill® ) oH
H(x,p)= > L 4+ U(x), 6 = —, =-22. (13
Cop) =) g UG B=Gl =l (19
Per-atom attributes are ¢; = [m;, 7;], where m; is the atomic mass
and 7; € {0,...,5} is the element-type index (C,H,O,N, S,P > 0:5).
Topology 7~ and boundary particles (X®, C®) are not used for this

category. We repeat the procedure for 1,000 independent runs per

protein, each with a different initial state, and split into 800 training,
100 validation, and 100 test trajectories.

B.3 Generalization

Initial and boundary conditions. We use the dataset released by [Um-
menhofer et al. 2020]. Each sequence selects one of 10 box-shaped
containers and initializes 1, 2, or 3 fluid bodies with randomized
scales, orientations, and initial velocities, following the original
data-generation protocol. Sequences are 800 frames at At = 0.02s.

Each SPH particle is a simulated particle. Per-particle attributes C
consist of mass m = 0.125 and viscosity v = 0.01. Boundary particles
(X®,C®) are sampled from the container surfaces with outward
normals as C®.

Long rollouts. We simulate boundary-driven cloth twisting. Each
sequence uses a triangulated square cloth at one of three resolutions
(40%x 40, 50%50, or 60x60 vertices). The boundary rotation-speed
scale is randomized from [ £, 2]: forces are applied to two opposite
boundary strips to induce counter-rotational motion, with larger
angular velocity corresponding to stronger applied force. Initial
velocity is zero. Trajectories are simulated using VBD [Chen et al.
2024] in NVIDIA Newton [Contributors 2025] with 4 iterations
per substep, producing 250-frame sequences at At = % s with 10
substeps per frame.

Each cloth vertex is a simulated particle. Per-particle attributes
C consist of per-vertex mass. The topology 7 is the triangular
mesh connectivity. Boundary particles (X®, C?) are the two actu-
ated boundary strips, with direction features encoding the applied
twisting action. The model is trained on the first 200 frames and
evaluated with auto-regressive rollout up to 250 frames.

B.4 Ablation Studies

All models in this section are trained for 6 epochs, and the check-
point with the lowest validation loss (auto-regressive rollout loss on
the validation set) is selected. The default configuration uses train-
ing rollout horizon 5, spatial neighborhood radius Ry = 0.007, token
embedding dimension 384, and encoder/decoder layers L. /Ly = 6/8;
its results are reported in Tab. 3 for reference.

Training rollout horizon. We vary the rollout horizon in {2, 3,4, 6}
while keeping all other settings fixed. As reported in Tab. 2, longer
rollouts provide stronger long-horizon supervision and reduce cu-
mulative errors, at the cost of increased training time and memory.

Spatial neighborhood radius. The radius R, defines the support of
the spatial branch in the particle tokenizer, controlling each parti-
cle’slocal interaction range. We vary R, € {0.002, 0.015, 0.030} with
other settings fixed. As shown in Tab. 2, a very small radius limits
neighborhood coverage and degrades local interaction modeling.
Increasing Ry improves rollout stability but increases the number of
neighbors per particle and thus computational cost.

Token embedding dimension. We vary the embedding dimension
while keeping L./L; = 6/8 fixed. As shown in Tab. 3, increasing
dimensionality initially reduces rollout error by providing greater
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Table 2. Hyperparameter ablation. Effect of training rollout horizon and
spatial neighborhood radius Rs on the cloth task. Position and velocity
errors are rollout MSE (><10’4), averaged over particles, frames, and test
sequences. Peak Mem.: per-GPU peak training memory. Time/Epoch: single-
GPU wall-clock time.

Variant Peak Mem. (GB) Time/Ep. (h) Pos. MSE Vel. MSE
Rollout horizon
2 6.89 0.92 57.43 94.05
3 11.37 1.74 5.058 13.18
4 15.86 2.57 1.816 4.673
6 20.34 3.36 0.652 2.424
Spatial radius R
0.002 20.34 3.29 0.944 3.289
0.015 20.35 3.52 0.701 2.018
0.030 20.41 4.10 0.404 1.062

Table 3. Architectural ablation. Effect of decoder composition, token
embedding dimension, and encoder/decoder layer allocation on the cloth
task. Position and velocity errors are rollout MSE (x10~*%), averaged over
particles, frames, and test sequences. Peak Mem.: per-GPU peak training
memory. Time/Ep.: single-GPU wall-clock time.

Variant Peak Mem. (GB)  Time/Ep. (h)  Pos. MSE  Vel. MSE
Decoder composition
Full (default) 20.33 3.35 0.831 3.058
w/o self-attn 12.17 2.39 10.50 23.48
w/o FEN 17.03 3.17 1.309 3.874
w/o self-attn & FFN 8.77 2.24 14.10 31.44
Embedding dimension
192 10.19 1.88 1.006 3.054
256 14.04 2.17 0.817 2.664
384 (default) 20.35 3.36 0.831 3.058
512 27.73 4.75 0.907 2.472
Layer allocation (Le /Lg)
4/10 24.21 3.70 10.26 26.14
6/ 8 (default) 20.33 3.35 0.831 3.058
8/6 16.41 3.02 11.23 27.92
10/ 4 18.36 3.19 20.01 41.33

representational capacity. Beyond a certain width, however, perfor-
mance degrades, likely due to overfitting at fixed data and training
budget. Wider tokens also increase computational cost.

Layer configuration. We ablate the decoder block composition
and the allocation of layers between encoder and decoder. Remov-
ing self-attention or the feed-forward network from the decoder
block reduces cost but increases rollout error, confirming that both
components contribute to the decoder’s capacity. We then vary the
encoder-decoder depth split while keeping the total layer count
fixed. Allocating too few layers to the encoder yields higher error
due to insufficient token coarsening, while a shallow decoder lim-
its the model’s ability to transfer super-token information back to
particle resolution.

Interactive Control. Young’s modulus E € [1.0 X 10%, 3.5 X 10%]
and Poisson’s ratio v € [0.24, 0.40] are randomized per sequence.
External forces with magnitude ||F|| € [0.7, 1.6] are applied in
the positive x half-plane, with direction, temporal window ([10, 30]

frames), and application region randomized. The force region is an el-
lipsoidal surface patch centered at an anchor sampled in normalized
bounding-box coordinates (ay, ary, a;) € [0.18, 0.82] x[0.80, 0.98] x
[0.18, 0.82], with patch radius in [0.10, 0.18]. Surface vertices below
the anchor y-coordinate are pinned. Each sequence is 100 frames at
At =1/60 s with 10 substeps per frame, simulated with VBD [Chen
et al. 2024] in NVIDIA Newton [Contributors 2025]. We use 20
meshes with 20 sequences each, totaling 400 training trajectories.

Each tetrahedral vertex except pinned surface points is a simu-
lated particle. Per-particle attributes C consist of normalized (E, 7)
replicated across all vertices. The topology 7 is the tetrahedral mesh
connectivity. Boundary particles (X®, C®) are the pinned surface
points with outward normals as C®.

Inverse Design. We define the body particles at the final frame as
B ={i| zr;(u) < 0.2} and compute their mean terminal x-position:

1
s(p) = — > xri(p).
I8l ieB
The design objective minimizes the squared distance to a target stop
position x* = 0.92:

E(p) = (s(w) —x*)%. (149)
Gradients with respect to the friction coefficient y are obtained by
backpropagating through the full rollout. The coefficient is updated
via gradient descent and mapped through a sigmoid to remain in a
physically plausible range.

Training data consists of 10 sequences simulated with VBD [Chen
etal. 2024] in NVIDIA Newton [Contributors 2025], varying only the
friction coefficient y € [0.20, 0.40] over 10 uniformly spaced values.
Other parameters are fixed: density p = 1200, Young’s modulus
E = 8.0 X 10%, Poisson’s ratio v = 0.3, and damping d = 0.004. Each
sequence is 99 rollout steps at At = 0.02s with 50 substeps per
frame; we subsample every fifth exported frame.

Per-particle attributes C consist of the friction coefficient y, shared
across all particles in a sequence. The topology 7 is the tetrahedral
mesh connectivity. Boundary particles (X®, C®) are sampled from
the ramp (10,000 points) and ground plane (10,000 points), with
outward normals as C®.
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