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Fig. 1. Generating di erent deformations of a high-resolution mesh through triangulation-agnostic flow matching.

Top le : our method generates

signals (visualized via colors) on meshes via the flow matching [Lipman €2@22] paradigm's denoising process. Bo om le : in this case the signals generated
correspond to a deformation of the mesh's vertices. The model was trained on a dataset of physical simulation of elastic equilibrium states, and thus produces
various elastic rest poses of the 3D shape (right). The training set comprised of meshes in resoluBériagfes, and through the triangulation agnosticism of

our method we generate results at test time at a resolution@Okfaces.

This paper tackles the task of learning to generate signals over triangle
meshes in a triangulation-agnostic manner, meaning the trained model
can be applied to di erent meshes and triangulations e ectively. Practi-
cally, the paper adapts the ow matching (FM) paradigm to a mesh-based,
triangulation-agnostic setting. Theoretically, it proposes a speci ¢ noise dis-
tribution which is triangulation agnostic, to be used inside the FM model's
denoising process. While noise distributions are usually trivial to devise for,
e.g., images, devising a triangulation-agnostic distribution proves to be a
much more di cult task. We formulate a mathematical de nition of trian-
gulation agnosticism of distributions, via their spectrum. We then show that

a discretization of a speci ¢ Gaussian random eld called/&térn process
holds these desired properties, and provides a simple and e cient sampling
algorithm. We use it as our noise model, and adapt FM to the triangulation-
agnostic setting by using a state-of-the-art approach for learning signals
on meshes in the gradient domain PoissonNet as the denoiser. We con-
duct experiments on elaborate tasks such as sampling elastic rest states
and generating poses of humanoids. Our method is shown to be capable of
producing highly realistic results for meshes of over one million triangles,

signi cantly exceeding the state-of-the-art in quality and diversity.
CCS Concepts:Computing methodologies ! Shape analysis.

Additional Key Words and Phrases: Generative models, mesh deformation

1 Introduction

In recent years, there has been an unprecedented surge in the gen-

erative capabilities of machine learning models, enabled by novel
techniques such as denoising di usion models [Ho et2020; Song
et al 2020] and ow matching [Lipman et aR022]. These methods
have been successfully applied to various visual modalities, e.g., 2D
pixel images [Yu et al025], and 3D voxel grids [Xiang et.&025].

As of today, triangle meshes stand as a modality that has yet to
obtain practical generative capabilities of the same quality. In this
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context, by generative capabilities for meshes , we mean treating
an existingmesh as the domain analogous to, e.g., the pixel grid
of an image and generating values over its vertices. For instance,
in Figure 1, our method generates values representiGg~+4 co-
ordinates of the vertices of an octopus mesh, resulting in di erent
deformations of the shape.

As meshes are one of the most ubiquitous representations of
2-manifolds used in, e.g., computer graphics, video games, engi-
neering, and biomedical imaging introducing such generative ca-
pabilities holds potential for impactful applications.

This work tackles one of the main roadblocks to a practical mesh-
based generative approach, and devises a generative framework
that istriangulation agnostiAigerman et al 2022; Maesumi et al
2025; Sharp et a2022], meaning that the method can be applied

'to arbitrary triangulations of a 3D model and will exhibit near-

identical behavior, regardless of the chosen triangulation (as long
as it is well-behaved enough).

Indeed, triangulation agnosticism is crucial for real-world appli-
cations involving meshes, as it provides two critical bene ts:
1) Applicability to heterogeneous data. In contrast to images,
meshes are irregular graphs representing arbitrary discretizations
of an underlying 3D object, and thus mesh datasets contain models
with varying triangulations. It has been shown that naive architec-
tures are sensitive to spurious information in the triangulations of
such training data, which leads to invalid results at test time [Sharp
et al. 2022] and has prompted the community to prefer architectures
that behave agnostically under changes to the triangulation.
2) E ciency on high-resolution meshes. The computations in
triangulation-agnostic methods are less coupled to the triangula-
tion and hence to its resolution, which leads to better performance,
and allows triangulation-agnostic methods to bene t from e cient
training (at lower resolutions) while still being applicable for in-
ference on high-resolution meshes. Indeed, we demonstrate that
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Fig. 2. Matérn noise on di erent triangulations. Our noise exhibits
similar structure across di erently triangulated regions, as opposedNaive
sampling from iid Gaussians for each vertex.

our method attains state-of-the-art results, at a resolution that far
exceeds prior generative methods for meshes.

In designing a triangulation-agnostigenerative frameworkve ob-
serve that simply using an existing triangulation-agnostic network
architecture is insu cient to obtain agnosticism at sampling time.
The primary insight of this paper is that one requires an appropriate
noising schemihat, like said architectures, is not a ected by the
speci c discretization of the surface. We show that the conventional
method of sampling iid Gaussian noise leads to generative models
that cannot operate on unseen triangulations of their training data,
let alone generalize to out-of-distribution shapes.

This problem setting leads to the main technical challenge of
this paper: while devising a noise distribution, e.g., for images, is
a trivial task, the same cannot be said for meshes, considering the
aforementioned intricacies; see for example bottom of Figure 2. In
this setting, the distribution itself needs to be agnostic to triangula-
tion, lest its characteristics change under super cial changes to the
mesh, resulting in noise samples that are out-of-distribution for the
trained denoiser (see Figure 14).

We formalize a de nition of triangulation-agnostic noise distri-
butions through the lens of probabilistic spectral shape analysis,
allowing us to compare distributions de ned on di erent triangula-
tions. We then observe that a speci c type bfatérn procegatérn
1960; Whittle 1963] has a well-studied linear nite-elements dis-
cretization [Lindgren et al2011] that exactly describes distributions
with the desired properties, and leads to a highly simple and e cient
sampling scheme using tools that are customary in geometry pro-
cessing. In particular, one samples from the discrete Matérn process
by simply solving ascreened Poisson equats®e Algorithm 1.

With this sampling method at hand, we produce a full triangulation-
agnostic generative pipeline based on the ow matching [Lipman
et al 2022] paradigm. As a denoising network, we use Poisson-
Net[Maesumi et al2025], an architecture that performs triangulation-
agnostic learning in the gradient domain. See Figure 3 for our com-
plete pipeline.

We demonstrate the bene ts of our framework on a set of canon-
ical shape editing tasks that are widely studied. In particular, we
use our method to generate plausible deformations of humanoid
characters as well as resting states of elastic objects in equilibrium.
In all cases, our method produces plausible results even on meshes
with over one million vertices. By comparison, prior methods in this
space are unable to generalize beyond their training meshes (due to
sensitivity to triangulation), and in some cases are too ine cient
for generation on high-resolution geometry.

To summarize, the main contributions of this work are:

(1) The rst generative model over meshes that is triangulation-
agnostic and applicable to high-resolution meshes.

(2) A theoretical treatment and de nition of triangulation-agnostic
distributions of signals over meshes via probabilistic analysis of
the spectrum of the signals.

(3) Introduction of Matérn processes [Matérn 1960; Whittle 1963]
and their discretization [Lindgren et aR011] as an e cient al-
gorithm for sampling from triangulation-agnostic distributions.

Our code, model checkpoints, datasets and data-generation scripts
are available ahttps://github.com/kts707/matern-fm

2 Related Work

Generation through denoising. Our method builds ordenoising-
basedyenerative modeling, where one starts from a simple noise
distribution and iteratively transforms it into an empirical data
distribution. We adopt ow matching (FM) [Lipman et al2022],
which has been applied to many modalities [Li et 2D25; Liu et al
2024]. FM considers a time-varying sigrfalparametrized byC2

»0» 1% which interpolates between noiskC= (° and data'C= 1°.
Practically, FM predicts a time-dependent vector eld, parametrized
by a neural network \ f @, which aims to predict the velocity of
the signal w.r.t time. Then, at inference time, one generates a sample
by integrating the corresponding ODE:

= e (1)

from C= 0to C= 1. FMis closely related tdi usion/score-basemiod-

els [Ho et al 2020; Song et a2020], which learn to reverse a noising
process, as well as ODE-based methods such as recti ed ows [Liu
et al. 2022]. We focus on FM and contribute a triangulation-agnostic
noising and denoising scheme for signals on meshes.

Generation over existing meshes. Our work focuses on generat-
ing signalson existing meshes, without modifying their underlying
structure To the best of our knowledge, there are only two prior
works that use current state-of-the-art denoising-based generative
techniques [Elhag et aR024; Wang et aR025a]; however, they
are not triangulation agnostic. We compare to these methods and
show that our method exceeds them in performance. Slightly older
methods use variational autoencoders [Tan et2018, 2021; Yuan
et al. 2020]; however, this architecture currently does not work
su ciently well for triangulation-agnostic generation. Dupont et
al. [2022] focus on learning distributions of functions, via a hyper-
network, and can be applied to meshes.

Deformations are a common application of learning-based meth-
ods on meshes [Aigerman et.&l022; Besnier et 22024, Liu et al
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2021; Maesumi et 82023, 2025; Muralikrishnan et.&024; Sun-
dararaman et al2024]. They can be generated using VAEs [Huang
et al 2021; Muralikrishnan et aR022], or by optimizing an objective

de ned by pre-trained vision transformers [Dinh et a2025; Gao

et al. 2023; Kim et al2025; Michel et aR022; Wang et aR025b].
Generative techniques can be applied to skeletal rigs, as opposed
to the mesh itself [Gat et al2025; Shar et al2024; Tevet et al
2023; Zhong et aR025]. We note our approach can be considered
a generative method on graphs [Guo and Zhao 2022; Zhang.et al
2023], though its machinery is heavily tailored for meshes.

Non-Euclidean generative modeling. Many works compute

ows overa manifold in order to sample point on it [Chen and

Lipman 2023; De Bortoli et a2022; Huang et aR022; Mathieu

and Nickel 2020]. This is a signi cantly di erent setting than ours:

we de ne ows in the functional spacef the manifold, in order to Fig. 3. Architecture of our triangulation-agnostic generative pipeline.

sample d&unctionde ned on the manifold. We first perform noise sampling(boom le) from our proposed

G ti thods f ther 3D daliti Th t triangulation-agnostic Matérn noise distribution via Algorithm 1. We then
enerative methods for other modalities. € most com- use that noise as the initial sign&l in a flow matching denoising process

mon generative task for other 3D modalities is generation from (1) which iteratively denoises the signal into the final samgle In each
scratch (e.g., from a given text prompt). Methods for this task have  fiow step(bo om right) we input the current signalf into PoissonNet [Mae-
been proposed for most shape representations: tetrahedra [Gao et al sumi et al 2025], which predicts the current momentary velocity;. An
2022; Liu et al2023; Shen et a82021], voxels [Ren et £2024a; Xiang ODE step time-integrates the velocity, starting from the current sigrial
et al. 2025], point clouds [Ren et.&€024b; Vahdat et a2022; Yang to obtain the next signaf; (. This continues until reaching £ 1.

et al. 2019], 3D Gaussian Splats [Tang et2024], Neural Radiance
Fields [Poole et a022], and hybrid approaches [Yan et 2025;
Zhang et al 2024]. Generation of meshes [Gao et2019; Nash et al
2020] can be achieved via LLM agents [Lu et125] or GPT archi-
tectures [Siddiqui et al2023]. Importantly, these works synthesize
shape representatiofgeometry and topology) from scratch or from
textual/visual prompts. Our problem setting assumeseatisting
meshand samples from distributions of signals de ned on it.

Non-trivial noise models. While iid Gaussian sampling is the de-
fault noise distribution for generative techniques, several works [Huang
et al. 2024; Jolicoeur-Martineau et &023; Nachmani et a2021]

have explored alternative initial noise distributions on toy or im-
age datasets. In graphics, noise is commonly used in procedural

generation [Perlin 1985], and point sampling [Ahmed et al. 2022].
Spectral mesh analysis. We use spectral mesh analysis via eigen-

vectors pf the mesh Laplacian. This is acormerstone toolingeometry 3 Triangulation-Agnostic Distributions

processing [Ben-Chen and Gotsman 2005; Karni and Gotsman 2000;

Lévy 2006; Lévy and Zhang 2010; Vallet and Lévy 2008; Zhang et al Overview. In this section we de ne triangulation-agnostic distri-
2010], with various applications [Lescoat et 8020; Mejia et al ~ butions (Section 3.3) using a spectral perspective, then we identify
2017; Song et a2014], notably parameterization [Gotsman et al that a Matérn process matches that de nition in the continuous
2003], shape signatures [Sun et2009], matching [Ovsjanikovetal ~ case (Section 3.4), and nally we describe how to compute samples
2012; Pierson et a82025; Rimon et aP025; Zhuravlev et a2025], from its FEM discretization and review its properties (Section 35)
analysis [Fumero et aR020; Liu et al2017], and learning [Sharp In Section 4, we then utilize this distribution as the noise scheme in
et al 2022; Smirov and Solomon 2021]. We use spectral analysis in & ow matching [Lipman et al 2022] pipeline using a triangulation-

a probabilistic way to de ne triangulation-agnostic distributions. agnostic denoising network see Figure 3.

Matérn processes. Our noise distribution is part of a class of Gauss- Lo
ian random elds called Matérn processes [Matérn 1960; Whittle 3.1 Preliminaries

1963], which are a commonly used statistical tool [Bolin et2023; LetM be a manifold triangle mesh discretizing a smooth 2-manifold
Stein 1999] applied in various statistical modeling tasks [Coveney ~ With lumped mass matriM and cotangent Laplaciab [Pinkall

etal 2020; Gillan et aR025; Maddix et a2021], as well asin machine ~ and Polthier 1993] (see the supplemental material, Section F for an
learning [Williams and Rasmussen 2006]. We use its discretization €laboration). Asignalis a scalar function sampled at vertices, repre-
via linear nite elements, which has been heavily studied [Lind- sented byf 2 R™. We use the mass-weighted inner product between
gren et al 2011] (see [Bolin et aR024; Borovitskiy et aR021, 2020;  two signals,tfegi,, = f"Mg" The Laplaciarl yields generalized
Rosa et al2023] for other discretizations). All of the above focus ~ eigenpairs'5+_%, satisfying

on elaborate statistical modeling; we use a speci ¢ Matérn process
in a simple way: we observe and prove that it is an ideal model for
triangulation-agnostic noise.

M 'L5g= _g5¢ )

with M-orthonormality 554 e Xgg Let be the matrix with
the eigenvectors as columns.
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its spectral distribution® ™ has coe cients that yield consistent
statistics across triangulations and stable behavior under mesh re-
nement (Figure 4). For simplicity, we will henceforth omkl and
refer to the distributions ad B when unambiguous.

Fig. 4. Empirical per-frequency statistics of Matérn noise.  For each 3.3 Spectral Properties for Triangulation Agnosticism
of three spectral coe icients B,#sp500 we compute its distribution We de ne a triangulation-agnostic distributiold as satisfying three
over 100k sampled noises, visualized as a histogram. We show overlays of key spectral properties in terms of the statistical behavior of the

Fhe d_lstrlbl_Jtlo_ns f_or three mesh resolut!ons. Our method _generates_near— spectral coe cients® of signals sampled from that distribution:
identical distributions for all meshes, with decreasing variance for higher
coe icients. Naive iid sampling of Gaussians, yields di erent distributions

for each mesh.

(1) Per-frequency independence. The coe cients, g, are statis-
tically mutually independent for alB each sampled from an
independent univariate distribution.

) ) ) ) ) (2) Mesh-invariant frequency statistics. There exists a family
We will heavily use thespectratepresentation of a signdl which of univariate distributionsg, parameterized by such that

is its representation as the (unique) linear combination of the Lapla- each spectral coe cienfs with eigenvalue gis distributed as
cian's eigenvectorsi, = &1%58’ wherel 2 R is a vector of 'Pg b regardless of the mesh. Moreovds is Lipschitz
coe cients corresponding to each eigenvect@@ can be directly with res_;ect toG speci cally, forj g v,
computed by projectind onto the eigenvectobg: e~ '

, 21@70@700 = O 1Yl

Bg= fe5g,, = " M5g’ ®3)

The spectral representation is widely used in geometry processing
as a generalization of the discrete Fourier transform (DFT) for a
1D signal, with5g analogous to 1D sinusoids, eigenvalugsto
frequencies, and the coe cient8 to amplitude of each frequency.
The spectrum of the Laplace-Beltrami operator (LBQ)f a compact

where, ; is the 2-Wasserstein distance. Note that this should
hold betweerany two meshegven ones that represent di erent
objects or have di erent genus.

(3) Bounded high-frequency content. For anyY; O, there ex-
ists a: such that the tail contribution beyond frequencyis

- o S negligible: "
manifold is discrete and in nite, and the spectrum of the cotangent & #
LaplacianL of a mesh with= vertices is assumed to approximate its Var By VY
= lowest eigenmodes [Wardetzky 2007, 2008]. &

We will consider multivariate normal distribution®l 10 ©, with
zero mean and covariance. We will make use of the basic fact that
ifG N 10 ©° and~= G for some linear transformation , then
~'s distribution is a normal distribution equal to:

up to the usual discretization error in approximating the contin-
uous spectrum.

To give insight into the necessity of these properties:

~N o) 4)

3.2 Problem Statement

Formally, we seek an algorithm that, for a given melgh, samples
from a distribution of signals de ned over its vertice§, D M
We refer to such a randomly-sampled signal asaadom eld The

Property 1 decouples behavior across frequencies and enables
element-wise comparisons between univariate distributions.
Property 2 enforces that each coe cient's univariate distribu-
tion is speci ed in a mesh-independent manner, purely as a func-
tion of frequency, behaving the same across any two arbitrary
meshes (see Figure 4). This makes the distribution stable under
re-triangulation and spectral perturbations, and prevents reso-

lution changes from altering the distribution, except through
predictable high-frequency additions controlled by Property 3.
Property 3 prevents higher-resolution meshes from injecting
unbounded additional high-frequency energy, as the iid gauss-
ian noise does in Figure 2. See also Figure 5 for an illustration
of undesired behavior under addition of new vertices (red re-
gion) of white noise (unbounded energy) vs. our noise (decaying
energy per frequency).

We next identify a distribution that satis es these properties.

resulting distribution from which samples are drawn should be
triangulation agnostic, meaning that for two triangulations of the
same surfaceyl *N , the sampling procedure should yield
similar distributonsD™ D N,

Since the two meshes have a di erent number of vertices with
no given correspondence between them, a direct comparison be-
tween distributions requires notions such as a 1-to-1 map between
the meshes and earth mover's distance, which would obstruct our
attempt to construct a triangulation-agnostic distributice priori.

Hence, we compare distributions in the spectral domain, where
frequencyprovides a canonical one-dimensional coordinate system. 3.4 Matérn Processes
Namely, the spectral coe cient® are a function off, and hence We observe that there exists a speci c distribution that satis es
are also random variables distributed according to an (unknown) the desired properties from Section 3.3. In the continuous case, it is
distribution BM . Intuitively,lP is a dual random eld over the de ned as a distribution over function§ : ! Rviathe stochastic
spectrum, andd ™ assigns a probability density for any specic ~ PDE:

spectral coe cients. Our goal is to construct a distributiob M s.t. 5, 9g5=W- (5)



whereg j Ois a user-chosen parameter, aid is a sample from a
white noise distribution, i.e., sampling iid from a normal distribution
for all points on

In geometry processing term§,is sam-
pled by rst drawing a white noise sam-
pleW (which hasiid Gaussian spectrum),
and then solving ascreened Poisson equa-
tion with respect to it, which acts as a
low-pass lter for the spectrum.

For the sake of our application, the
screening termg serves to introduce
higher frequency content as desired (s&&- 5- Spectra of the di er-
Figures 5 and 2): agis raised, the relative®"t N0ise choices.
variance of the distribution of increases; however, asymptotically,
as we go up the spectrum, eventuallybecomes the dominant term
and the variance tends to zero. We uge 100in all experiments.

The above distribution is an instance of a class of Gaussian ran-
dom elds calledMatérn processfidatérn 1960; Whittle 1963]. We
will use the straightforward linear FEM discretization of this distri-
bution, which has been extensively studied [Lindgren et al. 2011].

As far as we are aware, Matérn processes and their discretization
are yet to be used for sampling noise for generative tasks, nor in-
troduced into graphics and geometry processing. Since we need to
prove the discretized version of this distribution satis es the neces-
sary properties for triangulation agnosticism from Section 3.3, we
next provide an intuitive review of the construction of the canonical
linear FEM discretization of Equatiofb) from a geometry process-
ing perspective. By doing so, we hope to also bring more attention
in the computer graphics community to this useful tool.

3.5 Finite-Element Matérn Noise

We next give an intuitive derivation of the FEM discretization of
Equation(5)(see Lindgren et al. [2011] for a much deeper discussion).
Our derivation follows the discussion above: we derive a discrete
equivalent of a white noise distributio white, then we analyze
the spectrum of the distributiorD watern Obtained by applying the
screened Poisson equation to samples of that white noise.

For a given mestM , we consider a multivariate normal dis-
tribution over its verticesD N 10+ °, with zero mean and
covariance. The corresponding spectral distribution is also a normal

distribution with zero meanf® N 0. per Equation(4), and
considering thaf? is a linear transformation of, per Equation (3).

Sampling discrete white noise. We de ne the white noise distri-
bution as the normal distribution

Dwhite = N O-M Lo (6)

whereM is the lumped mass matrix. To verify this is indeed also
a spectralwhite noise distribution, letw D yhite be a sample,
andty its spectral coe cients. From arithmetic of the variance of
Gaussians, we get that the spectral covariance matrix is

b ® @ »

varsw % %P var wwM

@ ®

M M

white

;
MM M = *M A "
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ALGORITHM 1: Sampling Matérn Noise

Input: Mass matrixM, LaplaciarL, screening terng.
1 Sample an iid Gaussian random eld N 10el°.
2 SolvellL , gM°f = Mn for f to obtain the noisé-

Thus we have

Byhie = N 20010+ (8)
i.e., the coe cientstgare sampled iid from a unit Gaussian, leading
to a uniform independent behavior across the spectrum, as desired.

Applying the screened Poisson equation. The linear FEM dis-
cretization of the screened Poisson equation from Equatioyis
1L, gM°f = Mw, wherew D it iS @ White noise sample. The
solution to this equation is given by

f=1L, gM° *Mw” (9)

f is thus a random variable, sampled by the above procedure, its
distribution being a normal distribution (per Equatio@), and con-
sidering it is a linear function of the white noise) denotdlyaterm.

Next, note that if5g is a generalized eigenvector bfwith eigen-
value_g, then it is also a generalized eigenvectorf, gMm° 1,
with eigenvaluet_g, ¢® *. Therefore,

Bg= fe5g,, = L, gM° *Mwe5g
5gMw

W‘58 M @:(3) W ! (10)

29 2R
Per Equation(8), Var »wg?/+ 1, thus we getvar g = Var alg

ﬁ?' nally yielding the desired spectral distribution

=55 1L, gM° tMw = 3
-8,

|bMatérn N Ot | gl° 2. (11)

with  being the diagonal matrix of eigenvalues of the Laplacian.
In the supplemental material, Appendix A, we show this spectral
distribution satis es the necessary properties for triangulation ag-
nosticism from Section 3.3, entailing th8yaw¢r is a triangulation-
agnostic distribution, as desired. On a high level: the covariance
matrix is diagonal entailing iid sampling, the variance of each spec-
tral coe cient Bgis solely a function of its eigenvalue, and decays
fast enough w.r.t. frequency.

We summarize the highly simple and e cient process of sampling
Matérn noise in Algorithm 1. As the matrix in line (2) is sparse
and positive-de nite, it can be prefactorized through a Cholesky
decomposition for rapid sampling.

Choosing the screening term g. While any speci c value ofy
produces consistent noise distributions for di erent mesh discretiza-
tions of the same 3D surface, there is no guarantee of consistent
behavior across di erent shapes, nor between di erent scaled ver-
sions of the same mesh, see Figure 7, left. This is due to the change in
the spectrum (i.e., eigenvalues and eigenvectors) between di erent
surfaces and between di erent scales.

We utilize the Frobenius norm of the discrete inlplace-BeItrami
operator, = jjM Ljj . Itis well-known that 2 =" g 2 hence

This folds both the white noise and the screened Poisson equation into one equation.
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Fig. 6. Generated reposings. Our generative model, trained only on the 18k mesh, reposes humans to plausible poses solely via its learned representation.

ALGORITHM 2: Normalized Matérn Noise
Input: Mass matrixM, LaplaciarL, user-chosen parametér
1 Compute the normalization factor = jjM 1Ljj .
2 Compute the normalized screening temn= 2.
3 Compute the signal via Algorithm 1, usingg.
4 Return the normalized signal " f.

Fig. 7. Fixed g vs. normalized g. The Matérn noise sampled using a fixed
screening terng is not invariant to the scaling of the mesh (global scaling
factors of0"1 and 2"0); with our proposed normalization scheme, the noise
exhibits a consistent, scale-independent spectrum.

linearly proportional to the eigenvalues. Thus, the user chooses
the screening term hyperparamet@r2 R- , and we de neg=2
yielding a screening terng proportional to the eigenvalues.

This choice normalizes the screening term w.r.t. the power of
the spectrum, leading to more consistent behavior across di erent
meshes, and speci cally, to scale invariance; namelyMetL , , ,

f be the mass matrix, cotangent Laplacian, eigenvalue, normaliz-
ing factor, and signal of the original, unscaled mesh. Assume the
mesh's vertex coordinates are scaled:b® R- ; the resulting (angle-
based) cotangent Laplacian remains the sdme L ; the mass
matrix scales up by 2, M =:2M . Hence, per Equatio(2), g =

2 g,and hence also =: 2 . Plugging this into Equatior{9)
we havef =1L, 2 M° 'Mw = L , 2 2 :2M “:2M w =
1L, gM° 1:2M w. Per Equation8) w = : lw , thus we get
f=iL ,gM°L:Mw = f .Hencde, we normalize the resulting
signal by multiplyﬂ'rlg it \ﬁ@ " =: "7 thus yielding complete
scale invariance: f = f , see Figure 7, right. We summarize
this normalization in Algorithm 2.

4 Triangulation-Agnostic Flow Matching

We follow the standard training scheme of recti ed ow [Albergo
and Vanden-Eijnden 2022; Lipman et2022; Liu et al2022]. Given
a mesh with a data samplg from the dataset, we construct the
linear conditional probability paths between a Matérn noise sample
fo and the data samplg; asfc=11 C fg, C fq, whereC2 »01%
f1 D pata @andfo D matem is Sampled from our noise distribution.
To complete the ow matching paradigm, we build our denoising
network using a state-of-the-art triangulation agnostic architecture,
PoissonNet [Maesumi et 22025], denotedy fe@ 11 Jev(o. It
operates by rst predicting Jacobian velocitf in the gradient
domain of the signals, which are then translated to vertex velocity
v\C via the Poisson equation. We apply the standard conditional ow
matching loss to both vertex and Jacobian velocities as:

L\°=Ecrr, JiM % Wi 5iGT% i« (12
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Fig. 8. Generalization to various 3D shapes . Our trained model generalizes to various humanoid meshes (never seen during training).

Fig. 9. Closest training sample and regressed SMPL meshes. Our gen-
erated samples approximate the GT deformation distribution well, and can
be matched almost perfectly with the SMPL model, via regression. The
closest training sample is quite far, showing our method generalizes.

whereM andG are the diagonal matrices of vertex masses and face
areas, respectivel§p=f; fpisthe GT velocity, and is thespatial
gradient operator. During the sampling process, we use the vertex
velocity v\C for numerical integration of the ODE (Equatiofi)) via

the midpoint ODE solver.

5 Experiments

We next experimentally evaluate the capabilities of our generative
framework. In all experiments, we train our model ame single
triangulation and validate equivalent performance on various other
triangulations, namely of higher-resolution, for which direct train-
ing would be infeasible.

Deformation datasets. We choose to focus our experiments on
generating deformations, i.e., generating new positions for all ver-
tices of a mesh. This is a central task in learning over meshes [Aiger-
man et al 2022; Gao et a023; Maesumi et 82023, 2025; Michel
etal 2022; Muralikrishnan et aR022] that ts well to our generative
framework, as datasets are easy to obtain, and our backbone net-
work, PoissonNet [Maesumi et £2025], has been shown to perform
well over it (although thus far, only in a hon-generative setting).

Evaluation Metrics Aside from an error metric which we de-
vise on a per-experiment basis, we additionally estimate how well
generated samples approximate the distribution of the dataset via
Minimum Matching Distance (MMD) the distance to the closest
sample in a GT reference set and Coverage (COV) percentage of
samples in reference set that are the nearest to a generated sample;
see [Achlioptas et al. 2018].

5.1 Generating Deformations of Humans

To evaluate our method against a deformation space with a ground
truth parameterization, we create a dataset of SMPL [Loper et al
2015] humans in di erent yoga poses from the MOYO dataset [Tri-
pathi et al 2023], all with a resolution ol8kfaces. Previous works
conducted similar reposing experiments [Aigerman et2022; Mae-
sumi et al 2025] by training networks w.r.t. SMPL pose parameters;
our method generates deformations without having any awareness
of such parameters, making it a much harder task.

5.1.1 Single source generatidre train our model to generate
deformations of an SMPL human mesh into various yoga poses. In
Figure 6, we show generated samples on di erent triangulations
(up to 1.2M triangles) of the source mesh. Our method consistently
generates a diverse set of plausible, elaborate poses.

We check whether the generated deformation is within the SMPL
deformation space by regressing the best- t SMPL parameters to the
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Fig. 10.Elastic equilibrium states of a deflated bunny . Our method generates diverse samples on the 70k resolution, though trained solely on 9k resolution.

Fig. 11.Timings for generating elastic rest states over varying resolutions.

Our method produces comparable results on all resolutions, even though it

was trained solely on the 10k resolution. Generation time reported underneath each resolution.

Fig. 12.Closest sample in the training set to each generated result in the elastic deformation experiment.

Fig. 13.Elastic equilibrium of a fish with thin features. ~ Our method
produces plausible deformations even in the thin regions of the fins.

sample from the training set to our generated sample is quite far,
entailing generalization.

5.1.2 Generation for arbitrary, unseen 3D human sh¥yesise
a similar setting as above to produce a model trained to generate
deformations forarbitrary meshes, representingj erent 3D shapes
unseen during training. We create a dataset of random (source,
target) pairs of humans and train the model to generate the target
vertices as a signal over the source mesh. To enable di erent source

generated mesh. More precisely, we deform the SMPL parametric geometries, we use another PoissonNet [Maesumi e2@25] to

model by simple gradient descent on the SMPL parameters w.r.t.

predict a positional encoding over the source mesh, which is input

vertex distance to the generated sample. We visualize the regressed as extra channels in the input to the generative model.

SMPL model in Figure 9, and quantitatively compare the generated
sample to it via Mean Squared Error (MSE) over the vertices, in
Table 1. Our method produces results that well-conform to the para-
metric deformation space. Figure 9 further shows that the closest

As Figure 8 shows, this single, trained model can be applied
successfully to a wide range of human-like meshes of various shapes,
attaining similar diversity and quality to that of the model from
Section 5.1.1.
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Fig. 14.Comparisons and ablations . We use the reposing experiment (Section 5.1.1) to compare to other mesh-based generative methods: MDF [Elhag et al
2024]), DoubleDi usion [Wang et al. 2025a], the explicit method to compute Matérn noise, and ablations on other types of noise and screening terms.

Table 1. antitative Results on the MOYO [Tripathi et al. 2023] dataset,
comparing to DoubleDi usion [Wang et al2025a] and MDF [Elhag et al
2024], other noise models, and ablations.

Method MSE 10'%# MMD# COV' #params

MDF 1411 0.5121 0.051 11.5M
Fig. 15.Comparisons to MDF [Elhag et al . 2024] and DoubleDi u- DoubleDi usion 155 0.1009  0.387 2.2M
sion [Wang et al . 2025a] on GMM. As the competing methods were Naive 252 0.1365 0.210 1.4M
trained on a regular mesh, MDF and DoubleDi usion fail to predict correct White noise 291 0.1499 0.189 1.4M
signals on the irregular test mesh, as shown by the average error between Explicit 0 '51 0 '0744 0 '483 1 .4M
the GT distribution and the generated samples. Ours (no screening) 0.66 0.0897 0.418 1.4M

Ours (full) 0.27 0.0693 0.487 1.4M

Table 2. Comparison to MDF [Elhag et &024] and DoubleDi usion [Wang

5.2 Emulating Elastic Deformations et al. 2025a] on the synthetic GMM dataset.
We evaluate our method on a dataset of elastic deformations of an
object. We generate training data by rst creating a volumetric tetra- Method TestError # MMD ( 10 9)# COV"

hedral version of the object, and then running IPC [Li et 2020]

) . ) S : . MDF 0.5245 44.67 0.012
to simulate dropping the object at a random initial orientation and DoubleDi usion 0.0325 5497 0.506
angular speed on a ground plane, until it reaches equilibrium. We ours 0 '0071 4 420 0 601

then extract the boundary triangle mesh from the deformed tetra-
hedral meshes and train our triangulation-agnostic ow matching
framework on the rest states. Figure 1 shows a set of results onthe 5.3  Comparisons
octopus model, attaining elaborate con gurations of its tentacles.

Note that triangulation agnosticism is critical for this task: when
preparing the training set, the tetrahedral mesh used by IPC cannot
accommodate the original, high-resolution boundary surface mesh
(e.g., 400k faces for the elephant in Figure 11), hence the training
mesh must be of much lower resolution (10k faces).

Figure 11 further explores the triangulation-agnosticism of our
method by generating deformations on a wide range of resolutions.
We produce plausible results for both extremes of the resolution
range (up to the original mesh's resolution). We also report the
generation time for each resolution, which is fast enough for real-
world applications. In Figure 10, we show diverse generated samples
of a hollow Stanford bunny at its original resolution (70k faces) using
a model trained on much lower resolution data (9k faces). See also
Figure 1 and Figure 13. In Figure 12, we show the closest sample in
the training set to a generated sample. For each shape, our model
learns and generalizes with plausible variations.

We note that we do not aim to perform neural physical sim- 5.3.1 Generating deformations of human medesrain MDF and
ulation [Daviet et al 2025], as our generated results have small DoubleDi usion on the human pose generation task (Section 5.1.1)
inaccuracies which sometimes lead to collisions and penetration and evaluate them in the same way as our model. As they are not
(see Figure 18). We solely use this dataset due to its very complex triangulation agnostic, these methods are signi cantly less e ective
and challenging nature for a generative technique. in generating diverse and plausible deformations, as Figure 14 and

As far as we are aware, there are only two previous works that
use modern generative approaches (namely, di usion models) over
meshes: Manifold Di usion Fields (MDF) [Elhag et 2024] and
DoubleDi usion [Wang et al 2025a]. MDF leverages a transformer-
based denoising di usion model [Ho et a82020] that operates on
inputs positionally encoded via eigenfunctions. DoubleDi usion
uses Di usionNet [Sharp et al2022] as the network backbone and
trains a di usion model using the naive iid Gaussian noise, which
our experiments show is not triangulation-agnostic. Being the rst
works in mesh-based generation, they are not triangulation agnostic
due to the inherent problem with naive iid Gaussian noise and
to the transformer architecture not being triangulation-agnostic.
We next compare to both methods in two experiments. We used
DoubleDi usion's publicly available implementation. MDF's code is
not released, hence we used the authors' direct advice to instead use
the implementation from [Wang et al. 2023] to run their method.
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Fig. 16.Generated results on topologically corrupted source meshes . Trained solely on theincorruptedsource mesh, our method still produces valid

results when parts of the source mesh are removed, exhibiting artifacts only

Fig. 17.Results on source meshes of deteriorated triangulation qual-
ity. We perform 1k and 3k edge flips to create badly triangulated source
meshes to test our model, trained solely amcorruptedsource meshes.

Table 3. Our model's performance on source meshes of di erent corruption
types and levels shown in Figure 16, evaluated on the MOYO [Tripathi et al
2023] dataset following the sameSE 10*# metric in Table 1.

Holes Partial Deteriorated Original
small medium large Mesh mild severe Mesh
0.45 1.87 1.35 0.37 0.83 9.92 0.27

Table 1 show. Our method exceeds their capabilities both in match-
ing the dataset (MMD, COV) as well as in matching the deformation
space (MSE, see Section 5.1.1).

5.3.2 Generating Gaussian MixturEsfurther show the di erence

in triangulation-agnosticism between the methods, we recreate

MDF's GMM experiment that learns to generate Gaussian mixtures,

by preparing a dataset of Gaussian mixture signals on a regular

triangulation of the Stanford Bunny, on which we train all methods.
Attesttime, we generate samples on a non-uniformly triangulated

test mesh. We evaluate how accurate the generated signals are w.r.t.

the desired GMM by comparing their statistics: we compare the
point-wise mean of a large set of generated signals on the mesh vs.
the ground truth point-wise mean (evaluated by taking the mean of
the training set) see Table 2 (columTiest Erroy. We outperform

the two other methods. As shown in Figure 15, our method produces
samples with correct statistical parameters. MDF shows a general
deviation, while DoubleDi usion shows clear biases in the generated
results, correlating with the density of the triangulation.

near the modified boundaries.

We focus our comparisons to other generative methods on meshes,
as other modalities solve rather di erent problems. In Appendix E
in the supplemental material, we compare our method to a state-
of-the-art point cloud generator [Ren et.@&024b], and show the
di erences and advantages of using a mesh-based method.

5.4 Alternatives

Explicit spectral decomposition.  After formally de ning triangu-
lation agnostic distributions (Section 3.3), we could have deduced a
straightforward alternativeexplicitly com-

pute the rst: eigenvectors of the Laplacian

and form a random linear combination of

them,f =~ § 28.5¢ jg N 10-1°"This

holds several disadvantages: 1) The eigende-

composition is computationally expensive

(see inset), especially due to the lack of reli-

able GPU solvers; 2) an eigenbasis of size

1024still fails to produce as much high-

frequency content as our noise see inset.

This, in turn, leads to less accurate results

in Figure 14, particularly in ne-grained re-

gions, e.g. the ngers. Table 1 veri es this quantitatively. We note
that one can use more e cient techniques for computing eigen-
vectors, such as shift-invert spectral transforms that explore the
spectrum band-by-band [Vallet and Lévy 2008] this may enable
other explicit constructions of triangulation-agnostic noise.

Latent generation. Other generative methods operate iflaent
spacee.g., variational autoencoders [Kingma and Welling 2019],
and, more recently, latent di usion models [Rombach et2022].

It is unclear whether latent generation out-

performs generation in the signal domain [Li

and He 2025; Yu et £2025]. Regardless, pro-

ducing a good latent space in a triangulation-

agnostic manner is as of now an unsolved

problem, which prevents us from devising a worthy baseline to
compare to. To show this, We trainedreon-variationalautoencoder
consisting of a Di usionNet [Sharp et aR022] encoder that encodes
the input deformation into al28dimensional latent feature and a



Fig. 18.Physically inaccurate samples. Our model generates plausible

deformations for the elastic simulation experiment, however can produce
inaccuracies that are physically impossible, e.g., the penetration into the
ground plane on the right (seen from underneath), as well as self-penetration.

PoissonNet [Maesumi et a&2025] decoder on our octopus deforma-
tion dataset. As the inset shows, the quality of the generated result
is too poor to be useful.

5.5 Ablations

Other noise models. We evaluate the importance of our main con-
tribution, the Matérn noise, by repeating the reposing experiment
from Section 5.1.1 using both white noise (Equati{@) and naive
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highly plausible results and is capable of emulating intricate datasets,
making it already a viable option for real-world applications.

Limitations. Our method is still not a catch-all generative tech-
nique for meshes. A crucial bottleneck lies in the architecture of
the denoiser's backbone, PoissonNet [Maesumi e8PR5]. As
with other triangulation-agnostic architectures [Sharp et 2022;
Smirnov and Solomon 2021], it can only tackle tasks that do not
require extreme high-frequency content, such as segmentation and
deformation, thus preventing us from generating, e.g., crisp RGB
images on meshes. Additionally, PoissonNet is limited to operating
on single connected-component meshes. Lastly, the discussed ar-
chitectures [Maesumi et aR025; Sharp et a2022] are limited to
2-manifolds (though our noise can be de ned in any dimension).
Our Matérn noise can be incorporated into future architectures that
eventually emerge to solve these issues.

The Matérn noise distribution itself holds limitations. First, it is
sensitive to topological changes (See Figure 16). Second, we assume
nice enough approximations of the mesh [Wardetzky 2007, 2008]
for our claims to hold in practice, we observe that all models used

iid Gaussian noise on the vertices. Figure 14 shows the generated in our experiments produce triangulation-agnostic noise (Figure 4).

deformations over a non-uniform triangulation. The other noise
models fail, verifying the necessity of the properties stipulated in
Section 3.3. Table 1 veri es this result quantitatively.

E ects of screening term g. Training our model with Matérn
noise without a screening ternmg(= 0) leads to deterioration in

Future work. In the immediate term, applications of generative de-
formations include producing variations of existing 3D models from
a given template, retargeting existing poses or physical simulations,
and adding details to existing mesh models [Liu et2020]. Exten-
sions of the architecture which seem potentially impactful include

results on the reposing experiment from Section 5.1.1, as shown in generating temporal animations of given meshes and extensions to
Figure 14 and Table 1. The higher frequency components are essen-volumetric data with applications in medical imaging.

tial to the model's success, especially on small parts (e.g. ngers).

5.6 Robustness

We next explore the robustness of the pipeline. Since both the Matérn

noise and the backbone, PoissonNet [Maesumi e2@25] rely on

Poisson's equation, the success of our framework hinges on the

deterioration in the accuracy of Poisson's equation.

Topological corruption.  After training the generative pipeline,
we modify the topology of the source mesh by introducing holes,
and evaluate the e ect on the quality of the results. As Figure 16

shows, our method continues to generate plausible results (since

Poisson's equation is not severely a ected), with some deterioration
next to the newly-introduced boundaries. Table 3 shows that the

results drift from the SMPL parametric model, as expected. Note that
Medium holes lead to higher MSE than Large holes, due to a larger

total boundary length of the holes on surface (many medium-sized
holes spread over the surface vs. four large-sized holes).

Triangulation quality.  As the triangulation deteriorates in its con-
dition number, both geometry and Poisson's equation are a ected.

While Figure 17 shows our method still produces plausible results,
Table 3 shows that the accuracy of our generated results drops. We
note this happens for extremely badly triangulated meshes (see

zoom-in in Figure 17).

6 Conclusion

This work takes a step towards practical generative techniques
for triangle meshes, and our experiments validate that it produces

We believe that Matérn processes have much more to o er to
the graphics community, both in pure-graphics applications, e.qg.,
modeling noise [Perlin 1985], as well as in non-meshy generative
contexts, such as devising pixel-agnostic image generators.
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A Proof of the Properties from Section 3.3

Property 1. The covariance matrix in Equatiofill)is diagonal
and hence each coe cierfig is sampled independently.
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B Implementation Details
B.1 Shape Deformation Network

Our shape deformation network consists of ve PoissonNet [Mae-
sumi et al 2025] blocks. Each block has hidden dimension of 128 and
VectorMLPs with three layers. Our network takes the noisy mesh's
G~las input, and condition the source megh~land the timestefC

at each block. We follow PoissonNet [Maesumi et2025] to use
the same NJF head [Aigerman et 2022] at the end of the network

to predict the ow velocity in Jacobian space, which can be trans-
formed to velocity in vertex space via solving Poisson's equation.
We set the batch size to be 32, and use equal weights for conditional
ow matching losses in vertex and Jacobian space. During training,
we clip the norm of the gradient to be below 1. We set the screening
termg = 100for all the experiments. The timings we report in all the
experiments were conducted on a single NVIDIA RTX 4090 GPU.

Single source generation and elastic deformation models. We

train the network for 160k iterations with a learning rate of 0.0005
for the rst 40k iterations, and a learning rate of 0.0001 for rest of
the iterations. All trainings were conducted on a single NVIDIA
H100 GPU. The total training time of a model is sensitive to the
resolution of the source mesh. It takes around 42 hours to train the
single source generation (source mesh at resolution of 18k faces)
and around 36 hours to train the elastic deformation models (source
mesh at resolution of 9k/10k faces).

Arbitrary 3D human shapes model . We train the network for
240k iterations with an initial learning rate of 0.0005, and multi-step

each PoissonNet block. They serve as intrinsic positional encoding
on the given source mesh. The eigenvector predictor is trained on
SMPL human meshes of random poses and shapes with the same
training target (i.e. the normalized eigenvectors of the neutral T-
pose SMPL human mesh's Laplacian that correspond to the smallest
64 eigenvalues). This eigenvector predictor can provide consistent
positional encoding on arbitrary 3D human-like meshes, includ-
ing both SMPL meshes in arbitrary poses and shapes, and general
humanoid meshes, which plays an important role in the success
of this model. We cache Cholespy solvers [Nicolet e2&121] for

all the source meshes, and move them to the GPU when needed
instead of creating them on-the- y to accelerate the training. We
train the model on a single NVIDIA H100 GPU for 80 hours. We
apply random global scaling and shifts to the source meshes as data
augmentations when training both the eigenvector predictor and
the FM model to further help the models generalize on arbitrary
sources.

B.2 Deformation Autoencoder

We made the rst attempt to explore the possibility of encoding
deformations via an autoencoder in Sec. 5.4. Our encoder has ve
Di usionNet [Sharp et al 2022] blocks using spectral size of 128. It
encodes the input deformation into a 128-dimensional latent code
by applying a global mean at the end of the encoder. The latent
code is served as the conditioning signal to a PoissonNet [Maesumi
et al 2025] decoder, consisting of ve blocks as well. The encoder
and decoder's hidden dimensions are 128 and 256, respectively. We
train the autoencoder on our Octopus dataset with a learning rate
of 0.001 and batch size of 16 for 40k iterations.

C Datasets
C.1 SMPL datasets

We create datasets of deformed SMPL human meshes in yoga poses
from the MOYO dataset [Tripathi et a2023]. We generate a dataset

of 64k deformed human meshes for the single source generation
model and the eigenvector predictor used in arbitrary human source
model, and 32k pairs of deformed human meshes as source-target
pairs for the arbitrary human source model. We follow [Maesumi

et al. 2025] to sample diverse deformed poses from MOYO dataset's
motion captures via a greedy farthest point sampling scheme and
generate human bodies using the SMPL-X [Pavlakos €2@19]
parametric model. We keep the hands to always be in neutral poses
in our datasets. The deformed shapes used in single source gener-
ation model are kept to be in a neutral shape, while in arbitrary
human source model the body shape parameters are randomly sam-
pled from a Gaussian distribution with a standard deviation of 5 to
obtain diverse human bodies. All the meshes in the dataset are at
resolution of 18k faces.

C.2 Elastic deformations datasets
We apply a physical simulation method, IPC [Li et 2D20], to simu-

decay of rate 0.2 at 40k and 160k iterations. Besides the source meshlate the resting states of elastic object on the oor. We downsample

G~land timestepC we provide the predictions from another pre-
trained eigenvector predictor as additional conditioning signals to

our high-resolution mesh assets and convert them to tetrahedral
meshes via fTetWild [Hu et a020]. We simulate object dropping
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with random initial orientation, as well as initial angular speed ran- Table 4. Comparison with baseline methods.
domly sampled betweea and3c. All objects have a Young's modu-
lus, Poisson's ratio, and density of 1e4, 0.4, and 1e3, respectively. The MMD ( 10 2) # cov" 1-NNA #
simulation runs tlll_the object reaches an qulllbrlum_st_ate on the cD EMD CcD EMD CD EMD
oor and we collect it as one deformed sample in the training dataset.

We convert the resting states back to triangle meshes. Toremove  TIGER 056 253  0.456 0.456 0.595 0.635
the global rotation of the object around the y-axis (up-direction Ours 0.89 3.05 0.490 0.510 0.694 0.669
in our coordinate system), we apply PCA on each shajggend

| coordinates, and rotate the mesh such that its largest principal
component aligns with the largest component of the source mesh
(the canonical template mesh used in simulation). We create datasets
for four objects: Octopus, Elephant, Fish, and the Stanford Bunny,
and for each object we sample 20k diverse resting states (via farthest
point sampling) from 30k post-PCA simulation results. The original
Octopus, Elephant, and Stanford Bunny meshes have 100k, 400k,
and 70k faces, respectively. The low resolution meshes used to train
our models for Octopus, Elephant, and Stanford Bunny have 9k, 10k,
and 9k faces, respectively. We use Fish in original resolution (7k
faces) to train our model.

Method

Fig. 19.Comparison to state of the art in point cloud generation,
TIGER [Ren et al. 2024b]. By using a triangulation-agnostic intrinsic
C.3 GMM datasets network over a mesh, we are able to preserve and produce minute details

. such as the face and individual fingers; these are completely gone from the
We follow the setting from MDF [Elhag et a024] to create datasets point cloud generated by TIGER.

of random Gaussian Mixture Models (GMM) on a uniformly trian-

gulated Stanford Bunny of 70k faces. We randomly sample GMM

of three non-overlapping centers on the mesh. Note that the prob- E  Comparison to Point Cloud Generation

ability of sampling a vertex as Gaussian center is weighted by itS  p; erent 3p representations serve di erent goals (e.g., voxels are
vertex mass, to ensure uniform distribution of Gaussians on the patter t for volumetric data), and hence generative methods on
surface. We create a dataset of 32k random GMMs as the training meshes cannot be compared directly to other representations, as
dataset. We also create a test mesh by downsampling the left half of w0 54 is to produce details on the vertices of an existing mesh.

the bunny, resulting in a mesh of non-uniform triangulation (40k 1 f,rther display this point, we evaluate the di erences between
faces). We generate 1k random GMMs on the test mesh using the ;- nmesh-based generative method and a point cloud generative

same sampling strategy, yielding a reference set for evaluation.  p\ehqq TIGER [Ren et#1024b], which is currently the state-of-the-
art di usion-based method that applies noising and denoising on
D Evaluation Metrics point clouds directly. We compare the two on the experiment from

Section 5.1.1. We use the vertices of the SMPL human deformation
dataset as point clouds, and train TIGER from scratch on our dataset
to generate deformed SMPL human as point clouds.

MMD and COV. As initially proposed by [Achlioptas et aR018],
MMD reports the average distance between generated samples and

thei_r closest samples in the reference set, providing a measure of We then compare to our method by treating its generated samples
delity. On the other hand, COV computes the percentage of the 55 y5int clouds as well. We use the commonly used metrics for point

samples in the referepce set being closest sample to the generated |, ,q generation (MMD, COV, and 1-NNA) under two di erent
data. These two metrics are complementary and together they rep- gigiance metrics, Chamfer distance (CD) and Earth Mover's Distance
resent the quality of the generation. We use avera@edistance (EMD) (see TIGER [Ren et @024b]). Table 4 shows that TIGER
weighted by the corresponding vertex mass as the distance metrics slightly outperforms us on most of these metrics, implying better
for MMD and COV. adherence to the target distribution. These results make sense as
SMPL deformation metrics. To measure how realistic the gener-  each method aims for a di erent task; namely, our method needs to
ated deformations are, we introduce a new metric for quantitatively also account for the mesh connectivity and not just the points.
evaluating the generated SMPL shapes, by taking advantage of the  The gain from using a mesh as opposed to a point cloud is critical,
di erentiable SMPL-X [Pavlakos et a2019] parametric model. We  and can be appreciated in Figure 19: while TIGER [Ren.€2G24b]
regress the SMPL pose parameters that best match the generatedgenerates a point cloud that well-minimizes the chamfer distance to
shape by gradient descent. We then use the SMPL-X model and the a valid SMPL human, the lack of connectivity information leads it
obtained pose parameters to generate a deformed mesh. We measureto completely omit small geometric details (which chamfer distance
the mean squared error (MSE) weighted by the vertex mass as our is insensitive to and hence does not quantify): separate ngers with
metric. This metric is more accurate than the MMD in terms of mea- gaps are non-existent, and the model has a head but no face. This
suring how close the generated samples are to the real deformation is in contrast to the point cloud from our mesh-based network,
space of human. which clearly exhibits ngers and a face, due to our method utilizing
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a triangulation-agnostic framework which operates on the mesh
intrinsically and thereby preserves minute detail.

F FEM Discretization

Given a signaf, we have valuefgon the vertices; we interpret these
values in standard linear nite-elements fashion, as representing
a piecewise-linear functio'?° de ned over the triangles as the
unique function that is linear on each triangle and interpolates the
valuesfg on the vertices. Given another signg] the inner product
between the two piecewise-linear functions is de ned as the integral
over the domain :

1

e 2=  5179%1?°3 " (13)

Substituting the interpolant$1?° = I g 3s!?° and61?° = ! 9699917,
where fggg are the standard Lagrange "hat" basis functions asso-
ciated with each vertex, the inner product is expressed in matrix
form asf>Mg. M 2 R= = is the (consistentjnass matrixwhich is a
symmetric matrix with entries:

1

Mgo=  Qg'?°qg'?°3” (14)

To simplify the metric and diagonalize the system, themped
mass matrixM is frequently employed. This diagonal matrix is
de ned by summing the rows of the consistent mass matrix:

1

MP%g=  Qg'?°3” (15)

GeometricallyM°®gcorresponds to the area of the dual cell associ-
ated with vertex8 In practice, this is implemented as the barycentric
area (one-third of the area of all incident triangles).

The cotangent Laplaciah 2 R~ ~ is often referred to as the
sti ness matrix, and represents the discretization of the Dirichlet
energy% kr 5k?3 . Its entries are given by:

1

lgo= rQgl?° rqget?°3” (16)

For a triangle mesh, this yields the standard cotangent weight for-
mula for8< 9

1
lgg= ElcotUgg: cot\g @ a7)

wherels gand\s gare the angles opposite the edife= Q Tihe diagonal
entries are de ned such that rows sum to zerqig= one ! 89
whereN1& is the neighborhood o8(excluding8itself).
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