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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.

iv



Acknowledgements

This dissertation reflects a long and sometimes difficult journey that shaped both my research

and my life.

I would like to sincerely thank my advisor, Cheng Samuel. I have always been someone

who prefers to follow my own ideas, sometimes stubbornly, and throughout my PhD he gave

me the freedom to do that. Although we did not always agree on research directions, he

ultimately gave me the space to pursue ideas that I genuinely cared about. Over time, he

understood that I preferred to follow my own path, and I am grateful that he respected that.

There were also periods when research was slow, or when I spent more time focusing on life

outside academia, and he was always understanding and supportive. I truly appreciate the

patience and trust he gave me during these years.

I am also grateful to Christian El Amm for supporting me financially during my PhD.

Although we did not communicate frequently, he was always kind, understanding, and easy

to work with. He never made things difficult for me and was always willing to help whenever

needed. Looking back, I sometimes wish I had reached out more often, as I truly appreciated

his support and trust. I especially valued the freedom he gave me to explore my own research

direction, even during periods when progress was uncertain. That trust meant a lot to me.

I would like to thank my longtime roommate, Han Dong. We spent many years together

in Tulsa and shared a lot of memorable experiences. I still remember the difficult summer

when the air conditioning in our apartment was broken for nearly two months. I also remem-

ber the tornado that caused a large power outage across the city, leaving us to stay in the

lab because it was the only place with electricity and air conditioning. Those moments were

uncomfortable at the time, but looking back, they became part of what made graduate school

memorable.

Most importantly, I want to thank my wife. Throughout this entire journey, she gave

me constant emotional support and always believed in me. She often reminded me that I was

capable and that I would eventually succeed. Having someone who consistently believed in

me and encouraged me during difficult periods meant more than I can fully express.

I would also like to thank my current roommates, Shayan and Reza, for getting me into

fitness. Before this, I had never trained consistently or followed a structured workout routine.

I originally started with the simple goal of getting abs, and after eight months of training I

v



can clearly see meaningful changes in my physique. The progress has been real, even if the

original goal is still a work in progress. More importantly, I developed habits that I believe

will stay with me for a long time.

Finally, I am grateful for the experience itself. A PhD is not only about research or pub-

lications. It is also about persistence and accepting that meaningful results sometimes take a

long time to appear. Much of research involves continuing to work without immediate feed-

back and trusting that the effort will eventually lead somewhere. This dissertation marks the

end of an important chapter in my life.

vi



Contents

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Data-Driven Geometry Processing . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Intrinsic Features in Geometric Processing . . . . . . . . . . . . . . . . . . . . 2

2 E�cient Pooling Operator for 3D Morphable Models . . . . . . . . . . . . . . 4

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.1 Deep learning efforts on meshes . . . . . . . . . . . . . . . . . . . . . 7

2.2.2 Geometry learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2.3 Graph convolution networks . . . . . . . . . . . . . . . . . . . . . . . 8

2.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.3.1 Mesh sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.3.2 Unpooling layer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.4 Experimental evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.4.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.4.2 Implementation details . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.4.3 Interpolation experiment . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.4.4 Pooling and unpooling layers . . . . . . . . . . . . . . . . . . . . . . . 16

2.4.5 Comparison of network hyperparameters . . . . . . . . . . . . . . . . 17

2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.6 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.6.1 Curvature and Vertex Normal . . . . . . . . . . . . . . . . . . . . . . . 19

3 Neural QSLIM for Mesh Autoencoders . . . . . . . . . . . . . . . . . . . . . . 21

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.2 Related works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.2.1 Geometric deep learning . . . . . . . . . . . . . . . . . . . . . . . . . . 23

vii



3.2.2 Comparing with subdivision surfaces . . . . . . . . . . . . . . . . . . . 24

3.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.3.1 Build transformation matrix . . . . . . . . . . . . . . . . . . . . . . . . 25

3.3.2 Data generation and training . . . . . . . . . . . . . . . . . . . . . . . 26

3.3.3 Up-sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.4 Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.5 Conclusion and Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4 Unsupervised Landmark Discovery via Karcher Means for Non-Rigid Shape

Correspondence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4.3 Preliminaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.3.1 Notation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.3.2 Basic Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.3.3 Geometric Medians . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.4 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.4.1 Ordered Landmarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.4.2 Correspondence Augmentation . . . . . . . . . . . . . . . . . . . . . . 47

4.5 RESULTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.5.1 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5 Data-Free Learning for Mesh Repair . . . . . . . . . . . . . . . . . . . . . . . . 57

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

5.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.2.1 Traditional Geometry-Based Shape Repair . . . . . . . . . . . . . . . . 59

5.2.2 Data-Driven Shape Inpainting . . . . . . . . . . . . . . . . . . . . . . . 60

5.2.3 Self-Prior Learning in Geometry Processing . . . . . . . . . . . . . . . 61

5.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

5.3.1 Geometric Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . 62

5.3.2 Self-Supervision . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.4 Results and Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

viii



5.4.1 Accuracy and Performance . . . . . . . . . . . . . . . . . . . . . . . . 67

5.4.2 Comparison with Supervised and Self-Prior Models . . . . . . . . . . . 68

5.4.3 Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.5 Limitations & Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

6.1 Future Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

ix



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 bene€ts from regular grid struc-

ture, geometric data on meshes o‰en lacks such structure, posing challenges for algorithm

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

etry a‚ect downstream geometry processing tasks. Speci€cally, we explore how geometry

can be encoded not just by the vertex positions inR3, but also by intrinsic quantities such

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

that is invariant under isometric deformation and, in some cases, o‚er be‹er 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 di‚erential 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. ‘is motivated the development ofdata-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 di‚erent strategies to e•ciently 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 di‚erential 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 e•ciency by

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

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

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

pli€cation and point-wise projection, our method learns to reconstruct €ne-grained geome-

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

structural €delity and enables more ƒexible non-linear decoding across di‚erent mesh au-

toencoder se‹ings.

‘ese contributions lay the groundwork for leveraging both intrinsic geometric cues

and data-driven learning to design e•cient and generalizable pipelines for 3D shape under-

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

processing.

1.2 Intrinsic Features in Geometric Processing

In many se‹ings, training data is scarce or high quality labels are prohibitively expensive to

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

etry, o‰en 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. ‘ese landmarks enable accurate and stable correspondence across

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

manually de€ned 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 o‰en unavailable. We develop a data-free learning framework that com-

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

incomplete meshes. ‘e 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. ‘e work progresses from mesh representation and reconstruc-

tion to intrinsic shape analysis and mesh repair. Although these problems address di‚erent

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

learning while preserving important properties of the input geometry.

‘e text and €gures in this thesis have signi€cant overlap with several papers published

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

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

ˆ Haoliang Zhang , Samuel Cheng, Christian El Amm, Jonghoon Kim. \E•cient pooling

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

Graphics 30 (7), (2023).

ˆ Haoliang Zhang , Xintong Li, Jonghoon Kim, Samuel Cheng, Christian El Amm. \Neural

QSLIM for Mesh Autoencoders."International Conference on Arti€cial Neural Networks,

(2025).

ˆ Haoliang Zhang , Samuel Cheng, Christian El Amm. \Unsupervised Landmark Discov-

ery via Karcher Means for Non-Rigid Shape Correspondence."Œe Visual Computer, 42.1

(2026).

ˆ Haoliang Zhang , Jiali Zhang, Samuel Cheng, Christian El Amm. \Data-Free Neural Mesh

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

E•cient 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 over€‹ing, we increased the receptive €eld and im-

proved low-resolution projection in the unpooling stage. ‘is increase did not a‚ect pro-

cessing e•ciency 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

4



(PCA) [2, 3, 4, 5] or manually de€ned blendshapes [6, 7, 8] to construct the linear latent rep-

resentation for a 3D human face. Similarly, Blanz and Ve‹er [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 de€nes the convolution weights for each vertex; however,

this method requires considerable memory and is prone to over€‹ing. 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 di‚er-

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 inR3 to R2

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

train on mesh geometry. However, they su‚er from distortion and are adversely a‚ected by

artifacts along seam lines in UV mapping. ‘us, 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 €lters as convolution layers and applies quadric mesh sampling to

preserve the topological structure at di‚erent 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]. ‘e 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. ‘e

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 over€‹ing.

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 a‹ribute and the

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

matrix in di‚erent meshes that share the same pooling operation. ‘e proposed unpooling

operation is only applicable to low-resolution projection to maintain computational e•ciency.

‘us, we e•ciently 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. ‘e 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 a‚ect processing e•ciency because the operation is performed once.

To the best of our knowledge, the proposed method provides a be‹er multiscale hierarchi-

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

signi€cant margin in all tasks evaluated.

2.2 Related Work

A series of e‚orts have been made to train deep neural generative models to learn latent

geometric representations from registered meshes. ‘e 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 €elds.

6



2.2.1 Deep learning e‚orts 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 toR2 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 su‚er 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. ‘e SOTA method [20] uses fast Chebyshev €lters as convolution

layers and quadric mesh sampling to preserve the topological structure at di‚erent hierar-

chical multiscale levels; however, it selects the valid edge¹E1• E2º for contraction based on

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

tive €eld 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 be‹er representation power and

enables the model to e•ciently 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 a‹ributes, such as texture and color. Yao et al. [33] add the cost

of curvature to the quadric error metrics, but their approach is computationally ine•cient.

We show that by combing vertex normal a‹ributes, our method encodes curvature implicitly

(Appendix 2.6.1).

While the QSLIM algorithm is crucial for mesh simpli€cation, it is only half of the two

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

the unpooling layers. ‘e closest solution to mesh unpooling is the subdivision technique.

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

mesh. Each input mesh is divided by spli‹ing edges and adding vertices. ‘e 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. ‘is

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. ‘e 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 €lters in a graph. A spectral

€lter performs a weighted averaging of neighboring vertices using theLaplacianoperator [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 €lter based on blue a truncated expansion of Chebyshev
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polynomials up to C� order. Inspired by Weisfeiler-Lehman (WL) isomorphism test [40],

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

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]. ‘ese methods consider pair vertex features

to compute a‹ention weights with di‚erent 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 €xed order.

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

pose convolution. ‘erefore, 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 e•cient at clustering various graphs). ‘e 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. ‘e pooling

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

our autoencoder model leverages the bene€ts of a‹ributes-weighted QSLIM [31, 32] to include

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

triangle barycentric coordinates of the coarse template, which cause template over€‹ing. To

avoid over€‹ing, 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 de€ne a mesh by a set of vertices and faces," = ¹+•E• � º, with vertexE2 + having

a geometric position in the Euclidean space,+ 2 R3 and edges¹E8• E9º 2 E. Each triangle face

5 2 � is denoted by three vertices¹E1• E2• E3º.

9



2.3.1 Mesh sampling

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

assigned with the symmetric 4� 4 quadric matrix&E
6¹vº:

&E¹vº =
Õ

f2v

Qf
g¹vº (2.1)

where vTQf
gv is equal to the geometry distance of a point v= »hx•hy•hz•1¼T to the plane

containing the face5. It iteratively contracts vertex pairs¹E1• E2º ! Ethat minimizing&E1¹vº¸

Qv2¹vº. First, we modify the QEM function, as expressed in Eq. (2.2); each vertexEof the mesh

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

&E¹vº =
Õ

f2v

area¹fºQf
g¹vº (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). ‘e 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. ‘us, the error de€nes the distance

from E = ©
­
«

?

E=

ª
®
¬

2 R6 to the a•ne subspace spanned by face¹E1• E2• E3º. where jj? � ?0j j2 is

the geometric distance error andjjE=� E=0j j2 is the normal vector error. ‘is metric may

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

distanced from each other. ‘e weight_E= is used to scale the normal deviation. ‘e total

error metric is de€ned as the sum

&E¹v = ©
­
«

?

E=

ª
®
¬

º =
Õ

f2v

area¹fºQf
g¹vº ¸ _vnQf

vn¹vº (2.3)
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where& f
6¹vº is the same as obtained using the QEM methods but weighted by the adjacent

faces area, and& f
E=¹Eº = ¹6)

E=? ¸ 3E= � E=º2 is the squared normal deviation.¹6E=•3E=º are

computed using Eq. (2.4)

©
­
­
­
­
­
­
­
«

?)
1 1

?)
2 1

?)
3 1

=) 0

ª
®
®
®
®
®
®
®
¬

©
­
­
­
­
«

69

39

ª
®
®
®
®
¬

=

©
­
­
­
­
­
­
­
«

E=1

E=2

E=3

0

ª
®
®
®
®
®
®
®
¬

(2.4)

where ¹69•39º are the gradients of the scalar function of the triangle face and scalar respec-

tively. ‘e pooling operator methods used in the current SOTA models do not e‚ectively

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, a‰er downsam-

pling three times using QEM, the neck and jaw parts of the mesh disappear. We set_E== 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) •adric mesh sampling

Figure 2.2: Network architecture and comparison for mesh sampling

2.3.2 Unpooling layer

‘e unpooling layer provides an approximate location of discarded vertices in a €ne 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
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