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Abstract

Graph neural networks (GNNs) have emerged as a ver-
satile and efficient option for modeling the dynamic behav-
ior of deformable materials. While GNNs generalize read-
ily to arbitrary shapes, mesh topologies, and material pa-
rameters, existing architectures struggle to correctly pre-
dict the temporal evolution of key physical quantities such
as linear and angular momentum. In this work, we pro-
pose MomentumGNN—a novel architecture designed to ac-
curately track momentum by construction. Unlike existing
GNNs that output unconstrained nodal accelerations, our
model predicts per-edge stretching and bending impulses
which guarantee the preservation of linear and angular mo-
mentum. We train our network in an unsupervised fashion
using a physics-based loss, and we show that our method
outperforms baselines in a number of common scenarios
where momentum plays a pivotal role.

1. Introduction

Simulating the dynamics of deformable materials is a long-
standing research problem in computer graphics and engi-
neering [0, 8, 20, 25, 42]. The applications range from video
games and animated movies to soft robotics, surgery train-
ing, and packaging design. Although established simulation
methods based on, e.g., finite elements are robust, versatile,
and accurate, the deep learning breakthrough led to the rise
of (neural) surrogate models with the goal of learning and
replacing computationally expensive physics-based simu-
lations. By learning the mapping between external forces
or constraints and resulting deformations, these surrogate
models can offer substantial speedups while maintaining
physical plausibility.

Among the various neural architectures, graph neural
networks (GNNs) stand out for their ability to model com-
plex physical systems. A landmark work in this area is
MeshGraphNets [30], which introduced the use of GNNs
for deformable object simulation via an encode-process-
decode architecture that takes a simulation mesh as input

Figure 1. Simulation of a basket-shooting scene, where accurate
modeling of momentum plays a crucial role. Our neural simulation
method, MomentumGNN, accurately reproduces the momentum
evolution from a ground truth simulation, leading to a scored shot.
(More details in Fig. 9)

and predicts nodal accelerations. This framework has since
inspired a range of follow-up studies demonstrating com-
pelling results in cloth simulation [21], garment model-
ing [14, 15], and character animation [46]. Despite their
promise, existing graph-based approaches often struggle to
conserve fundamental physical quantities, most notably mo-
mentum, because of their reliance on implicit, data-driven
learning. They typically approximate physical dynamics by
observation data without explicitly enforcing physical con-
straints. As a result, they exhibit non-physical behaviors
such as drift and unnatural spin, which is particularly prob-
lematic in tasks involving free motion and collisions, where
accurate momentum conservation is crucial for realism and
reliability.

To address these limitations, we propose a novel GNN
architecture that enforces physically-correct momentum
evolution by design. Our main insight is to decompose
momentum changes into contributions from external non-
conservative forces, and those arising from internal elastic
forces that conserve momentum. Our network then predicts



corrective impulses that conserve momentum, effectively
refining the state produced by the momentum step. Specifi-
cally, we modify MeshGraphNets by replacing per-vertex
decoders by per-edge decoders that predict momentum-
conserving bending and stretching impulses. One key com-
ponent is a novel layer-by-layer architecture that sequen-
tially updates vertex positions using momentum-conserving
impulses at each network layer, enabling greater representa-
tional capacity and improved physical fidelity. Briefly, our
main contributions are:
* A physics-aware graph neural network that conserves the
momentum by working on per-edge impulses.
* A layer-by-layer architecture in which each network
layer sequentially updates vertex positions through
momentum-conserving impulses.

2. Related Work

Neural Simulation Unlike traditional machine learning
problems where inputs and outputs, e.g., images, are uni-
form in size and regularly structured, deformable object
simulations have variable numbers of vertices and are
highly complex in connectivity. One potential solution is
to infer node-wise corrections to pre-computed linear nodal
displacements [22]. Another strategy is model reduction
[10, 33]. where neural networks encode mesh to a reduced-
size latent embedding, which speeds up numerical simula-
tions. More recent improvements involve the use of higher-
order derivatives [40] and self-supervised physics-based en-
ergy loss [39, 44].

Neural methods have received particular attention in
cloth simulation [9]. In the specific domain of garments,
clothes are encoded as displacement offsets from the body
[2]. To combat over-smoothing artifacts, various methods
are proposed, such as decomposition of low-frequency de-
formations into high-frequency details [29] and wrinkles
with coarse meshes [19]. Other recent methods [3, 4] fur-
ther exploit the parameterization of body objects and take
advantage of the well-established SMPL parameterization
and Pose Space Deformation (PSD). SNUG [37] and Neu-
ral Cloth Simulation (NCS) [5] extend single-frame predic-
tion to a continuous dynamics by embedding recurrent units
into the network.

GNNs Despite impressive results, aforementioned mod-
els are limited in generalization ability. They are either sub-
ject to a fixed topology or rely on body parameterizations,
which restrict them from broader applications in arbitrary
shapes and dynamic topology changes. To resolve these
drawbacks, mesh-based neural methods using graph neural
networks (GNN) have become increasingly popular.

Graph Networks (GN) [34] were initially proposed for
rigid systems in skeleton robotics. They were further ex-
tended to an encode-process-decode architecture for general

fluid particle systems [36]. Arguably, the most important
work in mesh-based methods is MeshGraphNets [30], as it
inaugurates mesh-based methods in deformable objects. It
borrows the encode-process-decode ideas and upgrades GN
blocks with residual connections. It has shown stunning
results in modeling the cloth dynamics in the wind and sim-
ple collisions. Later works in this area are derived mostly
from MeshGraphNets, where they add random edge con-
nections [12] or construct hierarchical U-net-like graph ar-
chitectures [12, 14] to facilitate long-distance propagation,
followed by further improvements in multi-layer collision
handling in garments [15]. MeshGraphNetRP [21] further-
more adds RNN-based state encoding to reproduce cloth os-
cillations. Deep Emulator [46] applies mesh-based simula-
tion to improve cage-based deformations of animated char-
acters, where they use GNNs to predict the secondary dy-
namics of cages surrounding the character. Compared with
existing mesh-based methods, our work focuses on a differ-
ent objective, i.e., momentum conservation.

Physics-Inspired Networks Initial explorations into
leveraging neural networks to accelerate physical simula-
tion can be traced back to the 1990s [17]. More recently, the
emergence and widespread adoption of physics-informed
neural networks (PINN) [32] in solving partial differential
equations (PDEs) have reignited significant interest in this
domain. The resurgence has been particularly impactful
in computational fluid dynamics (CFD), enabling advances
such as surface pressure fields estimation [18], solutions
to the Reynolds-Averaged Navier—Stokes equations [43],
the acceleration of traditional turbulence solvers [27], and
interactive aerodynamics design tools [1]. Concurrently,
there is another line of research in approximating energy-
like quantities such as Hamiltonian [13] and Lagrangian
[23] by neural networks. They are further improved with
graph neural networks [35] and decompositions of dissipa-
tive and conservative dynamics [41]. Unlike prior methods
that emphasize PDEs and energy conservation, we focus on
momentum conservation. Although recent studies consider
momentum-conserving dynamics for fluids [31] and multi-
body particles [38], these approaches do not readily extend
to solid and cloth systems governed by elastic potentials.
We propose specialized stretching and bending impulses to
handle these settings.

3. Background

Our work builds on MeshGraphNets, a mesh-based graph
neural network (GNN) architecture trained to predict the
dynamics of deformable materials. It implements an
Encode-Process-Decode design: starting from the current
configuration (e.g., vertex positions and velocities), per-
vertex input features are passed through an MLP encoder, a
GNN processor, and an MLP decoder to produce per-vertex



accelerations. These accelerations are then integrated in
time to obtain the vertex positions at the end of the time
step. We explain each component in the following para-
graphs.

Input graph The input graph G;, = (V,E) is con-
structed from the initial simulation mesh M°. A graph
node x; is created for every mesh vertex, and a bidirectional
graph edge e = (e;5,ej;) is added for every mesh edge.
Furthermore, each node is endowed with a vertex feature r;
and every graph edge is given two edges features, s;; and
S;4, corresponding to the two uni-directional edges, respec-
tively.

Encoder The encoder includes a node MLP and an edge
MLP, which take the input graph and lift input features such
as vertex velocity and edge length to a higher-dimensional
latent space.

Processor The processor is composed of n; message
passing layers of graph network blocks [34]. Each layer
learns a separate set of parameters and is applied sequen-
tially to propagate information in local neighborhoods. The
message passing begins by computing messages m;; for ev-
ery edge e;; by an edge MLP fedee,

m;; < %% (s, 1,15) (D

where r; and r; are the vertex features of the two nodes
belonging to edge e;;. With all messages computed in this
way, node and edge features are then updated as,

Sij < Si; +my; , )
v+ N, Y omy) 3)
JEN;

where the vertex MLP fverte agoregates incoming edge
messages with vertex features. Each layer in the proces-
sor block corresponds to a single message passing step. It
is worth noting that, for a given message passing step, all
vertex and edge features are processed with the same vertex
and edge MLP, respectively. However, every layer has its
own vertex and edge MLP.

Decoder After a given number of message passing steps,
the vertex features from the last layer are passed into a
decoder MLP which returns per-vertex accelerations a =
(a,... ,a|V|)T. These accelerations are then integrated in
time to obtain updated positions,

x = xt + Atv? + At?a, @)
from which velocities are updated using finite differences,
1

Kt(xi+1 _ Xi) ) (5)

Vz+1 —

Training The MeshGraphNets architecture outlined
above can be trained in a supervised way using curated
simulation data [30]. As shown by Grigorev et al. [14],
MeshGraphNets can also be trained in a self-supervised
way when using a loss function that directly encodes the
governing physics. Using the optimization-based formu-
lation of implicit Euler [26] as a basis, the per-time-step
potential is defined as

1
Eg(x) = §AVTMAV + By (x) +fL.x,  (6)

where Av = ﬁ(x — X;) — v;, M is the mass matrix, Fipn¢
is the internal elastic energy, and f..; denotes external (i.e.,
non-conservative) forces. Each minimizer of this potential,
i+l _ :
x'"" = argmin Eg(x), @)
X

is a solution to the implicit Euler equations. Total loss is
defined as the sum of per-step losses over all samples in the
corresponding training set.

Discussion Regardless of the training strategy, existing
MeshGraphNets architectures output per-vertex accelera-
tions. Since these accelerations have no a priori restrictions,
they can induce arbitrary momentum changes. Our exper-
iments show that spurious momentum changes are a gen-
eral problem with existing MeshGraphNets architectures,
particularly noticeable for ballistic motions. We conjec-
ture that the reason for this nonphysical behavior is the fact
that learning the relationship between vertex accelerations
and global orientation of the system would require a dense
sampling of rotational transformations and thus lead to ex-
cessive amounts of data. We propose a method that avoids
this problem by restricting accelerations to the momentum-
conserving subset by construction.

4. Method

The goal of our work is to develop a GNN architecture that
accurately predicts the temporal evolution of linear and an-
gular momentum. We start by separating discrete time steps
into momentum-changing and momentum-conserving sub-
steps (Sec. 4.1). We then introduce a basis for momentum-
conserving impulses (Sec. 4.2) and explain how to im-
plement this basis within the MeshGraphNets architecture
(Sec. 4.3).

4.1. Momentum Decomposition

If a mechanical system is subject to external, non-
conservative forces due to, e.g., gravity or contact, the to-
tal momentum of the system will not be conserved. Nev-
ertheless, the infernal forces arising, e.g., from an elastic
potential will not induce any change in momentum. Using
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Figure 2. We visualize MomentumGNN and denote latent edge and node features jointly by z = {s;;, r; }. Starting from a momentum step
that integrates contributions from inertia and non-conservative external forces, our network predicts momentum-conserving stretching and
bending impulses in each layer and sequentially updates position x® to obtain the final prediction.

this observation, we decompose the integration of the sys-
tem’s equations of motions into two sub-steps. We first inte-
grate the system forward in time using only inertia and non-
conservative external forces. We then correct this momen-
tum step by adding momentum-conserving impulses pre-
dicted by a neural network.

To implement this strategy, we recast the variational for-
mulation of implicit Euler (6) into a two-step update. Fol-
lowing [7, 11], we define the momentum step as

XM =xt + Atvt + APM T, . 8)
End-of-step position are then obtained as the minimizer of
the modified implicit Euler potential,

m)in ﬁ“x—xmﬂﬁ/[%-ﬂm(x) . )
While this two-step version is equivalent to Eq. (6), it pro-
vides the basis for a clean separation between momentum-
changing accelerations due to external forces and momen-
tum-conserving accelerations due to internal forces. Specif-
ically, we train our GNN to predict momentum-conserving
accelerations a,. such that the corresponding updated po-
sitions,

xt = x™ 4 At?a,. , (10)
minimize the modified potential (9) accumulated over all
samples in the training set. While the end-of-step positions
x‘*1 are generally not a true (i.e., unconstrained) minimizer
of (9), they constitute the momentum-conserving (i.e., con-
strained) solution that is closest to the implicit Euler step.
With this basis laid out, we next describe how to build
momentum-conservation into our GNN architecture.

4.2. A Basis for Momentum-Conserving Impulses

To restrict our GNN to predict momentum-conserving ac-
celerations by construction, we observe that the net change
in linear momentum p due to a given set of vertex accelera-
tions a; is

d dp; dv;

The last term in the above expression suggests that one
way of achieving momentum conservation is to impose con-
straints requiring the mass-weighted sum of accelerations to
vanish. Since enforcing hard constraints during training is
difficult and can slow down learning significantly, we there-
fore seek to find a basis for the space of admissible impulses
that guarantees momentum conservation by construction.

1)

Momentum-Conserving Basis If we design impulses to
only affect quantities invariant to translations and rotations,
then such impulses cannot change linear or angular momen-
tum. Let ¢ be an intrinsic quantity with Taylor expansion

q(x + Ax) = q(x) + Vg(x) - Ax + ... (12)
Invariance implies that the first-order term vanishes for any
Ax corresponding to rigid transformation, i.e., Vg(x) -
Ax = 0. The gradient of each of the six momentum
components (three translational, three rotational), computed
with respect to vertex positions, corresponds exactly to a
rigid transformation direction (along xyz and around xyz).
Therefore, V¢ is orthogonal to each momentum gradient,
and impulses along Vg preserve both linear and angular
momentum.



Gradients of invariant quantities thus provide a basis
for momentum-conserving impulses, but what quantities
should be used? As a natural choice in our context, finite
element discretizations and discrete differential geometry
operators offer a large range of deformation measures that
are invariant to rigid rotations and translations, such as areas
and volumes. As the most basic option, we build our basis
on edge lengths. To this end, we endow each edge with a
single scalar w;; that describes the magnitude of an impulse
along the gradient of edge length,

8Z(XZ‘, Xj) X; — X5 8l(xi, Xj) X; — X5
= and = - ,

8xi |X7; - Xj| 8Xj |X7; - Xj|

(13

which, for each vertex, is simply the normalized edge vec-
tor. Edge impulses are then translated into pairs of per-
vertex impulses as

8Z(Xi, Xj)

Ap; = wj; I,
T

and Ap; =-Ap;. (14)
We collect corresponding basis vectors for each edge in a
matrix B and express momentum-conserving impulses as
Ap = Bw, where w € RI”l is a vector of per-edge im-
pulse magnitudes. It is clear by construction that all im-
pulse generated in this way are momentum-conserving. In
the supplemental material, we show that this basis is like-
wise complete in the sense that any momentum-preserving
impulse can be generated in this way.

The above formulation directly extends to the 3D case
of volumetric objects represented using tetrahedral meshes.
However, the case of triangle meshes embedded in 3D
space—corresponding to thin shell materials such as cloth
and paper—requires special attention.

Extensions to Thin Shells While 2D elastic sheets re-
sist local changes in length, 3D thin shell materials
must also respond to local changes in curvature, i.e.,
bending deformations. Our per-edge basis can gener-
ate any momentum-conserving in-plane responses, but
it cannot create out-of-plane motion and must there-
fore be extended. While different options are avail-
able in the literature, we follow Grinspun et al. [16] and
use the dihedral angle %3

formed by two edge- x;
adjacent triangles.  As

indicated in the inset

figure, the dihedral angle

is determined by the four X
vertex positions of its

two adjacent triangles. Figure 3. Dihedral angle 6 de-
To obtain momentum- fined by two edge-adjacent trian-
conserving impulses that gles. P.er—vertex gradients 537971 are
only change the dihedral SPowninblue.

X4

angle (to first order), we endow each edge with an ad-
ditional impulse magnitude variable wfj and define the
four per-vertex impulses Ap; = wfjg—)fi. Closed form
expressions for the corresponding derivatives can be found
in [45]. Since the dihedral angle is invariant to rigid
transformations, it follows that these impulses conserve

linear and angular momentum.
4.3. MomentumGNN

Implementing our momentum-conserving impulses re-
quires only slight modifications to MeshGraphNets that re-
place per-vertex decoders with per-edge decoders.

Per-Edge Decoders Specifically, we define an edge de-
coder MLP fstretch that takes as input max-pooled edge
features and predicts an impulse magnitude,

stretch __ fsuetch(maX(sijasji)) ) (15)

ww

from which we then compute per-vertex impulses as

stretch __ , stretch all]
Apj; = Wi e

ii ax; (16)

In an analogous way, we define an edge decoder MLP fbend
that predicts bending impulse magnitudes,

wpd = fPend(max(e;;, e5)) | (17)

from which we compute per-vertex impulses,
408

Bxi ’
along the gradient of the dihedral angle ¢;; for edge e;;. For
each node, we sum the per-vertex contributions of all inci-

dent edges and transform the resulting impulses into nodal
accelerations as

1
a; = m Z (Apz;rotch + Ap?jcnd) . (19)
‘ j

bend __ _, ben
Apij = Wy

(18)

Position Updates Having replaced the per-vertex de-
coders with our momentum-conserving per-edge decoders,
we can train the resulting GNN in the usual way. While
the position updates predicted by this network conserve mo-
mentum, the space of possible updates is limited by the fact
that all impulse directions are computed using the geometry
of the momentum step x™. To illustrate this limitation, we
consider the example of a 2D mass-spring chain as shown
in Fig. 4. An external force acting on vertex x; leads to the
momentum step predicting an updated position x7* whereas
the positions for the other nodes remain unchanged. When
computing per-edge impulses based on this geometry (or-
ange), neither x3 nor x4 can be displaced vertically—but
such vertical displacement is required to reach the implicit
Euler solution indicated in green in Fig. 4.



While smaller step sizes will x

alleviate this problem, its root o -

cause is the fact that, while each o2 it Pk
message passing layer adjusts all —o— o o
impulse magnitudes, the direc- -

tion of these impulses is kept
constant across all steps. A nat-
ural way of increasing the space
of momentum-conserving impulses is therefore to update
the geometry with the current impulses after each message
passing step. Since each such per-layer update conserves
momentum, any sequence of per-layer updates will like-
wise conserve momentum. We implement this layered po-
sition update strategy as shown in Figure 2. The resulting
MomentumGNN architecture decodes and updates positions
for each layer (indicated in orange). The positions output
by the last layer x(%) are used as the final prediction x**7.
In order to feed these position updates back into the mes-
sage passing process, we explicitly recompute dihedral an-
gles 6! ,; and edge strains gl ; from the intermediate positions

x() and modify the edge MLP from Eq. (1) as
el). (20)

ij

Figure 4. A 2D mass-spring
chain.

mZH — fEdge(Sij, r;,r;, Hﬁj,
Velocity Projection Our network predicts momentum-
conserving position updates, but it does not directly return
updated velocities. While one could use the finite differ-
ence approximation of (5) to compute velocities vi'P, those
velocities would generally not conserve angular momen-
tum when evaluated on the updated positions. We there-
fore compute velocities by finding the smallest correction
to vI'P that preserves momentum. We cast this problem as
a convex quadratic program,

1 2 FD ot
min Z[|Av]* st Zmz(vi +Av;))=p' (21

Zm,;x,; X (VFD + Avl) = Lt .
(22)
The Lagrangian of this optimization problem is
1
L= 5||Av||2 +ATC(vP + Av), (23)

where C summarizes all 6 constraints. The first-order op-
timality conditions require the gradient of the Lagrangian
with respect to v and A to vanish, which leads to the linear

system
M VCT] [Av 0
[vc 0 } [A} = [C(VFD):| - @

For efficiency, we first compute Lagrange multipliers A by
solving the 6 x 6 linear system

vVCM~IvCTA = Cc(viP), (25)

Table 1. Experimental setup.

Experiment # of GNN layers # of vertices #of cells Timestep
Falling cloth (torus) 10 2119 4068 11
Swinging and falling cloth 20 514 946 21
Shooting baskets 20 993 4078 17
Bouncing tennis ball 20 396 1480 12
Armadillo 20 10281 55091 82

and then compute momentum-corrected velocities as

vitl =vFP _M~1'vCT . (26)

5. Results
5.1. Training scheme

We implement our method in PyTorch [28] and perform
training and testing on a single RTX 4090 GPU. Each GNN
layer is implemented by a 2-layer MLP with 128 latent
dimensions, layer normalization, and Gaussian Error Lin-
ear Units (GELU) as activation functions. We use discrete
shells and constant strain triangles with a Saint Venant-
Kirchhoff material for cloth and a Neo-Hookean material
for volumetric solids. We summarize our experiment setup
in Table 1.

We generate training data procedurally using a Python
script that collects sequences of simulation snapshots of
random cuboids and sheets recovering from initial deforma-
tions. We randomly sample tetrahedral cuboids and sheets
of different sizes using the Gmsh package. We then ran-
domly deform cuboids by affine transformations and sheets
along Bezier curves. Cuboids and sheets are assigned ran-
dom initial velocities.

Following recent work [5, 14, 37, 39], we train our GNN
in a self-supervised way using a physics-based loss function
that sums up the per-step potential from (9). We use the
Adam optimizer with a learning rate 1 x 10~ and add two
types of noise to the training data. The first training noise
is applied to all vertices and sampled from a normal distri-
bution N'(0,0) (¢ = 0.001 for cloth and ¢ = 6 x 10~*
for solid). The second training noise is applied to a ran-
dom local neighborhood within a radius of 1/4 (cloth) or
1/2 (solid) of the longest edge of the sheet or cuboid. We
sample the same direction for all vertices and independently
sample magnitudes from /(0,0.05). For a fair compar-
ison, when training self-supervised MeshGraphNets base-
lines, we additionally sample random rotations for both rest
and deformed configurations, as they are not equivariant to
rotations.

We collect additional data for the pinned cloth. We ran-
domly sample gravity-like external forces of uniform direc-
tion and a magnitude from a uniform distribution Z/(0, 20).
We collect the snapshots by releasing the pinned cloth from
its rest state. We finetune pre-trained cloth checkpoints by
jointly training on both pinned and unpinned data.
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Figure 5. MomentumGNN conserves linear and angular momen-
tum of the Armadillo, while MeshGraphNets quickly leads to an
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cloth and simulate its falling motion.
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5.2. Swinging and Falling Cloth

We begin our evaluation by comparing MomentumGNN
(our method) with MeshGraphNets on cloth simulation. We
train MeshGraphNets using L2 supervision, following their
distributed codebase and dataset. As shown in Figure 6,
both models achieve comparable quality in simulating a
swinging cloth. However, MomentumGNN produces more
dynamic and realistic motion, attributed to its explicit con-
servation of momentum. The limitations of MeshGraph-
Nets become apparent under slight scene modifications. In
Figure 7, we simulate a falling cloth by removing the pins.
MeshGraphNets does not generalize to this new scenario.
Rather than falling vertically under gravity, the cloth drifts

horizontally and exhibits unnatural momentum. This dis-
crepancy is more evident in the supplementary video. In
contrast, MomentumGNN accurately captures the expected
physical behavior. It accurately predicts the evolution of
momentum—in particular zero linear momentum in lateral
directions—enabling the cloth to fall straight downward
while naturally forming wrinkles during descent.

MomentumGNN
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MeshGraphNets
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Figure 8. We drop a cloth onto a torus and simulate the cloth
dynamics. We also showcase an extension to star holes (genus 5).

5.3. Falling Cloth on Torus

To further validate this observation, we retrain Mesh-
GraphNets on the same dataset as our model using self-
supervision. When dropping a cloth onto a torus (Figure
8), MeshGraphNets again exhibits drift and does not drape
on the torus. We further introduce an enhanced baseline by
replacing MeshGraphNets’ finite-difference velocity with
our velocity projection formulation. This modification mit-
igates drift but introduces buckling artifacts, indicating that
velocity projection alone is insufficient, and highlighting
the importance of coherent momentum modeling through-
out the architecture. In contrast, MomentumGNN produces
stable, physically-plausible trajectories, accurately captur-
ing both free-fall dynamics and visually plausible folding
after contact, and generalizes to perforated star shapes.

5.4. Shooting Baskets

We evaluate MomentumGNN on elastic solid simulation us-
ing a basket-shooting scenario, where a robotic hand throws
a ball toward a hoop (Figure 9). As shown in the figure and
the supplementary video, MomentumGNN faithfully cap-
tures the ball’s natural trajectory, successfully completing
the shot. In contrast, MeshGraphNets fails to reproduce the
correct motion, with the ball veering off course due to spu-
rious momentum injection. Augmenting MeshGraphNets
with velocity projection partially corrects the trajectory, di-
recting the ball toward the basket, but the shot ultimately
strikes the backboard and misses.
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Figure 9. We simulate a basket-shooting scene, where a robotic hand throws a beach ball to the basket. Both MomentumGNN and Implicit
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Figure 10. We simulate an Armadillo released from a nonlinear
deformed pose with zero initial velocity and no external forces.

5.5. Armadillo

Despite being trained exclusively on simple cuboids, Mo-
mentumGNN generalizes effectively to complex shapes,
such as Armadillo (see Figure 10). The Armadillo is ini-
tially deformed into a nonlinear pose with zero initial ve-
locity and then allowed to evolve freely without external
forces. MomentumGNN accurately captures the natural
swinging motion of the arms and legs. In contrast, Mesh-
GraphNets exhibits drift, rotating the Armadillo arbitrarily
out of the scene, violating momentum conservation. Al-
though augmenting MeshGraphNets with velocity projec-
tion helps maintain the Armadillo within the scene, it still is
incapable of producing physically correct dynamics. These
differences are best seen in the supplementary video.

We also provide a quantitative evaluation by computing

the linear and angular momentum of the Armadillo, plot-
ted in Figure 5. Since the Armadillo begins at rest with no
external forces applied, both momenta should remain zero
throughout the simulation. As illustrated in Figure 5, Mesh-
GraphNets exhibits rapid growth in momentum, diverging
from the expected behavior. In contrast, MomentumGNN
faithfully conserves momentum with only a modest compu-
tational overhead compared to MeshGraphNets (12 fps vs.
14 fps), while offering a substantial performance improve-
ment over implicit Euler (2 fps).

Finally, we conduct a brief ablation study by replacing
our momentum-consistent velocity with the finite difference
velocity during simulation. As shown in Figure 10, Mo-
mentumGNN still effectively captures the swinging motion
of the arms and legs, but, as expected, produces gradual de-
viations in orientation.

6. Conclusion

We presented a graph-based neural architecture for simu-
lating deformable objects that explicitly conserves linear
and angular momentum. Our method predicts momentum-
conserving accelerations by modeling stretching and bend-
ing impulses via per-edge decoders. To enhance the repre-
sentational capacity of the network, we introduced a layer-
by-layer update scheme that allows richer hierarchical pro-
cessing of deformation dynamics. Trained on canonical ge-
ometries such as sheets and cuboids, our network gener-
alizes effectively to a wide array of challenging scenarios
involving cloth and soft solids. Experimental results show-
cased our model’s ability to capture rich deformation pat-
terns while preserving the momentum of the system.

Limitations and future work. We did not explore hierar-
chical message passing, which we consider a complemen-
tary and promising direction. Moreover, although our net-
works can, in principle, support variations in material pa-
rameters, we have not conducted any experiments in this
direction; integrating learned constitutive laws [24] from
observational data represents an exciting avenue to discover
novel material behaviors within a unified framework.
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