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Abstract

We propose a novel framework for representing neural fields on triangle meshes that is multi-resolution across both spatial
and frequency domains. Inspired by the Neural Fourier Filter Bank (NFFB), our architecture decomposes the spatial and
frequency domains by associating finer spatial resolution levels with higher frequency bands, while coarser resolutions are
mapped to lower frequencies. To achieve geometry-aware spatial decomposition we leverage multiple DiffusionNet components,
each associated with a different spatial resolution level. Subsequently, we apply a Fourier feature mapping to encourage finer
resolution levels to be associated with higher frequencies. The final signal is composed in a wavelet-inspired manner using
a sine-activated MLP, aggregating higher-frequency signals on top of lower-frequency ones. Our architecture attains high
accuracy in learning complex neural fields and is robust to discontinuities, exponential scale variations of the target field, and
mesh modification. We demonstrate the effectiveness of our approach through its application to diverse neural fields, such as
synthetic RGB functions, UV texture coordinates, and vertex normals, illustrating different challenges. To validate our method,
we compare its performance against two alternatives, showcasing the advantages of our multi-resolution architecture.

CCS Concepts

» Computing methodologies — Machine Learning, Shape Analysis;

1. Introduction

Recent advancements in machine learning have lead to a surge of
interest in solving visual computing problems using coordinate-
based neural networks, known as Neural fields. These networks pa-
rameterize the physical properties of scenes or objects across spa-
tial and temporal dimensions. Neural fields have gained widespread
adoption due to their ability to encode continuous signals over
arbitrary dimensions at high resolutions, enabling accurate, high-
fidelity, and expressive solutions [XTS*22]. They have demon-
strated remarkable success in a variety of tasks, including an-
imation of human bodies [HXS*21], mesh smoothing and de-
formations [YBHK21, DLJ*20], novel view synthesis [MST*21],
mesh geometry and texture editing [YBZ*22], 3D reconstruc-
tion [DLJ*20, SGR*24], textured 3D reconstruction from im-
ages [OMN*19, KGM*22], shape representation and completion
[PFS*19], and neural stylization of meshes [MBOL*22].

Despite their widespread success, these coordinate-based neu-
ral architectures remain vulnerable to spectral bias [JGH18] and
demand significant computational resources. Among other gener-
alizations, these shortcomings have been addressed through spa-
tial decomposition strategies using grids [CXG*22, MESK22,
TLY*21], which support rapid training and level of detail con-
trol. Additionally, techniques that encode input data using high-
dimensional features through frequency transformations, such as
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sinusoidal representations [MST*21,SMB*20, TSM*20], help mit-
igate the inherent low-frequency bias of neural fields [TSM*20].

Wu et al. [WJY23] propose an architecture that bridges these
two approaches. They demonstrate that employing different grid
resolutions focused on distinct frequency components, combined
with proper localization, achieves state-of-the-art performance in
terms of model compactness and convergence speed across mul-
tiple tasks. However, the proposed grid-based methods, including
[WJY23], are designed for Euclidean spaces and do not account
for the unique properties of non-Euclidean, irregular geometric do-
mains like triangle meshes. Although adapting such methods to
fit such structures via data modification has shown efficacy, it of-
ten overlooks the inherent characteristics of mesh data. Notably,
meshes typically represent smooth manifolds with defined geome-
try, offering potential for enhanced understanding and representa-
tion. Furthermore, we aim to enhance the architecture’s invariance
to the multi-representational nature of mesh geometry, accommo-
dating different resolutions and many equivalent vertex connectiv-
ities.

Despite significant advancements in learning on meshes, most
existing neural architectures primarily prioritize improving gener-
alization capabilities required for classic tasks such as segmenta-
tion and classification. Consequently, we find that these approaches
struggle when tasked with capturing high-fidelity signals on in-
dividual meshes, limiting their effectiveness for neural fields on
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meshes. Addressing this fundamental gap, our work puts the spot-
light on accurately capturing high-resolution signals, setting the
foundation for future improvements in intricate signal representa-
tion necessary for advanced mesh applications.

In this work, we introduce a novel geometry-aware framework
for representing neural fields on triangle meshes that are multi-
resolution across both spatial and frequency domains. Inspired by
the Neural Fourier Filter Bank (NFFB) [WJY23] and leveraging
the geometry-aware DiffusionNet architecture [SACO22], our ap-
proach decomposes the spatial and frequency domains using mul-
tiple DiffusionNet components representing different spatial reso-
Iutions and controlling frequency bands using Fourier feature map-
pings at different scales. We associate finer spatial resolution levels
with higher frequency bands, while coarser resolutions are mapped
to lower frequencies. This wavelet-inspired decomposition, com-
bined with a carefully designed network architecture, enables our
method to effectively learn and represent complex neural fields,
accurately capturing intricate details and frequency variations. We
demonstrate the efficacy of our approach through its application to
diverse neural fields, including synthetic RGB functions, UV tex-
ture coordinates, and vertex normals, showcasing its robustness to
discontinuities, exponential scale variations, and mesh modifica-
tion. Additionally, we illustrate its practical utility by integrating
it into a texture generation model, demonstrating its ability to pre-
serve geometric fidelity and detailed features.

1.1. Related Work

We highlight relevant work that is related to the key components
of our method: architectures for learning on meshes that leverage
mesh geometry and neural fields on non-Euclidean domains.

Learning on Meshes Several works have proposed unique archi-
tectures to leverage mesh geometry and other structural properties
for learning on meshes [HHF*19, MLR*20, CWKW19, WEH20,
YLP*20, MKK21, SS21, SACO22]. Hanocka et al. [HHF*19] de-
fined MeshCNN, a convolutional layer on meshes by learning
edge features and defining pooling operations through edge col-
lapse. Milano et al. [MLR*20] captures triangle adjacency in
meshes through graphs of mesh edges and dual edges. Cohen et
al. [CWKW19] and Wiersma et al. [WEH20] defined equivariant
architectures to overcome challenges arising from the mesh geom-
etry. Cohen et al. [CWKW19] developed gauge equivariant CNNs
on manifolds that depend only on the intrinsic geometry, focusing
on signals defined on the surface of the icosahedron, and Wiersma
et al. [WEH20] proposed to overcome the rotational ambiguity of
filter kernel transportation by defining rotation-equivariant features
for CNNs. Another approach by Yang et al. [YLP*20], maps sur-
face mesh patches onto flat tangent planes and aligns them to form a
flat Euclidean structure, thereby mimicking standard convolutions.
Mitchel et al. [MKK21] define surface convolutions through a scat-
tering operation, which is more resilient to noise due to its aggrega-
tion of information from multiple coordinate systems. Other works
use spectral geometry to facilitate learning on meshes. Smirnov
et al. [SS21], learns spectral geometry elements to construct cus-
tom mesh features, and DiffusionNet [SACO22] leverages the heat
equation and learns multiscale diffusion operations to propagate in-

formation across the manifold. These architectures commonly fo-
cus on segmentation, classification and correspondence learning
tasks. While they form the basic architecture of our work, they are
typically incapable of capturing subtle differences in multiple res-
olutions, as demonstrated in the experimental results, Section 4.

Neural Fields Neural fields have been increasingly used for learn-
ing functional representations in arbitrary resolutions, most com-
monly for Euclidean domains, e.g. [MST*21, XTS*22, KAL*21,
PFS*19]. The foundational work, NeRF [MST*21], a coordinate-
based neural network for view synthesis, demonstrated the im-
portance of positional encodings to facilitate learning of high fre-
quency data by neural networks. Subsequent works have used peri-
odic activation functions [SMB*20], wavelet-like multi-resolution
decomposition [WJY23], and a decomposition to a cascade of
band-limited neural fields [SGR*24]. These works focus on Eu-
clidean spaces, encoding non-Euclidean 2D manifolds as volumes,
resulting in higher computational costs or failure to capture the
manifold structure.

Neural Fields on Manifolds Recently, a few works have pro-
posed methods for learning neural fields on non-Euclidean do-
mains [KGM*22, XBM*23, BRGK23, XXH*21]. Bensaid et al.
[BRGK23] leverages neural fields for learning partial matching of
nonrigid shapes. They use intrinsic positional encodings and a neu-
ral representation in the spectral domain to interpolate between
matched sparse landmarks of partial shapes. NeuTex [XXH*21]
represents meshes as 3D volume in a Euclidean space, but en-
codes texture with a 2D network. To enable texture representation
and editing, they train mapping networks between the two spaces,
which can be seen as learning a representation of the 2D surface.
Koestler et al. [KGM*22] takes into account the manifold struc-
ture by using the eigenfunctions of the Laplace-Beltrami Operator
as positional encodings, serving as point embeddings in the input
of the trained neural network. This approach is conceptually sim-
ilar to the concatenation of DiffusionNet [SACO22] and a Multi-
Layer Perceptron (MLP), and we compare our method to such an
architecture in Section 4. Sharing similarities with this approach,
Grattarola and Vandergheynst [GV22] propose implicit neural rep-
resentations based on intrinsic spectral embeddings from the graph
Laplacian, generalizing coordinate-based representations to non-
Euclidean domains. [XBM*23] further extends this concept and
learns a continuous field, independent of the manifold discretiza-
tion, by mapping a series of mesh poses to an implicit canonical
representation and learning surface deformations fields for each
pose. This approach requires a series of related inputs, such as a
human mesh in different poses. Edavamadathil et al. [ESLR24]
propose Neural Geometry Fields for Meshes, based on partition-
ing the mesh into parameterizable patches. However, their method
is primarily designed for mesh compression, focusing on obtain-
ing a compact neural representation of discrete surface geometry.
A recent work, MeshFeat [MHC24], proposes a multi-resolution
framework for learning features for neural fields on meshes. Their
approach replaces feature learning on Euclidean hash grids with
feature learning at mesh vertices across different resolutions, ef-
fectively implementing spatial decomposition. However, it aggre-
gates features across resolution levels without explicitly controlling
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their frequency content, and the learned features remain sensitive tgpropose using a Fourier feature mapping that applies a non-linear
mesh connectivity. transformation to the input coordinates before passing them to the
MLP. They report a Gaussian mapping as most effective, where in-
put coordinates are multiplied by random Gaussian matrices to pro-
duce high-dimensional Fourier features. Theoretically, they show
To summarize, our contributions are as follows: that this mapping transforms the NTK into a stationary kernel with
We propose a novel geometry-aware framework for neural elds @ tunable bandwidth. This bandwidth, which determines the width

representation on triangle meshes that is multi-resolution across©f the kernel's effective frequency spectrum, is controlled by the
bothspatialandfrequencydomains. scale (standard deviation) of the Gaussian matrices. A larger scale

We show that our method attains high precision in learning di- allows representing higher frequencies, overcoming spectral bias.
verse neural elds, such as synthetic RGB functions, UV texture

coordinates, and vertex normals, illustrating different challenges.

We show that our method outperforms DiffusionNet in learning 2. 3. Neural Fourier Filter Bank (NFFB)

high-detail functions, and the NFFB model in handling discon-

tinuous neural elds and mesh modi cations. Wu et al. [WJY23] introduce a novel neural eld framework named
"Neural Fourier Filter Bank" (NFFB) that decomposes the target
signal jointly in the spatial and frequency domains, inspired by
wavelet decomposition [Sha49]. The core idea is to utilize multi-
Our architecture draws inspiration from the architecture proposed layer perceptrons (MLPs) to implement a low-pass lter by lever-
by Wu et al. [WJY23], and builds upon two main works: Diffu- aging their inherent frequency bias, and to employ grid features
sionNet [SACO22] and Fourier feature mapping [TS2)]. For at varying spatial resolutions alongside Fourier feature mappings
completeness, we provide here a brief review of these works. [TSM 20] at different scales to create a high-pass lIter. A novel
aspect of this framework is the correlation of ner spatial resolu-
tions with higher frequency bands, whereas coarser resolutions cor-
respond to lower frequencies. Fourier feature mappings are applied
DiffusionNet [SACO22] is a discretization agnostic architecture for at scales that match the respective spatial resolutions of each grid
deep learning on surfaces. The architecture consists of successivgeature. The proposed architecture feeds the high-frequency com-
identical DiffusionNetblocks A central feature of each Diffusion- ponents into sine-activated MLP |ayers at appropriate depthsy mim-
Net block is the use of learned diffusion based on the heat equationjcking the sequential accumulation of higher frequencies on top of
to propagate information across the surface. This diffusion is dis- |ower frequencies in wavelet lter banks. This wavelet-inspired de-
cretized via the Laplaciah and mas$1 matrices of the surface. In Composition into Spatia| and frequency Components’ Coup|ed with
our work, we use the cotangent-Laplace matrix, which is ubiquitous the association of speci ¢ resolutions with corresponding frequen-
in geometry processing applications [CDGDS13,Mac49,PP93].  cies, allows for ef cient learning of detailed signals while main-

For ef cient diffusion computation, the authors propose to use a taining model compactness and fast convergence.
spectral method that utilizes tikesmallest eigenpairf;;| i of the
generalized eigenvalue probldmh; = | {Mf;. The diffusion layer
ht(u) corresponding to timeis implemented by projecting the in- 3. Method

put feature channel onto this truncated basis, exponentially scal-
ing the coef cients by | it, and projecting back: We propose a multi-resolution framework that facilitates represent-

ing neural elds on meshes across baimatial andfrequencydo-
L mains. As illustrated in Figure. 1, our pipeline comprises three
he(u) = F ge 2 é (|:T|\/|u) key stages: (1) Diffusing features across mesh vertices via multi-
: ple DiffusionNet components (Section 3.1) to capture spatial vari-
ations, (2) Transforming these diffused features through Fourier
where denotes the Hadamard (elementwise) product Rnt feature mapping (Section 3.2) to associate different frequency
are the matrices of generalized eigenvectors and eigenvalues, rebands with the respective resolution levels, and (3) Composing
spectively. The learned diffusion times, optimized per feature chan- the multi-resolution, multi-frequency signal representation using a
nel, control the spatial support ranging from purely local to totally sine-activated MLP in a wavelet-inspired manner (Section 3.3). We

global. Here, we have brie y reviewed only the aspects critical for delve into the details of each stage in the following sections.

understanding our method; see [SACO22] for further details.

1.2. Contribution

2. Background

2.1. DiffusionNet

e|1t

The input to the network is a matrk 2 R" 3 representing the
) ) 3D mesh vertex coordinates. Demonstrating the representational
2.2. Fourier Feature Mapping capability of our framework rather than the quality of loss function,
The work by Tancik et al. [TSM20] addresses the problem the experiments in Section 4 employ supervised learning, where the
of "spectral bias" in coordinate-based multi-layer perceptrons Optimization target is incorporated into the loss function. We ex-
(MLPs), which refers to their inherent limitation in accurately mod-  Plicitly specify the exact loss formulation used in each experiment.
eling high-frequency components due to the rapid decay of eigen- In Section 5, we adopt the con guration from [MBOR2], which
values in their neural tangent kernels (NTKs) [JGH18]. The authors iS unsupervised; see [MBOR2] for further details.
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Figure 1: Framework overviewThe backbone of our architecture is a sine-activated Multi-Layer Perceptron (MLP), which receives two
signals at each linear layer: the output from the previous layer {li representing a low-frequency signal, and another signal produced by
the i-th resolution leveh;(d;), representing a higher-frequency signal. The initial input to the rst laygidhg:= X 2 R" 3 To generate

the featuresh;(d;), we construct N DiffusionNet components that take X as input and prod@& &8 ". Fourier Feature mapping layers

are then applied to encode these features into appropriate frequencies, resultif(@iin2 R" ™. These features are subsequently fed into

the linear layer L. as the higher-frequency components within the sine-activated MLP. To construct the nal output, we concatenate the
intermediate outputsjl2 R" ™ and feed them into a regular MLP with ReLU activation. The de nition of G referenced in the "precompute”
rectangle can be found in Supplemental Material Section 1.1.

To clarify our architecture's pipeline, ef cient in various applications. Due to that, substituting the grid
we use a synthetic example featuring the representation with Diffusionnet is particularly effective for mesh
Chinese dragon mesh with 125K vertices data. Additionally, DiffusionNet facilitates discretization-agnostic
and 250K faces. The mesh is divided . learning, enhancing generalization capabilities of the overall archi-
. : Illustrative exam-
into three groups—Red, Yellowish, and tecture.

ple. Partitioning

of mesh vertices. Second, DiffusionNet intrinsically facilitates a methodology
akin to the multi-resolution hash-grid paradigm of NFFB. The dif-
fusion time parameter can be utilized to adjust spatial resolutions
via the initial values assigned to each component. Furthermore,
employing the "spectral method" for the diffusion process enables
each component to be associated with a distinct set of eigenvectors,
enhancing their spatial resolutions as well.

Blue—each linked to a distinct function
depicted in the inset gure. These groups
represent increasing frequencies: Red corresporids dellowish

tof 1,5 and Blue td 54, wheref ; 2 R"is the j-th eigenfunction of

the Laplace-Beltrami operator on the mesh, anmslthe number of
vertices. We generate the target neural eld by mapping the patch-
work function to an RGB using the HSV colormap. More details

can be found in Subsection 4.1.
Formally, the DiffusionNet component at th¢h level,d;, maps

o the per vertex input 3D coordinax¢2 R" 3 to anF-dimensional
3.1. DiffusionNet Layers feature spacad; : R" 3! R" F.LetN denote the number of Dif-

Motivation Aligned with the strategy in [WJY23], our pipeline's ~ fusionNet components.

rst stage inputs features into a multi-component "layer," each
component associated with a different resolution band, represent-
ing varying spatial resolutions of mesh features. Unlike NFFB
[WJY23], our architecture replaces each hash grid with a Diffusion-
Net component. As discussed in Section 2.1, DiffusionNet utilizes
diffusion layers to facilitate spatial communication and optimizes  For each level 2 [1;N], we de ne the range of eigenvector
diffusion support for each feature channel. indices used for diffusion in theth DiffusionNet component as
[rm(i); rm(i)] where

Splitting the spectrum Considering the total number of eigenvec-
tors keig used for diffusion, we distribute the eigenvectors evenly
across the levels, associating the eigenvectors corresponding to the
lowest eigenvalues with level 1 and highest to leNel

The choice of adopting the DiffusionNet architecture is based
on two main reasons. The rst stems from its inherent compatibil- := linspacg0; keig; N + 1)
ity with irregular data structures, speci cally triangle meshes, as rm() := r(i) (i) = r(i+ 1)
opposed to hash grid structures suited for regular formats like im-
ages. Despite previous adaptations of triangle meshes to regular:
structured architectures yielding favorable results, a geometry-
aware approach like DiffusionNet has proven more accurate and The corresponding sets of eigenvectdrsand eigenvaluek;

—

@

where linspacetart, end step$ is a one-dimensional vector of size
stepswhose values are evenly spaced fretart to end inclusive.
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Figure 2: Analysis of the illustrative exampleThe gure displays the output features at each resolution level across the three key stages of
the pipeline. Except for the rst stage;fjdwhere each level contains only one feature<R), both the smoothest and least smooth features
are showcased for each level. Note that the features become less smooth as the stage and level increase.

Figure 3: Analysis of the illustrative examplerom left to right: (1) Ground truth (GT) RGB function (2) RGB function predicted by our
model. (3) Output function with the N-th level featurgsdisabled. (4) Output function with the rst level featuresdisabled. Below each

mesh, three zoomed-in areas of the function are presented. Compared to the GT function, the output in (3) appears signi cantly blurrier,
roughly capturing outlines, while the output in (4) presents accentuated contrast, occasionally with an overstated effect.

used for diffusion at theth level are: Figure 2 illustrates the output features of each level at the key
Vo= ff -g!:rM(.i) L= fl -gier(.i) @) pipeline stages, displaying the smoothest and least smooth feature
h 1¥j=rm(i) t 1= rm(i) channels per level and stage. See Supplemental Material Section 2

for measuring function smoothness. The rst row shavs= dj(x)
Splitting diffusion time Recall the diffusion time parameter in  for j 2 [1:2:3]. Since we sef = 1 for simpli cation, only one
DiffusionNet controls the spatial resolution of diffusion, theoreti- feature is output at this stage. We observe that the functions at the
cally ranging from local to global scales. However, in practice, such tnree levels in this stage exhibit smooth behavior.
range isn't fully realized, as shown in Sec 4. The diffusion process,
as implemented by the "spectral method", acts as a low-pass lIter
due to the exponentiatiom It wheret is the diffusion time and
I'j the j-th Laplacian eigenvalue. By creating multiple Diffusion-  As in NFFB, the Fourier feature mapping stage serves to associate
Nets, each with distinct eigenvalue ranges, we achieve a re ned each level of the multi-resolution representation with a distinct fre-
representation of high-frequency components. quency band. Inspired by the Fourier feature mapping approach
of [TSM 20], we apply a sinusoidal transformation to the output
features from the previous DiffusionNet stage.

3.2. Fourier Feature mapping

Following the initialization scheme considered in Wu et
al [WJY23] for the Gaussian distribution variance (as in our Equa-

tion (5)), we initialize the diffusion times of thieth DiffusionNet In more details, the Fourier feature at ikt level is de ned as
component by(i) de ned as a mapping from the DiffusionNet output features at ttb level
. i di 2 R" F to anm-dimensional feature space:
t(i) := thase (texp) ®3) ) .
Typically tpaseis set to the squared mean edge length of the mesh hi(dh) := sin(2p i Bi)i:::isin(2p i Biym) @
andteyp 1. whereB;.1;Bi:2;:::;Bi:m are trainable parameters R" forming
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