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Abstract

This thesis explores data-driven and intrinsic methods for efficient 3D shape representa-

tion and processing. While many learning-based approaches rely on large labeled datasets or

shallow geometric cues, we instead leverage intrinsic structures—such as curvature, geodesic

distance, and the logarithmic map—to enhance generalization, robustness, and geometric fi-

delity.

We first investigate learning-based methods for efficient mesh representation. To better

capture local geometric structure, we propose an improved pooling operator for 3D morphable

models that incorporates intrinsic geometric information through vertex normals. Building

on this representation, we introduce Neural QSLIM, a geometry-aware framework that learns

QSLIM-guided topological updates to improve mesh reconstruction quality in autoencoders.

Beyond mesh representation, we study intrinsic geometry for non-rigid shape analysis by

proposing a fully unsupervised method for discovering compact, stable, and ordered intrinsic

landmarks via Karcher means, which can be directly incorporated into existing shape corre-

spondence methods. Finally, we extend these ideas to mesh repair with a data-free learning

framework that reconstructs missing regions directly on the input mesh while preserving the

original topology and geometric fidelity, eliminating the need for external training datasets.

Together, these contributions demonstrate how intrinsic geometry and self-supervision

can reduce reliance on large-scale annotations in neural geometric pipelines.
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Chapter 1

Introduction

Geometric data has become a core building block in modern shape understanding, enabling

applications ranging from shape correspondence to deep surface learning. Meshes, especially

triangle meshes, serve as the standard representation for 3D geometry, playing a similar foun-

dational role to images in computer vision. While image data benefits from regular grid struc-

ture, geometric data on meshes often lacks such structure, posing challenges for algorithm

design. This thesis investigates how intrinsic and extrinsic representations of mesh geom-

etry affect downstream geometry processing tasks. Specifically, we explore how geometry

can be encoded not just by the vertex positions in R3
, but also by intrinsic quantities such

as edge lengths and geodesic distances. These intrinsic representations can reveal structure

that is invariant under isometric deformation and, in some cases, offer better stability and

generalization.

We present algorithms that leverage both views of geometry to address problems such

as shape correspondence, mesh encoding, and neural representation learning. By integrating

discrete differential operators and spectral methods with modern learning architectures, we

aim to provide practical tools that extend across both analytical and data-driven domains of

geometry processing.

1.1 Data-Driven Geometry Processing

Recent advances in synthetic shape generation and 3D scanning technologies have greatly

increased the accessibility of geometric data. This motivated the development of data-driven

approaches for geometry processing. Rather than focusing on individual shapes in isolation,
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data-driven methods exploit statistical regularities across a collection of shapes to inform

representation, synthesis, or matching. In some cases, this may involve transferring structural

knowledge from a few annotated exemplars to novel geometries. In others, it may involve

learning high-level reasoning directly from data without explicit supervision.

In this thesis, we explore different strategies to efficiently learn latent representations

and extract compact features from 3D shapes. Many existing approaches rely on shallow ge-

ometric features—such as raw vertex positions or simple edge-based operators—we build on

concepts from discrete differential geometry to design methods that more faithfully capture

intrinsic structure (such as mean curvature, Laplace-Beltrami and cotangent weights). Built

on top of this core idea, in Chapter 2, we propose an improved pooling operator for 3D mor-

phable models that leverages intrinsic cues such as vertex normals and face areas, moving

beyond purely Euclidean contraction. Our method improves generalization and efficiency by

enhancing pooling structure without requiring per-instance optimization. In Chapter 3, we

extend this direction by introducing Neural QSLIM, a geometry-aware framework for mesh

up-sampling in autoencoders. Unlike conventional approaches that rely on fixed quadric sim-

plification and point-wise projection, our method learns to reconstruct fine-grained geome-

try from coarse triangle meshes via QSLIM-guided topological updates. This design improves

structural fidelity and enables more flexible non-linear decoding across different mesh au-

toencoder settings.

These contributions lay the groundwork for leveraging both intrinsic geometric cues

and data-driven learning to design efficient and generalizable pipelines for 3D shape under-

standing. In the next section, we shift focus to intrinsic features and their role in geometric

processing.

1.2 Intrinsic Features in Geometric Processing

In many settings, training data is scarce or high quality labels are prohibitively expensive to

obtain. This motivates algorithms that extract rich information directly from the input geom-

etry, often without supervision. Intrinsic features—such as geodesic distances, exponential

maps, and spectral descriptors—encode invariant structure and can drive self-supervised or

optimization-based methods. In this thesis, we explore how intrinsic cues enable robust shape

understanding in the absence of external labels. In Chapter 4, we leverage intrinsic geomet-
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ric cues to automatically detect stable and ordered landmarks on near-isometric surfaces. By

computing Karcher means and selecting maximally distant points, our method produces an

ordered landmark set that is consistent across near-isometric surfaces, enabling accurate and

robust correspondence. These landmarks enable accurate and stable correspondence across

near-isometric shapes, without requiring supervision. Our approach eliminates the need for

manually defined landmarks and can be integrated into existing shape matching pipelines as

a plug-and-play module. Chapter 5 extends this direction to mesh repair, where complete

training shapes are often unavailable. We develop a data-free learning framework that com-

bines geometric processing with self-supervision to reconstruct missing regions directly on

incomplete meshes. The method preserves the original geometry and topology outside the

repaired regions while avoiding the need for external training data.

Overall, this dissertation studies how geometric structure can be incorporated into learning-

based geometry processing. The work progresses from mesh representation and reconstruc-

tion to intrinsic shape analysis and mesh repair. Although these problems address different

tasks, they share a common goal of using the underlying geometric structure to improve

learning while preserving important properties of the input geometry.

The text and figures in this thesis have significant overlap with several papers published

by myself over the course of my PhD. These publications are the original source for such

content, used with permission. In particular, see the following publications:

• Haoliang Zhang, Samuel Cheng, Christian El Amm, Jonghoon Kim. “Efficient pooling

operator for 3D morphable models.” IEEE Transactions on Visualization and Computer

Graphics 30 (7), (2023).

• Haoliang Zhang, Xintong Li, Jonghoon Kim, Samuel Cheng, Christian El Amm. “Neural

QSLIM for Mesh Autoencoders.” International Conference on Artificial Neural Networks,

(2025).

• Haoliang Zhang, Samuel Cheng, Christian El Amm. “Unsupervised Landmark Discov-

ery via Karcher Means for Non-Rigid Shape Correspondence.” The Visual Computer, 42.1

(2026).

• Haoliang Zhang, Jiali Zhang, Samuel Cheng, Christian El Amm. “Data-Free Neural Mesh

Inpainting: Preserving Topology and Geometry.” The Visual Computer, 42(11) (2026).
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Chapter 2

Efficient Pooling Operator for 3D Morphable Models

Learning the latent representation of three-dimensional (3D) morphable geometry is useful

for several tasks, such as 3D face tracking, human motion analysis, and character generation

and animation. For unstructured surface meshes, previous state-of-the-art methods focus on

designing convolution operators and share the same pooling and unpooling operations to

encode neighborhood information. Previous models use a mesh pooling operation based on

edge contraction, which is based on the Euclidean distance of vertices rather than the actual

topology. In this study, we investigated whether such a pooling operation can be improved,

introducing an improved pooling layer that combines the vertex normals and adjacent faces

area. Furthermore, to prevent template overfitting, we increased the receptive field and im-

proved low-resolution projection in the unpooling stage. This increase did not affect pro-

cessing efficiency because the operation was implemented once on the mesh. We performed

experiments to evaluate the proposed method, whose results indicated that the proposed op-

erations outperformed Neural3DMM with 14% lower reconstruction errors and outperformed

CoMA by 15% by modifying the pooling and unpooling matrices.

2.1 Introduction

Several important real-world datasets are presented in the form of graphs: social networks,

knowledge graphs, protein-interaction networks, and others [1]; however, progress in repre-

sentation learning of geometric data has been limited. Learning the latent representation of

mesh data is useful for several tasks, such as 3D face tracking, human motion analysis, and

character generation and animation. Previous methods used principal component analysis
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(PCA) [2, 3, 4, 5] or manually defined blendshapes [6, 7, 8] to construct the linear latent rep-

resentation for a 3D human face. Similarly, Blanz and Vetter [9] proposed a method learned

from a set of face images with associated 3D face scans and represented by selected basic

shapes and textures. Owing to the linear base, the aforementioned representation power can

be limited.

Convolution neural networks (CNNs) are successfully used to capture statistical features

in large-scale datasets. However, conventional convolution and pooling operations require

regular input data to perform weight share and kernel optimizations [10]. Owing to irregular

sampling and connections in the mesh, CNNs cannot be directly applied to meshes as in the

case of regular two-dimensional (2D) grid data. Taigman et al. [11] proposed a locally con-

nected convolution (LCConv) that defines the convolution weights for each vertex; however,

this method requires considerable memory and is prone to overfitting. Furthermore, in the

case of irregular data format, the transformed point features are fed into a convolutional op-

erator through a multilayer perceptron (MLP), which generates a potentially canonical order

[12]. To reduce the parameter count, Zhou et al. [13] proposed a fully convolutional mesh

autoencoder. Weights on vertices are sampled based on the weights obtained using differ-

ent functions; however, this process increases parameter count by 7–20 times compared with

other processes.

Common compromise methods [14, 15, 16, 17] that bijectively map a mesh in R3
to R2

or some regular surface (uv space, spheres, and torus) enable the model to apply CNNs to

train on mesh geometry. However, they suffer from distortion and are adversely affected by

artifacts along seam lines in UV mapping. Thus, Ji et al. [18] convolve a 3D kernel to the

cube formed by stacking multiple frames together. However, volumetric convolutions [19]

are memory-intensive and restricted to low-resolution volumes.

As a more elegant approach, Ranjan et al. [20] proposed CoMA that follows the work

[21] using fast Chebyshev filters as convolution layers and applies quadric mesh sampling to

preserve the topological structure at different hierarchical multiscale levels. Feature aggrega-

tion adopts edge contraction for downsampling and barycentric coordinates for upsampling.

Bouritsas et al. [22] proposed Neural3DMM that replaces the spectral convolution layers with

spiral operators [23]. The spiral path around each vertex is determined by the geometry of the

template mesh. It outperforms CoMA and other preceeding methods. One of the reasons for
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their success is the multiscale hierarchical structure that allows the model to learn translation-

invariant localized features of a mesh. Both models results are promising on surface meshes,

but share the same pooling/unpooling operations in the multiscale hierarchical structure. The

pooling operation selects a valid edge for contraction based on Euclidean distance rather than

actual mesh topology; moreover, it neglects area information by assuming that every triangle

face contributes equally. As lossless unpooling is not feasible, it maps discarded vertices into

the closest triangle of the coarse mesh, thus leading to template overfitting.

To address this issue, we introduce a mesh autoencoder with area and vertex normal

aware pooling operations. In contrast to the previous pooling operations [20, 22] that use

uniform weights over the entire surface, our method combines the normal attribute and the

area of vertex-adjacent faces with each vertex. In the unpooling stage, we train the unpooling

matrix in different meshes that share the same pooling operation. The proposed unpooling

operation is only applicable to low-resolution projection to maintain computational efficiency.

Thus, we efficiently aggregate the global and local features in a multiscale hierarchical struc-

ture.

In subsequent experiments, we demonstrate that the proposed mesh autoencoder out-

performs the state-of-the-art (SOTA) methods in several datasets. The proposed model can

compress and reconstruct meshes with minimal error, does not require additional supervi-

sion or preprocessed shape descriptors, and adequately maintains the mesh shape and details.

Moreover, it does not affect processing efficiency because the operation is performed once.

To the best of our knowledge, the proposed method provides a better multiscale hierarchi-

cal structure to capture global features and outperforms competitive baseline models by a

significant margin in all tasks evaluated.

2.2 Related Work

A series of efforts have been made to train deep neural generative models to learn latent

geometric representations from registered meshes. The proposed model draws inspiration

from mesh generative models and recent studies on graph convolution networks. We provide

a brief overview of the related work in both fields.
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2.2.1 Deep learning efforts on meshes

CNNs cannot be directly applied to meshes due to irregular sampling and connections. Pre-

vious studies have focused on learning the latent representation of the 3D human face using

linear transformation [2, 3, 4, 5, 6, 7, 8]. Tretschk et al. [24] added an embedded deforma-

tion layer to the mesh autoencoder to generalize and apply deep learning methods to a non-

Euclidean domain (graph and manifolds). Later methods [14, 15, 16, 17] map a mesh to R2
or

regular surfaces (uv space, spheres, and torus) using bijective mapping, and apply CNNs to

train on mesh geometry. However, there is no bijective map to tell whether two topological

spaces are homeomorphic, which may destabilize a generative model while modeling surface

structures. Moreover, parameterized methods also suffer from distortion and discontinuity

along seam lines.

Current studies [18, 25] directly apply the convolution operator by simply convolving

a 3D kernel to the cube formed by stacking multiple frames together or several convolution

layers at the autoencoder. The SOTA method [20] uses fast Chebyshev filters as convolution

layers and quadric mesh sampling to preserve the topological structure at different hierar-

chical multiscale levels; however, it selects the valid edge (𝑣1, 𝑣2) for contraction based on

Euclidean distance instead of actual mesh topology, leading to nonuniformity of the recep-

tive field in regard to network neurons, and latent feature discontinuity. For the Body [26]

and Hand [27], to project a new shape to the model space, non-linear skinned vertex-based

models (SMPL [28] and MANO [29]) require joint localization and solving special optimiza-

tion problems. Zhou et al. [13] apply trainable density parameters to each vertex for feature

aggregation in pooling and unpooling layers, however; this process increases the number of

parameters by 7–20 compared with other processes.

As described in Section 2.3, the proposed method does not require additional supervision

and adequately maintains mesh shape and details; it exhibits better representation power and

enables the model to efficiently aggregate neighbor information.

2.2.2 Geometry learning

QSLIM algorithm [30] uses iterative contractions of edges to simplify models and maintains

surface shape using quadric matrices. An improved approach [31, 32] is to combine the quadric
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error metric with appearance attributes, such as texture and color. Yao et al. [33] add the cost

of curvature to the quadric error metrics, but their approach is computationally inefficient.

We show that by combing vertex normal attributes, our method encodes curvature implicitly

(Appendix 2.6.1).

While the QSLIM algorithm is crucial for mesh simplification, it is only half of the two

main components that comprise the mesh autoencoder model. The other half consists of

the unpooling layers. The closest solution to mesh unpooling is the subdivision technique.

Subdivision surfaces [34, 35, 36] are defined by recursive upsampling of a discrete surface

mesh. Each input mesh is divided by splitting edges and adding vertices. The positions of

vertices are smoothed by taking a weighted average of their neighbors’ positions. Rather

than maintain the mesh topology, subdivision typically results in smoothed surfaces. This

topic includes a wide variety of subdivision schemes that would be outside the scope of this

paper to thoroughly cover.

Ranjan et al. [20] deform a template with a transformation matrix that encodes the mesh’s

topological information. Discarded vertices are projected into the downsampled mesh sur-

face using barycentric coordinates. The closest-point approach decreases accuracy of mesh

reconstruction and damages structure (Figure 2.4). Using a concept similar to CoMA, Bourit-

sas et al. [22] (Neural 3DMM) formulates an ordering-based graph convolutional operator,

contrary to the permutation invariant operator Chebyshev GNN used in the CoMA model.

However, while Neural3DMM improves the graph convolutional operator, it uses the same

pooling/unpooling layers of CoMA. Hanocka et al. [37] propose MeshCNN which combines

convolution and pooling layers that operate on the mesh edges. MeshCNN directly learns the

local structure via undirected edges and shows applications in deterministic tasks. In contrast,

we focus on generative tasks.

2.2.3 Graph convolution networks

Spectral and spatial approaches are two main strategies to design filters in a graph. A spectral

filter performs a weighted averaging of neighboring vertices using the Laplacian operator [38],

formulating convolution-like operations to match with local patches on graphs or manifolds.

However, evaluating spectral convolutions is computationally expensive. Hammond et al. [39]

suggest an approximation using a filter based on blue a truncated expansion of Chebyshev
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polynomials up to 𝐾𝑡ℎ order. Inspired by Weisfeiler-Lehman (WL) isomorphism test [40],

Hamilton et al. [41] extend the graph convolutional network (GCN) to the inductive setting.

It iteratively concatenates the current representation of a node with aggregated neighborhood

features to obtain additional information from further reaches of the graph. Monti et al. [42]

proposed a spatial-domain method with regard to graphs and manifolds that could generalize

several previous models [43, 21, 44, 20, 45, 46]. These methods consider pair vertex features

to compute attention weights with different types of kernels or learnable functions. Some

methods [47, 25] use these graph convolution layers in their models. [23] proposed a spiral

convolution for a mesh autoencoder; the spiral sequences for each vertex are determined from

neighboring vertices following a fixed order.

Graph convolution operators used in the networks described above do not support trans-

pose convolution. Therefore, tasks that require multiscale architectures with pooling and un-

pooling layers need to apply additional layers (e.g., Verma et al. [48] use Graclus algorithm [49]

which is efficient at clustering various graphs). The coarse weight is the sum of two matched

nodes, and the coarse graph has approximately half the nodes. Consequently, quadric error

minimization [30] is implemented in such models [20, 50, 22].

2.3 Method

In this section, we introduce the proposed pooling and unpooling operations. The pooling

layers in current autoencoder models [20, 50, 22] suffer from non-uniform vertices. In contrast,

our autoencoder model leverages the benefits of attributes-weighted QSLIM [31, 32] to include

more geometric information. The previous unpooling matrix is developed using the closest

triangle barycentric coordinates of the coarse template, which cause template overfitting. To

avoid overfitting, we downsample the randomly selected meshes and train a fully connected

layer based on corresponding meshes. Finally, we construct a hierarchical multiscale mesh

autoencoder using the proposed methods.

We define a mesh by a set of vertices and faces, 𝑀 = (𝑉 , E, 𝐹 ), with vertex 𝑣 ∈ 𝑉 having

a geometric position in the Euclidean space,𝑉 ∈ R3
and edges (𝑣𝑖, 𝑣 𝑗 ) ∈ E. Each triangle face

𝑓 ∈ 𝐹 is denoted by three vertices (𝑣1, 𝑣2, 𝑣3).

9



2.3.1 Mesh sampling

Current SOTA models downsample meshes based on the QSLIM scheme, each vertex 𝑣 is

assigned with the symmetric 4 × 4 quadric matrix 𝑄𝑣𝑔 (v):

𝑄𝑣 (v) =
∑︁
f∈v

Q
f
g
(v) (2.1)

where v
T
Q

f

g
v is equal to the geometry distance of a point v = [𝜐x, 𝜐y, 𝜐z, 1]T to the plane

containing the face 𝑓 . It iteratively contracts vertex pairs (𝑣1, 𝑣2) → 𝑣 that minimizing𝑄𝑣1 (v)+

Q
v2 (v). First, we modify the QEM function, as expressed in Eq. (2.2); each vertex 𝑣 of the mesh

is assigned with the sum of quadrics weighted by its adjacent faces area respectively.

𝑄𝑣 (v) =
∑︁
f∈v

area(f)Qf
g
(v) (2.2)

A vertex normal is a directional vector associated with a vertex [51] (see Figure 2.1). It also

Figure 2.1: Vertex and face normals

consists of the curvature information of the shape (Appendix 2.6.1). The contribution of faces

normal to a vertex normal is the ratio of the corner angle in which the vertex is related to

the sum of all corner angles surrounding the vertex. Thus, the error defines the distance

from 𝑣 =
©­«
𝑝

𝑣𝑛

ª®¬ ∈ R6
to the affine subspace spanned by face (𝑣1, 𝑣2, 𝑣3). where | |𝑝 − 𝑝′| |2 is

the geometric distance error and | |𝑣𝑛 − 𝑣𝑛′| |2 is the normal vector error. This metric may

underestimate the error when two points have a closer normal value but are geometrically

distanced from each other. The weight 𝜆𝑣𝑛 is used to scale the normal deviation. The total

error metric is defined as the sum

𝑄𝑣 (v =
©­«
𝑝

𝑣𝑛

ª®¬) =
∑︁
f∈v

area(f)Qf
g(v) + 𝜆vnQ

f
vn
(v) (2.3)
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where 𝑄
f
𝑔 (v) is the same as obtained using the QEM methods but weighted by the adjacent

faces area, and 𝑄
f
𝑣𝑛 (𝑣) = (𝑔𝑇𝑣𝑛𝑝 + 𝑑𝑣𝑛 − 𝑣𝑛)2 is the squared normal deviation. (𝑔𝑣𝑛, 𝑑𝑣𝑛) are

computed using Eq. (2.4)

©­­­­­­­«

𝑝𝑇
1

1

𝑝𝑇
2

1

𝑝𝑇
3

1

𝑛𝑇 0

ª®®®®®®®¬
©­­­­«
𝑔 𝑗

𝑑 𝑗

ª®®®®¬
=

©­­­­­­­«

𝑣𝑛1

𝑣𝑛2

𝑣𝑛3

0

ª®®®®®®®¬
(2.4)

where (𝑔 𝑗 , 𝑑 𝑗 ) are the gradients of the scalar function of the triangle face and scalar respec-

tively. The pooling operator methods used in the current SOTA models do not effectively

downsample the mesh, due to their inherent limitations. Figure 2.2 shows a comparative anal-

ysis, in which the sample rate is four in each layer. As shown in Figure 2.2b, after downsam-

pling three times using QEM, the neck and jaw parts of the mesh disappear. We set 𝜆𝑣𝑛 = 0.005

in our experiment, as shown in Figure 2.2a; our graph sampling scheme maintains the head

shape and detail in the multiscale hierarchy structure.

(a) Our sampling process

(b) Quadric mesh sampling

Figure 2.2: Network architecture and comparison for mesh sampling

2.3.2 Unpooling layer

The unpooling layer provides an approximate location of discarded vertices in a fine mesh, it

initializes the value for training to be conducted later. Hence, a bad initial guess will under-

mine the reconstruction accuracy. Crude methods [20, 50, 22] generate an unpooling matrix

11



during the downsampling process. Vertices in the fine mesh mapped to the closest trian-

gle in the coarsened mesh are denoted by barycentric coordinates. The vertices in fine mesh

𝑉𝑓 = 𝑀𝑢𝑉𝑐 are obtained by multiplying using unpooling matrix𝑀𝑢 with coarse mesh𝑉𝑐 . From

this perspective, the transform matrix is the zero-bias FC layer to connect fine and coarse

meshes.

Figure 2.3: Closest point projection

Figure 2.4: The heat source is placed inside the wine glass. The closest projection caused the

error, where the heat does not diffuse along the surface

The model overfits the template because this operation is only applicable to the template

mesh. More importantly, for curved surfaces embedded in 3D, the use of the closest point

projection will lead to failure cases. As shown in Figure 2.3, the dotted and solid lines represent

the fine and coarse meshes, respectively. For the red point in the fine mesh, its closest point

in the coarsened mesh is the green point in the right figure. However, this is an incorrect

estimation because the model will use the green vertex features in the unpooling layer to

determine the red point in the fine mesh. In Figure 2.4 we create a stress test using a wine

glass model. The heat source is placed inside the wine glass. The heat does not diffuse along

the surface because of incorrect vertex projection.

To solve the aforementioned problem, we randomly selected 0.5% of the overall meshes of

the training set and pooling with the shared matrix. The unpooling matrix can be considered

as the fully connected layer without bias. In the proposed method, the unpooling matrix is

12



trained to map the input coarse mesh to the corresponding fine mesh. The input feature to

the module consists of only vertices coordinates.

This implies that our unpooling layer has more generalization ability. It also increased

the receptive field and improved low-resolution projection in the unpooling stage.
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Figure 2.5: Qualitative comparison results for interpolation experiment. Colour coding of

the per vertex euclidean error of the reconstructions. The error values are saturated at 6.5

(millimeters). Hot colors represent large errors.

Parameters Analysis: As the non-trainable parameters, the pooling and unpooling ma-

trices are loaded at the beginning of the process, frozen, and used for aggregation. The original

unpooling matrix used three weights to denote the vertex in the fine mesh, which implies that

the unpooling matrix 𝑀𝑢 is sparse and include 3𝑁 entries, where 𝑁 is the number of vertices

of the previous fine mesh. The closest point fault tends to occur in low-resolution meshes

rather than in high-resolution meshes. Thus, we considered the outermost two unpooling

layers as the original matrix and changed the other two layers. In other words, we increased

the receptive field of the vertex in the low-resolution mesh. In our layer, we set the vertex

weight to zero in cases less than 0.02. We implemented sparse matrix multiplication via scat-

tering and added vertex features corresponding to cluster nodes across a batch of input vertex

feature matrices. We run an experiment to evaluate the template overfitting, for more details,
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please refer to Section 2.4.4.

2.4 Experimental evaluation

In this section, we present the result of a series of ablation studies to compare our operator

with SOTA 3D mesh AEs, by evaluating our model on 3D shape reconstruction. Furthermore,

we quantitatively show that our method can yield better unpooling results than the closest

point projection, as described in Section 2.4.4. Finally, we compare the performances of dif-

ferent network hyperparameters under the same network architecture. All the experiments

were trained with L1 reconstruction loss only and reported with point mean Euclidean dis-

tance error if not specified.

2.4.1 Datasets

COMA [20]: The facial expression dataset contains 12 different subjects with 12 extreme facial

expressions. The dataset includes 20K + 3D meshes, each registration includes 5023 vertices.

DFAUST [26]: The dynamic human body shape dataset comprises 40K + 3D meshes of ten

unique identities performing actions with 6,890 vertices each. We followed the data split

setting in [22].

2.4.2 Implementation details

Spiral sequences are consistent, robust, and based on an ordered fixed-length serialization.

We followed the specified settings in [22] to combine the spiral convolution with our pool-

ing operator. The spiral length is set to nine to be aligned with Neural3DMM [22]. Train-

ing is conducted using Adm [52] for 300 epochs with a learning rate of 0.001 and a learn-

ing rate decay of 0.99 per epoch. Our autoencoder includes an encoder and a decoder, we

follow the settings in [22, 20], the number of mesh vertices reduce/increase by a factor of

four during pooling and unpooling. We set 𝜆𝑣𝑛 = 0.005 in our experiment to scale the nor-

mal deviation. We use raw 3D coordinates as input node features instead of SHOT descrip-

tors which were used in SpiralNet [23]. We use [·] denote network architectures, for en-

coder filter size:[16,16,16,32] and decoder size:[32,16,16,16], the structure is represented as

3 × {𝐶𝑜𝑛𝑣 (16) → 𝑃𝑜𝑜𝑙 (4)} → {𝐶𝑜𝑛𝑣 (32) → 𝑃𝑜𝑜𝑙 (4)}. We only illustrate the encoder in

the later sections as the decoder is the mirror of the encoder, in which the pooling layers are
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replaced with the unpooling layers. Fully connected layers with the designed latent vector

connect the encoder and decoder.

2.4.3 Interpolation experiment

We evaluate the reconstruction capability of the autoencoder. For the COMA dataset, follow-

ing the interpolation experimental setup [20, 22], we split the dataset into training and test

sets at a ratio of 9:1. For the DFAUST, we follow the data split setting in [22] that randomly

split the data into a test set of 5000, 500 validation, and 34,5K+ train. For COMA, the convolu-

tional filters of the encoder exhibited a size of [64,64,64,128] and for DFAUST the sizes were

[16,32,64,128] and [128,64,32,32,16].

Figure 2.6: Colour coding of the per vertex euclidean error of the reconstructions. Top row is

ground truth. The error values are saturated at 35 (millimeters)

We compared our model with two high baseline models: CoMA [20] and Neural3DMM

[22]. For both datasets, as clearly illustrated in Figure 2.7, our model consistently outper-

formed the CoMA and Neural3DMM models in every latent dimension. The nine COMA

exemplar errors and five DFAUST results of the reconstructions samples are well defined in

Figure 2.5 and Figure 2.6 respectively. CoMA and Neural3DMM reconstruct the vertices in

approximately correct locations but struggle to recover the expression detail during the ex-

treme expressions. Our model balanced details and main head shape resulting in high-quality
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Figure 2.7: Reconstruction errors of different methods

reconstructions. We use an eight-dimensional latent space to encode the meshes in all models.

2.4.4 Pooling and unpooling layers

The performance of the model is closely related to the pooling and unpooling procedures,

which have been widely used in previous models. The unpooling matrix is calculated during

pooling because loss-less unpooling is not feasible [20]. Average aggregation uses the same

pooling as [20, 22] and assigned aggregation weights identically for vertices in the recep-

tive field. MeshCNN [37] performs convolution on the edges; however, it is computationally

inefficient and does not perform well after 300 epochs. For the current unpooling opera-

tion, the contracted vertices in the previous layer are mapped into the closest triangle of the

downsampled mesh surface and stored by the barycentric coordinates. Unlike a regular grid

or 2D meshes we use bilinear interpolation or barycentric coordinates to construct vertices.

For curved surfaces embedded in 3D, the use of closest point projection will lead to failure

cases. Furthermore, it overfits one template and does not represent the actual topology of the

mesh. To test the geometry learning improvement of our model, the convolution operation

was frozen in the experiment. The model architectures and the kernel size were fixed. We

trained with 300 epochs. The encoder filter was set to [16,16,16,32], and the decoder mirrored

the encoder. The latent vector and convolutional filters are the same as [20]. As listed in Ta-

ble 2.1, our operation achieves > 15% lower error than the previous pooling and unpooling

operations. Moreover, we demonstrate the reconstruction result of the overfitting effect and

illustrate the unpooling result in Figure 2.8. We have randomly selected an extreme expres-

sions dataset and downsampled it four times as input. The coarse mesh was unpooled four

times and compared with the reference to analyze the unpooling accuracy. As shown in Fig-
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Figure 2.8: Visualization of unpooling meshes with error: The first row lists the pooling

meshes in reverse order. The two unpooling methods share the same initial coarse mesh.

The second and third rows present the results of the closest point projection [20, 22] and our

proposed unpooling method, respectively. The error values are saturated at 6.5 (millimeters)

ure 2.8, the closest point projection methods exhibited significant template overfit. However,

the proposed method provided an effective projection during the unpooling of the layers.

Table 2.1: Comparison with original pooling and unpooling: Interpolation experiments. The

best results are highlighted in bold. The mean error with standard deviation and median errors

are shown in the table.

Mean Error Median Error

Average 0.982 -

Variant weight [13] 0.932 -

CoMA [20] 0.884 ± 1.003 0.543

CoMA (Our) 0.749 ± 0.888 0.443

2.4.5 Comparison of network hyperparameters

In this section, we compare different network hyperparameters with our operators. Based on

the architecture defined in Section 2.4.2, we considered the block number, the input/output

channel, and vertex number (the same number) except for PCA. In CoMA [20], the convolu-

tions use Chebyshev filtering with K = 6, the convolutional filters of the encoder had sizes
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Table 2.2: Comparison with CoMA and Neural3DMM: Interpolation Experiment.

Neural3DMM
1

for simple Neural3DMM with filter size [8,16,16,32,32], Neural3DMM
2

for

larger Neural3DMM with filter size [64,64,64,128]. The best results per architecture appear

in bold. Errors are in millimeters

Mean Error #Parameters

Ours ([64,64,64,128]) 0.441 ± 0.558 489,995

Ours ([32,32,32,64]) 0.547 ± 0.641 134,411

Ours ([16,16,32,32]) 0.692 ± 0.804 53,419

Ours ([16,16,16,32]) 0.745 ± 0.874 39,563

Neural3DMM
1

[22] 0.804 ± 0.877 48,067

Neural3DMM
2

[22] 0.483 ± 0.527 530,963

CoMA [20] 0.845 ± 0.994 33,856

PCA 1.639 ± 1.638 120,552

[16,16,16,32], and the decoder is a mirror of the encoder. Neural3DMM [22] modified the

COMA architecture for simple Neural3DMM by adding an extra layer in the encoder and

the decoder respectively (encoder filter sizes: [8,16,16,32,32], decoder: mirror of the encoder).

The larger Neural3DMM uses [64,64,64,128] for COMA ,[16,32,64,128] and [128,64,32,32,16]

for DFAUST.

To evaluate the interpolation capability of our autoencoder, we compared it with the

above current SOTA framework for the registered COMA dataset. We used the Euclidean

distance for comparison with the CoMA and Neural3DMM methods. The mean errors with

standard deviation are listed in Table 2.2 for comparison. For a fair comparison, we compared

the eight-dimensional latent vector with 300 epochs with regard to training. We evaluate our

model with four selected designs, which have the same or fewer parameters (encoder filter

sizes: [16,16,16,32]/[16,16,32,32]/[32,32,32,64]/[64,64,64,128], decoder: mirror of the encoder).

Based on the architecture defined in Section 2.4.2, Table 2.2 lists the architectural designs, the

errors, and the parameter count.

As listed in Table 2.2, our hierarchical multiscale representation of the mesh consistently

reduced the error under different settings. The proposed model([16,16,16,32]) outperforms

CoMA models with 18% lower reconstruction error and outperformed Neural3DMM (simple)

models with 14% lower reconstruction error, while using 17.6% fewer parameters. Moreover,

it outperformed the large Neural3DMM model ([64,64,64,128]) with 8.7% lower reconstruction

error.
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2.5 Conclusion

We introduce a mesh autoencoder that produced SOTA results for fixed-topology 3D mor-

phable meshes. We designed a novel pooling/unpooling operator and combined it with spiral

convolution. The proposed method avoids template overfitting and provides efficient local-

ized interpolation and generalization ability using the proposed pooling/unpooling operator.

Moreover, we applied the proposed method to the 3D shape reconstruction task. The ex-

perimental results showed that our approach outperformed competitive baselines in all tasks

evaluated. Although our method generates a pooling-unpooling map, bijectivity is not as-

sured. A better future approach would be to extend our method to an arbitrary topology

pooling/unpooling process, that maintains bijectivity between the fine and coarse meshes.

2.6 Appendix

2.6.1 Curvature and Vertex Normal

One way to come up with normals is to look at the volume gradient. In the discrete case, the

volume gradient actually yields a different definition for vertex normals than the one from

the area gradient. With vertex normal, our algorithm includes mesh curvature implicitly. We

provide mathematical support for this conclusion.

Figure 2.9: Discrete schematic diagram, 𝑁𝑖 𝑗𝑘 is unit normal of triangle ijk, 𝜃
𝑗𝑘

𝑖
is interior angle

at vertex i of triangle ijk, 𝜑𝑖 𝑗 us dihedral angle at oriented edge ij.

The discrete gaussian curvature (angle defect) at vertex i is the deviation of the sum of
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interior angles from the Euclidean angle sum of 2𝜋 .

𝐾𝑖 = 2𝜋 −
∑︁
𝑖 𝑗𝑘

𝜃
𝑗𝑘

𝑖
(2.5)

And mean curvature of Mollified surface:

𝐻𝑖 𝑗 =
1

2

ℓ𝑖 𝑗𝜑𝑖 𝑗 (2.6)

the discrete Gauss curvature normal

2

∫
𝐶

𝐾𝑁𝑑𝐴 =

∫
𝐶

𝑑𝑁 ∧ 𝑑𝑁 =

∫
𝐶

𝑑 (𝑁 ∧ 𝑑𝑁 )

=

∫
𝜕𝐶

𝑁 ∧ 𝑑𝑁 =

∫
𝜕𝐶

𝑁 × 𝑑𝑁 (𝛾 ′)𝑑𝑠

=
∑︁
𝑗

∫
𝜕𝐶

𝑒𝑖 𝑗/|𝑒𝑖 𝑗 |𝑑𝑠 =
∑︁
𝑗

𝑒𝑖 𝑗/ℓ𝑖 𝑗𝜑𝑖 𝑗

Similarly, integrating HN over a circumcentre dual cell 𝐶 yields

2

∫
𝐶

𝐻𝑁𝑑𝐴 =

∫
𝐶

𝑑𝑁 ∧ 𝑑 𝑓 =

∫
𝐶

𝑑 (𝑁 ∧ 𝑑 𝑓 )

=

∫
𝜕𝐶

𝑁 ∧ 𝑑 𝑓 =

∫
𝜕𝑒★

𝑖 𝑗

𝑁 ∧ 𝑑 𝑓

the ratio of dual length is given by the cotan formula, yielding

(𝐻𝑁 )𝑖 =
1

2

∑︁
𝑖 𝑗∈𝐸
(𝑐𝑜𝑡𝛼𝑖 𝑗 + 𝑐𝑜𝑡𝛽𝑖 𝑗 ) (𝑓𝑖 − 𝑓 𝑗 ) (2.7)

two principal curvatures

K1 = 𝐻 −
√
𝐻 2 − 𝐾

K2 = 𝐻 +
√
𝐻 2 − 𝐾
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Chapter 3

Neural QSLIM for Mesh Autoencoders

Mesh autoencoders rely heavily on fixed quadric sampling schemes, which preserve only

topological information, often leading to poor-quality shape up-sampling and overfitting. This

paper introduces Neural QSLIM, a novel framework for geometry-aware mesh up-sampling.

By randomly generating bijective coarse-to-fine mesh counterparts, our method trains a neu-

ral network to learn complex mesh shapes. During decoding, our approach takes a coarse

triangle mesh from the bottleneck and reconstructs finer geometry using QSLIM-guided topo-

logical updates, while predicting vertex positions with the trained neural network. This design

improves the accuracy of vertex positions while maintaining the desired topological struc-

ture, rather than relying on simple point projection as in classical mesh autoencoders. We

demonstrate that our method enables more effective non-linear mesh up-sampling, resulting

in efficient and flexible representations across various mesh autoencoder models.

3.1 Introduction

Mesh autoencoders have become popular for learning latent representations of registered

meshes, relying heavily on a multiscale hierarchical representation. This architecture requires

convolution-like operations to capture local geometric features on graphs. However, classical

pooling methods cannot be applied directly to 3D meshes [14, 15, 16, 17] due to irregular

sampling and complex connectivity. Ranjan et al. [20] introduced the CoMA model, which first

applied mesh sampling operators for down-sampling and up-sampling in neural networks. In

the mesh sampling process, the contracted vertices are stored at their barycentric locations in

the transformation matrices during downsampling and later used in the decoder stage. This
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approach enables the model to capture both global and local context and has been adopted by

subsequent works [22, 53, 24, 50, 54, 55].

Classical mesh autoencoders rely on pointwise loss, which requires the input and out-

put shapes to have the same number of vertices. While MeshCNN [37] and Neural Subdi-

vision [56] are specifically designed for mesh down-sampling and up-sampling, respectively,

without user guidance, they alter the mesh topology, leading to features with different di-

mensionalities. The Fully convolutional mesh autoencoder proposed in [13] achieves high

reconstruction accuracy but relies on a large number of parameters, making it computation-

ally expensive compared to more lightweight architectures.

Furthermore, current methods apply mesh sampling once on a template to construct

down-sampling and up-sampling transformation matrices, which are then shared across all

meshes. This approach leads to template overfitting. An alternative method is to apply mesh

sampling individually to all training meshes and average the barycentric coordinates. How-

ever, Quadric Simplification (QSLIM) [30, 57] a classical method that simplifies meshes via

iterative edge collapses while minimizing geometric error, requires closest-point-on-mesh cal-

culations (similar to the concept of Chamfer distance [58, 59]), which are computationally

expensive for high-resolution meshes, and averaging operations cause all projected coordi-

nates to converge toward the centroid, leading to loss of geometric detail. To address these

problems, we propose Neural QSLIM (as shown in Fig. 3.1), which updates mesh vertices us-

ing a transformation matrix while predicting vertex positions with a trained neural network.

The transformation matrix preserves mesh topology and adjusts vertex positions based on a

neural network conditioned on the mesh geometry. Compared to existing methods, our mesh

unpooling eliminates template overfitting. By training across a set of morphable meshes, our

approach learns a generalizable rule based on local patches from multiple training meshes

rather than relying on a single template.

In summary, our work introduces a mechanism for up-sampling meshes in mesh autoen-

coders. Our method enhances mesh autoencoder representations by providing more accurate

vertex initialization in upsampling. Our main contributions are:

1. We propose a geometry-aware mesh up-sampling method that provides more general-

ized mesh representations than traditional approaches.
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Figure 3.1: Unlike standard mesh autoencoders that build down/up matrices from a single

mesh, our method employs a novel coarsening scheme and neural unpooling layer on a fixed

topology mesh dataset. The resulting transformation matrices or hierarchies can be seamlessly

integrated into mesh generative models without altering the user’s network architecture.

2. We show that our method effectively eliminates overfitting caused by sharing transfor-

mation matrices across meshes.

3. We demonstrate that a shallow 3-layer multi-layer perceptron (MLP) is sufficient for

predicting vertex positions.

3.2 Related works

Our work is designed for geometric deep learning, and its decoder stage resembles subdivision

methods. In this section, we introduce previous mesh representation models and compare

mesh autoencoders with mesh subdivision approaches.

3.2.1 Geometric deep learning

CoMA [20] introduces the first sampling operations for mesh autoencoders using precom-

puted down-sampling and up-sampling matrices. Its distinctive pyramid-shaped structure

optimizes memory efficiency and enables the model to capture both global and local context.

Following the CoMA architecture, later studies [22, 53, 60, 50, 61] improved mesh con-

volution networks while inheriting the down-sampling and up-sampling operations. Neu-
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ral3DMM [22] and SpiralNet++ [53] replace spectral convolution layers with operators that

convolve along a fixed spiral serialization [23] of neighboring vertices, outperforming pre-

vious approaches. Alternative implementations, such as [13], define a shared weight basis

kernel at every vertex location but come at the cost of increased parameters. MeshCNN [37]

instead selects edges as input features and applies filters directly to each edge, making it

well-suited for classification and segmentation tasks. In contrast, our work focuses on latent

representation and mesh generation.

Previous research improves convolution networks but retains the same down-sampling

and up-sampling operations, which rely solely on topological information without consider-

ing geometry. Furthermore, constructing the transformation matrix from a single mesh leads

to severe overfitting. In contrast, our method proposes an efficient geometry-aware mesh

up-sampling operation to enhance the mesh autoencoder.

3.2.2 Comparing with subdivision surfaces

The primary objective of a mesh autoencoder is to learn non-linear representations of meshes.

This framework assumes that the input mesh is an exact description of the shape of interest.

The output of the decoder should precisely preserve the given shape, even if the input mesh

only approximates the true geometry (e.g., 3D scans). If defects such as topological errors

or noise are present, these artifacts are also retained by the model. Mesh autoencoders are

designed to maintain the topological structure of the input while approximating geometric

details as accurately as possible. However, while they effectively learn latent representations

of meshes, they do not improve the quality of the underlying geometry.

In contrast, the idea of subdivision is to “define a smooth surface as the limit of a sequence

of successive refinements” [62]. However, they are incapable of recuperating lost details or

semantic features. Traditional methods like subdivision methods [63, 64, 65] process the mesh

by combinatorial update (splitting faces, adding vertices, or/and fipping edges [66]) and vertex

smoothing. On the other hand, contemporary non-linear neural subdivision methods [67]

and subdivision-based networks (SubdivNet) [68] use fixed and uniform topological updates

while leveraging neural networks to capture intricate details. Although SubdivNet introduces

pooling and unpooling layers, it cannot be directly applied to arbitrary meshes because it

requires the input to maintain subdivision connectivity.
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Geometry generation models are generally evaluated based on reconstruction losses, as-

sessing the output mesh’s fidelity in approximating a known target. For a mesh autoencoder,

both input and output meshes share the same topological structure, and the model aims to

minimize vertex-to-vertex loss. In contrast, subdivision-based models typically employ point-

to-surface distances, establishing correspondences through closest-point queries. In essence,

while subdivision alters the original topological structure, it fails to generate meaningful se-

mantic details from highly coarse meshes. A detailed exploration of this issue is beyond the

scope of this paper.

3.3 Method

In this section, we provide an overview of the main components of Neural QSLIM: the con-

struction of the transformation matrix, data generation, and the network architecture.

3.3.1 Build transformation matrix

Although the dataset shares the same topology, the down-sampling results obtained by QS-

LIM [30] vary significantly. To achieve optimal performance, we contract vertices based on

frequency. Specifically, by applying QSLIM to a randomly selected 1% of meshes from the

training dataset, we sort the collapsed edges by their occurrence frequency (as shown in

Fig.3.2). The most common edges are then used to construct the down-sampling transfor-

mation matrix.

Vertices discarded during down-sampling are mapped onto the surface of the down-

sampled mesh using barycentric coordinates. Following [20], we denote the down-sampling

and up-sampling transformation matrices as 𝑄𝑑 ∈ {0, 1}𝑛×𝑚 and 𝑄𝑢 ∈ {0, 1}𝑚×𝑛 , respectively.

For the up-sampled meshV𝑢 ∈ R𝑚×3
and the corresponding down-sampled meshV𝑑 ∈ R𝑛×3

,

the relationships are given by V𝑢 = 𝑄𝑢V𝑑 and V𝑑 = 𝑄𝑑V𝑢 . By applying QSLIM to different

mesh expressions and selecting the most common contracted edges, our method generates a

more generalized transformation matrix.

Following CoMA [20],𝑄𝑑 and𝑄𝑢 are implemented as sparse selector matrices with binary

entries indicating retained or restored vertices. In our method,𝑄𝑢 provides an initial estimate

for upsampled geometry, which is further refined by a shallow MLP to capture local shape

variations.

25



Figure 3.2: QSLIM is applied to the meshes, and edges are selected based on their frequency.

Red edges show those contracted during down-sampling.

3.3.2 Data generation and training

Our approach is inspired by neural subdivision, but our upsampling is guided by a precom-

puted transformation matrix instead of using classic Loop subdivision [64]. This allows our

method to generate meshes with any desired number of vertices and work with mesh autoen-

coders.

We first generate pairs of meshes with different discretizations to train the neural net-

work. Specifically, we apply random edge collapses to create coarse meshes and use bijective

mappings to locate corresponding positions on the ground-truth mesh.

Mullen et al. [69] introduced free-boundary conformal parameterizations for a triangu-

lar mesh. In the context of an edge collapse, this conformal parameterization [69] can be

employed to map the vertices of the 1-ring of the edge into its local UV space, as illustrated

in Fig. 3.3. This UV parameterization serves as a verification tool. A critical aspect to note

is the shared boundary vertices between the contracted point post-edge collapse and the col-

lapsed edge. Given the UV boundary constraints, the post-collapse vertex retains identical

UV boundaries.

We adopt sequential downsampling UV mapping as an alternative to the traditional ap-

proach, ensuring accurate triangle projection across each mesh and preventing the inside-out

issue associated with naive bundle closest projection. Fig.3.4 illustrates an external vertex
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Algorithm 2: Generate Down/Initial-Up Matrix

Input :𝑀,𝑛 ⊲ selected meshes, target edge count

Output: 𝑄𝑑 ,𝑄𝑢 ⊲ down & up sampling matrices

1 ⊲ initialization

2 𝐸 ← EmptyPriorityQueue () ⊲ edge frequency

3 𝑂 ← EmptyVertexBarycentric () ⊲ barycentric coordinate

4 foreach mesh𝑚 ∈ 𝑀 do
5 𝑒 ← QSLIM (𝑚) ⊲ extract collapsed edges

6 UpdateBarycentric (𝑂,𝑚, 𝑒)
7 Enqueue (𝐸, 𝑒)

8 ⊲ build

9 while VertexPopCount(𝑄) < 𝑛 and!Empty (𝑄) do
10 𝑒𝑖 𝑗 ← Pop (𝐸) ⊲ extract maximum-frequency edge

11 UpdateDownMatrix (𝑄𝑑 , 𝑒𝑖 𝑗 )
12 UpdateUpMatrix (𝑄𝑢,𝑂, 𝑒𝑖 𝑗 ) ⊲ initial vertex & barycentric coordinate

13 return (𝑄𝑑 , 𝑄𝑢);

Figure 3.3: Utilizing conformal parameterization to map the 1-ring of a collapsed edge to the

UV space. Notably, the vertices post and pre-collapse maintain identical boundary vertices.

projecting onto an internal face along a saddle-shaped surface due to internal heat source in-

terference, disrupting expected heat diffusion along the surface. We employ a highly sparse

matrix 𝑄𝑑 ∈ {0, 1}𝑚×𝑛 , where 𝑚 > 𝑛, in the pooling layer to derive coarse meshes. Here,

𝑄𝑑 (𝑝, 𝑞) = 1 indicates retention of the 𝑞-th vertex is kept. Analogous to the template-only

method, we compute the transformation matrix 𝑄𝑑 only once. This practice sustains the

model’s efficiency while enhancing its generalization performance.

3.3.3 Up-sampling

Down-sampling, while essential for mesh simplification, represents only one of the two core

components integral to the functionality of the mesh autoencoder model. Given that loss-

less pooling/unpooling is unattainable, previous methods constructed an un-sampling matrix
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Figure 3.4: Heat diffusion illustrated on a wine glass. Through local mapping, inside-out pro-

jection is avoided, resulting in an outward heat spread on the surface (center right), as opposed

to the incorrect heat flow caused by closest point projection (right).

during the down sampling phase. In these earlier approaches, discarded vertices of the fine

mesh were projected onto the nearest triangle in the down-sampled mesh, a process articu-

lated through barycentric coordinates. However, as depicted in Fig.3.5, templates prove inad-

equate in capturing varying geometric features. This limitation persists even when identical

edge contractions are applied, leading to barycentric coordinates that are not aligned with the

template.

Figure 3.5: Barycentric coordinates resulting from mapping discarded vertices to the closest

triangle are depicted. Despite contracting the same edge to the same end, the projection point

differs depending on the given geometry. Relying solely on the template representation leads

to an inaccurate up-sampling matrix.

Our training data is constructed by applying the transformation matrix decided in down-

sample step to selected meshes. During the down-sampling, we collect each triangle and cor-

responding barycentric coordinates pair. Suppose E(𝑣) is the barycentric coordinates output

by the network E (Fig. 3.6), and 𝑓 (𝑣) denote the actual barycentric coordinates. We measure

the per-vertex loss with the L = | |𝑓 (𝑣) − 𝜀 (𝑣) | |2.
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Figure 3.6: Registered data allows us to order the three vertexes of the triangle canonically.

We feed vertex features into multi-layer perceptrons (MLP).

Network architecture: Our network is inspired by classical mesh autoencoder which has

two operators: (1) mesh sampling from template, and (2) the convolution operator. The two

pivotal steps in our process are depicted in Fig. 3.1. The down-sample matrix and the ini-

tial up-sample matrix are determined from selected meshes. Simultaneously, we gather each

triangle and the corresponding pairs of barycentric coordinates for training the network E.

One distinguishing feature of our approach is that we apply training meshes, instead of rely-

ing solely on templates. This strategy enables us to utilize neighborhood information derived

from a broader range of mesh expressions.

We detail the process through which our model acquires rules from the local patches

across all training meshes. During each instance of edge collapse, rather than employing

fixed weights from a template mesh, we integrate a training module to the mesh. This al-

lows the network to learn the rules associated with the bijective mapping of the local patch

dynamically. Our methodology is characterized by the advantage of constant-cost mapping

(“constant-cost mapping” refers to using precomputed barycentric coordinates from the tem-

plate mesh, which are shared across all training shapes.). We formulate pairs of local coarse

and fine meshes and utilize shallow multilayer perceptrons to learn the nuances of the up-

sampling mappings.

The final step in our architecture design is the representation of the input and output.

Consider a naive approach that use global 𝑥𝑦𝑧-coordinates of triangle and projection point

pairs. This approach has a major caveat. Cartesian coordinates of a triangle must be described
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with repect to some global coordinate system. This lead to incorrect and badly training set

up because the rotation and transplation of mesh. To mitigate this issue, we incorporate the

use of local coordinates of the mesh, ensuring invariance to rigid transformations. Within

the context of this study, the half-edge data structure is employed for mesh storage, offering

a unique canonical orientation for the vertices of triangular faces. The local coordinate frame

is defined by the three vertices of the mesh, enabling the construction of input features in a

canonical manner. This approach underscores each mesh’s reliance on its intrinsic coordinate

system, a factor that not only expedites the training process but also augments the model’s

generalization capabilities.

Our refinement network is a shallow MLP with three layers (64, 64, 3) and ReLU activa-

tions. We experimented with deeper networks (up to 5 layers) and wider hidden dimensions

(128), but observed no significant improvement in accuracy or convergence speed. For train-

ing loss, we compared ℓ2 and Huber loss, and found ℓ2 slightly more stable across different

meshes.

3.4 Applications

In this section, we present a series of experimental results to evaluate our operator. We be-

gin by demonstrating its invariance to rigid motions and its ability to improve reconstruction

quality. We commence by illustrating its capability to remain invariant to rigid motions, a fea-

ture that notably enhances the quality of the outcomes. Our presentation extends to a visual

demonstration, underscoring the superiority of our method in delivering enhanced unpool-

ing results, especially when juxtaposed against the closest point projection in tasks associated

with mesh reconstruction. It is imperative to note that, to engender a robust and equitable

comparison, we ensured uniformity in the model architectures and maintained constancy in

the kernel size across the diverse convolutions under consideration.

We implemented our network using the PyTorch [70]. We use Relu activation [71],

and the ADAM optimizer [52] with a learning rate of 0.002. We implemented our technique

using the Spectra [72], and tested it on a workstation with an Intel Core i7 2.6 GHz CPU, and

16 GB of RAM. For the mesh reconstruction task, each method was trained and evaluated

using a single NVIDIA RTX 3080 Ti. Our method incurs negligible training overhead: the

base architecture matches prior work, and the added MLP takes under 10 minutes to train.

30



In practical applications, it is commonplace for modelers to adjust the mesh into various

poses prior to the application of alternative operators. Fig. 3.7 exemplifies the paramount

importance of invariant representation in optimizing the performance of a mesh autoencoder.

Our findings reveal a notable vulnerability in global-based models; even with training on an

identical shape, a minor rigid motion significantly undermines the applicability of the learned

weights. In contrast, the incorporation of local coordinates as input features not only enhances

the model’s resilience to such perturbations but also augments the pace of convergence by

approximately 2%-3.5%. While these enhancements may appear marginal, they contribute

incremental improvements in the training phase.

Figure 3.7: Employing local coordinates embedded within each mesh as both inputs and out-

puts, our methodology achieves invariance to rigid motions. This adaptation yields a marked

enhancement in quality relative to preceding methods that lack such invariance.

We further evaluated successive local mapping on mesh generative tasks. For registered

data such as CoMA [20] or FAUST [73], modelers often manipulate meshes with different

expressions and embed the GNN in a pooling/unpooling layer. Earlier models that employed

in-network sampling and shared the transformation matrices of the template across all meshes

encountered a pervasive issue of template overfitting. As depicted in Fig. 3.8, we diverge from

this approach by upsampling the coarse mesh without relying on the shared weights of the

template, demonstrating that our model is adept at offering accurate initial estimations.

Our method for pooling and unpooling is highly compatible with numerous standard

mesh processing pipelines. It is engineered to facilitate local bijective mapping while metic-
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Figure 3.8: By looking at the error in the function of the Euclidean domain of upsampling

mesh. We can see that the shared weight cannot handle the diverse mesh. We randomly

picked mesh from the CoMA dataset, the reduction from 5024 to 315 vertices (6%) then upsam-

pling by a different strategy. Each point illustrates the error between estimated and original

coordinates.

ulously preserving the intrinsic properties of the original mesh. We exemplify this attribute

within the context of a mesh autoencoder application.

For a quantitative examination of our network’s generalization capabilities to accom-

modate unseen shapes, we employed the CoMA dataset. This dataset encompasses a diverse

collection of over 20K+ 3D meshes, featuring 12 distinct subjects each exhibiting 12 extreme

facial expressions, with each registration consisting of 5023 vertices. We split the dataset in

training and test samples with a ratio of 9 : 1.

We employed a conventional autoencoder architecture, composed of an encoder and a de-

coder. The encoder is structured as: 3× {𝐶𝑜𝑛𝑣 (16) → 𝑃𝑜𝑜𝑙 (4)} → {𝐶𝑜𝑛𝑣 (32) → 𝑃𝑜𝑜𝑙 (4)} →

𝐹𝐶 (8), accompanied by an ELU activation function post each Conv layer. The decoder mir-

rors the encoder’s structure in reverse order, substituting pooling layers with unpooling lay-

ers. The integration between layers is facilitated through a spiral convolution, the efficacy of

which is illustrated through a visual comparison of the reconstruction outcomes depicted in

Fig. 3.9. A comprehensive list of mean errors, accompanied by standard deviations, is pre-

sented in Table 3.1 for an exhaustive comparative analysis.

3.5 Conclusion and Limitations

We proposed a neural-driven quadric mesh unpooling framework that improves vertex posi-

tioning and captures complex non-linear transformations across diverse meshes. Our method

learns local vertex features to guide downsampling and upsampling, effectively preserving
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Figure 3.9: Qualitative assessment of reconstruction outcomes. Each vertex’s Euclidean error

is color-coded, with the error values capped at 4.5 millimeters. Warmer hues denote larger

errors.

Table 3.1: Comparison with CoMA and Neural3DMM. Errors are in millimeters. Simplified

Neural3DMM with filter size [16,16,16,32].

Mean Error #Parameters

Ours 0.541 ± 0.588 37,563

Neural3DMM [22] 0.804 ± 0.877 48,067

CoMA [20] 0.845 ± 0.994 33,856

PCA 1.639 ± 1.638 120,552

fine geometric details and mitigating template dependence. Experimental results show that

our model outperforms template-based mesh autoencoders, achieving lower point-to-point

reconstruction error and better generalization across different mesh expressions. Our current

framework assumes topologically consistent, registered meshes during training. As such, it

is not directly applicable to partial or noisy scans with missing geometry or varying con-

nectivity. Extending the method to handle topological noise would require rethinking the

construction of transformation matrices and refinement targets, which we leave for future

work.
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Chapter 4

Unsupervised Landmark Discovery via Karcher Means for

Non-Rigid Shape Correspondence

This chapter presents an unsupervised intrinsic landmark detection method that enhances

non-rigid dense shape correspondence. Our approach identifies intrinsic landmarks on near-

isometric surfaces, enabling efficient and robust point-wise correspondence. A key observa-

tion is that a small set of intrinsic landmarks is sufficient to reconstruct an isometric map,

allowing for effective shape matching. Our method eliminates the need for manually defined

landmarks by leveraging intrinsic geometric properties. Specifically, we compute the Karcher

means of the surface and sequentially select the farthest points from these medians. This

provides a stable and repeatable landmark set, which can be used in various shape correspon-

dence frameworks. We evaluate our approach on multiple shape matching benchmarks and

show that it consistently improves the accuracy of existing correspondence methods without

requiring modifications. The results demonstrate that our method is computationally efficient

and can serve as a plug-and-play component in shape matching pipelines.

4.1 Introduction

Given a point on the first shape, how do we find a meaningful correspondence on all other

shapes? This “meaningful correspondence” has also been termed registration, alignment, or

shape matching. Establishing correspondences provides a valuable initial stage for a diverse

array of applications, including texture transfer, shape analysis, co-segmentation, and explo-

ration, just to name a few. To compute this correspondence, one idea is to identify a set of

meaningful points on two shapes and then maximize the resemblance between the descrip-
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tors associated with these points. With the aid of rich local descriptors, the correspondence

problem for 2D images is well solved. In contrast, constructing stable and repeatable descrip-

tors for plain, non-rigid 3D shapes is highly challenging; even just identifying geometrically

salient points with reliable descriptors is already quite costly. Instead of using the original

representation of a surface, data-driven methods [74] learn descriptors to induce a more ac-

curate correspondence. However, these methods are hindered by the scarcity of annotated 3D

shapes and the associated financial costs.

Identifying an isometric mapping between two shapes is challenging due to the vastness

of the potential mapping space. Ovsjanikov et al. [75] introduced a functional map-based ap-

proach for non-rigid shape matching, which leverages function correspondences to compute

a mapping that facilitates the transfer of real-valued functions between shapes. This mapping

is then converted into a point-to-point correspondence. A key advantage of this approach

is that computations are performed on a predefined functional basis, significantly reducing

the dimensionality of the search space. However, while functional map methods are both

powerful and efficient, they do not inherently distinguish among multiple plausible solutions.

In addition, the process of converting a functional map into a point-to-point correspondence

often involves solving complex quadratic optimization problems.

Many shape matching algorithms [76, 77, 78] have shown that a small number of corre-

spondences is sufficient to recover the full isometry. However, in practice, we often lack even

a single known correspondence between shapes. Motivated by this, we propose an efficient

algorithm that: (1) generates consistently ordered and salient landmark points, (2) matches

shapes undergoing near-isometric deformations, and (3) computes dense shape correspon-

dences efficiently.

While landmarks have been used to improve shape mapping in prior work, our goal is to

achieve this without data-driven fitting or user-specified inputs. Our algorithm requires no

manually registered datasets or predefined correspondences.

In this paper, we present a geometry-based approach for identifying consistent land-

marks for shape correspondence. Our method is built upon two key properties:

• We make no assumptions about the availability of input data such as pre-registered

correspondences. Instead, our approach relies purely on geometric processing: it takes
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raw shape geometry as input and automatically generates consistent landmarks.

• Our method is general and avoids making specific assumptions about meshes. It can be

applied broadly across various shape correspondence algorithms, including functional

maps, heat kernel maps, and functional map optimization and refinement methods. This

makes it a plug-and-play component for a wide range of shape matching pipelines.

Given a pair of near-isometric meshes, our algorithm automatically generates an ordered

set of landmarks to resolve symmetry ambiguities. These consistent intrinsic landmarks can

be leveraged in various applications—from improving correspondence accuracy in the func-

tional map framework to enhancing existing optimization methods. To be clear, our method

does not resolve ambiguities in perfectly symmetric shapes (e.g., spheres). However, it re-

mains effective on real-world datasets, where exact symmetries are rare. We demonstrate the

versatility of our approach across several shape matching algorithms, including functional

maps, multiplicative operators, Iterative Closest Point (ICP), and ZoomOut.

4.2 Related Work

The literature on shape matching is extensive [79, 80, 81, 82]. In the following section, we

review methods most relevant to ours, focusing on techniques designed to compute dense

correspondences between non-rigid shapes or those that can be adapted for this purpose.

Point-wise Methods. Early approaches to non-rigid shape matching focused on directly

establishing correspondences between points on two shapes by minimizing an energy func-

tion, often based on approximate preservation of geodesic distances [76, 77, 78, 83, 84, 85] or

conformality (local angle preservation) [86, 87, 88]. These methods are typically limited to

hundreds of points due to high computational cost, a limitation that persists even in recent

formulations tackling the quadratic assignment problem [89, 90, 91].

While not scalable to dense matching, these approaches are appealing for their theoreti-

cal properties—most notably, that a small number of landmarks can suffice to recover the full

isometric map [86, 78]. However, their reliance on user-specified landmarks or training data

limits practical applicability. In contrast, our method is fully automatic and produces a con-

sistent ordering of landmarks across similar shapes without requiring any additional input,

enhancing downstream correspondence quality.
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Functional Maps. Other techniques proposed for non-rigid shape matching fall within the

category of methods rooted in the concept of functional maps [75], which has been extended

in several follow-up works [92, 93, 94, 95]. These methods significantly reduce the number of

variables to optimize by selecting truncated Laplacian eigenbases for the function space de-

fined on each shape and representing the mapping as a matrix that signifies a change of basis.

However, converting a functional map to a point-wise map can be difficult and error-prone

[96, 97]. These methods implicitly impose restrictive assumptions, such as near-isometry, on

the shapes being analyzed, and often encounter challenges in practice, leading to low-quality

outcomes and limited surjectivity. Vestner et al. [98] proposed a filter to improve the qual-

ity of the input mapping, and Huang and Ovsjanikov [99] introduced adjoint regularization,

both ensuring a bijective correspondence between the shapes. Nevertheless, the application

of these techniques is still limited as they rely on hand-picked initial matches for initialization

and fail when there are no annotated landmarks.

Descriptor Learning. The performance of functional maps is heavily reliant on accurate

descriptors and precise hyper-parameter tuning [100]. In practice, constructing a stable and

repeatable descriptor is highly challenging. Dense, specific dimensional descriptor fields on

two shapes are typically employed as corresponding functions. Examples include GPS [101],

Heat and Wave Kernel Signatures (HKS and WKS) [102, 103], SHOT [104], and geodesic dis-

tance descriptors [105]. Litman and Bronstein [106] introduced a data-driven spectral descrip-

tor model that generalizes the HKS and WKS. Litany et al. [74] further improved descriptor

quality by introducing a deep Functional Maps Network (FMNet) for shape correspondence,

which takes base descriptors as input and returns matches. FMNet refines the input descrip-

tors by minimizing a geometric loss, yielding soft correspondence. One of the advantages of

this supervised method [107] is its versatility, capable of handling different shape discretiza-

tions. However, it has the inherent drawback of requiring training data. It is worth mentioning

that, even though they are termed “unsupervised methods” [108, 109], these approaches are

still fundamentally data-driven. Within the Ovsjanikov et al. [78] framework, our method

consistently enhances the performance of the above models.

Iterative Map Refinement. Intrinsic symmetries, such as left-to-right symmetry, can cause

functional maps to yield mixed results from multiple potential solutions. The Iterative Clos-

est Point in spectral embedding was employed in the original functional maps approach [75]

37



for post-processing, effectively mapping vertices from the source shape to the target shape.

Typically, the ambiguity arising from symmetry is resolved using user-specified landmarks

or training data [45]. However, this diminishes the practical utility of the ensuing pipeline.

ZoomOut [110] and subsequent works [111, 95, 112] enhance results quality through the iter-

ative updating of functional and point-to-point maps. Nonetheless, these methods face scala-

bility issues with an increasing number of vertices; for instance, BCICP [93] takes an average

of 2 minutes on meshes with 1, 000 vertices and exhausts memory around 30K vertices. Ab-

sent external information, the intensive computation required for basis pre-computation and

iterative updating of point-wise maps [100] renders these methods impractical for real-time

applications.

4.3 Preliminaries

The core idea of our method is to improve dense shape matching through ordered intrin-

sic landmarks, computed automatically without any manual annotations. We first provide a

concise overview of the key steps in computing functional maps and their properties, then

describe a set of fundamental building blocks that are integrated to form the final algorithm

in section 4.4.

4.3.1 Notation

Given two shapes 𝑀 and 𝑁 , typically represented as triangle meshes, let 𝑇 : 𝑁 → 𝑀 be a

bijective mapping between the manifolds 𝑀 and 𝑁 . Given a function 𝑓 defined on shape 𝑀 ,

𝑓 : 𝑀 → R, we can transfer 𝑓 onto 𝑁 through composition using𝑇 , defining 𝑔 = 𝑓 ◦𝑇 . Here,

𝑔 : 𝑁 → R. We use𝑊 and 𝐴 to denote the cotangent weights and area matrices, respectively,

which collectively define the positive semi-definite Laplace-Beltrami operator as 𝐿 = 𝐴−1𝑊 .

𝑑𝑀 (𝑥,𝑦) represents the shortest geodesic distance between any two points 𝑥,𝑦 ∈ 𝑀 . 𝑇𝑀

denotes the tangent bundle of 𝑀 , which is the set of all tangent vectors.

4.3.2 Basic Pipeline

Let 𝑀 , 𝑁 contain, respectively, 𝑛𝑀 and 𝑛𝑁 vertices. The fundamental workflow for comput-

ing a map using functional maps typically involves the following main steps, as outlined in

Chapter 2 of [113]:
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1. We compute a fixed set of basis functions for shapes𝑀 and 𝑁 , storing them as columns

in matrices Φ𝑀 and Φ𝑁 respectively. These matrices are of sizes 𝑛𝑀 × 𝑘𝑀 and 𝑛𝑁 × 𝑘𝑁 ,

where 𝑘𝑀 and 𝑘𝑁 are much smaller than 𝑛𝑀 and 𝑛𝑁 respectively.

2. We compute 𝑞 descriptor functions on each shape, and project them onto the truncated

Laplace-Beltrami basis to obtain coefficient vectors 𝑓 𝑖 and 𝑔𝑖 . These coefficients form

the columns of matrices 𝐹 and 𝐺 , of size 𝑘𝑀 × 𝑞 and 𝑘𝑁 × 𝑞, respectively.

3. Solving the functional map 𝐶 via

arg min

𝐶
∥𝐶𝐹 −𝐺 ∥2 + 𝛼 ∥Δ𝑁𝐶 −𝐶Δ𝑀 ∥2. (4.1)

Where Δ𝑁 and Δ𝑀 are the Laplace-Beltrami operators of the two shapes, represented

in their respective bases, and 𝛼 is a small scalar weight. In some models, the second

constraint is omitted.

4. Deriving a point-to-point correspondence from a given functional map matrix 𝐶 .

Although a small number of Laplace-Beltrami basis functions can be used to represent

each shape, the resulting linear transformation matrix between the two function spaces is

only an approximation of the true map. However, acquiring a continuous point-to-point map

through this workflow has been found to be both difficult and error-prone. In step (3), fac-

tors such as descriptor preservation do not disambiguate different possible solutions due to

the symmetries of the shapes. It is worth noting that step (4) leads to difficult quadratic opti-

mization problems, making the framework less practical for real-world use. For example, PMF

[98] solves an equation at each iteration to determine a bijection, involving high algorithmic

complexity and also requires the shapes to possess an identical number of vertices. BCICP

runs out of memory for meshes around 30K vertices and takes 1 minute per shape pair with

600 vertices (Section 5.2 [114]). These two challenges are closely related. One can accelerate

the model by obtaining a better 𝐶 from step 3 and thereby reducing the need for step 4.

Prior work has shown that only a few landmarks are sufficient to recover a full iso-

metric map. Previous methodologies relied on external information, such as user-specified

landmarks. In this study, we leverage the intrinsic structure of isometries between a pair of

shapes. We show that under near-isometric conditions, it is possible to identify significant

landmarks on both shapes.
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4.3.3 Geometric Medians

To compute ordered intrinsic landmarks, we rely on log and exponential maps to define

Karcher means, and on geodesic distances as a core metric. While the previous section out-

lines the basic functional map framework, these geometric tools are essential for our landmark

strategy, enabling the extraction of representative points that respect the intrinsic structure

of the shape. We consider several important implementations from geometry processing that

are used in our algorithm. To maintain a focused discourse, We restrict our discussion to

triangulated surfaces.

Logarithmic Map. The logarithmic map is a special 2D parameterization of a surface.

At any point 𝑥 on a smooth surface 𝑀 , the exponential map [115], denoted as exp𝑥 (𝑟𝑣) :

𝑇𝑥𝑀 → 𝑀 , provides the point 𝑦 ∈ 𝑀 reached by traversing a geodesic in the direction 𝑣 (a

unit vector) for a distance 𝑟 . The logarithmic map log𝑥 (𝑦) is the inverse operation which is

summarized in algorithm 3. Intuitively, we can imagine that exp “wraps” the tangent plane

around the surface. Logarithmic map provides a tool of “translation” for curved domains. It

enables us to easily compute an average of points on a surface by mapping all points to the

tangent plane using the log map.

Figure 4.1: The logarithmic map refers to a specific 2D parameterization of a surface, relative

to a chosen point 𝑥 . A global logarithmic map facilitates the translation of algorithms from

the Euclidean space to curved domains.

Geometric Medians. If we think of the points in the plane, the average center of points

can be easily calculated using the Euclidean mean. However, for a curved surface, the average
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Algorithm 3: Logarithmic Map

Input : A point 𝑥 ∈ 𝑀 and a zero direction 𝐻0 ∈ 𝑇𝑥𝑀 .

Output: A function (𝑢, 𝑣) : 𝑀 → R2

1 Find the shortest geodesic 𝑅 from 𝑥 to target point 𝑦.

2 Compute the angle 𝜙 between 𝐻0 and 𝑅.

3 Construct exp𝑥 (𝑅) = 𝑦; equivalently, log𝑥 (𝑦) = 𝑅.

4 Compute (𝑢, 𝑣) = |𝑅 | (cos𝜙, sin𝜙) at point 𝑦.

of points may not necessarily lie on the surface. Given a set of points𝑦1, . . . , 𝑦𝑛 ∈ 𝑀 , any point

that minimizes the energy function can be considered a center.

𝐸 (𝑥) :=
1

2𝑛

𝑛∑︁
𝑖=1

𝑑 (𝑥,𝑦𝑖)𝑝 . (4.2)

For 𝑝 = 2, centers on the surface are called Karcher means or Frechet means if unique.

For 𝑝 = 1, centers on surfaces are known as geometric medians. Both geometric medians and

Karcher means can be efficiently computed via the log map in two steps (as shown in fig. 4.2),

where 𝜏 > 0 is the step size in algorithm 4.

𝑣 ← 1

𝑛

𝑛∑︁
𝑖=1

log𝑥𝑘 (𝑦𝑖), 𝑥𝑘+1 ← exp𝑥𝑘 (𝜏𝑣). (4.3)

In general, an average on a surface is not unique; the resulting points may vary depending

on the initialization.

Algorithm 4: Geometric Mean

Input : A set of points 𝑦1, . . . , 𝑦𝑛 ∈ 𝑀 .

Output: A point𝑚 ∈ 𝑀
1 Random initial point𝑚𝑘

from the set 𝑀 .

2 while |𝑣 | < 𝜀 do
3 foreach 𝑦𝑖 ∈ {𝑦1, ..., 𝑦𝑛} do
4 Compute the logarithmic map at𝑚𝑘

via algorithm 3.

5 Update vector 𝑣 += 1

𝑛
log𝑚𝑘 (𝑦𝑖).

6 Update𝑚𝑘+1 = exp𝑚𝑘 (𝜏𝑣), which represents moving forward along the vector 𝑣 from

point𝑚𝑘
for a time duration of 𝜏 .

Geodesic Distances. In our algorithm, we need to compute geodesic distances between

a large number of point pairs, making it essential to adopt an accurate and efficient distance
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Figure 4.2: In the case of the Karcher mean, given a collection of points, we can get the ex-

pected solution in just 2–3 steps; here we show selected points (orange), and the initial guess

(purple).

computation method. We compare the heat method with Dijkstra and Fast Marching in fig. 4.3

to highlight its advantages in smoothness and efficiency, motivating its use in our pipeline.

We use Heat Kernel Maps (HKM) to construct robust pointwise descriptors that capture in-

trinsic geometric information around each landmark. Specifically, for a given shape, we com-

pute the HKM at each selected landmark and treat these as scalar functions defined over the

surface. These functions are then projected onto the Laplace-Beltrami eigenbasis to obtain

compact functional descriptors. When applied to a pair of shapes, the descriptors derived

from corresponding landmarks are used to compute the functional map via least-squares fit-

ting. This integration allows HKM to serve as a reliable bridge between intrinsic landmarks

and the functional representation, improving the consistency and accuracy of the resulting

correspondences.

4.4 Algorithm

We now have all the ingredients to implement our method using the tools from section 4.3.

Unlike many existing approaches, our method is entirely unsupervised and does not require

any manual initialization or user-provided landmarks. Instead, we rely solely on intrinsic

geometric information to automatically identify a consistent set of intrinsic landmarks.

In this section, we present our full unsupervised pipeline for intrinsic landmark discovery

and dense shape correspondence. The process consists of three main steps: (1) compute pair-

wise geodesic distance maps using the heat method; (2) extract intrinsic landmarks via robust

geometric center estimation (section 4.4.1); and (3) use these landmarks to guide downstream

correspondence refinement (section 4.4.2). We now describe each component in detail.
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Figure 4.3: Comparison of geodesic distance fields computed using Dijkstra, Fast Marching,

and the Heat Method. The heat method, based on solving linear elliptic PDEs, produces

smoother distance isolines with fewer numerical artifacts, especially on irregular meshes.

According to benchmarks by Crane et al. [116], the heat method achieves up to 68× speedup

over Fast Marching on large meshes (e.g., 1.45s vs. 98.1s on a 1.6M-triangle model) with com-

parable or better mean error.

4.4.1 Ordered Landmarks

We refer to ordered landmarks as the selected points ranked by their average geodesic dis-

tance from the set of Karcher means. We now introduce our primary algorithm, the intrinsic

landmarks method, which is summarized in algorithm 5. The basic idea is to first calculate

a set of Karcher means from various starting guesses. To obtain the landmarks, we compute

the average geodesic of all vertices relative to this set and sort the list. In fig. 4.4, we show

the results of Karcher means computation from different initializations, demonstrating the

consistency of the selected landmarks across a variety of shapes.

Consider a surface where salient points have been identified and a Karcher mean𝑚 has

been computed. For any set of salient landmarks 𝑝1, 𝑝2, . . . , 𝑝𝑘 on surface 𝑀 , the geodesic

distance between any two of these landmarks, represented as 𝑑 (𝑝𝑖, 𝑝 𝑗 ). This value should

be greater than or equal to the maximum geodesic distance between any landmark and the

Karcher mean. This can be formulated as:

𝑑 (𝑝𝑖, 𝑝 𝑗 ) ≥ max𝑑 (𝑝𝑙 ,𝑚),𝑚 ∈ 𝐾. (4.4)

Let𝐾 denote the set of Karcher means on the surface𝑀 . The hypothesis suggests that the
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Figure 4.4: We compute the Karcher means of the yellow points, which were obtained from

a substantial number of initial guesses (covering over 90% of all vertices) and are indicated

by the purple points. While there can be more than one Karcher mean, we demonstrate here

with five center points. In some cases, iterations push the solution towards a local minimum or

yield only approximate averages. For human shapes, however, the Karcher means are highly

stable.

Karcher mean serves as a central reference, being closer to each salient point than any pair

of salient points are to each other. This hypothesis might not be applicable to non-generic

manifolds. The sphere is a classic example of a non-generic manifold, for which counterex-

amples are easily found. For instance, as shown in fig. 4.2, the geodesic distance between

two points marked in orange boxes could be less than the distance from any orange box to

the Karcher mean (depicted in turquoise). However, most real-world shapes, such as human

bodies, possess only reflectional symmetry. Salient points on these shapes are typically stable

and reliable in practical applications, as demonstrated in fig. 4.6.

Let us first note that incorporating landmark constraints into the functional map formu-

lation does not alter its runtime complexity, as it still reduces to solving a least-squares prob-

lem [93]. Although we do not provide a formal generalization analysis for eq. (4.4), we observe

that our algorithm consistently yields stable, ordered landmarks across various shapes. This

helps mitigate key factors affecting map quality, all with negligible preprocessing overhead.

For instance, on a mesh with 7𝐾 vertices, generating 5 ordered landmarks using 10

Karcher mean samples takes approximately 2.37 seconds for Karcher means computation

and 0.015 seconds for landmark selection. While few existing methods perform analogous

preprocessing, our approach remains lightweight and can be readily integrated into existing

pipelines—potentially improving correspondence accuracy or accelerating convergence. Ben-

efiting from the efficiency of the heat method, our approach remains lightweight and readily

integrates into existing pipelines—potentially improving correspondence accuracy or acceler-

ating convergence. Even on a mesh with 100K vertices, computing a single Karcher mean takes
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Figure 4.5: Selecting the vertices with the greatest geodesic distance from the set of Karcher

means, shown in light blue

, while also verifying if the point satisfies eq. (4.4). In the image, the large purple sphere

represents the set of Karcher means. Although the gray points have large geodesic distances

to the Karcher mean, they are too close to existing landmarks and thus not selected. The

primary landmarks are highlighted in red (visible in the zoomed-out view).

only 1.13 seconds, confirming the scalability of our method. Compared to prior optimization-

based pipelines that require user-specified landmarks or extensive learning-based training,

our method offers a significantly faster and fully automated alternative. In practice, we set

the number of landmarks 𝑛 to a small value (typically 3 to 5), which balances coverage and

stability across shapes.

On meshes containing approximately 30𝐾 vertices, the computation of theKarchermeans

can become relatively slow, often taking more than 60 seconds. In these cases, it may be ad-

visable to initialize the Karcher mean with a smaller set of points. Nonetheless, the efficiency

of landmark generation remains unaffected because the Logarithmic Map is only applied to a

select set of landmarks, which guarantees quick processing.

While this mechanism already performs quite effectively, we can enhance both robust-

ness and accuracy by adjusting the vertex density according to the geometry of the input

mesh. The basic idea is to construct an alternative Karcher mean energy for the same piece-

wise Euclidean surface which leads to better average points for subsequent operations. In this

case, we can define a central energy.

𝐸 (𝑥) :=
1

2𝑛

𝑛∑︁
𝑖=1

𝜌 (𝑦𝑖)𝑑 (𝑥,𝑦𝑖)𝑝 . (4.5)
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Figure 4.6: Our algorithm efficiently provides consistent ordered landmarks, facilitating the

most shape correspondence algorithm

Algorithm 5: Ordered Landmarks

Input :𝑀,𝑛 ⊲ selected meshes, # landmarks

Output: 𝐿 ⊲ Ordered landmarks

1 ⊲ initialization

2 𝐾 ← KarcherMean(M) ⊲ algorithm 4

3 𝐷 ← EmptyList() ⊲ geodesic to𝑚

4 foreach mean 𝑘 ∈ 𝐾 do
5 𝑙𝑘 ← LogarithmicMap (𝑘) ⊲ calculate logarithmic map

6 foreach vertex 𝑣 ∈ 𝑀 do
7 𝐷 [𝑣]+ = 𝑙𝑘 [𝑣]/𝑛 ⊲ vertex geodesic to mean

8 Sort(D) ⊲ descending order

9 ⊲ build landmarks

10 while #𝐿 < 𝑛 and notEmpty(D) do
11 𝑣 ← Pop (𝐷) ⊲ extract maximum geodesic point

12 if isEmpty (𝐿) or 𝑑 (𝑣, 𝑙) ≥ 𝐷 [𝑣] ∀𝑙 ∈ 𝐿 ⊲ eq. (4.4)

13 then
14 𝐿.append (v)

15 return 𝐿
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The only modification to the algorithm involves taking a weighted average across all

vertices, where 𝜌 (𝑦𝑖) > 0 denotes the density at each vertex. In our implementation, the

weights 𝜌 (𝑦𝑖) are derived from the vertex dual areas, and they are normalized implicitly during

the update step. We use a fixed initial step size 𝜏 = 1.0 and a convergence threshold based

on local face size (1/3 of the face scale). To ensure stability across different initializations,

we run Algorithm 2 multiple times (typically 10) with different random seeds and retain the

resulting set of stable Karcher means. This strategy improves robustness and reduces the

influence of local minima. In fig. 4.7, we construct a stress test by employing an extremely

uneven triangulation. Despite these conditions, our algorithm capitalizes on the advantages

of area-weighted geodesics to derive more robust landmarks.

Figure 4.7: We subdivided a section of the mesh and compared our method under various

scenarios. Our approach demonstrates insensitivity to input triangulation, ensuring that the

landmarks remain robust against nonuniform vertex density. The red color represents areas

of high vertex density (small vertex dual area). The light blue spheres indicate the Karcher

means computed from the input mesh.

4.4.2 Correspondence Augmentation

Previous algorithms that address symmetry ambiguity typically depend on user-specified

landmarks or incorporate additional optimization constraints, such as multiplicative oper-

ators [117] or orientation-preserving operators [93]. In contrast, our method relies solely on

geometric processing to generate ordered landmarks. Our algorithm operates in two distinct
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stages: initially, it establishes a select number of landmark correspondences using algorithm 5,

and then it extends these to a dense map encompassing the entire shape. The heat kernel map

theory posits that even a single correspondence can be adequate for isometry recovery, as

detailed in Theorem 3.1 of [78]. Furthermore, our algorithm’s provision of multiple corre-

spondences significantly bolsters stability.

Perhaps the most closely related work to our method is the study by Ovsjanikov et al.

[78]. They demonstrated that a single correspondence can be utilized to reconstruct an isom-

etry defined across entire shapes [78]. The original heat kernel map utilizes a related, but

fundamentally different technique from our algorithm: the former requires user-specified

landmarks, while the latter automatically generates ordered landmarks.

To begin with, it’s important to remember that the heat kernel map associated with any

point 𝑥 in 𝑀 and a predetermined source point 𝑝 is defined as follows:

Φ𝑀𝑝 : 𝑀 → 𝐹, Φ𝑀𝑝 (𝑥) = 𝑘𝑀𝑡 (𝑝, 𝑥), (4.6)

where 𝐹 is the space of functions. Essentially, the heat kernel𝑘𝑀𝑡 (𝑝, 𝑥) gauges the heat transfer

from point 𝑝 to point 𝑥 over time 𝑡 . It’s noteworthy that the source point 𝑝 can be any point

on the manifold 𝑀 . For each point 𝑥 in 𝑀 , we discretize 𝑘𝑀𝑡 (𝑝, 𝑥) into a collection of time

samples {𝑡 𝑗 }. Consequently, for every point, we compute a vector of size 𝐽 = |{𝑡 𝑗 }|, where

the 𝑗𝑡ℎ component is 𝑘𝑀𝑡 𝑗 (𝑝, 𝑥). Analogously, for 𝑦 in 𝑁 , we calculate 𝑘𝑀𝑡 𝑗 (𝑞,𝑦). Subsequently,

we evaluate the correspondence by computing the squared distances between the heat kernel

maps:

𝐸 (𝑝, 𝑞𝑖) =
∑︁
𝑥∈𝑀

min

𝑦∈𝑁
| |Φ𝑀𝑝 (𝑥) − Φ𝑁𝑞𝑖 (𝑦) | |

2. (4.7)

We now understand that certain landmarks 𝑝 = {𝑝1, 𝑝2, . . . , 𝑝𝑘} ∈ 𝑀 correspond to land-

marks 𝑞 = {𝑞1, 𝑞2, . . . , 𝑞𝑘} ∈ 𝑁 . For the landmark correspondence (𝑝𝑘 , 𝑞𝑘), we can allocate

to each point 𝑥 a combined heat kernel map, where the additional 𝐽 coordinates represent

𝑘𝑀𝑡 𝑗 (𝑝, 𝑥). In practice, we incorporate each correspondence (𝑝𝑘 , 𝑞𝑘) by minimizing the com-

bined error:

𝑓 (𝑥) = arg min

𝑦∈𝑁
∥Φ𝑀𝑝 (𝑥) − Φ𝑁𝑞 (𝑦)∥. (4.8)
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Although the heat kernel map introduces additional coordinates, all the resulting quantities

remain commensurable [118]. Consequently, we can employ the same distance metric for

their comparison.

4.5 RESULTS

We have implemented the proposed algorithms in C++. We first detail the competing meth-

ods and their implementations. Subsequently, we describe the datasets used and present a

series of both quantitative and qualitative evaluations. We demonstrate the efficacy of intrin-

sic landmarks across a diverse array of shapes and illustrate how our approach significantly

enhances the performance of other algorithms.

Description of competing algorithms. We conduct a comparative analysis of our

method, termed Intrinsic Landmarks Correspondence (ILC), against various competing algo-

rithms.

• ICP: Uses ICP to refine soft correspondences, following the approach outlined in the

original functional maps framework [75].

• ZoomOut [110, 100]: Improves mappings or correspondences by iteratively upsampling

in the spectral domain within the functional map framework.

• Multiplicative Operator Commutativity [117]: Views descriptors as linear operators that

act on functions via multiplication, incorporating descriptor preservation constraints

formulated via commutativity with the unknown map.

• symmOP + BCICP [93]: Improves the basic ICP by formulating orientation preservation

in the spectral domain, enhancing performance in both the spatial and spectral domains.

• (WKS/HKS) [102, 103] Initialization: Employs the basic functional map framework with

multiplicative operators to compute initial soft correspondences, employing region-

based correspondences computed by an automated algorithm as descriptors.

Datasets. We utilize various standard datasets to compare the different techniques:

FAUST, TOSCA, and SCAPE.

• FAUST: The dataset [119] comprises 300 triangulated meshes of 10 distinct subjects,

with each subject scanned in 30 different poses.

49



Figure 4.8: Comparison of dense correspondence results with and without intrinsic landmarks.

The two shapes in the leftmost column serve as the source reference for color transfer. The top

row shows the results without using intrinsic landmarks across three functional map frame-

works (fMap, + Commutative, + symmOp), where the black arrows highlight significant map-

ping errors. The bottom row shows the corresponding results enhanced with our intrinsic

landmark constraints (indicated by red “+ IL”), leading to consistently improved correspon-

dences across all methods.
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Figure 4.9: Qualitative comparison on the TOSCA dataset. The leftmost shapes are the

source and target meshes, with two identified intrinsic landmarks indicated by red and purple

spheres. The top row shows the correspondence results from ICP and ZoomOut without us-

ing intrinsic landmarks, while the bottom row shows the results with our intrinsic landmark

constraint (denoted by red“+ IL”). Black arrows highlight areas where the original methods

produce visible misalignments, which are corrected by our method. Our approach improves

the accuracy of correspondences with minimal preprocessing time (¡2s) and captures finer

structural details.

• TOSCA: The TOSCA dataset [120] consists of 80 meshes categorized into nine groups.

Each category comprises objects with shared triangulation and an equal number of ver-

tices, numbered compatibly.

• SCAPE [121]: comprises human shapes only. The datasets contains 71 registered meshes

of a particular person in different poses.

Metrics. We assess various methods using standard metrics for dense shape correspon-

dence [93]. Ground truth correspondences are provided in each dataset. To evaluate the

continuity of the dense map 𝑇 : 𝑁 → 𝑀 , we compute the geodesic distance between 𝑇 (𝑥)

and 𝑇 ∗(𝑥) for all 𝑥 ∈ 𝑁 , where 𝑇 ∗ represents the ground truth map.

We first demonstrate a correspondence augmentation that seamlessly integrates into the

basic functional map pipeline, as depicted in eq. (4.1). In fig. 4.8, we utilized 35 eigenvectors to

compute the HKS descriptors for initializing a functional map. The term +Commutative refers

to adding the term 𝑤𝑑−𝑐𝑜𝑚𝑚
∑
𝑖 ∥𝐶Γ𝑖1 − Γ𝑖2𝐶 ∥

2

[117], while +symmOP denotes the addition of

the symmetric operator𝑤𝑜𝑟𝑖𝑒𝑛𝑡
∑
𝑖 ∥𝐶Λ𝑖1 − Λ𝑖2𝐶 ∥

2

[93] to the basic pipeline. +𝐼𝐿𝐶 indicates the

inclusion of our five landmarks as mentioned in section 4.4.2. Here, the multiplicative opera-

tors Γ𝑖
1

and Γ𝑖
2
, as well as the orientation-preserving operators Λ𝑖

1
and Λ𝑖

2
, are associated with
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Table 4.1: Quantitative assessment of refinement in shape matching. Beginning with a com-

puted 20 × 20 functional map. The datasets include 190 FAUST pairs and SCAPE.

Method Average Error (×10
−3

) Average Runtime (s)

Init 67.5 -

PMF [98] 25.9 311.2

ICP [75] 54.4 12.2

BCICP [93] 22.3 113.5

ZO [110] 20.1 87.4

Scalable ZO [100] 21.7 16.3

Ours + ICP 47.3 14.3

Ours + BCICP 19.2 115.2

Ours+ ZO 18.5 89.3

Ours+ Scalable ZO 20.9 18.9

the 𝑖𝑡ℎ descriptors. Incorporating the proposed landmarks results in a significant improvement

in all three cases.

In addition, we evaluate the utility of our method to enhance various refinement tech-

niques, as discussed. We compare our method to the following: We apply ICP to a functional

map of dimensions 35 × 35, estimated using the same pipeline adopted for the initial map.

ZoomOut, we refine the initial functional map and upsample this map with a step size of 1.

From the results in fig. 4.9, it is evident that the intrinsic landmark operators are highly

beneficial. Our approach not only achieves quality improvements compared to all raw meth-

ods but is also significantly faster. In fig. 4.9 and fig. 4.8, arrows highlight regions where our

intrinsic landmark augmentation improves the dense correspondence, especially in symmet-

ric or highly articulated areas.

Many shape refinement methods exhibit poor scalability with the number of vertices. As

discussed in section 4.4.2, the additional landmarks introduced in our method incur nearly

negligible computational cost. The main advantage of our approach becomes evident when

combined with other correspondence frameworks, as mentioned. Since our algorithm doesn’t

entail model training or n-dimensional matrices, its runtime scales linearly with the original

number of randomly selected vertices.

Table 4.1 reports the average error and runtime. Our method achieves a 13.1%, 16.1%,

8.0%, and 3.7% improvement in accuracy over the state-of-the-art while incurring only a cou-

ple of seconds in computational cost. Furthermore, our method demonstrates greater versa-

tility, enabling seamless integration into several existing frameworks, in contrast to typical
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Figure 4.10: Evaluation on Dynamic FAUST using geodesic error measures. We present ICP

and ZoomOut predictions both before and after applying our augmentation. The initialization

parameters are set to𝑤𝑑−𝑐𝑜𝑚𝑚 = 0.1 and𝑤𝑜𝑟𝑖𝑒𝑛𝑡 = 0.1.

algorithms. In fig. 4.10, we present the results of the ICP and ZoomOut methods both with and

without our augmentation. It’s noteworthy that both methods exhibit improvements when

our intrinsic landmarks are applied.

4.5.1 Ablation Study

In this section, we evaluate the robustness and generalization ability of our method under

challenging conditions. We first demonstrate that our approach is resilient to changes in mesh

connectivity by testing on remeshed datasets. Then, we present representative failure cases

to highlight the limitations of our pipeline in practical scenarios with incomplete or partially

matching landmarks. To further evaluate the robustness of our method under varying mesh

connectivity, we conduct experiments on the FAUST remeshed dataset [93], where the source

and target meshes have same geometry but significantly different triangulations. As shown

in fig. 4.11, our method consistently identifies semantically meaningful landmarks across dif-

ferently meshed surfaces. This result highlights the sampling and resolution agnosticism of

our pipeline, and demonstrates its reliability in real-world scenarios where mesh quality and

connectivity may vary substantially.

Table 4.2 shows the failure rate of our method. A pair is considered a failure if its result

is worse than that of ICP or ZoomOut with WKS initialization. Most failures occur in partial

matching scenarios, where missing regions alter the geodesic structure.
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Figure 4.11: Our approach produces stable and consistent landmark placement across

remeshed surfaces (right), demonstrating sampling and resolution agnosticism. This robust-

ness enables reliable shape matching across a wide range of mesh representations, including

those with significantly different vertex counts.
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Figure 4.12: Failure case under partial matching. The intrinsic landmarks on the feet are

mismatched, resulting in incorrect correspondences.

Table 4.2: Failure Rate. The table shows the percentage of shape pairs where our method

performs worse than ICP or ZoomOut.

Dataset Compare to ICP + ZoomOut (%)

Dynamic FAUST 8.75

TOSCA 13.19

SCAPE 7.97

Figure 4.12 illustrates a representative failure case where the left and right feet are in-

correctly matched. Although the shapes are complete, the lack of strong extrinsic cues causes

the intrinsic landmarks to become symmetrically ambiguous, matching the left foot to the

right. This semantic confusion introduces localized distortion. While such ambiguity leads to

a 10%–20% drop in accuracy, our method still performs comparably or better than baselines

without intrinsic landmarks, though it does not match the best-case results achievable under

unambiguous geometry.

Although our method achieves high-quality results, it has several limitations that we

aim to address in future work. First, while intrinsic landmarks often improve correspon-

dence, we cannot guarantee that their inclusion benefits all models. For example, in our ex-

periments with fMap (+ILC), enforcing bijectivity near specific points occasionally degrades
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performance elsewhere. Extending the current pipeline to provide localized guidance with-

out introducing such side effects remains an open challenge. Second, our method is not di-

rectly applicable to partial shape correspondence, as topological differences significantly affect

geodesic distances. Thirdly, our method is designed for shapes with approximately preserved

intrinsic geometry, and is not intended for cross-category landmark discovery, where seman-

tic correspondences are often ill-defined. In future work, we plan to extend our approach

to handle partial inputs, enabling more flexible and robust shape matching across a broader

range of scenarios.

4.6 Conclusion

We presented an unsupervised method for computing dense correspondences between non-

rigid shapes via automatically generated intrinsic landmarks. Our approach computes a se-

quence of Karcher means and selects geodesically distributed points to construct an ordered

set of landmarks, without requiring any user input or supervision. Built upon the func-

tional map framework of Ovsjanikov et al. [78], our method integrates seamlessly into ex-

isting pipelines and improves correspondence accuracy with negligible additional cost (2–3

seconds). The core insight is that a small set of well-ordered intrinsic landmarks can effec-

tively guide dense matching by leveraging only geometric information. Our method demon-

strates strong compatibility with a range of existing shape correspondence algorithms, and

achieves consistent improvements across benchmarks, highlighting its generalization ability

across datasets and pipelines.
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Chapter 5

Data-Free Learning for Mesh Repair

Mesh inpainting remains a critical challenge in geometry processing, particularly for real-

world scans that often contain holes and missing regions. This paper introduces a data-free

neural mesh inpainting framework that operates directly on incomplete input meshes, pre-

serving geometric and topological consistency. Our approach involves stitching correspond-

ing regions from the zero-level isosurface and refining vertex positions using a self-supervised

graph convolutional network. Extensive experiments demonstrate that our method outper-

forms traditional dataset-independent approaches and exhibits greater robustness than exist-

ing deep learning models. The repaired meshes maintain sufficient integrity for downstream

applications such as physical simulation and 3D printing.

5.1 Introduction

High-quality and geometrically consistent meshes are indispensable for applications such as

3D printing, physical simulation, and computer graphics animation. However, meshes re-

constructed from real-world data are often incomplete, exhibiting holes and missing regions

caused by occlusion, reflective surfaces, and limited scanning coverage. Therefore, a reliable

and effective repair algorithm is essential to bridge the gap between real-world reconstruction

and downstream applications.

Mesh inpainting is an ill-posed problem—the missing geometry cannot be determined

from the available data. For the missing regions, neither the vertex positions nor their con-

nectivity information is available. Traditional methods [122, 123, 124, 125, 126, 127] rely pri-

marily on geometric priors such as smoothness and self-similarity. While these methods can
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Figure 5.1: Our data-free neural mesh inpainting method restores missing regions directly on

the input mesh while preserving geometric and topological consistency. The repaired meshes

can be seamlessly applied to downstream tasks such as point cloud completion, FEM simula-

tion, logarithmic map computation, and 3D printing.

effectively repair small or regularly shaped holes and preserve overall topology, they struggle

to generalize to large or complex missing regions and often demand careful parameter tuning.

In contrast to purely geometry-based methods, recent works incorporate data-driven

priors or apply supervised deep learning to improve completion quality. Some approaches

developed for voxel grids [128] and point clouds [129, 130, 131, 132, 133, 134] ignore the in-

trinsic mesh connectivity. The primary challenge for point-cloud-based mesh repair lies in

reliably reconstructing triangle connectivity. Even the latest generative models [135, 136, 137,

138, 139] typically produce meshes with only a few thousand faces, which limits their geo-

metric fidelity. This constraint continues to hinder the advancement of mesh-based inpaint-

ing methods, even though large-scale 3D datasets are now available [140, 141]. More recent

methods [142, 143, 144, 145] can produce high-quality meshes but rely on manually provided

point clouds to guide the reconstruction of missing regions. Some self-prior-based methods do

not require ground-truth inpainted geometries but still depend on large-scale shape datasets.

These approaches [146, 147, 148] often alter the mesh format and change the topological prop-

erties of the input shape. These methods also perform poorly when encountering shapes that

are not represented in the training datasets.

To address the above challenges, we present a Neural Mesh Inpainting (fig. 5.1) that per-
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forms completion directly on the mesh domain. The geometric stage first projects the missing

regions of the input mesh onto its zero-level isosurface to identify target areas for reconstruc-

tion. Based on this projection, a geodesic-driven triangulation algorithm enables cutting and

stitching along arbitrary surface curves while maintaining valid topology. The process nat-

urally supports parallel repair of multiple disconnected holes. Unlike previous approaches,

our method eliminates the need for large-scale training datasets and offers a general, scalable

solution applicable to arbitrary mesh geometries. In addition, the repaired meshes preserve

the original structure, allowing seamless integration with existing neural architectures for

fine-tuning.

Summary. In this paper, we present a data-free mesh inpainting method. Our approach

is built around four key properties:

• Our method preserves the original mesh structure, modifying only the repaired regions

while keeping the input geometry and topology completely intact.

• It scales efficiently to large and complex meshes, handling models with a high number

of vertices and faces without compromising accuracy or stability.

• The approach operates entirely on a single input mesh without requiring any external

training data.

• The repaired meshes can be directly applied to downstream tasks such as physical sim-

ulation and 3D printing, demonstrating its suitability for real-world use.

5.2 Related Work

5.2.1 Traditional Geometry-Based Shape Repair

Traditional mesh inpainting methods can be broadly classified into surface-based and volume-

based approaches. Surface-based methods reconstruct missing regions by generating new

triangles guided by local geometric cues such as vertex density, triangle area, or dihedral

angles [122, 149, 127, 123, 124]. They typically apply remeshing or smoothing to improve sur-

face quality and perform well on small, simple holes, but often fail on large or topologically

complex missing regions. To address these limitations, context-based methods [125, 126] en-

hance self-similarity by synthesizing features from similar patches, while Kraevoy and Sheffer
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[150] introduced a template-based approach that maps incomplete meshes to reference mod-

els. Although these extensions can better preserve geometric detail, they still depend on the

availability of similar shapes, complete templates, and manual user interactions.

Volume-based methods first convert an input mesh into a discrete voxel representation

and then perform hole filling within the volumetric domain. A common strategy is volumet-

ric diffusion, which generates a complete voxelized volume from partial geometry [151, 152,

153]. Bischoff et al. [154] further proposed morphological dilation and erosion on an octree

structure to efficiently fill holes in the voxel space. After completion, the surface mesh is re-

constructed by extracting triangles from the isosurface. These approaches are advantageous

for repairing complex surfaces and producing manifold meshes. However, they often cause

unwanted deformation of nearby regions during diffusion or morphing, and their output res-

olution is constrained by the computational inefficiency of voxel-based representations.

5.2.2 Data-Driven Shape Inpainting

Data-driven shape inpainting methods used volumetric networks for shape recovery from

partial scans [128, 155], while later works [129, 156] adopted multi-resolution prediction and

coarse-to-fine refinement to improve reconstruction quality.

Point cloud completion has been widely investigated since point clouds are direct out-

puts of 3D scanners. Networks such as PCN [130] and SA-Net [131] reconstruct complete

point clouds via encoder–decoder architectures, while GAN-based [157] and reinforcement

learning approaches [158] further improve the realism of generated shapes. PMP-Net [159]

infers point trajectories to restore missing structures without explicit point generation. Re-

cently, implicit neural representations have gained popularity for shape inpainting due to their

memory efficiency and smooth surface reconstruction. Methods based on signed distance

functions (SDF) [148, 160, 161] and vector-quantized implicit functions (VQDIF) [145, 162]

have demonstrated strong shape completion capability.

Mittal et al. [147] trained a network to predict occluded regions in point clouds by sim-

ulating missing points from range scans, while Chu et al. [165] completed polygonal meshes

through a truncated signed distance field (TSDF) representation. Although these methods

eliminate the need for complete ground-truth shapes, they still depend on large-scale datasets

such as ShapeNet [166], KITTI [167], and Thingi10k [141]. Moreover, converting meshes to
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Table 5.1: Method comparison. The Data-Free column indicates whether the method requires

training datasets. Input Fidelity measures whether the original mesh structure is preserved.

Scalability refers to the ability to handle large, high-resolution meshes. The Performance

column reflects the overall reconstruction quality. Comments denote additional requirements

such as real data or auxiliary tools.

Data-Free Type Scalability Input Fidelity Performance

PMP-Net [159] ✗ Point ✗ ✗ Medium

IF-Net [148] ✗ Point ✗ ✗ Medium

ShapeFormer [145] ✗ Point ✗ ✗ Low

SapceMesh [142] ✗ Mesh ✗ ✗ High

SeMIGCN [163] ✓ Mesh ✓ ✓ Medium

MeshFix [164] ✓ Mesh ✓ ✓ Low

Ours ✓ Mesh ✓ ✓ High

point-based or volumetric forms often alters their topological properties, leading to inconsis-

tencies in reconstructed geometry. When meshes are first converted into point clouds and

later re-meshed, the generated surfaces are typically low-resolution and fail to preserve the

original connectivity structure. A comparison summary can be found in Table 5.1. In contrast,

our method operates directly on the original incomplete mesh without altering its structure. It

preserves the topology and geometric continuity of the input while removing the dependency

on external datasets, offering a more reliable and data-free solution for mesh inpainting.

5.2.3 Self-Prior Learning in Geometry Processing

Self-prior learning has emerged as a data-driven yet data-independent paradigm in geome-

try processing. The Deep Geometric Prior (DGP) [168] learns local surface representations

from a single point cloud by training separate multilayer perceptrons (MLPs) for each re-

gion. Point2Mesh [143] extends this idea to the mesh domain through MeshCNN [37], which

employs shared-weight convolutions and dynamic mesh pooling, and was later adapted for

textured mesh reconstruction from colored point clouds [169]. For sparse or irregularly sam-

pled point clouds, recent works have adopted unsupervised reconstruction techniques based

on SDF [170, 171] and point consolidation strategies [172] to improve geometric consistency.

The approach in [163] relies on MeshFix [164] for initial completion, and the final reconstruc-

tion quality is therefore largely determined by the preprocessing result rather than the learned

model.

Despite their progress, existing self-prior methods remain restricted to point-based or
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volumetric representations and often reconstruct meshes from low-resolution surfaces, caus-

ing the loss of fine topology and structural connectivity. In contrast, we propose a data-free

self-prior framework that operates directly on the input mesh, preserving its original geom-

etry and topology throughout the inpainting process.

5.3 Method

In the following, we outline the main components of Neural MeshImplant: a geometric stage

that provides the tools for mesh clipping, stitching, and implanting, followed by a neural stage

that fine-tunes the surface.

5.3.1 Geometric Preprocessing

Our domain is a triangle mesh𝑀 = (𝑉 , 𝐸, 𝐹 ) with arbitrary topology. For an incomplete mesh,

we first perform a preprocessing to obtain a watertight surface. The zero-level isosurface

generated from the GSD [173] provides a contour (with contouring via marching cubes [174].)

on which hole boundaries can be mapped, as shown in fig. 5.2. However, this contour cannot

be used directly, as it lacks geometric detail, is often non-manifold, and suffers from poor

triangulation quality. Therefore, we refine it further and use it as an intermediate scaffold for

subsequent processing.

To improve the quality of the initial isosurface mesh, we first apply a light QSLIM sim-

plification [175] to remove spurious triangles. The remaining vertices are then processed with

Poisson surface reconstruction [176] (octree depth of eight) to obtain a cleaner manifold sur-

face. Finally, a QSLIM simplification followed by triangular remeshing [177, 178] ensures a

vertex density comparable to the input mesh. The overall process, illustrated in fig. 5.3, pro-

duces the target surface for boundary mapping and patch cutting.

A simple way to generate cutting paths is to use tradi-

tional shortest path algorithms [179], but such methods are con-

strained by mesh edges and often produce jagged paths (see in-

set). We instead use geodesic paths computed on the continuous

surface, which yield smooth and geometry-consistent cuts.

A geodesic is the shortest path between two points con-
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Figure 5.2: A zero-level isosurface is extracted from the GSD (top), onto which the original

hole boundary points are mapped. However, the low-quality mesh must be refined before

mapping.

strained to lie on the surface; when the triangles along the path are unfolded, it appears as

a straight line [180] (see inset). We compute geodesics [181, 182] sequentially between con-

secutive boundary points and record the triangles they traverse. Projection points that fall

inside a triangle are connected to its three vertices, splitting the face into three smaller ones.

If two projection points lie in the same triangle, the subdivision is applied sequentially. For

each triangle fully crossed by a geodesic, we select the crossing point on the intersected edge

and connect it to the opposite vertex (fig. 5.4). We leverage a half-edge [183] mesh representa-

tion to ensure edge-manifoldness and maintain consistent orientation. With these operations,

the geodesic path is entirely represented by edges of the processed mesh. For holes that are

topologically independent (i.e., sharing no common faces), our cutting algorithm can process

them in parallel, further improving efficiency.

Each projected point 𝑥 is parameterized using barycentric coordinates of triangle 𝑖 𝑗𝑘 ∈ 𝐹

with vertex positions 𝑣𝑖, 𝑣 𝑗 , 𝑣𝑘 , as 𝑥 = 𝑡𝑖𝑣𝑖 + 𝑡 𝑗𝑣 𝑗 + 𝑡𝑘𝑣𝑘 . We snap a projected point to the nearest

edge if one barycentric weight is small, or to the corresponding vertex if two weights are

small. This operation improves numerical stability and avoids low-quality triangles in the
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subsequent retriangulation step.

Figure 5.3: Poisson surface reconstruction is applied to the initial isosurface to improve mesh

quality, followed by remeshing to ensure a uniform vertex density comparable to the input

mesh.

During the stitching process, we update the projected boundary vertices of each patch

to their corresponding positions on the input mesh hole. For new vertices generated between

two projected points, we insert them proportionally along the corresponding original edges,

forming watertight connections between the patch and the input mesh.

5.3.2 Self-Supervision

Inspired by the mesh autoencoder architecture [184, 185, 186], we adopt it to learn feature

representations of the input mesh using a graph convolution operator that avoids the intricate

design of kernel functions. The learned features are then used to fine-tune the repaired regions

for improved geometric consistency.

Notation. We denote a mesh asM with vertex and face setsV and F . Vertex positions

and face normals are represented as X ∈ R|V|×3
and N ∈ R|F |×3

, respectively. The input hole
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Figure 5.4: Top: path stitching between the projection and input meshes. Bottom: retriangu-

lating the faces intersected by the geodesic yields a valid cutting path (red) represented by

mesh edges. The measured runtime (top-right) confirms a linear 𝑂 (𝑛) relationship between

path length and computation time. In this example, the bunny model contains 14K faces, with

400 edges along the geodesic path, and the entire cutting process takes 2.1 seconds.

mesh is denoted asMin, and the watertight mesh obtained after preprocessing (section 5.3.1) is

denoted asMinit. The network outputs a completed meshMcmp with refined vertex positions

at the target (hole-filled) regions. We define masks𝑚𝑖
v

and𝑚
𝑗
n

to distinguish vertices and face

normals in hole regions, where𝑚 = 0 for holes (real or fake) and𝑚 = 1 otherwise.

Pooling/Unpooling. The model employs a mesh pooling operation based on QSLIM [175].

During pooling, vertex pairs are iteratively contracted to simplify the mesh while preserving

geometric fidelity through quadric error metrics. The output features are obtained by mul-

tiplying the input features with a precomputed downsampling transformation matrix. The

corresponding unpooling matrix is also stored for feature recovery during decoding [20].

Model Architecture. fig. 5.5 illustrates self-supervised framework for mesh inpainting.

Instead of directly predicting vertex positions, the Graph Convolutional Networks (GCN) es-

timates displacements from a Laplacian-smoothed mesh. The GCN takes per-vertex features
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Figure 5.5: Self-supervised training of our our refinement model. Pooling and unpooling are

implemented via QSLIM-based precomputed transformation matrices, consistent with prior

mesh autoencoder designs [20]. The model predicts vertex displacements to reconstruct the

inpainted surface from an oversmoothed mesh using both real (green) and fake (pink) holes.

(Δ𝑥𝑖𝑖𝑛,Δ𝑦𝑖𝑖𝑛,Δ𝑧𝑖𝑖𝑛,𝑚𝑖
v
) as input, where 𝑚𝑖

v
∈ {0, 1} indicates whether the vertex belongs to a

real or fake hole. It predicts the 3D displacement (Δ𝑥𝑖𝑜𝑢𝑡 ,Δ𝑦𝑖𝑜𝑢𝑡 ,Δ𝑧𝑖𝑜𝑢𝑡 ) to recover the inpainted

surface.

Loss Functions. The vertex position loss 𝐸p is computed as the root mean squared error

(RMSE) between the predicted and initial hole-filled mesh vertices, excluding real hole regions

using the vertex mask𝑚𝑖
v
.

𝐸p =

(
1∑
𝑖𝑚

𝑖
v

|V|∑︁
𝑖=1

𝑚𝑖
v




x𝑖
cmp
− x𝑖

init




2

2

) 1

2

. (5.1)

The facet normal loss 𝐸n encourages local geometric fidelity by aligning the predicted and

initial face normals, preserving sharp features. It is computed as a mean absolute difference

over non-hole faces using the mask𝑚
𝑗
n
, and evaluated only at the finest resolution to reduce

computational cost:

𝐸n =
1∑
𝑗𝑚

𝑗
n

|F |∑︁
𝑗=1

𝑚
𝑗
n




n 𝑗cmp
− n 𝑗

init





1

. (5.2)
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The smoothness term 𝐸r regularizes facet normals to suppress noise and preserve sharp

geometric features.

𝐸r =
1

|F |

|F |∑︁
𝑗=1




n 𝑗cmp
− 𝑆 (𝑡)

bnf
(n 𝑗

cmp
)





1

. (5.3)

Here, 𝑆
(𝑡)
bnf

denotes 𝑡 iterations (𝑡 = 5 in this paper) of bilateral normal filtering (BNF) [187],

which penalizes the deviation between predicted normals and their filtered counterparts.

Total loss. The overall training objective combines vertex, normal, and smoothness

terms:

𝐸 =
∑︁

𝜆p𝐸p + 𝜆n𝐸n + 𝜆r𝐸r. (5.4)

Each coefficient 𝜆 controls the relative contribution of the corresponding loss term. We use

three down-pooling layers with 𝜆p = 0.25, and both 𝜆n and 𝜆r set to 0.5. Each simplification

step reduces the number of vertices to 30% of the previous level.

5.4 Results and Applications

We evaluate our method across a wide range of experiments. As shown in Figure 5.4, even for

meshes with hundreds of thousands of triangles, our model processes geodesic paths spanning

thousands of edges within tens of seconds, and only a few seconds in typical cases.

5.4.1 Accuracy and Performance

We first compare our method with three baseline approaches: the Advancing Front Method

(ADVF) [124], MeshFix (MFIX) [164], and Context-based Coherent Surface Completion (CCSC) [126].

All of these methods are data-free and operate directly on an input mesh. For intuitive visu-

alization, we colorize the reconstructed meshes according to the distance between the output

and the ground-truth surfaces.

Figure 5.6 presents representative qualitative results, while more comprehensive quan-

titative comparisons are provided in table 5.2. For visualization purposes, the reconstruction

errors are normalized and color-mapped onto the surface. As shown in this figure, traditional

methods such as ADVF [124] and MFIX [164] tend to fill holes with overly planar patches

due to their reliance on local geometric heuristics. CCSC [126], while capable of producing

smoother results, requires extensive optimization and takes over 500 seconds even for mod-
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Figure 5.6: Inpainting results on meshes with holes. The reconstructed meshes are colorized

according to the distance to the ground-truth surfaces. Traditional geometry-based methods

tend to produce noticeable bulges or inward dents near the repaired regions, while our method

yields smoother and more accurate reconstructions.

erately sized meshes. In contrast, our method reconstructs the missing regions in just a few

seconds, generating geometrically consistent surfaces that preserve the original curvature and

fine-scale details.

Table 5.2: Quantitative comparison of inpainting performance using the average error dis-

tance in the repaired regions (in units of 10
−3

).

ADVF [124] CCSC [126] MFIX [164] Ours

Bunny 6.01 5.31 5.55 4.33
Fandisk 5.69 4.94 2.78 0.54
Bimba 3.52 4.46 2.83 1.66
Bust 1.72 2.19 1.29 0.74
Igea 2.96 1.40 2.27 1.13

Draon 7.3 6.04 3.99 1.89
Nut 3.96 4.75 4.69 1.02

5.4.2 Comparison with Supervised and Self-Prior Models

We further compare our approach with several recent data-driven models, including IF-Net [148],

ShapeFormer [145], SeMIGCN [163], and SpaceMesh [142].
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Figure 5.7: Comparison with representative data-driven methods. While IF-Net and Shape-

Former produce coarse reconstructions and SeMIGCN failed to inpaint the shape geometries,

SpaceMesh additionally requires surface point inputs. Our method achieves clean, detailed,

and watertight repairs directly from the incomplete mesh.

Figure 5.7 presents the results of these data-driven methods compared with our approach.

For this comparison, we used the official pretrained weights and implementations provided

by the respective authors of IF-Net and ShapeFormer.

For the transformer-based SpaceMesh [142], the model can only process meshes with a

limited number of faces due to the inefficiency of its face tokenization algorithm. Moreover, it

requires collaboration with other models or additional surface points around missing regions

as conditions for mesh generation. SpaceMesh also alters the connectivity of the input mesh,

resulting in structural inconsistencies.

More fundamentally, transformer-based architectures [135, 136, 137, 138] face intrinsic

scalability limitations: constructing or processing meshes with tens of millions of faces is

currently computationally infeasible due to the quadratic complexity of token attention and

memory constraints.

All these data-driven methods fail to inpaint the missing geometries when the test meshes

are not included in their training datasets. In contrast, our method is entirely independent of

training data, operating robustly across arbitrary mesh inputs. SpaceMesh achieves nearly
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zero error because it requires the point cloud of the missing regions as input; thus, it only

reconstructs connecting surfaces and is not directly comparable.

5.4.3 Applications

Our method enables several downstream applications that benefit from reliable and topology-

preserving mesh repair. These applications highlight the practicality and robustness of our

approach for real-world geometric modeling and manufacturing workflows. We next illustrate

several representative applications enabled by our repaired meshes.

Point Cloud. Our framework naturally serves as a bridge for point cloud completion.

Given an incomplete point cloud, we first reconstruct a surface mesh, repair the missing re-

gions using our mesh inpainting method, and then resample the completed mesh to obtain

a dense, completed point cloud. Unlike data-driven completion methods, our approach re-

quires neither large-scale training datasets nor costly model training, making it an efficient

and data-free alternative for point cloud restoration.

Figure 5.8 shows a comparison with data-driven methods. PMP-Net [159] fails to recover

missing regions for unseen shapes in its training data. Our data-free method, on the other

hand, can inpaint arbitrary geometries while preserving natural shape continuity.

Simulation on Repaired Meshes. Our method preserves the original geometric and

topological structure of the input mesh, making it directly compatible with downstream phys-

ical simulations. For example, in solving partial differential equations (PDEs) such as heat dif-

fusion or deformation analysis on the surface, the repaired geometry can seamlessly inherit

the original boundary conditions defined along the hole edges. Since our inpainting process

maintains vertex connectivity and mesh consistency, simulation variables can be propagated

continuously over the repaired regions without reinitializing the solver or remeshing the en-

tire domain. This property enables efficient post-repair analysis and ensures that numerical

stability and boundary fidelity are preserved.

To verify compatibility with downstream solvers, we perform surface PDE computations

on the inpainted meshes. As shown in fig. 5.9, both the logarithmic map and parallel trans-

port [188] of tangent vectors can be seamlessly extended from the hole boundaries to the

repaired regions without reinitialization. Since our method preserves the original connectiv-
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Figure 5.8: Point cloud completion results. Our method reconstructs an intermediate mesh

from the incomplete input, repairs it, and resamples a consistent point cloud.

ity and vertex indexing, the solver can reuse precomputed boundary conditions, enabling a

continuous simulation workflow. On a mesh with 26K vertices and 52K faces, solving PDEs

on the repaired surface requires only 5 ms, whereas recomputing from scratch takes 60 ms,

highlighting the efficiency and physical consistency of our topology-preserving repair.

Additive Manufacturing Applications. In 3D printing, the repaired meshes gener-

ated by our method exhibit sufficient structural integrity and watertightness to be fabricated

directly. Because the surface continuity are preserved during inpainting, the repaired models

can be exported as valid models without additional post-processing or remeshing.

Figure 5.10 demonstrates the use of the proposed mesh inpainting method for additive

manufacturing. The blue models are the original meshes with missing regions, and the white

models are the repaired and printed results. The repaired meshes maintain watertightness and
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Figure 5.9: Surface PDE continuation on repaired meshes. Top: the input mesh with holes.

Bottom: the repaired mesh. Logarithmic map and parallel transport are computed directly on

the repaired surface by reusing boundary conditions along the hole edges.

structural stability, allowing direct fabrication without further processing.

5.5 Limitations & Future Work

We introduced a data-free neural mesh inpainting framework that reconstructs missing re-

gions directly on the mesh domain while preserving the original topology and geometric

consistency. Our approach integrates a topology-preserving geodesic cut-and-stitch algo-

rithm for hole filling with a self-supervised graph convolutional network that refines ver-

tex positions without external data. Through extensive evaluations, we demonstrated that
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Figure 5.10: Repaired meshes from our method are watertight and structurally sound, allowing

direct 3D printing without additional post-processing or remeshing.

our method achieves high reconstruction accuracy, strong robustness across diverse geome-

tries, and seamless compatibility with downstream applications such as point cloud comple-

tion, physical simulation, and 3D printing. Future work includes extending the cut-and-stitch

pipeline to dynamic meshes and integrating physical constraints for simulation-aware repair.
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Chapter 6

Conclusion

Geometry processing provides a rich set of tools for analyzing and manipulating 3D sur-

faces. The intrinsic geometric features explored in this thesis highlight new opportunities

to improve geometric learning methods. Incorporating intrinsic surface descriptors enables

learning frameworks to represent geometric structure beyond vertex positions, using features

such as geodesic distances, curvature, and spectral descriptors.

To manipulate intrinsic triangulations in practice, we extract features from the underly-

ing surface geometry. We begin with Mesh Autoencoder (Chapter 2), where vertex normals

support an efficient pooling operator for 3D morphable models, enabling neural networks to

operate at multiple resolutions while preserving geometric structure. Furthermore, randomly

generated bijective coarse-to-fine mesh counterparts (Chapter 3) allow the network to learn

complex mesh shapes, improving the accuracy of reconstructed vertex positions while main-

taining the desired topology. Karcher means are used as intrinsic landmarks on near-isometric

surfaces (Chapter 4), enabling efficient and robust point-wise correspondence. These triangu-

lations also support a data-free neural mesh inpainting framework (Chapter 5) that operates

directly on incomplete meshes while preserving geometric and topological consistency.

Across these works, a broader principle emerges: learning does not replace geometry, but

becomes more effective when built upon it. Geometric structure provides invariance, consis-

tency, and physical meaning that are difficult to recover from data alone, while learning pro-

vides the flexibility to model complex variations beyond hand-designed geometric algorithms.

The results of this dissertation show that these two perspectives are not competing alterna-

tives, but complementary tools for geometric processing. Their integration provides a path
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toward methods that are more accurate, robust, and less dependent on large-scale supervision.

Looking forward, an important direction for geometric learning is supporting industrial-

scale realistic rendering and efficient production pipelines. Large language models may also

enable more interactive workflows for 3D modeling, allowing users to specify geometric struc-

tures through high-level instructions. At the same time, scaling learning architectures to

mesh-based representations remains a significant challenge, particularly for attention-based

models when realistic scenes may contain millions of elements. Progress in these directions

would allow many geometry processing algorithms to play a larger role in computer graphics,

animation production, and photorealistic film generation. Realizing this vision will require ad-

vances in both theory and practice. With sustained effort and creativity, geometric learning

will remain a vibrant area of research for years to come.

6.1 Future Directions

The methods presented in this dissertation address several challenges in mesh representation,

correspondence, and geometry repair, while also suggesting directions for future research.

As geometric data grows in scale and diversity, learning systems that reason about geometric

structure remain an important challenge.

Geometry-Aware FoundationModels. Foundation models learn general representa-

tions from large and diverse datasets. Extending this paradigm to geometric data may enable

reusable representations of shape structure that transfer across tasks such as correspondence,

reconstruction, segmentation, and geometric editing. Key challenges include representing

geometry across modalities and incorporating intrinsic geometric structure into large-scale

learning architectures.

Scalable Geometric Learning. Scaling geometric learning methods to large and com-

plex shapes remains a central challenge. Transformer-based architectures perform well in

many domains, but their quadratic attention complexity limits their use on high-resolution

meshes or large geometric datasets. Moreover, geometric data exhibits irregular connectivity

and strong multi-scale structure that are not naturally aligned with standard transformer ar-

chitectures. Developing scalable architectures for large geometric models therefore remains

an important research direction.
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Physics-Aware Geometric Learning. Incorporating physical priors—such as elastic-

ity, material properties, and deformation constraints—may allow learning systems to better

capture the behavior of real-world shapes. Integrating geometry processing with physics-

based modeling remains a promising direction for geometric learning.

Geometry Agents. Agent-based systems combine learning-based reasoning with ex-

ternal computational tools. In geometry processing, such agents could plan and execute se-

quences of geometric operations rather than directly predicting outputs. A geometry agent

may coordinate existing algorithms as modular tools, enabling more flexible and interactive

workflows for geometric modeling.
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