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Fig. 1. Our CageNet generalizes a segmentation network pre-trained on nearly-manifold inputs to a mesh in the wild (middle) with multiple connected
components, non-manifold elements, and internal structures (left). CageNet also enables training on wild meshes, such as predicting skinning weights for

animation (right).

Learning on triangle meshes has recently proven to be instrumental to a
myriad of tasks, from shape classification, to segmentation, to deformation
and animation, to mention just a few. While some of these applications
are tackled through neural network architectures which are tailored to
the application at hand, many others use generic frameworks for triangle
meshes where the only customization required is the modification of the
input features and the loss function. Our goal in this paper is to broaden
the applicability of these generic frameworks to “wild” meshes, i.e. meshes
in-the-wild which often have multiple components, non-manifold elements,
disrupted connectivity, or a combination of these. We propose a configurable
meta-framework based on the concept of caged geometry: Given a mesh, a
cage is a single component manifold triangle mesh that envelopes it closely.
Generalized barycentric coordinates map between functions on the cage, and
functions on the mesh, allowing us to learn and test on a variety of data, in
different applications. We demonstrate this concept by learning segmenta-
tion and skinning weights on difficult data, achieving better performance to
state of the art techniques on wild meshes.
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1 Introduction

The impact that neural networks have had on geometry processing is
unquestionable. The state-of-the-art methods for applications such
as shape classification, segmentation, correspondence, deformation
and many others, are all using neural networks, either supervised or
unsupervised. These methods are much stronger when they are able
to leverage the toolbox of discrete geometry processing, including
various discrete differential operators such as the Laplace-Beltrami
operator. One such example is DiffusionNet [Sharp et al. 2022],
which is a general architecture that has been successfully applied
to many of the previously mentioned applications.

One obstacle to wider adoption of these approaches, is that meshes
“in-the-wild”, e.g. meshes that are generated by artists, are often in-
convenient from the point of view of geometry processing: they
have multiple components, can be non-manifold, and often have
non-triangular faces. While geometry processing operators can be
potentially generalized to handle these cases, this would inevitably
require custom modifications for each artifact, making it not scalable
to “wild” mesh datasets. Furthermore, multiple-component geome-
try is specifically difficult to deal with without adding connections
that allow information to pass between the components.

We propose CageNet, a meta-framework that fills this gap by en-
veloping the troublesome geometry with a cage, providing a map be-
tween the cage and the input geometry using generalized barycentric
coordinates, and applying a geometry-processing informed neural
net on the cage geometry. We use DiffusionNet [Sharp et al. 2022] to
demonstrate our framework, due to its wide applicability and easy

SIGGRAPH Conference Papers 25, August 10-14, 2025, Vancouver, BC, Canada.


HTTPS://ORCID.ORG/0000-0001-9126-1617
HTTPS://ORCID.ORG/0009-0001-1753-4485
HTTPS://ORCID.ORG/0000-0002-1732-2327
https://orcid.org/0000-0001-9126-1617
https://orcid.org/0009-0001-1753-4485
https://orcid.org/0000-0002-1732-2327
https://creativecommons.org/licenses/by-nc-sa/4.0
https://creativecommons.org/licenses/by-nc-sa/4.0
https://creativecommons.org/licenses/by-nc-sa/4.0
https://doi.org/10.1145/3721238.3730654
https://doi.org/10.1145/3721238.3730654
https://doi.org/10.1145/3721238.3730654

2 = Michal Edelstein, Hsueh-Ti Derek Liu, and Mirela Ben-Chen

setup. We illustrate our framework using two applications: learning 1.1.2 Cage-based Geometry ProcesSmges have been utilized
mesh segmentation and skinning weights. We achieve comparable for processing geometry, most notably for shape deformation [Stroter
performance as the state-of-the-art on a segmentation benchmark et al. 2024]. Additional classic applications are deformation trans-
consisting of clean mostly-manifold inputs, while obtaining much  fer [Ben-Chen et al2009; Chen et a010], tracking [Savoye and
better generalization to meshes in the wild (see Figure 1). Compared Franco 2010] and computing skinning templates [Ju et al. 2008].

to networks which aretailoredto computing skinning weights, our
method also achieves the lowest error on wild meshes. Thus, using
CageNet one bene ts from both worlds: a generic network archi-
tecture with minimal setup (de ning the input features and the
loss), which works out-of-the-box on wild meshes, and achieves the
performance of specialized networks.

More recently, cages were used in learning-based deformation
with learned key point handles [Jakab et @021], learned cages [Yi-
fan et al 2020]; cages have been combined with NeRFs for editing
and deformation transfer [Peng et.&022; Xu and Harada 2022], and
have been used to deform Gaussian splatting [Huang and Yu 2024].
Our method is di erent from these approaches, since it provides a

general frameworfor learning di erent tasks on wild meshes.

1.1 Related Work 1.1.3 Geometry Processing on Wild Meshesther option for
1.1.1 Machine Learning Architectures on Medbegeloping ma- handling di cult meshes, is to address each problem separately. Ex-
chine learning architectures for processing meshes has been an amples include the non-manifold Laplace Beltrami operator [Sharp
active subject [Bronstein et a2017]. A key element in these archi-  and Crane 2020] (see also citations within for additional examples
tectures is how to generalize common operators, such as messageof non-manifold geometry processing), or adding connectivity to
passing or convolution, for signals de ned on the surface. Several handle meshes with multiple connected components [Garland and

works rely on discrete operators (e.g., convolution) de ned on ver-
tices [Gong et al2019; Lahav and Tal 2020; Lim et2018], edges
[Hanocka et al2019; Liu et al2020], faces [Hertz et 22020; Hu et al
2022], or a mixture of di erent mesh elements [Milano et 2020].

Heckbert 1997; Zhou et a2010], and other approaches such as
repairing meshes [Hu et ak018]. However, adapting an existing
network architecture using such approaches would require a cus-
tom solution for each type of mesh defect, re-implementing parts of

One can also leverage spectral operators, such as the Laplacian, tothe network and retraining it. Using our framework, it is possible

process scalar [Sharp et.&022; Smirnov and Solomon 2021] or
vector signals [Gao et al. 2024] on surfaces.

Despite their e ectiveness, these architectures either fail to pro-
cess multiple connected mesh components jointlynan-manifold
elements, which form a majority of the meshes in existing datasets
such as ShapeNet [Chang et aD15]. For instance, the convolution
stencil of MeshCNN [Hanocka et #&2019] assumes that each edge
only contains two neighboring faces, which is not the case for non-
manifold edges. Such a limitation poses a signi cant challenge to
deploying existing architectures to mesh data in the wild (see, e.g.,
Figure 2). Even if one considers mesh repair before passing it into
a neural network, this often leads to the loss of surface attributes
[Hu et al. 2020, 2018] or to degraded geometric quality [Huang et al
2020] (see also the Supplemental). This motivates our CageNet to
operate directly on these multi-component, non-manifold meshes
by parameterizing volumetric signals with manifold cages.

Fig. 2. When the input is a single component manifold mesh (le ), the
existing method [Sharp et ak022] and our CageNet lead to comparable
results. However, when the input contains multiple connected components
(right), our method results in be er generalization. We show the computed
segmentation color coded on the mesh, and the resulting accuracy.
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to use o -the-shelf mesh-based architectures and apply them to
in-the-wild meshes directly.

1.2 Contributions
Our contributions are as follows:

A meta-framework for learning on in-the-wild 3D geometries,
such as meshes with interior structures, multiple components,
that may be non-manifold.

Using cages and generalized barycentric coordinates to pa-
rameterize volumetric functions for neural networks.
Demonstrating the applicability of our framework to shape
segmentation and computing skinning weights, achieving
better performance on wild meshes than state-of-the-art tech-
nigues in a generic framework.

2 Method

Mesh-based neural network architectures are often restricted to
manifold meshes [Hanocka et.&019] or have poor performance
on meshes with multiple connected components [Sharp eRaPR?2].
CageNet is a neural network architecture that generalizes mesh-
based architectures to suakild meshes

Consider a neural network that maps multi-dimensional input
featuresG de ned on the vertices (or faces) of the mesh to a set
of output features-. Given a non-manifold or multiple component
mesh" , we cannot usd- directly, either for training or for testing.
Instead, we construct a single component, manifoltjedenoted
by '€, that fully encapsulates the model (Sec 2.1). In addition, we
de ne adi erentiable mapping operatd? that maps functions on
"€ to functions on" (Sec 2.2). We note that the reverse mapping,
from" to'® is notrequired. At training time, we appl\F to the
cage'®, and map the resulting output features to usingP. Thus,
the loss function is applied to features on the input, where the
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