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Abstract

Point cloud processing has emerged as a pivotal area of research in 3D computer
vision, driven by the increasing demand for accurate and efficient representa-
tion of three-dimensional data in various applications, including autonomous
driving, robotics, and virtual reality. Despite significant advancements, the
task of effectively sampling and processing point clouds to maintain crucial
geometric features while optimizing downstream task performance remains
a substantial yet underexplored challenge. Traditional point cloud sampling
methods have been widely used to address such challenges due to their simplic-
ity and efficiency. However, they often fall short in adapting to varying tasks
and maintaining a balance between preserving critical details and ensuring
uniformity. Recent progress in learning-based sampling methods has shown
significant promise in efficiently reducing point cloud size while achieving
good performance on 3D vision tasks. Nevertheless, these generative-based
methods primarily focus on creating new point clouds that approximate the
original distribution, making it challenging to trace sampled points back to their
original locations and discern learned patterns. Motivated by the strengths and
limitations of both traditional and learning-based sampling methods, this dis-
sertation proposes a series of innovative point cloud sampling methods—APES,
SAMPS, and SAMBLE—that integrate task-oriented learning with mathemati-
cal statistics-based direct point selection. Each method builds upon the insights
and innovations of its predecessors, progressively advancing the state of point
cloud sampling techniques.

The first method introduced in this dissertation is the Attention-based Point
cloud Edge Sampling (APES). Inspired by the Canny edge detection algorithm
used in image processing, APES adapts this concept to the 3D domain by
utilizing attention-based mechanisms to identify and sample edge points in
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point clouds. The method pioneers the integration of task-oriented learning
with mathematically traceable direct point selection. However, APES also
highlights the challenge of maintaining shape uniformity while focusing on
edge preservation, necessitating more sophisticated sampling strategies. Build-
ing on the foundation laid by APES, the Sparse Attention Map-based Point
cloud Sampling (SAMPS) method addresses its predecessor’s limitations by
introducing a sparse attention map that combines local and global information.
This method achieves a more effective trade-off between sampling edge points
and maintaining the global uniformity of the point cloud, showing significant
improvements especially when only a limited number of points are sampled.
Despite these advancements, SAMPS reveals the need for adaptive strate-
gies tailored to the unique characteristics of different point clouds. The final
method, Sparse Attention Map and Bin-based Learning (SAMBLE) method,
represents a significant advancement by learning shape-specific sampling
strategies. Building on the sparse attention map proposed in SAMPS, SAMBLE
computes point-wise sampling scores and partitions points into bins to enhance
discrimination among different point categories. By learning bin boundaries
adaptively and determining bin sampling ratios with additional tokens during
attention computation, SAMBLE tailors sampling strategies for each shape,
leading to enhanced performance across various downstream tasks.

Both quantitative and qualitative results from extensive experiments demon-
strate that these methods contribute to developing more effective and adaptable
point cloud sampling strategies, enhancing the overall quality of the sampled
point cloud data and achieving better performance on various point cloud
downstream tasks. The findings and methodologies presented in this disserta-
tion lay the groundwork for future advancements in point cloud processing,
paving the way for further enhanced methodologies and more efficient pro-
cessing techniques that can potentially revolutionize how point cloud data is
handled and utilized in diverse real-world applications.
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Kurzfassung

Die Punktwolkenverarbeitung hat sich als ein zentrales Forschungsgebiet in
der 3D-Computer Vision etabliert, angetrieben durch die steigende Nachfrage
nach prézisen und effizienten Darstellungen von dreidimensionalen Daten
in verschiedenen Anwendungen wie autonomes Fahren, Robotik und virtu-
elle Realitét. Trotz erheblicher Fortschritte bleibt die Aufgabe, Punktwolken
effektiv zu sampeln und zu verarbeiten, um wesentliche geometrische Merk-
male beizubehalten und gleichzeitig die Leistung nachgelagerter Aufgaben
zu optimieren, eine bedeutende, jedoch wenig erforschte Herausforderung.
Traditionelle Punktwolken-Sampling-Methoden wurden héufig eingesetzt, um
solche Herausforderungen zu bewiltigen, da sie einfach und effizient sind. Sie
scheitern jedoch oft daran, sich an unterschiedliche Aufgaben anzupassen und
ein Gleichgewicht zwischen der Erhaltung kritischer Details und der Sicher-
stellung von Gleichméafigkeit zu finden. Jingste Fortschritte in lernbasierten
Sampling-Methoden haben vielversprechende Ergebnisse gezeigt, indem sie die
Grofle von Punktwolken effizient reduzieren und gleichzeitig gute Leistungen
bei 3D-Vision-Aufgaben erzielen. Dennoch konzentrieren sich diese generati-
ven Methoden hauptséichlich darauf, neue Punktwolken zu erstellen, die die
urspriingliche Verteilung approximieren, was es schwierig macht, gesampel-
te Punkte auf ihre urspriinglichen Positionen zuriickzufithren und erlernte
Muster zu erkennen. Angespornt durch die Starken und Schwiachen sowohl
traditioneller als auch lernbasierter Sampling-Methoden, schldgt diese Disser-
tation eine Reihe innovativer Punktwolken-Sampling-Methoden vor—APES,
SAMPS und SAMBLE—die aufgabenorientiertes Lernen mit mathematisch-
statistischer direkter Punktselektion integrieren. Jede Methode baut auf den
Erkenntnissen und Innovationen ihrer Vorgianger auf und treibt den Stand der
Punktwolken-Sampling-Techniken schrittweise voran.
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Die erste in dieser Dissertation vorgestellte Methode ist das Attention-based
Point cloud Edge Sampling (APES). Inspiriert vom Canny-Kantendetektion
Algorithmus, der in der Bildverarbeitung verwendet wird, adaptiert APES die-
ses Konzept auf den 3D-Bereich, indem aufmerksamkeitbasierte Mechanismen
genutzt werden, um Kantenpunkte in Punktwolken zu identifizieren und zu
sampeln. Die Methode ist wegweisend in der Integration von aufgabenorien-
tiertem Lernen mit mathematisch nachvollziehbarer direkter Punktselektion.
APES verdeutlicht jedoch auch die Herausforderung, die Formgleichméfligkeit
zu wahren, wihrend der Schwerpunkt auf der Kantenbewahrung liegt, was an-
spruchsvollere Sampling-Strategien erfordert. Aufbauend auf den Grundlagen
von APES adressiert die Sparse Attention Map-based Point cloud Sampling
(SAMPS)-Methode die Einschrankungen ihres Vorgéngers, indem sie eine spér-
liche Aufmerksamkeitskarte einfiihrt, die lokale und globale Informationen
kombiniert. Diese Methode erzielt einen effektiveren Kompromiss zwischen
dem Sampling von Kantenpunkten und der Aufrechterhaltung der globalen
Gleichmafigkeit der Punktwolke und zeigt insbesondere bei einer begrenzten
Anzahl von gesampelten Punkten erhebliche Verbesserungen. Trotz dieser
Fortschritte zeigt SAMPS die Notwendigkeit adaptiver Strategien auf, die an die
einzigartigen Eigenschaften verschiedener Punktwolken angepasst sind. Die
letzte Methode, die Sparse Attention Map and Bin-based Learning (SAMBLE)-
Methode, stellt einen bedeutenden Fortschritt dar, indem sie formenspezifische
Sampling-Strategien erlernt. Aufbauend auf der in SAMPS vorgeschlagenen
sparlichen Aufmerksamkeitskarte berechnet SAMBLE punktweise Sampling-
Scores und partitioniert Punkte in Bins, um die Unterscheidung zwischen
verschiedenen Punktkategorien zu verbessern. Durch das adaptive Lernen
von Bin-Grenzen und das Bestimmen von Bin-Sampling-Verhaltnissen mit
zusitzlichen Tokens wihrend der Aufmerksamkeitsberechnung passt SAMBLE
die Sampling-Strategien an jede Form an, was zu verbesserten Leistungen bei
verschiedenen nachgelagerten Aufgaben fiihrt.

Sowohl quantitative als auch qualitative Ergebnisse aus umfangreichen Expe-
rimenten zeigen, dass diese Methoden zur Entwicklung effektiverer und anpas-
sungsfahigerer Punktwolken-Sampling-Strategien beitragen, die Gesamtqua-
litat der gesampelten Punktwolkendaten verbessern und bessere Leistungen
bei verschiedenen Punktwolken-nachgelagerten Aufgaben erzielen. Die in
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dieser Dissertation prasentierten Erkenntnisse und Methodologien legen den
Grundstein fiir zukiinftige Fortschritte in der Punktwolkenverarbeitung und
ebnen den Weg fiir weiter verbesserte Methodologien und effizientere Verar-
beitungstechniken, die das Potenzial haben, die Handhabung und Nutzung von
Punktwolkendaten in verschiedenen realen Anwendungen zu revolutionieren.
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Notation

This chapter introduces the notation and symbols which are used in this thesis.

General notation

Scalars italic Roman and Greek letters x,N,«a
Vectors bold Roman and Greek lowercase letters m,a
Matrices bold Roman and Greek uppercase letters M, 0
Sets calligraphic Roman uppercase letters B
Methods alphanumeric Roman uppercase letters o
Scalars
a point-wise sampling score

bias
d number of feature dimension
dy feature dimension of attention key vectors
e Euler’s number
k number of selected neighbor points
m element in a vector or a matrix
n number of selected cells in a matrix column
ny, number of bins

XV



Notation

4 D < T A O R ™= R
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Vectors

I =T~ T o —

xvi

sampling ratio
binary ground truth indicator

predicted per class probability

batch size

channel number

number of neighbors used for upsampling
number of points in raw point cloud

number of points in downsampled point cloud

attention weight

number of points in each bin

momentum update factor

standard deviation

number of points sampled in each bin

negative slope of Leaky Rectified Linear Units
boundray values for bin partitioning

point sampling probability

temperature parameter in Boltzmann sampling
bin sampling weight

a regularization term of a small positive number

bias vector

key vector in attention mechanisms
feature vector of a point

query vector in attention mechanisms

vector of sampling ratios in each bin
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< A ™ K

o

=

value vector in attention mechanisms
perceptron weight vector
vector of binary ground truth indicators

vector of predicted per class probabilities

vector attention weights

vector of point number in bins

vector of sampled point number in bins

bin boundaries derived from current batch of data
bin boundaries applied for current iteration

vector of sampling weights in bins

Matrices and Tensors

edge gradient of an image

edge gradient in horizontal and vertical direction
tensor of an image

Key matrix in attention mechanisms
global attention map

sparse attention map

attention map before softmax
attention map after softmax

Query matrix in attention mechanisms
Sobel operator

weight matrix of a neural layer

Value matrix in attention mechanisms

edge direction in an image
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Sets

TP
FP
FN

Functions

Jmean(")
Fsa)
h(., )
R,

h&(-, )
oe)
K()
V)
L)

XViii

set of points in a bin
a point cloud set

set of neighbor points around a point

true positives
false positives

false negatives

compute mean from a set of values
compute standard deviation from a set of values
compute correlation map between two items

compute local correlation map between center and its
neighbors

compute global correlation map between all elements
linear layers applied on the query input

linear layers applied on the key input

linear layers applied on the value input

cross-entropy loss function



1 Introduction

1.1 Motivation

Point clouds serve as a prevalent data representation across diverse domains
such as autonomous driving, augmented reality, and robotics. These collec-
tions of data points, typically obtained from 3D scanners or LiDAR sensors,
capture the spatial geometry of objects and environments with high precision.
Given the often substantial volume of data involved, managing and processing
these large datasets efficiently poses significant challenges. Consequently, the
task of sampling a representative subset of points emerges as a fundamen-
tal and crucial aspect in the field of 3D computer vision. Effective sampling
techniques not only reduce computational load and storage requirements but
also enhance the performance of downstream tasks such as object classifi-
cation, key-point detection, and semantic segmentation. By focusing on the
most informative points, researchers and practitioners can ensure robust and
real-time applications in dynamic and complex environments.

Traditional point cloud sampling methods encompass a diverse range of tech-
niques that have been widely explored and utilized. One of the most common
approaches is Random Sampling (RS), where points are selected randomly,
ensuring simplicity and computational efficiency, albeit sometimes at the ex-
pense of uniformity and detail preservation. Voxel-based grid sampling divides
the point cloud into regular grid cells or 3D voxels and selects representa-
tive points within each cell, achieving a more even distribution. Poisson disk
sampling aims to maintain a minimum distance between sampled points, en-
suring a more natural distribution and avoiding clustering. Farthest Point
Sampling (FPS) [Eld97, Moe03] iteratively selects points that are farthest from
the already chosen points, ensuring good coverage of the point cloud. In
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addition to preserving essential geometric and structural information, var-
ious other geometry-based methods have been developed, leveraging point
normals or surface curvatures [Pau03] for accurate representation. Another
exemplary method in this context is Inverse Density Importance Sampling
(IDIS) [Gro18], which selectively samples points whose distance sum values
with neighbors are smaller.

A key characteristic of traditional point cloud sampling methods is that they
directly select points from input clouds, allowing each sampled point to be
easily traced back to the original point cloud. This traceability, along with their
simplicity and efficiency, has made RS and FPS widely used in many current
neural network models that require downsampling operations [Qi17b, Yu18,
Li18b, Wu19, Yan20a]. However, despite their effectiveness, these traditional
sampling methods can be limited in their ability to adapt to varying tasks
and situations. Once a sampling method is decided, the sampling process
becomes independent of the downstream task. Furthermore, in the mod-
ern context where more complex point cloud features are available—such as
high-dimensional representations in the latent space facilitated by deep neu-
ral networks—traditional sampling methods may struggle to adapt to these
sophisticated features.

In recent years, learning-based point cloud sampling methods have gained
significant attention due to their ability to leverage data-driven approaches
for more intelligent and adaptive sampling. These methods typically employ
neural networks to learn optimal sampling strategies from large datasets in
a task-oriented manner, allowing them to capture specific task or dataset-
related characteristics that traditional methods might miss. The first pioneers
include S-Net [Dov19], SampleNet [Lan20], DA-Net [Lin21], etc. They use
simple Multi-Layer Perceptrons (MLPs) to generate new point cloud sets of
desired sizes as resampled results, supplemented by different post-processing
operations. MOPS-Net [Qia20] learns a sampling transformation matrix first,
and then generates the sampled point cloud by multiplying it with the original
point cloud. By making modifications to the network part of S-Net, several
methods have also been proposed, e.g. PST-NET [Wan21] and LighTN [Wan23].
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Traditional Sampling Methods Learning-Based Sampling Methods

* Random Sampling (RS) * S-Net

* Voxel-Based Grid Sampling * SampleNet
* Farthest Point Sampling (FPS) * DA-Net

e Curvature-Based Sampling * MOPS-Net
* Inverse Density Importance Sampling (IDIS) e LighTN
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Our Proposed Method

Figure 1.1: Comparison of traditional and learning-based sampling methods, highlighting their
pros and cons. Our proposed sampling methods integrate task-oriented learning and
mathematical statistics-based direct point selection, aiming to capture the underlying
geometry patterns in a learning-based manner.

Compared to traditional sampling methods, Learning-based sampling methods
have shown significant promise in effectively reducing the number of points
while preserving or even enhancing the performance of various 3D vision
tasks. These methods provide a flexible and data-driven approach to sampling,
allowing for better adaptation to specific tasks and point cloud characteristics.
However, it is important to note that all of these methods are generative-based,
with a primary focus on generating new point clouds of reduced sizes that
approximate the distribution of the original data. Consequently, they do not
directly select points from the input data, making it challenging to trace back
a sampled point to its original location within the point cloud. Furthermore,
the qualitative results obtained from these methods reveal that their learned
underlying patterns or structures are not readily discernible or recognizable.

Motivated by the advantages and disadvantages offered by both types of sam-
pling methods, in this dissertation, we propose a series of point cloud sampling
methods that integrate task-oriented learning and mathematical statistics-based
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direct point selection. In addition, our proposed methods aim to capture and
represent the underlying patterns and structures present in the data more ef-
fectively. One key to the success of 2D image processing with neural networks
is that they can detect primary edges and use them to form shape contours
implicitly in the latent space [Yos15]. Inspired by that insight, we first pursue
the idea of focusing on salient outline points, i.e. edge points, for the sampling
of point cloud subsets for downstream tasks. Broadly speaking, edge detection
may be considered a special sampling strategy. Subsequently, given another
interesting observation of when selecting an equal number of neighbors for
each point in the input point cloud, points at different positions are chosen as
neighbors with varying frequencies, we propose a more advanced method by
considering the frequencies. In this case, multiple point-wise sampling score
computation methods are designed and explored, achieving a better trade-off
between sampling edge points and preserving global uniformity. Lastly, con-
sidering the actual sampling process, both formerly proposed two methods
overlook the inherent variations in point distributions across diverse shapes,
thereby failing to account for their distinctive characteristics and adopting
the same sampling strategy across all point clouds. Therefore, we propose a
bin-based method to learn shape-specific sampling strategies for different point
cloud shapes, resulting in enhanced performance on point cloud sampling
and other downstream tasks.

1.2 Challenges

Point clouds are a crucial data format in 3D computer vision and deep learning,
offering detailed spatial information about objects and environments. However,
leveraging point clouds as a research target in deep learning introduces a
unique set of challenges that span data representation, model architecture,
training, and evaluation as the following.

« Data Scarcity. There is a relative scarcity of large, publicly available
annotated point cloud datasets compared to 2D image datasets. This
scarcity limits the ability to leverage supervised learning approaches and
hinders the development of high-performing models. Moreover, creating
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annotated datasets for point clouds is labor-intensive and
time-consuming.

Data Preprocessing and Augmentation. Preprocessing point clouds
typically involves normalizing and aligning the data to a common
coordinate system, which is crucial for ensuring consistency across
different samples. Effective data augmentation techniques are essential
for training robust deep learning models. However, creating meaningful
augmentations for point clouds, such as rotations, translations, and
scaling, while preserving the underlying geometric properties, is
non-trivial.

Unstructured Nature. Point clouds are inherently unstructured,
consisting of a set of points without any explicit connectivity
information. This lack of structure contrasts with the regular grid
structure of images, making it difficult to directly apply conventional
Convolutional Neural Networks (CNNs) designed for 2D data.

Handling Permutation Invariance. Point clouds are unordered sets,
meaning their representation should be invariant to permutations of the
points. Designing neural network architectures that respect this
permutation invariance is a significant challenge. Traditional CNNs and
RNNs are not naturally suited to handle this property.

Efficient Feature Extraction. Extracting meaningful features from
point clouds requires specialized model architectures. Techniques such as
PointNet and its variants have been developed to address this, but
designing efficient and scalable feature extraction mechanisms remains a
complex task, especially when the attention mechanism is involved.

Standardized Benchmarks and Metrics. The availability of
benchmark datasets and the establishment of standardized evaluation
metrics are crucial for ensuring fair and consistent evaluation of various
models and approaches. However, defining appropriate metrics that
capture the performance nuances in 3D data is complex.
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In addition to the aforementioned general challenges in point cloud learning,
the development of learning-based sampling methods presents distinct hur-
dles as a relatively less-explored topic for point clouds. Specifically, there are
numerous challenges associated with designing a learning-based sampling
method that can effectively preserve specific geometry patterns akin to tradi-
tional geometry-based sampling methods. The challenges in proposing such a
new point cloud sampling method include the following.

« Maintaining Geometric Fidelity. Ensuring that the sampled point
cloud accurately represents the geometric features of the original data is
critical. This includes preserving details in high-curvature regions and
avoiding the loss of important structural information.

« Balance Between Uniformity and Detail. Achieving an optimal
balance between uniform sampling and capturing fine details is essential.
Uniform sampling may overlook critical features, while detail-focused
sampling might miss broader structural elements.

« Shape-Specific Sampling Strategies. Most existing sampling methods
operate independently of the input point cloud shapes. However,
incorporating learning-based techniques offers the potential to adapt to
diverse input variations, thereby enabling the acquisition of
shape-specific sampling strategies.

« Scalability. The method should be scalable to handle varying sizes and
densities of point clouds without a substantial increase in computational
resources. Meanwhile, the method should be able to output any desired
sizes of sampled sub-point clouds.

«+ Traceable Sampling and Differentiability. The indexing operation in
neural networks naturally disables the gradient backpropagation, which
is why most previous learning-based point cloud sampling methods rely
on generation-based approaches, resulting in untraceable sampled points.
Therefore, the design of a learning-based sampling method that achieves
both differentiability for enabling end-to-end training with neural
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networks and preserves the traceability of sampled points poses a
significant challenge.

» Task-Oriented Optimization. Different computer vision tasks (e.g.,
object classification, key point detection, semantic segmentation) may
have different sampling preferences for point cloud sampling. Designing
a universal method that optimizes point selection for various
downstream tasks while maintaining general applicability is challenging.

« Evaluation Metrics. Establishing appropriate metrics to evaluate the
effectiveness of the sampling method is crucial. These metrics should
comprehensively assess how well the sampled point cloud represents the
original data and its suitability for intended applications.

+ Visualization of Learned Features. Visualizing the features learned by
deep learning models from point clouds is not straightforward. Unlike
image data, where features can often be visualized as filter activations,
point cloud features are harder to interpret. Developing methods to
visualize and understand these features is crucial for model validation
and improvement.

+ Interpretability and Explainability. Ensuring that the model’s
decisions and the importance of selected points are interpretable and
explainable can be difficult. Interpretability is crucial for understanding
the model’s behavior and gaining trust from other researchers who are
interested in applying the proposed methods.

1.3 Contributions

The objective of this dissertation is to design point cloud sampling methods
that integrate task-oriented learning and mathematical statistics-based direct
point selection. Three sampling methods are proposed step by step.

Given the inherent challenge of ensuring meaningful and interpretable learned
features within neural network models, as a starting point, we propose to
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explore a sampling methodology that incorporates elements from geometry-
based techniques. Notably, curvature-based sampling stands out as a widely
recognized approach, wherein points located in regions of high curvature are
typically deemed significant. These edge points effectively capture the salient
outlines of the input point cloud shapes, enhancing their representational fi-
delity. However, the integration of the process of sampling edge points from 3D
point clouds into the training of neural network models presents an intriguing
yet challenging endeavor. By revisiting the Canny edge detection algorithm
[Can86], which is a widely-recognized classical edge detection method for
images, we propose our Attention-based Point cloud Edge Sampling (termed
APES) method for point clouds. It uses the attention mechanism [Vas17] to
compute correlation maps and sample edge points whose properties are re-
flected in these correlation maps. The contributions of APES are summarized
as follows:

+ A point cloud edge sampling method that combines neural
network-based learning and mathematical statistics-based direct point
selection. During the training, the backpropagation of the gradient is
enabled while the traceability of sampled points is also preserved.

«+ Two kinds of APES by using two different attention modes. Based on
neighbor-to-point (N2P) attention which computes correlation maps
between each point and its neighbors, local-based APES is proposed.
Based on point-to-point (P2P) attention which computes a correlation
map between all points, global-based APES is proposed.

«+ The intermediate result preserves the point index meaning and is
traceable, hence the sampled results can be visualized easily. The
qualitative results show that the proposed method successfully achieves
the goal of sampling edge points for point cloud shapes.

« The proposed method is scalable to handle varying sizes and densities of
point clouds. Meanwhile, the method can downsample the input point
cloud into any desired size.
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APES introduces an innovative approach to point cloud sampling, with a par-
ticular emphasis on the edges of point clouds. However, it excessively focuses
rigorously on edge points, resulting in a deficiency in sustaining good global
uniformity of the input shapes. Consequently, the interpolation operation
becomes impractical during the upsampling process, and the sampling quality
of few-point sampling is notably subpar. Therefore, we subsequently propose
Sparse Attention Map-based Point cloud Sampling (SAMPS) method to achieve
a better trade-off between sampling edge points and preserving global unifor-
mity, overcoming the limitations of APES, and achieving better performance
on downstream tasks. The contributions of SAMPS are summarized as follows:

« Sparse Attention Map (SAM) are proposed by merging the information
from both global and local attention maps. With different information
bases, both carve-based SAM and insert-based SAM are proposed.

+ Multiple point-wise sampling score computation methods are also
designed and explored, achieving a better trade-off between sampling
edge points and preserving global uniformity.

« With the obtained point-wise sampling scores, a simple tunable random
sampling policy is proposed with Boltzmann sampling. It controls the
sampling process from uniform sampling to Top-M sampling easily with
the help of a temperature parameter.

Furthermore, when considering the actual sampling process after point-wise
sampling scores are obtained, both APES and SAMPS exhibit a limitation in
their treatment of the inherent variations in point distributions observed across
diverse shapes. As a result, these methods fail to adequately account for the
distinctive characteristics exhibited by different shapes and instead employ
the same sampling strategy that is applied uniformly across all point clouds.
Hence, we propose a Sparse Attention Map and Bin-based Learning method
(termed SAMBLE) to learn shape-specific sampling strategies for point cloud
shapes. The contributions of SAMBLE are summarized as follows:
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« A binning strategy is introduced by using the point-wise sampling scores
to partition points for each point cloud, with boundary values updated
adaptively during the training phase.

« Additional learnable tokens are introduced during the attention
computation step to learn sampling weights for each bin, which
determines the number of sampled points in each bin.

« Given the learned shape-specific binning strategy and bin sampling
weights, the proposed method allows for more fine-grained control over
the sampling process to tailor it to the specific characteristics of each
shape, thereby enabling the acquisition of shape-specific sampling
strategies.

1.4 Dissertation Outline

This dissertation is organized as follows:

Chapter 2: Related Work This study begins with an extensive survey of
the existing literature within the scope of this thesis. The survey includes foun-
dational concepts concerning neural networks and the attention mechanism,
as well as recent advancements in point cloud deep learning. Additionally, the
survey investigates the various methods proposed for point cloud sampling,
encompassing both traditional and learning-based approaches.

Chapter 3: Concept This chapter presents the design concepts underlying
the proposed methods. A comprehensive pipeline is introduced to illustrate
the learning-based sampling process. The pipeline consists of multiple sub-
modules, and different proposed methods address distinct aspects within each
sub-module. Furthermore, comprehensive evaluation benchmarks, encom-
passing shape classification, part segmentation, and few point sampling, are
provided to assess the performance and effectiveness of the proposed methods.

10
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Chapter 4: Attention-Based Point Cloud Edge Sampling As a starting
point, the first proposed sampling method in this dissertation, named APES,
pioneers the integration of task-oriented learning and mathematical traceable
direct point selection. It gives a solution that innovatively enables gradient
backpropagation during the training while maintaining the traceability of sam-
pled points. Furthermore, a systematic deduction is provided, demonstrating
the step-by-step development of this method from the classical Canny edge
detection algorithm to the proposed attention-based edge point sampling.

Chapter 5: Trade-off between Edge Sampling and Global Uniformity
Preserving In this chapter, we analyze the limitations of APES and propose
our more powerful method SAMPS with novel designs to overcome these
limitations. Based on the analysis from both qualitative and quantitative
aspects, APES concludes that increasing the sampling of edge points enhances
the performance of downstream tasks, while on the other hand, solely selecting
edge points may have negative consequences. In light of this, SAMPS is
introduced as a solution to achieve a better trade-off between sampling edge
points and preserving global uniformity.

Chapter 6: Learning Shape-Specific Sampling Strategies with Bin Par-
titioning Building upon the advancements of APES and SAMPS, in this
chapter, we propose an even more advanced sampling method called SAMBLE.
After obtaining point-wise sampling scores, both previous methods employ a
uniform sampling policy for all shapes, disregarding the inherent variations
in point distributions observed across different shapes. SAMBLE aims to ad-
dress this limitation. It introduces a bin partitioning methodology to learn
shape-specific sampling strategies to capture the distinctive characteristics
exhibited by individual shapes.

Chapter 7: Concluding Remarks Finally, the outcomes of this work are
summarized with directions for future research.

11
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Exploring learning-based point cloud sampling represents a relatively under-
explored domain within point cloud processing. Building upon deep neural
network architectures and trained in a task-oriented manner, this approach
harnesses the power of attention mechanisms. The overall objective of this
thesis is to introduce a pioneering point cloud sampling methodology aimed
at learning more effective sampling strategies for downstream tasks. This
chapter initiates by elucidating the fundamentals of deep learning models and
the attention mechanism. Subsequently, a thorough investigation of existing
related work in the realm of deep learning for point cloud analysis and point
cloud sampling is conducted.

2.1 Neural Network and Attention Mechanism

Deep learning, a subset of machine learning inspired by the structure and
function of the human brain, has emerged as a powerful paradigm in the
field of artificial intelligence. At its core, deep learning revolves around the
concept of neural networks, intricate systems composed of interconnected
layers that process data in a manner akin to how the human brain processes
information. What sets deep learning apart is its ability to automatically
discover intricate patterns and representations within vast amounts of data,
rendering it particularly adept at tasks such as image and point cloud data
analysis, natural language processing, and more. By leveraging hierarchical
layers of representation, deep learning models can learn to extract features
at multiple levels of abstraction, enabling them to tackle complex problems
with remarkable accuracy and efficiency. The versatility and scalability of

13
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deep learning have propelled it to the forefront of cutting-edge technologi-
cal advancements, revolutionizing fields ranging from computer vision and
robotics to autonomous vehicles and beyond.

2.1.1 Basics of Deep Neural Networks

Neuron and Multi-Layer Perceptron

The fundamental building block of a neural network is the neuron, a unit
designed to simulate the behavior of biological neurons, as shown in Figure 2.1.

Figure 2.1: Schematic diagram of the structure of a perceptron.

Each neuron receives inputs, computes a weighted sum of these inputs, and
then processes the sum through a nonlinear function to generate an output.
This process can be Mathematically described as follows:

y=f(w-x+b), (2.1)

where x represents the input vector, w denotes the weights associated with
the inputs, b is the bias term, f is the activation function, and y is the output
of the neuron. These notations are used exclusively in this section.

Common choices for the activation function of deep neural networks are
nowadays Rectified Linear Units (ReLU) [Jar09, Nai10]

f(x) = max(x,0) (2.2)

14
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and Leaky Rectified Linear Units (LReLU) [Maal3]
f(x) = max(x,0) + y - min(x,0), (2.3)

where p is a factor of a small positive number, such as 0.01. Alternatively, the
sigmoid or hyperbolic tangent activation functions are other possible choices.

Input Layer Hidden Layers Output Layers

Figure 2.2: Schematic diagram of the structure of an MLP.

As depicted in Figure 2.2, the neurons are further expanded to a Multi-Layer
Perceptron (MLP), which is a network composed of individual neurons, orga-
nized in layers. MLPs are capable of learning and modeling complex nonlinear
relationships through their layered structure. The mathematical formulation
of an MLP is shown as follows:

MLP(x) = f(WEF(WEL oo f(W2F(Wix+bY) +b?) ) +bl), (2.4)

where X represents the input vector, W/ and b’ respectively denote the weight
matrix and bias vector for the /-th layer from a total number of L layers in
the network. These notations are used exclusively in this section. After being
transformed by the activation function f, the output of each layer serves as
the input to the next layer. This process continues until the final layer is
reached. This layered architecture enables the MLP to capture deep patterns
and relationships within the data.

15
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Convolutional Neural Network

When applied to more complex tasks, MLPs face a significant challenge due
to the vast number of weights required for training. For instance, an MLP
with an input RGB image of 256 X 256 resolution connected to a first hidden
layer of 1,024 neurons would need approximately 0.2 billion weights just
for the first layer.

In contrast, Convolutional Neural Networks (CNNs) consist of one or more
convolutional layers and are primarily employed for image processing, clas-
sification, segmentation, and other computer vision tasks. CNNs generally
require fewer weights than MLPs due to their convolutional layers, which can
be thought of as weight-shared fully connected layers. This architecture not
only reduces the number of necessary weights but also enhances the ability
to extract features from images.

Input Kernel Input Kernel Output
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Figure 2.3: Convolution operation with 2 input channels. This is only for one kernel. Repeating
this operation C’ times for C’ kernels and then stacking along the channel dimension
results in the final output of a convolutional layer.

The convolution operation in a CNN is pivotal, especially when handling
multi-channel input data. The convolution kernel must match the number
of input channels to perform effective cross-correlation. Assuming the input
has C channels, the convolution kernel will also have C channels, forming a
three-dimensional tensor of dimensions K X K X C. During the convolution
operation, a weighted sum calculation across each channel results in a tensor
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of dimensions H' X W'xC. H' and W' are the height and width of the output
tensor from a convolutional layer that can be mathematically described as:

H' = L—H+2SP_K+1J (2.5)
w’_LWJr%gP‘KHJ (2.6)

where P represents the padding, S is the stride, and H and W are the height
and width of the input image data, respectively. These notations are used
exclusively in this section. When performing a convolution operation, sum-
ming all values along the third dimension (channel dimension) of the tensor
results in a two-dimensional tensor of dimensions H’ X W'. This operation
corresponds to the output for a single convolution kernel. To obtain the final
output of the convolutional layer, this convolution operation is repeated C’
times, corresponding to the number of output channels. The results are then
stacked along the channel dimension, producing a three-dimensional tensor
with dimensions H' x W' x C’.

Figure 2.3 illustrates a simple convolution operation with an input of two
feature channels, showing the output of one convolution kernel and the as-
sociated input and kernel tensor elements.

2.1.2 Attention Mechanism and Transformer

The Origin of Attention Mechanism

The development of the attention mechanism began with early explorations
before 2014, mainly in foundational research in image and speech recognition,
where it focused on improving the efficiency of recognizing specific areas
or features. In 2014, Bahdanau et al. [Bah14] formally introduced and ap-
plied the attention mechanism to enhance neural machine translation. This
landmark development led to its rapid adoption across a broad spectrum of
sequence modeling tasks, including text summarization, sentiment analysis,
and language understanding, thereby sparking extensive research into its
improvement and optimization.

17
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Transformer

The vanilla Transformer model, introduced in the seminal 2017 paper “Atten-

tion is All You Need” [Vas17], revolutionized machine learning, particularly in
the field of Natural Language Processing (NLP). As shown in Figure 2.4, this
groundbreaking architecture departed from traditional recurrent and convolu-

tional neural networks, utilizing self-attention mechanisms to enable parallel

data processing and more effective sequence dependency handling.
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Figure 2.4: Schematic diagram of the structure of a Transformer [Vas17].

As the core of the Transformer, the self-attention mechanism enables the

model to capture dependencies between different positions within a sequence
by attending to all positions simultaneously. To be more specific, it weighs the
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importance of different elements in a sequence by computing attention scores
that highlight the relationships between them. The foundational concept of
attention is depicted in Figure 2.5.
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Figure 2.5: Computing the output of attention pooling as a weighted average of values, where
weights are computed with the attention scoring function and the softmax operation.

There are different types of attention-scoring functions, such as additive at-
tention, multiplicative attention, and scaled dot product attention 1 While
Bahdanau et al. [Bah14] uses additive attention as the scoring function, Trans-
former [Vas17] adopts scaled dot product, which has become the predominant
scoring function in contemporary applications. Mathematically, the atten-
tion mechanism in Transformer can be succinctly represented through the
following equation:

T

Attention(Q, K, V) = softmax vV, (2.7)

\/d_k

where Q, K, and V represent the query, key, and value matrices respectively.
Following the computation of the dot product between Q and K, the result is
scaled by the square root of the key dimension \/d_k to prevent the dot products
from growing excessively large for high d, values. This scaling adjustment

! https://d2Lai/chapter_attention-mechanisms-and-transformers/attention-scoring-
functions.html
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ensures that the softmax output remains appropriately calibrated, averting
scenarios where the softmax values become extremely small due to overly
large dot products. With attention scores being derived through a softmax
function, these scores are multiplied by the value matrix V to yield the final
attention output. In this output, each element is a weighted sum of the values,
reflecting the importance of different elements in the sequence.

The impact of Transformer is both profound and rapid, markedly enhanc-
ing performance across various NLP tasks and inspiring the development of
state-of-the-art models such as BERT [Dev19]. In subsequent years, the model
has been further refined with variations like Transformer-XL [Dai19], XL-
Net [Yan19b], and GPT series [Rad18, Rad19, Bro20, Ope23], each designed
to address specific challenges and extend capabilities, especially in manag-
ing longer context sequences. Furthermore, as the application of attention
mechanisms became more sophisticated, computational efficiency and model
interpretability emerged as new focal points of research. This shift led to
the development of lightweight attention variants [Sun20a, San19, Sun20b,
Yan21, Zha21b] and the exploration of methods to visualize attention weights
to elucidate model decisions [Cla19, Vig19, Ser19, Wiel9, Kov19]. Overall, the
attention mechanism has transitioned from a supportive tool to a fundamental
component in deep learning frameworks, particularly in natural language
processing and computer vision, significantly advancing the comprehension
of complex data relationships.

2.1.3 Advances in Attention Mechanism

Since 2017, researchers have explored more complex and diverse models with
attention mechanisms, which not only enhanced model performance but also
deepened understanding of the intricate layers of relationships within data. We
further introduce several key variants for the common attention mechanism
applied in Transformer, including cross-attention, vector-attention, and the
integration of additional tokens.

Self-Attention and Cross-Attention
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As mentioned above, self-attention is a cornerstone of the Transformer archi-
tecture, which enables each element of a sequence to dynamically interact with
and weigh the importance of every other element within the same sequence.
In this mechanism, features from one sequence form all the queries, keys, and
values. Such capability allows it to capture internal dependencies regardless
of positional distances between elements. For example, in natural language
processing, self-attention allows each word in a sentence to directly interact
with every other word, thus facilitating an enhanced understanding of context
and relational dynamics within the text.

input | input 1 | | input 2 |

(a) Self-Attention (b) Cross-Attention

Figure 2.6: The characteristic of self-attention is that Q and K, V are from the same source, while
cross-attention is that Q and K, V are from different sources.

Similarly, as depicted in Figure 2.6b, cross-attention extends this concept to
facilitate interactions between two distinct sequences or sets of elements. It
is especially vital in tasks requiring the alignment or comparison of different
types of data, such as machine translation or image-captioning, where elements
of text must be related to parts of an image. In this mechanism, features from
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one sequence form the queries, while elements from another sequence provide
the keys and values. This setup enables each element in the query sequence
to attend to another sequence, allowing the model to integrate information
and context from both sources effectively.

As with self-attention, in cross-attention, the attention scores are also usually
calculated using a scaled dot-product mechanism, which determines the level
of focus each element in the query sequence should give to elements in the
target sequence. This functionality is crucial for tasks where understanding
and integrating diverse sets of information is paramount, thereby enabling
models to bridge and synthesize different sources of data efficiently.

Scalar-Attention and Vector-Attention

In the Transformer, for each value vector, a scalar weight is generated for the
subsequent multiplication and summation operations. That is, the weight for
one value vector is applied equally to all the feature dimensions for this value
vector. This is also the case in many attention mechanisms, it is termed as
scalar-attention since the weight is a scalar per value vector. Alternatively, it is
feasible to generate a same-dimensional vector weight for each value vector. As
illustrated in Figure 2.7, the Hadamard product (element-wise multiplication)
is employed between the learned attention scores and the value matrix to
produce the final output.

Scalar-Attention: Vector-Attention:

Vi V2 a, Vi a, A2
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Figure 2.7: While scalar-attention learns a scalar weight for each value vector, vector-attention
learns a vector weight for each value vector. In this case, the Hardmard product
operations is employed instead of the common multiplication operation.
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A common implementation of such vector-attention methods is introduced in
PT [Zha21c]. Compared with the scalar-attention mechanism Equation (2.7),
the vector-attention mechanism can be described as:

VectorAtt(Q, K, V) = softmax (Q - K) O V, (2.8)

where Q, K, and V represent the query, key, and value matrices respectively.
A softmax function is applied to obtain the vector weights for the value ma-
trix and © denotes the Hadamard product (element-wise multiplication). In
actual applications, the vector-attention mechanism is mostly used in a cross-
attention manner, i.e., Q and K are from different sources. Since the subtraction
operation is used instead of the dot product operation, a normalization step
of dividing the scores by \/@ is unnecessary in this case.

This approach enables the attention mechanism to assess the value vector
concerning each of its individual feature dimensions, enabling a more nuanced
and multi-dimensional computation of attention. Such a mechanism is more
complex and often involves intricate interactions, potentially using nonlinear
functions to process the query, key, and value matrices. This complexity allows
for a higher degree of flexibility and expressiveness, enabling the model to
capture more intricate and diverse data dependencies.

Additional Tokens

In the context of the attention mechanism, a "token"typically refers to the
basic unit or element of input data within a sequence. Tokens are individual
entities or components that form the input sequence, such as words in natural
language processing tasks or pixels in image processing tasks. Each token
represents a specific piece of information or a feature within the sequence, and
the attention mechanism operates on these tokens to capture relationships
and dependencies between them. In recent attention models, especially in
advanced architectures like Transformers, various additional tokens are often
introduced to enhance the model’s capabilities. These additional tokens serve
specific purposes and help improve the model’s performance.
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For example, in BERT [Dev19], the [cLs] (Classification) token and the [SEP]
(Separator) token serve crucial roles in the input representation. As illus-
trated in Figure 2.8, the [CLS] token is typically inserted at the beginning
of the input sequence and is used to aggregate information from the entire
sequence. In BERT, the output corresponding to the [CLS] token is utilized
for various classification tasks, serving as a representation of the entire in-
put sequence. On the other hand, the [SEP] token is employed to separate
different segments or sentences within the input data. By using the [SEP]
token, BERT can distinguish between distinct parts of the input, enabling the
model to process multiple sentences or segments simultaneously. Together,
the [cLs] and [SEP] tokens contribute to the effectiveness of BERT in cap-
turing bidirectional contextual information and performing tasks such as text
classification, question answering, and named entity recognition with high
accuracy and efficiency.

NSP Mask LM Mask LM ﬁ MAD Start/End SpaN
P @

BERT

I I
Masked Sentence A f Masked Sentence B Question ' Paragraph
Unlabeled Sentence A and B Pair / Question Answer Pair

Pre-training Fine-Tuning

CIC] - Gl (0

BERT

Figure 2.8: Overall pre-training and fine-tuning procedures for BERT [Dev19]. [CLs] is a special
symbol added in front of every input example, and [SEP] is a special separator token
(e.g. separating questions/answers).

Extending the Transformer from the natural language processing domain to
the computer vision domain, the Vision Transformer (ViT) [Dos21] exemplifies
the effective application of the Transformer architecture to image recognition
tasks, showcasing its potential for classifying images on a large scale. As shown
in Figure 2.9, an additional classification token [CLS] has also been introduced
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in ViT as a learnable embedding vector. The [CLS] token is processed alongside
the image patch embeddings throughout the Transformer’s multiple encoding
layers. Leveraging the self-attention mechanism, the [CLS] token accumulates
global information from all image patches. At the output of the Transformer
encoder, the state of the [CLS] token represents the global features of the
entire image. This state is subsequently passed to one or more fully connected
layers (the classification head) to generate the final classification prediction.

Vision Transformer (ViT) Transformer Encoder
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Figure 2.9: Schematic diagram of the structure of ViT [Dos21]. “*” is the additional token for the
classification task.

Similarly, ViLT [Kim21], a vision-and-language transformer model, also uses
additional learnable [CLS] tokens. These [CLS] tokens are initialized and
processed along with the input image patches and text sequences through
the transformer layers. It aggregates cross-modal context information and
its representation, after being updated across layers, is used for making pre-
dictions relevant to the specific task, such as matching text with images,
answering questions based on image content, or generating descriptive cap-
tions for images.
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In the 3D computer vision domain, additional tokens have also been intro-
duced for attention-based point cloud processing. For example, in PointCAT
[Yan23], the [CLS] token is utilized as a learnable embedding that serves as a
representative summary of the entire point cloud. As illustrated in Figure 2.10,
at the beginning of the process, the [CLS] token is introduced alongside the
point cloud data and is fed through the transformer layers. Throughout the
transformer layers, the [CLS] token interacts with the point cloud data via
cross-attention mechanisms, allowing it to aggregate information from all
the points in the cloud. This interaction ensures that the [CLs] token cap-
tures the global context and key features of the point cloud. Finally, after
passing through all the transformer layers, the [cLS] token is used for down-
stream tasks such as classification or segmentation, providing a comprehensive
representation of the point cloud’s overall structure and features.
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Figure 2.10: Illustration of the PointCAT architecture [Yan23]. An extra learnable class token to
each sequence before a stack of cross-attention transformer layers.
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2.2 Deep learning for Point Cloud Analysis

In recent years, deep learning methods have achieved remarkable success
across various research fields, including computer vision, speech recognition,
and natural language processing. The application of these methods to 3D
data holds vast implications, especially in areas like autonomous vehicles,
robotics, remote sensing, and medical care. 3D data can be represented in
several formats, including depth images, point clouds, meshes, and volumetric
grids. Of these, the point cloud representation is particularly popular as it
preserves the original 3D geometry without any discretization and is widely
used across different applications. However, learning from point cloud data
presents several challenges as discussed in Section 1.2, particularly including
limited dataset sizes, high-dimensional feature spaces, permutation invariance,
and the unstructured nature of 3D point clouds. Addressing these issues
requires innovative approaches and techniques that can effectively handle
the complexity of 3D data.

By overcoming the above challenges, an increasing number of deep learning
models have been developed to process and analyze 3D point clouds, leading
to significant advancements in the field. In contrast to the early exploration of
the voxelization-based methods [Mat15, Jial8, Le18] and the multi-view-based
methods [Law17, Boul7, Aud16, Tat18], point-based methods directly operate
on the raw point cloud data without converting it into other representations.
Therefore, point-based methods are popular approaches nowadays for 3D
point cloud understanding. Following the pioneering work of PointNet [Qil7a]
and PointNet++ [Qi17b], current methods typically involve two main stages
within their designed network models: local feature extraction and global
feature aggregation. During the feature extraction stage, local features are
computed for each point in the point cloud, capturing the geometric and
semantic properties of the point and its immediate surroundings. Commonly
utilized features include geometric descriptors like 3D coordinates, normal
vectors, and local surface features, as well as learned features from deep neural
networks. In the global feature aggregation stage, these extracted features are
integrated through a carefully designed method to form a global representation
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of the entire point cloud. This global representation is crucial for tasks such
as classification, segmentation, and object detection.

While mean-pooling and max-pooling are mostly employed for global feature
aggregation, various local feature extraction techniques have been proposed
for learning local features. We can categorize these methods into the following
groups: pointwise MLP methods, convolution-based methods, graph-based
methods, and attention-based methods.

2.2.1 Pointwise MLP Methods

Pointwise MLP Methods employ multiple multi-layer perceptrons to process
each point independently and then integrate the point features into a unified
feature set using a symmetric function, which is invariant to permutations of
the points. PointNet [Qi17a] first employs such a symmetric function to learn
the global feature representation of the entire point cloud, enabling it to capture
spatial relationships and patterns effectively. Building upon PointNet’s success,
PointNet++ [Qi17b] further refines point cloud processing by introducing
hierarchical neural networks. PointNet++ hierarchically partitions point clouds
into a series of local regions, allowing for the extraction of both local and global
features. This hierarchical approach enhances the model’s ability to capture
fine-grained details and intricate structures within complex 3D data, leading
to significant advancements in point cloud analysis tasks.
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Figure 2.11: Network architecture of PointNet [Qil17a]. It takes points directly as input, applies
input and feature transformations, and aggregates point features by max pooling.
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Figure 2.12: Network architecture of PointNet++ [Qi17b]. Local features capturing fine geometric
structures are extracted from small neighborhoods. Such local features are further
grouped into larger units and processed to produce higher level features.

More recently, MLP-based methods like PointMLP [Ma22], PointNeXt [Qia22],
and PointMetaBase [Lin23] have rekindled people’s interest. PointMLP [Ma22]
rethinks the network design for local geometry in point cloud deep learning
and proposes a simple residual MLP framework. By revisiting PointNet++
[Qi17b], PointNeXt [Qia22] is proposed with improved training and scaling
strategies. PointNeXt shares the same set abstraction and feature propagation
blocks as PointNet++, while adding an additional MLP layer at the beginning
and scaling the architecture with the proposed inverted residual MLP blocks.
Furthermore, PointMetaBase [Lin23] reformulates existing models for point
cloud analysis into a general framework and provides in-depth analysis.
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Figure 2.13: The network architecture of PointNeXt [Qia22].
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2.2.2 Convolution-based Methods

Compared with kernels defined on 2D grid structures (e.g., images), convolu-
tional kernels for 3D point clouds are hard to design due to the irregularity of
point clouds. Various methods have been proposed by adapting the traditional
convolution operation to accommodate the irregularly sampled nature of point
clouds [Li18b, Mao19, Kom19, Lin20a, Zhu23, Ahn22, Wu19, Tho19, Wu23c].
This adaptation involves defining a kernel, which is a small set of neighboring
points, and applying it to each point in the point cloud to generate a feature
vector. Repeating this process across all points produces a feature map, which
can then be utilized for tasks such as classification or segmentation. Existing
3D convolution methods fall into two categories of continuous convolution
and discrete convolution based on the type of convolutional kernels used,
as shown in Figure 2.14.

(a) 3D neighboring points  (b) 3D continuous convolution (¢) 3D discrete convolution

Figure 2.14: An illustration of a continuous and discrete convolution for local neighbors of a
point. Figure reproduced from [Guo20].

3D convolution can be interpreted as a weighted sum over a given subset. In
3D Continuous Convolution Methods, the convolutional kernels are defined
in continuous space, where the weights for neighboring points are determined
by their relative location to the central point. For example, ConvPoint [Bou20]
selects kernel elements randomly in a unit sphere and uses an MLP-based
continuous function to establish the relation between the locations of the
kernel elements and the central point. In DensePoint [Liu19a], convolution
is defined as a single-layer perceptron with a nonlinear activator. Features
are learned by concatenating features from all previous layers to sufficiently
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exploit the contextual information. Both rigid and deformable kernel point
convolution operators are proposed in KPConv [Tho19] for 3D point clouds
using a set of learnable kernel points. The rigid KPconv operator is illustrated
in Figure 2.15. The deformable KPConv operator further integrates local shifts
with the results from rigid KPConv operators.
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Figure 2.15: An illustration of the KPConv operation. In KPConv, each point feature is multiplied
by all the kernel weight matrices, with a correlation coefficient depending on its
relative position to kernel points [Tho19].

Some methods also use existing algorithms to perform convolution. In Point-
Conv [Wu19], convolution is modeled as a Monte Carlo estimation of con-
tinuous 3D convolution via importance sampling, in which convolutional
kernels consist of a learned weighting function and a density function. MC-
CNN [Her18] also adopts a Monte Carlo estimation approach, utilizing sample
density functions implemented with MLPs. By employing Poisson disk sam-
pling to build a point cloud hierarchy, MCCNN enables convolution between
varied sampling densities. SpiderCNN [Xu18] introduces SpiderConv, defin-
ing convolution as a step function multiplied by a Taylor expansion on the
k nearest neighbors. This method captures coarse geometry through local
geodesic distances and local geometric variations through interpolation within
a cube. Additionally, several methods have been proposed to address the rota-
tion equivariant problem faced by 3D convolution networks [Est18, Coh18,
Pou19, Wie22].
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Conversely, 3D discrete convolution methods define convolutional kernels on
regular grids, where the weights for neighboring points are assigned based
on their distances to the center point. Hua et al. [Hua18] transformed non-
uniform 3D point clouds to uniform grids, applying convolutional kernels on
each grid. Their 3D kernel assigns uniform weights to all points within a grid,
computing mean features of neighboring points within the same grid from the
previous layer. Lei et al. [Lei19] introduced a spherical convolutional kernel
by dividing a 3D spherical neighborhood into volumetric bins, each associ-
ated with a learnable weighting matrix. GeoConv [Lan19] models geometric
relationships using six bases, weighting edge features along each basis direc-
tion with learnable matrices. As illustrated in Figure 2.16, PointCNN [Li18b]
reorders input points into a canonical sequence via a X-Conv MLP transfor-
mation before applying standard convolution. PAConv [Xu21] presents a more
generic convolution procedure for 3D point cloud analysis by dynamically
building convolution kernels using self-adaptively learned weight matrices
from point positions via the ScoreNet module. This data-driven approach
allows PAConv to handle irregular and unordered point cloud data more effec-
tively. Additionally, studies have been conducted to reduce the computational
and memory cost of 3D CNNs [Kum19, Rao19].
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Figure 2.16: Hierarchical convolution on regular grids (upper) and point clouds (lower).

PointCNN applies X-Conv recursively to aggregate information from neighborhoods
into fewer representative points for point cloud [Li18b].
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2.2.3 Graph-based Methods

Graph-based Methods model the point cloud as a graph structure, wherein each
point represents a node, and edges are established between neighboring points
[Wan19, Sim17, Wu20, Che21a, Zha21a, Xu20, Lin20b, Liu19b]. This graph
structure is then leveraged to extract features in spatial or spectral domains
[Sim17] and facilitate subsequent analytical tasks. The basic idea of a typical
graph-based method is shown in Figure 2.17.
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Figure 2.17: A simple illustration of graph-based methods [Guo20].

A prominent example of such a method is the Graph Convolutional Network
(GCN) [Kip17], which applies convolutions directly on the graph to extract
features. GCNs can be enhanced to learn hierarchical features by stacking mul-
tiple graph convolution layers. Simonovsky [Sim17] proposes an ECC (edge
conditional convolutional) network that can be applied to any graph structure
in combination with the application of edge labels. PointWeb [Zha19], based
on PointNet++ [Qi17b], uses adaptive feature adjustment to improve point
features in the local neighborhood context, generating a graph in the feature
space that is dynamically modified after each layer. DGCNN [Wan19] also
generates a graph in the feature space, and an EdgeConv module illustrated in
Figure 2.18 is used to capture the local geometric features of point clouds and
maintain arrangement invariance. Its excellent performance with the Edge-
Conv module demonstrates the importance of local geometric features for 3D
recognition tasks. Subsequently, by removing the transformation network in
DGCNN, LDGCNN [Zha21a] is proposed to simplify the network model, which
is optimized by connecting hierarchical features of different dynamic graphs.
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Figure 2.18: Left: Computing an edge feature from a point pair. Right: The EdgeConv operation.
The output of EdgeConv is calculated by aggregating the edge features associated
with all neighbors. Figure reproduced from [Wan19] .

Graph-based methods applied in the spectral domain implement convolutions
as spectral filters, computed by multiplying graph signals with eigenvectors of
the graph Laplacian matrix [Bru13, Def16]. RGCNN [Te18] connects each point
in the point cloud to all others, updating the graph Laplacian matrix iteratively
with a smoothness prior to strengthen feature coherence among neighbors.
AGCN [Li18a] learns a distance metric to adapt to diverse graph topologies,
normalizing adjacency with Gaussian kernels and learned distances. HGNN
[Fen19] introduces hyperedge convolution by applying spectral convolutions
on a hypergraph. For local structural insights, LocalSpecGCN by Wang et
al. [Wan18] operates on a local graph, avoiding offline Laplacian matrix
computation and graph coarsening. PointGCN [Zha18] constructs a graph
based on k nearest neighbors in a point cloud, weighting edges with Gaussian
kernels and using Chebyshev polynomials for spectral filters.

Additionally, PointManifold [Yan20b] introduces a method of integrating graph
neural networks and manifold learning by incorporating point cloud char-
acteristics in a lower-dimensional space and merging them with the original
3D features. Deformable kernel learning is proposed in CIC [Lin20b] for 3D
graph convolution networks. It dynamically adjusts a cluster of kernels to
match local point cloud structures through two stages: initial kernel sampling
and iterative updates based on a loss function measuring deviation from the
ground truth label. CurveNet [Muz20] enriches point cloud geometry learning
by leveraging innovative curve grouping operators and curve aggregation
operators, which are used to create continuous sequences of point segments
to facilitate effective feature learning.
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2.2.4 Attention-based Methods

A pivotal advancement in recent years within natural language processing
and 2D vision is the Transformer [Vas17, Dos21], renowned for its exceptional
ability to capture long-range dependencies. This success has significantly
influenced point-based models by integrating attention mechanisms. Through
attention, Transformers can assess the importance of individual points relative
to others, thereby improving feature extraction and discrimination capabilities.
The evolution of Transformer-based architectures has notably elevated model
performance across various point cloud learning tasks [Guo21, Eng21, Hu20,
Pan21, Bha21, Zha22a, Lu22b, Lu22a, Hua23].
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Figure 2.19: Network architecture of PCT [Guo21]. A typical self-attention is employed.

PCT [Guo21] pioneers this direction by replacing the encoder layers in the
PointNet framework with self-attention layers, as illustrated in Figure 2.19. It
has also been adapted for various real-world point cloud learning tasks [Wu23a,
Wu24a]. Based on U-Net [Ron15], PT! [Zha21c] is proposed to better aggregate
local features by leveraging vector-attention modules. Its subsequent series
work of PTv2 [Wu22] and PTv3 [Wu24d] further improve model performance
by introducing grouped vector-attention and point cloud serialization. SA-
Det3D [Bha21] proposes a deformable self-attention module to enable scaling
explicit global contextual modeling to larger point clouds, leading to more
discriminative and informative feature descriptors. To empower multi-scale
learning, 3DCTN [Lu22b] introduces a multi-scale KNN grouping strategy for
better context fusion, while a dual self-attention module is proposed in 3DPCT
[Lu22a] to improve feature extraction. Furthermore, Stratified Transformer
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[Lai22] partitions the 3D space into cubes and samples additional distant points
as the key input to capture long-range contexts, as illustrated in Figure 2.20. A
more comprehensive ablation study is performed in [Wu24c] to explore the
impact of different module choices for various attention mechanisms applied
to 3D point clouds.
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Figure 2.20: Illustration of the stratified strategy for keys sampling [Lai22]. The green star
denotes the given query point and multi-scale key points are selected.

Apart from point feature-based attention, multiple models have been proposed
to utilize patch or even global features for attention operations. For example,
PatchFormer [Zha22a] introduces a lightweight patch-based attention block,
which can be seen as a variant of the original self-attention to approximate the
global map at a lower computational cost. More interestingly, as illustrated in
Figure 2.21, PT? [Eng21] introduces SortNet for computing local-global atten-
tion to capture spatial point relations and shape information. The proposed
SortNet learns certain patches for the input point clouds that capture important
shape details. MPAN [Li20] employs a multi-part attention network for point
cloud shape retrieval. In addition, approaches that apply Transformers for
point cloud self-supervised learning have also been proposed and explored
[Yu22, Pan22, Zha22b, Wu24b, Liu22].
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Figure 2.21: Overview of the Point Transformer architecture [Eng21]. SortNet produces an
ordered set of local patch features that are attended against the global feature of the
input point cloud.

2.3 Point Cloud Sampling

2.3.1 Traditional Sampling Methods

Point cloud sampling is a key process in 3D data handling for simplifying
high-resolution dense point clouds. Over the past decades, non-learning-based
traditional sampling methods [E1d97, Moe03, Gro18] have predominantly been
widely employed due to their simplicity, effectiveness, and robustness.

Uniform sampling involves selecting points from the point cloud at regular
intervals, ensuring an even distribution of points across the entire dataset. This
method is straightforward to implement and guarantees a uniform density of
sampled points, which is useful for maintaining the overall structure of the
point cloud. However, it might not capture important features adequately if the
point cloud has varying densities. For large point cloud scenes, voxel-based grid
sampling [Sun01, Dow14] is more often employed. As illustrated in Figure 2.22,
it divides the point cloud into a 3D grid of voxels and replaces all points
within each voxel with a single representative point, typically the centroid.
This method effectively reduces the number of points while preserving the
spatial distribution of the original point cloud. It is efficient and easy to
implement, making it a popular choice for preprocessing steps in many point
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cloud processing pipelines. However, the resulting sampled point cloud can
suffer from a loss of fine details and sharp features.
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Figure 2.22: Process of voxel-based grid sampling. Image sources from [Wan22].

Random Sampling (RS) has also been frequently adopted [Zho18, Qi20, Gro18].
It selects a subset of data from a larger dataset through random selection mech-
anisms. The key principle of RS is that each member of the dataset has an equal
probability of being chosen, ensuring that the sample is generally unbiased
and representative. This technique is also straightforward to implement and is
applicable across diverse datasets. Random Sampling is particularly beneficial
for large point clouds, as it reduces computational costs while providing a
snapshot for analysis. However, its randomness can sometimes lead to less
optimal representation of smaller subgroups within the dataset.

For deep learning on point clouds of common sizes, Farthest Point Sampling
(FPS) [E1d97] is the most widely used one [Qi17b, Li18b, Wu19, Qia22, Zha21c].
As illustrated in Figure 2.23, the process begins by selecting a random starting
point and then iteratively chooses subsequent points that are the farthest
away from all previously selected points. This strategy ensures a uniform
distribution of samples across the entire dataset, making FPS particularly
effective for reducing redundancy while retaining a representative subset of
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the original point cloud. Additionally, the algorithm is straightforward to
implement and can be adapted for various data sizes and dimensions.
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Figure 2.23: Process of Farthest Point Sampling, points that are the farthest away from all previ-
ously selected points are iteratively sampled.

Similar to uniform sampling, Poisson disk sampling [McC92, Leh03] aims to
create a sample distribution where points are spaced as evenly as possible. By
ensuring a minimum distance between any two points, this method is par-
ticularly useful for generating visually pleasing and evenly distributed point
clouds, making it ideal for rendering and visualization purposes. Additionally,
many geometry-based sampling methods have been proposed. For example,
curvature-based sampling [Pau02] selects points based on the local curva-
ture of the point cloud. Points in regions with high curvature are sampled
more densely than those in flatter regions, ensuring critical geometric features
are well represented in the sampled point cloud. Another method of Inverse
Density Importance Sampling (IDIS) [Gro18] defines the inverse density im-
portance of a point by simply adding up all distances between the center point
and its neighbors, and samples points whose sum values are smaller.

2.3.2 Learning-Based Sampling Methods

Recently, learning-based sampling methods have shown better performances
on point cloud sampling when trained in a task-oriented manner. The pi-
oneering work of S-Net [Dov19] generates new point coordinates directly
from the global representation. As illustrated in Figure 2.24, S-Net employs a
progressive network to create a new point cloud with fewer points and uses a
sampling regularization loss to ensure close matches between the generated
points and those from the original point cloud.
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Figure 2.24: An illustration of S-NET [Dov19].

Its subsequent work of SampleNet [Lan20] further introduces a soft projection
operation for better point approximation in the post-processing step. Its train-
ing process is illustrated in Figure 2.25. Additionally, DA-Net [Lin21] extends
S-Net with a density-adaptive sampling strategy, which decreases the influence
of noisy points. Replacing the MLP layers in S-Net with several self-attention
layers, PST-NET [Wan21] reports better performances on trained tasks. Its
subsequent work of LighTN [Wan23] proposes a lightweight Transformer
framework for resource-limited cases.
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Figure 2.25: Training pipeline of SampleNet. Figure reproduced from [Lan20].
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There are also some methods that take a different approach to achieve learning-
based point cloud sampling. For example, by investigating the output in the
max-pooling layer, CPL [Nez20] proposes an adaptive hierarchical downsam-
pling method for point cloud classification. Instead of generating a new point
cloud from the latent features, MOPS-Net [Qia20] employs a learned sam-
pling transformation matrix to directly generate a new sampled point cloud
by multiplying it with the original point cloud, as illustrated in Figure 2.26.
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Figure 2.26: The structure of MOPS-Net. It is a matrix optimization-driven learning method for
task-oriented 3D point cloud downsampling. Figure reproduced from [Qia20].

On the other hand, there is an increasing body of work designing neural
network-based local feature aggregation operators for point clouds. Although
some of them (e.g., PointCNN [Li18b], PointASNL [Yan20a], GSS [Yan19a])
decrease the point number while learning latent features, they can hardly be
considered as sampling methods in the true sense as no real spatial points
exist during the processing.

Overall, current learning-based point cloud sampling methods predominantly
adopt a generative approach. They generate a new point cloud with reduced
points and establish connections between points in the generated point cloud
and their counterparts in the original point cloud, often through tailored loss
functions. While these methods accomplish downsampling, the resultant
point cloud is not a direct subset of the original. Instead, it forms a distinct
entity linked to the original input through enforced relationships, necessitating
subsequent processing. As a result, this leads to the non-traceability of the
generated new points. Furthermore, they fail to consider specific geometric
information from the input point clouds, leading to unidentifiable patterns
in the sampling outcomes.
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3.1 Overall Sampling Framework

This section presents the design concepts underlying the proposed methods.
The overall concept of the proposed sampling framework is depicted in Figure
3.1. To perform the sampling operation on an input point cloud, three steps
are executed sequentially: building the attention map, computing point-wise
sampling scores, and establishing the sampling policy. This section provides a
brief introduction to these steps, while detailed explanations are presented in
the later chapters, addressing the reasons behind their proposal, their sources
of inspiration, and intricate design details.

Build Compute

= Attention Ma = T = Sampling Polic:
P Sampling Score pling 4

Point Cloud Point Cloud
Global-Based Att. Map Column (Mode i) Boltzmann Sampling
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Figure 3.1: Overall concept.

Establish

Furthermore, it is important to highlight that the three methods proposed in
this dissertation, APES, SAMPS, and SAMBLE make distinct contributions to
these three steps. Each method builds upon the previous one, overcoming
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certain limitations and achieving better performance. These advancements are
summarized in the figures in their respective summary sections, showcasing
the specific strengths and improvements introduced by each method.

3.1.1 Build Attention Map

In a transformer model, an attention map refers to the matrix that represents
the importance or relevance of each token in a sequence to every other token
in the same sequence. It is a key component of the self-attention mechanism
used in transformers. It allows the transformer to weigh the importance of
different tokens in a sequence when processing the input. This mechanism
is based on the concept of attending to different parts of the input sequence
to build contextual representations.

To compute the attention map, the transformer model applies three linear
transformations to the input sequence: the query matrix Q, the key matrix
K, and the value matrix V. These transformations project the input sequence
into three different subspaces. The attention map is computed by taking the
dot product between the query vectors and the key vectors, followed by a
softmax operation to obtain the attention weights. These attention weights
determine how much each word or token “attends” to other tokens in the
sequence. The attention weights are then used to compute a weighted sum of
the value vectors, producing the final representation for each token.

d N

Q K" Attention Map

Figure 3.2: Attention map computed from global-based self attention. Both query and key input
are the latent representations of all points. N stands for the number of points, and d
stands for the dimension of encoded latent representation.
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In point cloud data analysis, beyond point-to-point global attention, another
useful technique is point-to-neighbor local attention. This approach enables
modeling of local dependencies within the point cloud by considering the
relationships between a particular point and its neighboring points. In this
case, the latent representation of a specific point serves as the query, while the
latent representations of its neighbor points act as the keys. By calculating the
dot product between the query vector and the key vectors of its neighbors, a
local attention map can be generated. This attention map reflects the relevance
or significance of each neighbor point to the query point. This process is
repeated for each point in the point cloud, resulting in an individual local
attention map for every point. By leveraging these attention maps, the model
can focus on the local context surrounding each point, capturing fine-grained
relationships and enhancing the overall understanding and representation
of the point cloud data. This point-to-neighbor local attention mechanism
facilitates the extraction of local features and enables the model to effectively
process and analyze the intricate structures present in the point cloud.

Q KT Attention Map(s)

Figure 3.3: Attention map computed from local-based cross attention. The query input is the
latent representation of a certain point, while its neighbors’ latent representations
serve as the key input. k stands for the number of selected neighbors.
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By merging the information from both local and global attention, it is possible
to generate a Sparse Attention Map (SAM). This involves selecting a certain
number of cells for each row in the attention map, where each row represents a
specific point. These selected cells indicate the neighbors of the corresponding
point, with the values in the non-selected cells set to zero. The sparse attention
map can be constructed either from a global basis or a local basis.

On the global basis, the attention matrix is pre-computed as the global attention
map. From this matrix, the selected cells corresponding to the neighbors of each
point are “carved out”, while the remaining cells are set to zero. This approach
considers the overall relationships between all points in the point cloud. On
the other hand, on the local basis, the local attention maps are pre-computed.
These local attention maps capture the point-to-neighbor relationships. The
values from the local attention maps are then “inserted into” the corresponding
cells of the attention matrix, while the other cells are set to zero. This approach
focuses on the specific local context surrounding each point.
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Figure 3.4: Sparse attention map, merging the information from both local and global. The values
of non-selected cells are set to zero. k stands for the number of selected neighbors in
the local region for each point.
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3.1.2 Compute Point-wise Sampling Score

Based on the built sparse attention map, point-wise sampling scores can be
computed using various methods. For instance, when using local-based atten-
tion maps, one approach is to compute the row-wise standard deviation as the
score for each point. This metric quantifies the variability of attention assigned
to a point’s neighbors, indicating the diversity of information it receives from
its local context. On the other hand, when using a global-based attention
map, the column-wise sum can be computed as the score for each point. This
metric represents the overall attention received by a point from the entire
point cloud, capturing its global significance. The specific reasons behind
using row-wise standard deviation and column-wise sum as score metrics
can be found in Section 4.3.

(mode i)
row standard deviation

(mode ii) column sum

Figure 3.5: With local-based attention map, the row-wise standard deviation can be defined as
the score computation metric. With global-based attention map, the column-wise
sum can be defined as the score computation metric.
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With a sparse attention map, similar metrics can be defined based on the
sparsity condition. These metrics may take into account the specific charac-
teristics and properties of the sparse attention map, enabling effective scoring
of individual points based on their relevance and connectivity within the point
cloud. Additionally, considering that points are chosen as neighbors with
varying frequencies, additional score metrics can be devised to account for
such variations and provide a comprehensive representation of each point’s
importance and influence within the point cloud. Detailed explanations of
the proposed metrics are given in Section 5.3.

(mode i)
row standard deviation

(mode iii)
sparse row standard deviation

(mode iv)
sparse row sum

(mode ii) column sum
(mode v) sparse column sum

(mode vi) sparse column average

(mode vii) sparse column square-divided

Figure 3.6: With sparse attention, more score computation metrics can be defined.
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We call the method of computing point-wise sampling scores from full/sparse
attention maps as Indexing Mode. Note that not all indexing modes are appli-
cable to all attention maps. The modes that can be used for different attention
maps are summarized in Table 3.1.

Table 3.1: The applicable indexing modes for different kinds of attention maps.

) Indexing Mode
Attention Map - . - =
i i ivoovo v il
Local-Based v
Global-Based v /
Insert-Based v v v /

Sparse AttentionMap =Tl v 7 7 F 4 7

3.1.3 Sampling Policy

After computing the point-wise sampling scores, the next step in the sampling
framework is to establish a sampling policy for the sampling operation. The
commonly used sampling policy is the Top-M policy, where M points are
sampled from N points by selecting the points with the top M sampling scores
among all N points. This policy, known for its simplicity and effectiveness,
aims to prioritize points with higher sampling scores. However, it is important
to note that this approach may not always yield the optimal sampling result
for downstream tasks. This is due to the fact that the data distribution of the
sampled output can differ significantly from the data distribution of the input,
potentially omitting important latent features and causing information loss.

To address this limitation and introduce more mathematical statistics into
the sampling process, it is possible to transform the point-wise sampling
scores into point sampling probabilities. By assigning probabilities to each
point based on their sampling scores, the sampling process can be modified
to involve random selection based on these probabilities. This transition can
be achieved using the well-known Boltzmann distribution, which provides
a probabilistic framework for sampling. In this dissertation, we refer to this
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policy as Boltzmann sampling. By incorporating Boltzmann sampling, we
aim to introduce a more probabilistic and exploration-oriented element into
the sampling process.

@ O © © ¢ ¢ @ ©
Sampling Score: 48 25 16 16 08 08 05 02 02 02

Sampling Policy: :>
Top-M

————

@ O © ©¢ o ¢ o o
Sampling Probability: 0.4 0.2 0.1 0.1 0.05 0.05 0.04 0.02 0.02 0.02

Sampling Policy: :>
Boltzmann Sampling

Sampling Probability
within Each Bin:

W W
Sampling Weights L@_l 0.36 —1

(to determine point number in each bin):

0.45 0.25 0.1 0.1 0.05 0.05 ‘ 0.34 0.22 0.22 0.22

‘ sample 3 points in Bin 1 ‘ ‘ sample 2 points in Bin 2 ‘

Sampling Policy: :>
Bin-Based Sampling

——————

Figure 3.7: An illustration of three sampling policies. Note for bin-based sampling, either top-M
sampling or Boltzmann sampling may be used within each bin.
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Despite the advantages of Top-M sampling and Boltzmann sampling, both
approaches overlook the inherent variations in point distributions observed
across diverse shapes. By employing the same sampling strategy uniformly
across all point clouds, these methods fail to adequately account for the dis-
tinctive characteristics exhibited by different shapes. Consequently, important
shape-specific details and variations may be overlooked during the sampling
process.

To address this limitation and enable shape-specific sampling strategies, we
propose a more advanced sampling policy called bin-based sampling. This
policy introduces a binning strategy that partitions points for each point cloud
based on their point-wise sampling scores. The boundary values of the bins are
updated adaptively during the training phase. Moreover, additional learnable
tokens are introduced during the attention computation step to learn sampling
weights for each bin. Given the binning strategy and the bin sampling weights
learned for each shape, this approach enables the acquisition of shape-specific
sampling strategies, taking into account the unique properties and distribution
patterns of individual shapes.

An illustration of the three sampling policies is provided in Figure 3.7. The
Top-M sampling policy samples the points with larger sampling scores directly.
The Boltzmann sampling policy samples points randomly according to their
converted sampling probabilities. The bin-based sampling policy further builds
upon that. It first partitions the point set into several bins, and then samples
points within each bins. In each bin, either top-M sampling or Boltzmann
sampling can employed. In our case, we use the Boltzmann sampling.

By incorporating the bin-based sampling policy into the framework, we aim
to overcome the limitations of previous sampling methods and improve the
overall performance of point cloud sampling. This policy allows for more
fine-grained control over the sampling process, tailoring it to the specific
characteristics of each shape. Through the adaptive partitioning of points and
the application of learnable tokens, the proposed method enhances the ability
to capture shape-specific details and variations during sampling, leading to
more accurate and representative samples for downstream tasks.
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3.2 kNN and Pair-wise Distance Computation

In point cloud deep learning, the selection of neighbor points is crucial when
utilizing local information. The most commonly employed method for this
purpose is k-Nearest Neighbor (kNN), which allows us to identify the k closest
points to a given point, forming a local neighborhood that captures its sur-
rounding context. To implement kNN, the pairwise distances between points
are computed using various distance metrics such as Euclidean distance or
cosine similarity. The k closest neighbors are then selected based on these
computed distances. In the context of computing with tensors, when calcu-
lating pairwise distances between vectors or tensors, it is often beneficial to
use the squared Euclidean distance as the metric. However, when it comes to
the actual implementation of such a metric in code, certain challenges may
arise that require careful consideration and resolution.

The most intuitive computational method, Method &, is outlined in Listing 3.1.
It computes such squared Euclidean distance directly. However, Method &/
involves the term diff, a torch tensor of size (B, N, M, C), requiring an
excessively large amount of Video Random-Access Memory (VRAM) space.
This results in significant memory access times and can sometimes render
the computation infeasible.

Listing 3.1: Method &: Direct Calculation of Pair-wise Distances

1 # a.shape = (B,N,C)

2 # b.shape = (B,M,C)

3 diff = torch.unsqueeze(a, dim=1) - torch.unsqueeze(b, dim
=2)

+ # diff.shape == (B, N, M, C)

s pairwise_distance = torch.sum(diff ** 2, dim=-1)

¢ # pairwise_distance.shape == (B, N, M)

Therefore, Method 9, presented in Listing 3.2, is proposed as an alternative.
It computes the squared Euclidean distance through factorization. Method
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3B is mathematically equivalent to Method & but is more memory-efficient
since the largest tensor involved in Method % is only of size (B, N, M).
This reduction in tensor size can significantly save VRAM space and reduce
memory access time.

Listing 3.2: Method 93: Pair-wise Distances Calculation through Factorization

1 # a.shape = (B,N,C)

: # b.shape = (B,M,C)

3 dinner = 2 * torch.matmul(a, b.transpose(2, 1))

+ # inner.shape == (B, N, M)

s aa = torch.sum(a *+* 2, dim=2, keepdim=True)

¢ # aa.shape == (B, N, 1)

7 bb = torch.sum(b ** 2, dim=2, keepdim=True)

s # bb.shape == (B, M, 1)

s pairwise_distance = aa - inner + bb.transpose(2, 1)

1o # pairwise_distance.shape == (B, N, M)

Nevertheless, in practical calculations, the two methods are not strictly equiv-
alent due to computational and storage limitations. For computations, we
used torch. float32, which is not infinitely precise and introduces rounding
errors. During the computation in the shallow layers, all features are of a large
magnitude, which poses no issues for Method %. However, when it comes to
the deeper layers, a problem arises due to rounding errors. After operations
in the preceding layers, the features have been refined, but they have been
attenuated in magnitude. As a result, they have become more “similar” on a
larger scale, thereby being more severely affected by rounding errors. Fig-
ure 3.8 displays example distributions of all elements in pairwise_distance
from both Method & and Method & in a deep layer. The results computed
by Method 9, which requires more approximations, contain larger rounding
errors compared to those from Method &/, posing a distinct distribution to the
actual pair-wise distance distribution. Moreover, it is evident that the errors
in Method 98 range between 1e-11 and 1e-13, significant enough to impact
the accuracy of neighbor searches.
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(a) Method &/ (b) Method %

(c) Method € (d) Tensor Diagonal Elements from Method %8

Figure 3.8: (a, b, ¢) The distribution of elements in pairwise_distance from Method &/, %, and
@ respectively. The diagonal elements of pairwise_distance from & and € are
all zeros, while (d) The diagonal elements of pairwise_distance from & deviates
from zero due to rounding errors.

Figure 3.8b illustrates an example distribution of elementsin pairwise_distance
from Method & in a deeper layer. The distribution of the diagonal elements
are additionally provided in Figure 3.8d. However, it is important to note
that in theory, all diagonal elements should represent a zero distance, as they
measure the distance between a point and itself. However, as illustrated in
Figure 3.8d, the observed data deviates from zero, and there are instances
of negative values arising from rounding errors. These negative values
erroneously suggest a negative distance, implying that certain points are
closer to each other than to themselves during the processing.

Given the small feature sizes and the necessity of relative distance sizes for
neighbor sorting, we introduced a normalization operation before calculating
distances, scaling the features to a larger range. The proposed Method € is
outlined in Listing 3.3, and the distribution of pair-wise distances is shown
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in Figure 3.8c. The diagonal elements of pairwise_distance from it are all
zeros. Please note that in this scenario, the absolute magnitudes of the pair-
wise distances may change, but their relative magnitudes remain unchanged.
Therefore, the kNN points obtained through sorting will not be altered. We
use Method € for our experiments.

Listing 3.3: Method & Pair-wise Distances Calculation with Factorization and Normalization

1 # a.shape = (B,N,C)
: # b.shape = (B,M,C)

+ a_mean = torch.mean(a, dim=1, keepdim=True)
5 a =a - a_mean
¢« b =Db - a_mean
7 a_std = torch.mean(torch.std(a, dim=1, keepdim=True), dim
=2, keepdim=True)
a a / a_std
9 b =Db / a_std

n  inner = 2 * torch.matmul(a, b.transpose(2, 1))

12 # inner.shape == (B, N, M)

13 aa = torch.sum(a ** 2, dim=2, keepdim=True)

1u # aa.shape == (B, N, 1)

15 bb = torch.sum(b ** 2, dim=2, keepdim=True)

1 # bb.shape == (B, M, 1)

17 pairwise_distance = aa - inner + bb.transpose(2, 1)

18 # pairwise_distance.shape == (B, N, M)

Overall, the proposed Method € effectively addresses the potential challenges
stemming from memory limitations and rounding errors. This results in an
effective approximate computation of the pair-wise distances, enabling the
fast and accurate retrieval of k-Nearest Neighbor points through sorting.
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3.3 Evaluation Benchmarks

Evaluating point cloud sampling methods involves assessing their effectiveness
in capturing the essential characteristics and preserving the information of the
original point cloud while reducing its complexity. It is important to employ
appropriate evaluation benchmarks to measure the performance of sampling
methods. The proposed methods in this dissertation are grounded in a task-
oriented learning approach, allowing us to leverage the evaluation metrics
defined for the corresponding downstream tasks to assess the performance
of the sampling methods. Specifically, we evaluate our proposed sampling
methods using three tasks: shape classification, part segmentation, and few-
point sampling.

The quality of the sampled point clouds can be evaluated by examining their
impact on the classification and segmentation performance. Improved perfor-
mance in these tasks indicates that the sampled point clouds effectively capture
the essential characteristics and distinctive features of the shapes. Higher ac-
curacy and precision demonstrate that the sampling methods produce more
representative point clouds, enabling better classification and segmentation
results. The few-point sampling task shares similarities with the key point
detection task, where the objective is to select a small number of points that
carry significant information about the shape. Evaluating the effectiveness
of the sampling methods in this task involves assessing their impact on the
classification performance using the same test network model. A positive
correlation between the quality of the sampling results and the classification
performance indicates that the sampled points successfully capture the crucial
characteristics of the shape.

In addition to quantitative assessments of the sampling results, qualitative eval-
uations play a crucial role in demonstrating the effectiveness of the proposed
methods. Since our methods are not generative-based and offer traceability,
we can easily obtain the indices of the selected points during the sampling
process. This traceability enables the visualization of the sampled results, pro-
viding a means to analyze the underlying patterns or structures captured by
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the sampling methods. If the learned sampling strategy is effective, the quali-
tative results should reveal discernible and recognizable patterns or structures,
further confirming the effectiveness of the sampling methods in preserving
important information.

By combining qualitative and quantitative evaluations, we can comprehen-
sively assess the performance of the proposed sampling methods. The qualita-
tive results offer visual insights into the sampled point clouds, while the quan-
titative metrics from the downstream tasks provide objective measurements of
the sampling performance. This comprehensive evaluation framework allows
us to validate the effectiveness and suitability of the proposed methods for
various point cloud processing tasks.

3.3.1 Shape Classification

Dataset

The ModelNet40 classification benchmark [Wu15] is a widely recognized and
extensively used benchmark in the field of 3D shape analysis and under-
standing. It serves as a standardized evaluation framework for assessing the
performance of various algorithms and models on the task of shape classifica-
tion. ModelNet40 consists of 12,311 3D CAD models from 40 different object
categories, including common objects such as chairs, tables, airplanes, and cars.
Each shape in the dataset is represented as a point cloud or a mesh, providing
a diverse and comprehensive set of 3D shapes for evaluation. The goal of the
benchmark is to classify these shapes accurately into their respective object
categories. Researchers and practitioners employ various machine learning
and deep learning techniques to develop models that can learn discriminative
features and effectively classify the shapes. For a fair comparison, we use
the official train-test split, in which 9843 models are used for training and
2468 models for testing. From each model mesh surface, points are uniformly
sampled and normalized to the unit sphere. Only 3D coordinates are used
as point cloud input.
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Figure 3.9: Examples of 3D models from the chair category included in the ModelNet dataset.
The modelNet40 dataset has 40 categories in total [Wu15].
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Data Augmentation

Point cloud data augmentation is a crucial technique in the field of 3D computer
vision and point cloud analysis. It involves applying a set of transformations
and modifications to the original point cloud data to artificially increase the
diversity and variability of the dataset. By introducing these augmentations, the
model can learn to be more robust and generalize better to unseen data. In our
experiments, we employ common point cloud data augmentation techniques
including rotation, translation, scaling, and jittering. During the test, no data
augmentation was applied.

The input point cloud data are first normalized into a standardized range,
typically [-1, 1], to ensure that all dimensions have equal importance and that
the data is centered around zero. Subsequently, one of the following four
augmentation operations is applied to each input point cloud with a random
parameter setting:

« Rotation. The input point cloud undergoes rotation with an angle
ranging in [-15°, 15°].
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+ Translation. The input point cloud undergoes translation with a value
ranging in [-0.2, 0.2] along the three axes respectively.

» Scaling. The input point cloud undergoes scaling with a factor ranging
in [0.66, 1.5].

« Jittering. The input point cloud undergoes jittering, which is applied
based on a normal distribution with a mean of 0 and a standard deviation
of 0.01. Additionally, a clipping threshold of 0.05 is set to limit the
magnitude of the jittering.

Loss

In the ModelNet40 classification task, the loss function plays a critical role
in training the models to accurately classify 3D shapes into their respective
object categories. The most commonly used loss function for this task is the
categorical Cross-entropy (CE) loss, which can be defined as:

Nelasses

T t d
Loy == D) 5 log (1) | (3.1)

cls=1

where y8! = (y%t, ygt, e y% 1 ) represents the ground truth label distribution

and its each element yf;s is a binary indicator (0 or 1) that indicates if class
label c/s is the correct classification for the current input. Meanwhile, ypred =
(y}fred, ygmi, e yﬁfeld ) represents the predicted class probabilities and its

red . . s . .
each element yf ,s 1is the predicted probability of the current input being
classified as class cls.

This loss function compares the predicted class probabilities with the ground
truth labels and penalizes the model based on the dissimilarity between the
predicted and actual distributions. During training, the model aims to min-
imize this loss by adjusting its parameters to improve the accuracy of the
predictions. The categorical cross-entropy loss encourages the model to as-
sign high probabilities to the correct class and low probabilities to the other
classes. The choice of the categorical cross-entropy loss in the ModelNet40
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classification task aligns with the goal of maximizing classification accuracy
and has been widely adopted in the research community for training models
on this benchmark.

Metric

In the ModelNet40 point cloud classification task, the metric used to evaluate
the performance of models is the classification Overall Accuracy (OA). It
measures the percentage of correctly classified objects out of the total number
of objects in the test set. The classification accuracy can be calculated using
the following equation:

TP
Nt

OA =

, (3.2)
otal

where T'P is the number of true positives and N,,,,, is the total number of
observations. The metric provides a straightforward and intuitive measure of
how well the models are able to classify the 3D point cloud shapes into their
respective object categories. A higher classification accuracy indicates a better
performance of the model in correctly identifying the objects.

3.3.2 Part Segmentation

Dataset

While both the ModelNet [Wu15] and ShapeNet [Cha15] datasets are valuable
resources for research in 3D shape analysis, they differ in terms of their pri-
mary focus, the types of objects included, and the level of semantic annotations
provided. ModelNet is more focused on object recognition and shape classifica-
tion, while ShapeNet offers a broader scope with rich semantic information and
hierarchical part structures for various tasks related to 3D shape understand-
ing and modeling. In 3D computer vision, the ShapeNet part segmentation
benchmark is a widely recognized evaluation benchmark for assessing the
performance of algorithms and models on the task of part segmentation.
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Figure 3.10: Examples of aligned models in the chair, laptop, bench, and airplane subsets in the
ShapeNet dataset [Chal5].

The ShapeNet Part segmentation benchmark [Yi16] comprises a diverse col-
lection of 16,880 3D CAD models across 16 object categories, with 14,006 3D
models for training and 2,874 for testing, providing a rich and comprehensive
dataset for part segmentation tasks. Each shape in the dataset is meticulously
annotated with fine-grained part segmentations into 2 to 6 parts, resulting in a
total of 50 distinct part labels. These part segmentations enable the evaluation
and comparison of algorithms and models in accurately predicting the seman-
tic labels for each point or voxel within the 3D shape. We use the sampled
point sets produced in [Qi17a] for a fair comparison with prior work.

61



3 Concept

airplane (4027) earphone (73) cap (56) motorbike (336)

i é S Ewheel

wings  body headband peak light gas tank
tail engine earphone panel seat  handle
bag (83) mug (213) laptop (452) table (8420)

< B

=

handlé body handle keyboard top! |leg

guitar (793) knife (420) rocket (85) lamp (2308)
body , / fin >
head ‘f E?nddle < body shade
neck "é ace nose base
- tube
chair (6742) pistol (307) car (7496) skateboard
seat \ = (152)
back handle 7 4
| rarm barrel
Wleg trigger wheels
roof  hood

Figure 3.11: 16 shape categories are included in the ShapeNet Part segmentation benchmark,

with each shape annotated with fine-grained part segmentations [Yi16].

Data Augmentation and Loss

For the ShapeNet part segmentation task, we utilize the same augmentation
method employed in the ModelNet40 classification task. The loss function
employed in our model remains the cross-entropy loss; however, it operates

at the point-wise level rather than the shape-wise level.
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Metric

In the ShapeNet part segmentation benchmark, based on the common
Intersection-over-Union (IoU) metric, two metrics are commonly used to
evaluate the performance of models: instance mean Intersection-over-Union
(mlIoU) and category mloU. These metrics provide a comprehensive assessment
of the segmentation accuracy at both the instance level and the category level.

IoU is a metric employed to evaluate the accuracy of segmentation tasks. It
calculates the ratio of the number of common points between the predicted
and the true segmentation to the total number of points in their union.

IoU = __rr , (3.3)

TP+ FP+FN

where T P (True Positives) is the number of points correctly identified as part
of the segment, F P (False Positives) is the number of points incorrectly labeled
as part of the segment, and F N (False Negatives) is the number of points that
are part of the segment but were not identified. This metric can be applied
to each individual point cloud shape in the dataset, providing an IoU score
for that specific shape. On a broader scale, the metrics of instance mlIoU and
category mloU are used when considering the entire dataset.

Instance mloU assesses the average intersection over union across all instances.
It specifically focuses on the model’s precision in segmenting each distinct
object instance, highlighting its ability to accurately capture the specific parts
of each instance. On the other hand, category mloU evaluates the average in-
tersection over union across all categories. This metric provides an assessment
of the model’s capability to accurately segment each category, considering the
overall performance across different categories. It demonstrates the model’s
ability to generalize and differentiate between various object categories. These
measurements effectively quantify the overlap between the predicted seg-
mentation and the ground truth, providing a clear indication of the model’s
performance in segmentation tasks.
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3.3.3 Few-Point Sampling

In the few-point sampling task for point clouds, the sampling performance
is assessed using a classification network, and the metric commonly used is
the classification accuracy. While the focus is on sampling, the classification
accuracy metric evaluates the ability of the generated point sets to accurately
classify the objects represented by the point clouds. It measures the percentage
of correctly classified point clouds out of the total number of point clouds in the
test set. By utilizing a classification network, the metric provides an indication
of how well the sampled points capture the discriminative features necessary
for accurate object classification. The goal is to achieve a high classification
accuracy, indicating that the sampled points effectively represent the object’s
essential characteristics and enable reliable classification.

Evaluation Framework

For a fair comparison, we use the same evaluation framework from recent
learning-based methods including S-Net [Dov19], SampleNet [Lan20], and
LighTN [Wan23]. The framework is illustrated in Figure 3.12. In this dis-
sertation, we follow prior works by using ModelNet40 classification as the
evaluation task, and the task network is a simple PointNet. Sampling meth-
ods are evaluated with multiple sampling sizes to assess their performance
across various scenarios.

7 Sampling
= Method =

Figure 3.12: Framework for sampling methods evaluation.

Task = Trainingloss /
Network Evaluation metric

Few-Point Sampling and Key Point Detection

Note in this case, the few-point sampling task resembles the key point detection
task for point clouds. The evaluation metric expands beyond classification
accuracy to include qualitative results and the observation of recognizable
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patterns. While classification accuracy remains relevant for assessing the
discriminative power of the sampled points, the emphasis shifts a bit toward
the ability of the sampling method to capture distinctive and informative key
points. A good sampling method should yield point sets where the few sampled
points reveal recognizable patterns or salient features that are indicative of
the underlying object’s shape or structure. Qualitative evaluation allows for
visual inspection and assessment of the sampled points, taking into account
factors such as point distribution, coverage, and the preservation of important
geometric characteristics.

By considering both quantitative metrics, such as classification accuracy, and
qualitative observations, researchers can holistically evaluate the performance
of point sampling methods, ensuring the generation of representative and
informative point sets as “detected” key points for point clouds.
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4  APES: Attention-Based Point Cloud
Edge Sampling

4.1 The Underlying Pattern: Shape Edges

In the computer vision domain, shape edges are of significant importance as
they serve as vital cues for object detection, recognition, and segmentation.
Edges represent the boundaries between objects, enabling algorithms to dif-
ferentiate one object from another or separate objects from the background.
By detecting and analyzing the edges in an image or video, computer vision
systems can extract valuable information about the underlying shapes and
structures present, as illustrated in Figure 4.1. This information can be used to
classify objects, estimate their poses, measure dimensions, and even recon-
struct 3D models. Additionally, shape edges are often used as input features
for various computer vision tasks to improve performance. By leveraging the
information encoded in shape edges, computer vision algorithms can better
understand the visual scene, leading to improvements in object recognition,
scene understanding, and augmented reality applications.

D N
M /}\

orlglnal greyscale silhouette edges texture

Figure 4.1: CNNs are capable of learning various features from images, including texture, color,
and shape silhouette as well as edges.
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Convolutional neural networks are powerful models that excel at learning
and extracting various features from images, including texture, color, and
shape silhouette as well as edges [Kril7, He16, Geil9]. While texture and
color provide valuable information, the importance of shape silhouette and
edges becomes evident when visualizing the feature maps generated by CNNs.
Feature maps highlight the regions of an image that activate specific filters
within the network. From the example ! given in Figure 4.2, it is observed that
these feature maps emphasize the edges and boundaries of objects, indicating
that shape silhouettes and edges are crucial for CNNs to capture and repre-
sent meaningful features. By leveraging these features, especially the shape
silhouettes and edges, CNNs can perform tasks such as image classification,
object detection, and image segmentation with remarkable accuracy.

Figure 4.2: Learned feature maps visualized directly from CNN layers.

When dealing with 3D point clouds, neural network models face different
challenges compared to traditional 2D image processing. Point clouds typi-
cally lack texture information due to their sparse nature, and color information

! https://www.analyticsvidhya.com/blog/2020/11/tutorial-how-to-visualize-feature-maps-
directly-from-cnn-layers/
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4.1 The Underlying Pattern: Shape Edges

may also be unavailable or inconsistent. As a result, shape silhouettes and
edges become even more crucial for extracting meaningful features from point
clouds. The edges of 3D shapes provide valuable cues for object recognition,
segmentation, and reconstruction. In a recent research, a neural network
model named PT [Eng21] was introduced with the aim of improving perfor-
mance on downstream tasks by learning specific patches for point clouds.
The visualization results, as depicted in Figure 4.3, provide scientific evidence
that the learned key patches predominantly correspond to shape edges. This
observation reinforces the significance of shape edges as critical features for
point cloud deep learning.

Figure 4.3: Key patches of different point cloud shapes learned from PT [Eng21].

In the context of point cloud sampling for computer vision tasks, selecting edge
points as samples can be a promising approach. By prioritizing edge points
during sampling, the network can focus on capturing crucial shape information
and improve the overall performance of the network model. From a geometric
perspective, sampling shape edges may bear some resemblance to traditional
curvature-based sampling. However, it is crucial to acknowledge that network
models lack prior knowledge of geometry curvature and may have the potential
to learn more effective sampling strategies for point clouds. This serves as a
key motivation for the introduction of learning-based sampling approaches,
as they allow neural networks to acquire implicit features and leverage their
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representation power. By incorporating learning-based sampling, network
models can discover and exploit intricate relationships within point clouds,
leading to improved performance in various computer vision tasks.

Edge pixels Edge points

[~

APES

Non-edge pixels Non-edge points

Figure 4.4: Similar to the Canny edge detection algorithm that detects edge pixels in images,
our proposed APES algorithm samples edge points which indicate the outline of the
input point clouds. The blue grids/spheres represent the local patches for given center
pixels/points.

In the remaining part of this chapter, drawing inspiration from the well-
established 2D Canny edge detection algorithm, we present a step-by-step
derivation process to propose a novel sampling method specifically designed
for point clouds, with a primary focus on capturing shape edges.

4.2 Revisiting Canny Edge Detection on Images

The Canny edge detector is an edge detection operator that uses a multi-stage
algorithm to detect a wide range of edges in images. It extracts useful structural
information from different vision objects and dramatically reduces the amount
of data to be processed, thus has been widely applied in various computer
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vision systems. The process of Canny edge detection algorithm can be broken
down to five different steps ! :

1 Apply Gaussian filter to smooth the image in order to remove the noise.
2 Find the intensity gradients of the image.

3 Apply gradient magnitude thresholding or lower bound cut-off
suppression to get rid of spurious response to edge detection.

4 Apply double threshold to determine potential edges.

5 Track edge by hysteresis: Finalize the detection of edges by suppressing
all the other edges that are weak and not connected to strong edges.

Figure 4.5 gives an example that shows the progression of an image through
each of the five steps.

Figure 4.5: Walkthrough of the Canny edge detection algorithm.

To compute pixel intensity gradients, an edge detection operator (e.g., Roberts,
Prewitt, or Sobel S,, Sy) is applied on the image I to obtain a value for the first
derivative in the horizontal direction G, and the vertical direction G,, with

! https://en.wikipedia.org/wiki/Canny_edge_detector
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convolution, which is mathematically formulated as:
G, =S, =1, Gy=Sy*I. (4.1)

From this, the edge gradient and direction can be determined:

— 2 2
G=1/G2+G2, (4.2)

0 = arctan(G,/G,). (4.3)

The key to the effectiveness of the Canny edge detector is how edge pixels are
defined, i.e., the pixels with large intensity gradients. The intensity gradient of
each pixel i/ is computed in comparison to its neighbors in a patch set S;, which
is typically a 3 X 3 or 5 X 5 patch. Pixels with larger intensity gradients are
defined as edge pixels. We make the following observation: If there are large
differences between the pixels from a patch set S;, then the standard deviation
o; of the intensities in the patch is also high. Hence, an alternative method for
edge detection is to select pixels whose patch sets have larger o;.

We further generalize beyond pixel intensities to any (latent) per-pixel fea-
tures p; with a “measure of feature correlation” A(p;, p;;) defined between
the center pixel i and its neighbor pixel j. A larger correlation value in-
dicates more similar pixel features. In each patch S;, we call the vector
m; = softmax(h(p,-, Pij)je Si) the normalized correlation map between the
center pixel and its neighbors. Then the standard deviation o; is computed
over the elements of m;, and pixels with larger o; are selected as edge pixels. An
illustration is given in the top row of Figure 4.6. When the neighbor number
k is fixed (e.g., k = 9 for the top row, the center pixel is self-contained as a
neighbor), for each patch, the mean value of its normalized correlation map is
always 1/k. However, for edge pixels, the standard deviations of their normal-
ized correlation maps are larger. The measure A(:, -) can be defined directly on
the pixel color values, or the pixel latent features if neural networks are used.

72



4.2 Revisiting Canny Edge Detection on Images

Edge Pixel A Non-Edge Pixel B
- 0y > Op -
Correlation Map (a4 = 0.057) Correlation Map (o = 0.010)
| 0.15 | 0.15 | 0.15 | 0.15 | 0.15 | 0.15 | 0.03 | 0.03 | 0.03 | | 0.12 | 0.12 | 0.12 | 0.12 | 0.12 | 0.10 | 0.10 | 0.10 | 0.10 |

Edge Point C Non-Edge Point D
,%%‘ KDi
C
Correlation Map (g, = 0.051) Correlation Map (op = 0.022)
| 0.18 | 0.16 | 0.16 | 0.16 | 0.16 | 0.06 | 0.06 | 0.06 | | 0.18 | 0.12 | 0.12 | 0.12 | 0.12 | 0.12 | 0.12 | 0.10 |

Figure 4.6: Illustration of using standard deviation to select edge pixels/points. A normalized
correlation map is computed between the center pixel/point and its neighbors. The
center pixel/point is self-contained as a neighbor. A larger standard deviation in the
normalized correlation map means a higher possibility that it is an edge pixel/point.

For images, the proposed alternative edge detection algorithm, and in par-
ticular using the standard deviation for the normalized correlation map, is
computationally much more expensive compared to the Canny edge detector.
However, it provides the starting point to transfer the idea to point cloud
edge sampling. Unlike images where pixels are well-aligned and patch op-
erators can be easily defined and applied, point clouds are usually irregular,
unordered, and potentially sparse. Voxel-based 3D convolution kernels are
not applicable. Moreover, image pixels come with a color value (e.g., RGB
or grayscale). For many point clouds, however, the point coordinates are the
only available feature.
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4.3 Point Cloud Edge Sampling

4.3.1 Local-Based APES

To adopt the previously introduced alternative edge detection algorithm to a
point cloud set with |S| = N points, we use k-nearest neighbor to define a
local patch S; C S for each point i to compute normalized correlation maps.
As illustrated in the bottom row of Figure 4.6, when the neighbor number
k is fixed (e.g., k = 8 for the bottom row, the center point is self-contained
as a neighbor), for each patch, the mean value of its normalized correlation
map is again always 1/k. However, for edge points, the standard deviations
of their normalized correlation maps are larger.

On the other hand, the attention mechanism is an ideal option to serve as the
“measure of correlation” between point features within each patch, i.e., the
attention map serves as the normalized correlation map directly. The local-based
correlation measure h'(-,-) is defined as

hl(pi’pij) = Q(pi)TK(pij -p) (4.4)

where Q and K stand for the linear layers applied on the query input and the
key input, respectively. Here we use the (latent) features of the center point
p; as the query input, and the feature difference between the neighbor point
and the center point p;; — p; as the key input. As in the original Transformer

model [Vas17], the square root of the feature dimension count \/E serves as a
scaling factor. The final normalized correlation map mﬁ is given as

mf = softmax <hl(pi,pij)j€5i/\/g) . (4.5)

Again, a standard deviation o; is computed for each normalized correlation
map. The edge points are sampled by selecting the points with higher o;. A
key requirement for point cloud deep learning is that the model should be
invariant to the point order of the raw point cloud. Our proposed method
successfully fulfilled this property.
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Local-based Correlation Map  Global-based Correlation Map
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Figure 4.7: The key idea of proposed methods. N denotes the total number of points, while k
denotes the number of neighbors used for local-based sampling method.

4.3.2 Global-Based APES

We term the above-applied attention as neighbor-to-point (N2P) attention,
which is specifically designed to capture local information using patches.
For sampling problems, global information is also crucial. Considering the
special case where all points are included in the local patch (i.e., k = N), a
new global correlation map M¢# of size N X N is obtained with the linear
layers Q and K being shared for all points. Now the N2P attention simplifies
into the common self-attention. We term it point-to-point (P2P) attention in
this paper. In this case, the correlation measure A3(:,-) and the normalized
correlation map are defined as:

hé(p;.p;) = O() K(p;) (4.6)
m? = softmax (hg(pi,pj)jes/\/d_> 4.7

Note that all mf now have the same point order, but the attention result for
each point pair is not affected by the order.
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The global correlation map M# regroups the point-wise normalized correlation
maps into a N X N matrix:

M: = 2 (4.8)

In the context of the global correlation map M$, instead of computing row-wise
standard deviations for selecting points, we propose an alternative approach.
Denote m; j as the value of ith row and jth column in M8. For point i, if it is
an edge point, m‘ig has a larger standard deviation. In this case, considering
its neighboring area, if a point j is close (based on 3D spatial space or latent
space) to point i, m;; is larger and point j is also likely to be an edge point.
Given this property, now consider M¢ column-wise. For a point j, in order
to qualify it as an edge point, it needs to rank a higher value of m;; in M#
more often compared to other points. Hence instead of computing row-wise
standard deviations, we compute column-wise sums. Denote uj = Zi m;;, we
then sample the points with higher u;. Overall, we can consider it as follows:
if a point contributes more in the self-attention correlation map, it is more
likely to be an “important” point. An illustrative figure of the two proposed
methods is given as Figure 4.7.

4.4 Experimental Results

In this section, we conduct a thorough evaluation of the proposed APES
method on two prominent datasets: ModelNet40 for 3D object classification
and ShapeNet Part for 3D object segmentation. Furthermore, we extend our
analysis to include a comparison with other prevalent point cloud sampling
methods in the context of the few point sampling task. The results encom-
pass both local-based APES and global-based APES approaches, providing a
comprehensive understanding of their respective performance. Apart from
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quantitative results, our evaluation also presents a range of qualitative re-
sults, offering visual insights into the quality of the sampled point clouds.
To gain further insights, we conduct several ablation studies, systematically
exploring the impact of various components and parameters on APES’ per-
formance, thus contributing to a comprehensive analysis of this innovative

sampling technique.

4.4.1 Classification

Network Architecture Design

The network architecture of a point cloud deep learning model comprises
various layers designed with specific objectives. These include the embedding
layer, feature learning layer, feature pooling layer, output layer, and poten-
tially downsampling and upsampling layers. The embedding layer serves to
transform the input 3D coordinates into higher-dimensional features. Feature
learning layers, often used iteratively, are possibly faciliated with downsam-
pling or upsampling layers to enable the learning of deeper implicit features.
Feature pooling layers are commonly employed in tasks that necessitate shape-
wise outputs, such as classification. Finally, the output layer typically takes
the form of a MLP responsible for generating the desired final result. The
classification network architecture we use for our experiments is given in
Figure 4.8. The optional residual links are used for better feature transmission.

Residual links (optional)
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Figure 4.8: Network architecture for the ModelNet40 classification task.
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The embedding layer converts the input 3D coordinates into a higher-
dimensional feature with multiple EdgeConv blocks, with a pre-defined
dimension number. Balancing the trade-offs, in most of our experimental
settings, it consists of 2 EdgeConv blocks and outputs an embedding of 128
dimensions for each point. For feature learning layers, there are multiple
choices. It is possible to use the layers designed for a similar purpose in other
papers, e.g., Linear MLP, EdgeConv, KPConv, or Point Transformer block.
Alternatively, the aforementioned N2P attention or P2P attention can also be
used as feature learning layers. Their designs are given in Figure 4.9. We use
32 neighbor points for N2P attention blocks and the multi-head strategy is
applied with 4 heads. A feed-forward network is added after each attention
block in the feature learning layers as the original Transformer model did.

Nxd
N2P Attention----------------- -~
kNN Nxd
v \ .
; repeat | 3 {?/ZPAttentfenf S R
| o | :
. v ¢ 1 ‘ 9 K lV 1
| [xaxd] [Nxkxd] i [Nxa | [ Nxa | [ Nxa ||
: 0 Kl—LV ‘ : ' !
C [ Nxixd| [Nxkxd] ‘kaxd“ : softma)i? !
| I L i
i softma;? 3 ; i
a e g ;
i v ! : Nxd :
: % : 3 residual :
3 Nxd 3 3 GF 1
i residual E'B i ‘\\\ Nxd //f‘
: ! 1 oo feedforward
‘ Nxd Nxd
,,,,, el
4

Figure 4.9: The network structures of N2P attention feature learning layer (left) and P2P attention
feature learning layer (right). We use N2P layer as the default feature learning layer
for most experiments.
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The design of downsampling layers is given in Figure 4.10. We use k = 32
neighbor points as default in local-based APES downsample layers. For an
input point cloud of N points from the previous layer, each downsampling
layer samples it to N /2 points. Note that our method can sample the point
cloud to any desired number of points.

N xd

Local-based-DS --~f-~~-=7===---- <.

0 kNN N Nxd
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1 B i
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| - |
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3 F R 3
i . top M . i : MxN 3
e LT - ;
: : \ & '

Figure 4.10: The network structures of two alternative downsampling layers: local-based down-
sampling layer (left) and global-based downsampling layer (right). Both kinds of
downsampling layers downsample a point cloud from N points to M points, while
upsample layer upsamples it from M points to N points.

Traceable Sampling and Differentiability

The indexing operation in neural networks naturally disables the gradient
backpropagation, which is why most previous learning-based point cloud sam-
pling methods rely on generation-based approaches, resulting in untraceable
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sampled points [Dov19, Lan20, Lin21, Qia20, Wan21, Wan23]. Therefore, the
design of a learning-based sampling method that achieves both differentia-
bility for enabling end-to-end training with neural networks and preserves
the traceability of sampled points poses a significant challenge. Compared to
those state-of-the-art methods, the main advantage of our method is that it
enables the gradient backpropagation during the training of sampling.

Our method can be divided into three steps: Computing the correlation map,
aggregating the correlation map row-wise (local APES) or column-wise (global
APES) to a per-point importance evaluation, and lastly selecting the most
important points as samples. Computing the correlation map is fully differen-
tiable. The last two steps, similar to FPS, do not contain learnable parameters.
With the obtained indices, point indexing is basically a Top-M pooling opera-
tion, which is differentiable, just as the widely used max-pooling operations.
As illustrated in Figure 4.11, the gradient follows the green line, while the
orange block contains no learnable parameters and thus does not need to
be differentiable.
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Figure 4.11: Gradient backpropagation is enabled in our sampling layer.
Training Details

To train the model, we use AdamW optimizer with an initial learning rate
1 x 107 and decay it to 1 x 107 with a cosine annealing schedule. The
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weight decay hyperparameter for network weights is set as 1. Dropout with
a probability of 0.5 is used in the last two fully connected layers. A common
cross-entropy loss is used as the task loss. We train the network with a batch
size of 8 for 200 epochs.

Quantitative and Qualitative Results

The quantitative comparison with state-of-the-art (SOTA) methods is briefly
summarized in Table 4.1, showcasing the impressive performance of our pro-
posed method. This evaluation demonstrates that APES stands among the
top-performing techniques in the field. Complementing the quantitative anal-
ysis, we present qualitative results in Figure 4.12, providing visual evidence
of the efficacy and accuracy of APES in capturing and representing intricate
details of 3D objects.

Table 4.1: Classification results on ModelNet40. In comparison with other SOTA methods that
also only use raw point clouds as input.

Method Overall Accuracy
PointNet [Qil7a] 89.2%
PointNet++ [Qi17b] 91.9%
SpiderCNN [Xu18] 92.4%
DGCNN [Wan19] 92.9%
PointCNN [Li18b] 92.2%
PointConv [Wu19] 92.5%
PVCNN [Liu19c] 92.4%
KPConv [Tho19] 92.9%
PointASNL [Yan20a] 93.2%
PT! [Eng21] 92.8%
PT? [Zha21c] 93.7%
PCT [Guo21] 93.2%
PRA-Net [Che21b] 93.7%
PAConv [Xu21] 93.6%
CurveNet [Muz20] 93.8%
DeltaConv [Wie22] 93.8%
APES (local-based) 93.5%
APES (global-based) 93.8%
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Local-based APES

Global-based APES

Figure 4.12: Visualized sampling results of local-based APES and global-based APES on different
shapes. All shapes are from the test set.

From it, we can observe that both local-based APES and global-based APES
achieve good edge sampling results. On the other hand, local-based APES
focuses more strictly on edge points, while global-based APES ignores some
edge points and leverages a bit more on other non-edge points that are close
to the edges. For example, in the case of chair shape illustrated in Figure 4.13,
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the global-based APES approach exhibits a particular behavior. It tends to
discard some points corresponding to chair legs, which are typically thin
enough to be categorized as edges and would have been selected by the local-
based APES approach (the blue circle). Conversely, global-based APES selects
additional points along the edges of the chair seat, effectively making the edges
appear "thicker"(the green circles). While the local-based APES approach could
achieve a similar outcome, the total number of sampled points is limited, thus
influencing the extent of the edge thickness of the chair seat.

Local-based APES Global-based APES

Figure 4.13: A detailed comparison between local-based APES and global-based APES, using a
typical chair shape as an example.

Interestingly, while local-based APES achieves more ideal point cloud edge
sampling results qualitatively, global-based APES achieves slightly better quan-
titative results on the classification metric. This is probably because some
non-edge points can also provide important information. Overall, sampling
more edge points improves the performance of downstream tasks. How-
ever, this can be overdone, and selecting only edge points can be detrimental.
APES uses end-to-end training that includes the downstream task to make a
good trade-off in the sample selection. Local-based APES imposes stronger
mathematical statistics constraints during the task loss minimization, while
global-based APES pursues better performance by allowing sampling the points
that are less belong to the edge yet more important globally.
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4.4.2 Segmentation

Network Architecture Design

The segmentation network architecture is given in Figure 4.14.
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Figure 4.14: Network architecture for the Shapenet Part segmentation task.

Most network layers are identical to the layers in the classification model,
except for the spatial transform network (STN) and the upsample layer. The
optional STN layer learns a spatial transformation matrix to transform the
input cloud for better initial alignment [Qi17a, Wan19]. The upsample layer is
a cross-attention-based layer to map the input point cloud to an upsampled
size. Its key and value input is the feature from the last layer, while the query
input is the corresponding residual feature within the downsampling process.

from skip connection from last layer
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Figure 4.15: The network structure of the upsampling layer. While a downsampling layer down-
samples a point cloud from N points to M points, an upsampling layer upsamples
it from M points back to N points.
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Training Details

To train the model, we use AdamW optimizer with an initial learning rate
1 x 107* and decay it to 1 x 1078 with a cosine annealing schedule. The weight
decay hyperparameter for network weights is set as 1 x 10™*. The dropout
with a probability of 0.5 is used in the last two fully connected layers. A
common cross entropy loss is used as the task loss. We train the network
with a batch size of 16 for 200 epochs.

Quantitative and Qualitative Results

The segmentation quantitative results are given in Table 4.2. Our method
achieves decent performance but is not on par with the best ones.

Table 4.2: Segmentation results on ShapeNet Part.

Method Cat. mIoU  Ins. mIoU
PointNet [Qil7a] 80.4% 83.7%
PointNet++ [Qi17b] 81.9% 85.1%
SpiderCNN [Xu18] 82.4% 85.3%
DGCNN [Wan19] 82.3% 85.2%
SPLATNet [Su18] 83.7% 85.4%
PointCNN [Li18b] 84.6% 86.1%
PointConv [Wu19] 82.8% 85.7%
KPConv [Tho19] 85.0% 86.2%
PT! [Eng21] - 85.9%
PT? [Zha21c] 83.7% 86.6%
PCT [Guo21] - 86.4%
PRA-Net [Che21b] 83.7% 86.3%
PAConv [Xu21] 84.6% 86.1%
CurveNet [Muz20] - 86.6%
StratifiedTransformer [Lai22] 85.1% 86.6%
APES (local-based) 83.1% 85.6%
APES (global-based) 83.7% 85.8%
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However, as we compute the same metrics on the intermediate downsampled
point clouds in Table 4.3, we surprisingly find that their performances are
extremely good, even far better than the SOTA methods. This indicates the
downsampled edge points contribute more to the performance, while the
features of the discarded non-edge points are not well reconstructed by the
upsample layer. The key weakness of our current segmentation network is
the upsample layer.

Table 4.3: Segmentation results of the full point clouds and intermediate downsampled point
clouds of different sizes.

Points Cat. mIoU (%) Ins. mIoU (%)
Method 2048 1024 512 2048 1024 512
APES (local) 83.11 85.56 86.17 85.58 87.27 87.41
APES (global) 83.67 84.86 85.44 85.81 87.78 88.06

Most other neural network papers use FPS for downsampling and FPS pre-
serves a similar data distribution compared to the original point cloud. When
upsampling, simple interpolation operations [Qi17b, Zha21c, Lai22] are used
to create new points. However, our method focuses on edge points and the
sampled result has a quite different data distribution than the original point
cloud. For non-edge points, especially those far from edges, neighbor-based
interpolation methods are no longer applicable. We have designed a cross
attention-based layer for upsampling, but it is still hard to get the features of
the former discarded points back, even with residual links. Note that in this
case, the upsampling problem actually turns into a point cloud completion or
reconstruction task, which is another advanced topic for point cloud analysis
and out of the scope of this work.

The qualitative segmentation results are given in Figure 4.16, with intermediate
visualization results also provided simultaneously. Our proposed APES method
successfully samples edge points, highlighting its effectiveness in capturing
crucial geometric features during the sampling process.
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Wy wy Y

Figure 4.16: Visualized segmentation results as shape point clouds are downsampled. All shapes
are from the test set.

4.4.3 Few Point Sampling

Experiment Setting

We additionally compare our sampling method to previous work including
RS, FPS, and the more recent learning-based S-Net, SampleNet, LighTN, etc.
The same evaluation framework from [Dov19, Lan20, Wan23] is used, as
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illustrated in Figure 3.12. The task here is the ModelNet40 Classification, and
the task network is PointNet. Sampling methods are evaluated with multiple
sampling sizes.

As discussed in the results part of Section 4.4.2, edge point sampling changes the
data distribution compared to the original point cloud, especially when a large
downsampling ratio (defined as N /M) is used. Hence for a fair comparison,
in order to achieve a downsampled point cloud size of M, we first sample
the input point cloud to a size of 2M with FPS, then sample it to the desired
size M with our method APES.

Quantitative and Qualitative Results

Quantitative results are presented in Table 4.4, revealing the strong classifi-
cation performance of both the local-based and global-based APES methods
across various sampling ratios. Notably, our method exhibits significant perfor-
mance gains, particularly when only a limited number of points are sampled.

Table 4.4: Comparison with other sampling methods. Evaluated on the ModelNet40 classification
benchmark with multiple sampling sizes.

M Voxel RS FPS [Eld97] S-NET [Dov19]
512 73.82 87.52 88.34 87.80

256 73.50 77.09 83.64 82.38

128 68.15 56.44 70.34 77.53

64 58.31 31.69 46.42 70.45

32 20.02 16.35 26.58 60.70

M PST-NET [Wan21] SampleNet [Lan20] MOPS-Net [Qia20] DA-Net [Lin21]
512 87.94 88.16 86.67 89.01

256 83.15 84.27 86.63 86.24

128 80.11 80.75 86.06 85.67

64 76.06 79.86 85.25 85.55

32 63.92 77.31 84.28 85.11

M LighTN [Wan23] APES (local) APES (global)

512 89.91 90.79 90.81

256 88.21 90.38 90.40

128 86.26 89.73 89.77

64 86.51 88.68 89.57

32 86.18 86.49 88.56
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Figure 4.17: Qualitative comparison for the sampling of 128 points from input point clouds. The
results from APES exhibit a clear pattern of sampling shape edge points.
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In addition to the quantitative evaluation, we provide further qualitative in-
sights through visualizations in Figure 4.17. While other learning-based meth-
ods may achieve satisfactory numerical results, it is challenging to discern
their underlying sampling patterns from the visualizations. Their results often
resemble random sampling, lacking a discernible structure. In contrast, our
proposed method exhibits a distinct and coherent sampling pattern, effectively
capturing the outlines of the point clouds. This comprehensive sampling ap-
proach sets our method apart, emphasizing its ability to extract meaningful
geometric information from the point cloud data.

4.4.4 Ablation Study

In this subsection, multiple ablation studies are conducted regarding the de-
sign choices of neural network architectures. All following experiments are
performed on the classification benchmark of ModelNet40.

Feature Learning Layer

The feature learning layer we used in the above experiments is the N2P atten-
tion layer. However, as discussed in Section 4.4.1, it is possible to replace it with
other feature layers. We additionally report the results of using EdgeConv or
P2P attention as the feature learning layer in Table 4.5. From it, we can observe
that N2P attention achieves the best performance. Meanwhile, the results of
using EdgeConv are improved when using our proposed sampling methods.

Table 4.5: Ablation study of using different feature learning layers in the classification network.

Method Feature Learning Layer =~ OA (%)
DGCNN EdgeConv 92.90
EdgeConv 93.02
APES (local-based) P2P Attention 93.30
N2P Attention 93.47
EdgeConv 93.18
APES (global-based) P2P Attention 93.46
N2P Attention 93.81
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4.4 Experimental Results

Embedding Dimension

In most network-based methods, it is often reported that better performances
are achieved when a larger embedding dimension is used. In our experiments,
we use an embedding dimension of 128 as the default. We additionally report
the results of using embedding dimensions of 64 and 192 in Table 4.6. Perfor-
mance generally improves as the embedding dimension increases. However,
when d = 192, the improvement becomes marginal compared to d = 128.
Therefore, considering the trade-off between accuracy and computational
efficiency, we adopt d = 128 for most experiments.

Table 4.6: Ablation study of using a different number of embedding dimensions for the classifi-
cation task.

Method Embedding Dimension  OA (%)

64 93.10

APES (local-based) 128 93.47
192 93.54

64 93.34

APES (global-based) 128 93.81
192 93.83

Choice of k in Local-Based APES

When local-based APES is used, the parameter of neighbor number k is a very
important parameter since it decides the perception area size of local patches.
We additionally report the results of using different k in Table 4.7. Performance
generally improves as k increases. However, larger k values incur substantial
computational overhead. Hence, following the choice of many prior works
that also used the kNN method, we adopt k = 32 for most of our experiments.

Table 4.7: Ablation study of using a different number of neighbors for local-based edge point
sampling.

k 8 16 32 64 128 256 512
OA (%) 93.14 93.26 9347 9352 9354 9359 93.63
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4 APES: Attention-Based Point Cloud Edge Sampling

Successive Sampling vs. Direct Sampling

An advantage of our proposed method is that we can sample any desired
number of points with it. We further provide qualitative comparison results of
successively sampling the raw point cloud to a quarter (N - N /2 — N /4)
and directly sampling it to a quarter (N — N /4) in Figure 4.18. We observe
that the sampled results are mostly similar. With the exception of a few extreme
edge points which are better captured by successive sampling.

N

|

Successive N /2
Sampling l

Direct
Sampling l
N/4

Figure 4.18: Sampling results of successively sampling to a fourth of the original size and directly
sampling by a factor of four.

Additional Edge Point Supervision

Since it is possible to compute “ground-truth” edge points from the shapes
using local curvatures, we further study the cases where an edge supervision
loss term is introduced. Experiments of not using the edge supervision, using it
for pre-training (and fixing it during the downstream task training), and using
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it for joint training are conducted. Numerical results are given in Table 4.8.
The results are consistent with our conclusion in Section 4.4.1. For local-based
APES which already focuses on edge point sampling, edge supervision has
no significant impact. However, for global-based APES, edge supervision
decreases performance slightly.

Table 4.8: Ablation study of considering the edge supervision. Results of using it for pre-training
or joint training are both presented.

Edge Supervision None  Pre-trained and Fixed Joint Training
APES (local-based)  93.47% 93.45% 93.46%
APES (global-based) 93.81% 93.47% 93.51%

4.5 Summary

This chapter introduces a novel point cloud edge sampling method called
APES, derived from the well-recognized Canny edge detection algorithm orig-
inally developed for images. APES leverages attention-based mechanisms
to compute correlation maps and effectively sample edges in point clouds,
offering a promising approach for edge detection in 3D data. Moreover, APES
pioneers the integration of task-oriented learning and mathematical traceable
direct point selection. It gives a solution that innovatively enables gradient
backpropagation during the training while maintaining the traceability of
sampled points. Two variations of local-based APES and global-based APES
are proposed based on different attention modes. Qualitative and quantitative
results show that our method achieves excellent performance on common
point cloud benchmark tasks.
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4 APES: Attention-Based Point Cloud Edge Sampling

. Compute .
AttenBt:Jc:I;j Ma RS = SamESTianb“:r(l)lic
p Sampling Score piing ¥
Input Local-Based Att. Map Row (Mode i) Top-M Output
Point Cloud Point Cloud
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Figure 4.19: In this chapter, APES is proposed by leveraging the attention mechanism. It suc-
cessfully samples edge points of the input point cloud.

However, based on the findings from their results, while it is evident that
increasing the number of sampled edge points generally enhances the per-
formance of downstream tasks, it is also important to note that excessive
emphasis on edge points alone may have a negative impact. Therefore, there
is a need for a more sophisticated sampling method that strikes a better bal-
ance between sampling edge points and preserving shape uniformity. In the
upcoming chapter, our objective is to develop such an advanced sampling ap-
proach that would enable improved trade-offs, ensuring both the extraction of
important edge information and the maintenance of overall shape uniformity
within the point cloud data.
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5 SAMPS: Balancing between Edge
Sampling and Global Uniformity
Preserving

5.1 Going Beyond APES

By integrating neural network-based learning and mathematical statistics-
based direct point selection ingeniously, Attention-based Point cloud Edge
Sampling (APES) [Wu23b] introduces an innovative approach to point cloud
sampling, with a particular emphasis on the edges of point clouds. Two dif-
ferent methods were proposed in APES based on different attention modes:
local-based APES and global-based APES. In both methods, point-wise sam-
pling scores are computed under certain rules from the local or global attention
map(s). Then top-M points with larger sampling scores are sampled. From
the qualitative and quantitative results of APES, an interesting phenomenon
is observed: while local-based APES focuses more rigorously on edge points,
its quantitative performance on downstream tasks is mostly not on par with
global-based APES, which ignores some edge points and leverages a bit more on
other non-edge points. Hence, an intriguing conclusion was drawn by APES:

Overall, sampling more edge points improves the performance
of downstream tasks. However, this can be overdone, and selecting
only edge points can be detrimental.

Overall, APES aims to capture detailed edge information but falls short in
maintaining good global uniformity of the input shapes. This deficiency leads
to challenges in performing interpolation operations during the upsampling
process and results in subpar sampling quality for the few-point sampling
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5 SAMPS: Balancing between Edge Sampling and Global Uniformity Preserving

task when pre-processing is not performed, as demonstrated in Figure 5.1.
To address these limitations, in this chapter, we propose a novel method
called SAMPS. SAMPS aims to strike a better balance between sampling edge
points and preserving global uniformity by optimizing the sampling strategy.
Our proposed approach overcomes the limitations of APES and showcases
improved performance on downstream tasks, demonstrating its effectiveness
in achieving a more favorable trade-off between capturing edge details and
preserving overall shape uniformity.

APES (local) APES (global) SAMPS

Sampling
Scores

Sampled
1024 points

Edge Global
Points Uniformity

Sampled
16 points

Figure 5.1: Sampling results with SAMPS in comparison with its predecessor. Our method
achieves a better trade-off between sampling edge points and preserving global
uniformity.

Point Categories Exploration

APES introduces two distinct methods for computing sampling scores for
points, where higher scores indicate the presence of edge points. However, its
design exhibits certain limitations, particularly in terms of emphasizing sharp
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5.1 Going Beyond APES

areas with strong focus and displaying a strong bias towards these regions.
Consequently, when applied to few-point sampling, APES yields suboptimal
results, as demonstrated in Figure 5.1. To overcome these challenges and
improve the performance, it is crucial to develop a more effective approach for
computing point-wise sampling scores. This enhanced method should aim to
better distinguish between different point categories and accurately identify
edge points. By addressing these shortcomings, we can devise a more robust
and reliable framework for point-wise sampling.

During our exploration, we have observed that if p; is among the k-nearest
neighbors of p;, this does not necessarily imply that p; is among the k-nearest
neighbors of p;. To clarify this concept, we provide an intuitive example
shown in Figure 5.2.

Figure 5.2: A simplified case of k = 3. While p; is the k-nearest neighbor of p;, p; is not the
k-nearest neighbor of p;.

Therefore, it is evident that the frequency of each point being selected as a
neighbor exhibits variation across a single point cloud. Taking a broader
perspective, we have also observed that this particular parameter plays a pivotal
role in accurately identifying edge points. Its significance lies in providing
critical insights into the connectivity and proximity of each point to others
within the data. By analyzing the frequency of point selection as a neighbor,
we gain valuable information about the point’s prominence and its potential
involvement in forming edges.
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5 SAMPS: Balancing between Edge Sampling and Global Uniformity Preserving

An example is provided in Figure 5.3 to illustrate the concept. Let’s consider
the input point cloud as a simple grid structure. In this example, we select 5
neighbors for each point, resulting in all three possible cases shown on the left
side of the figure. It is important to note that the center point is considered
as a neighbor to itself. Notably, in the triangular and rectangular cases, there
exist twin point pairs that share the possibility of being selected as neighbors.
Such a point pair may be regarded as “quantum entangled", when one point
is selected, the other one will not.

®] ©] e 05 e e e o ) )
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Figure 5.3: When selecting an equal number of neighbors for each point in the input point cloud,
points at different positions are chosen as neighbors with varying frequencies.

Despite an equal number of neighbors being selected for each point in the
input point cloud, points in different positions are chosen as neighbors with
varying frequencies. The frequency of each point being selected as a neighbor
is depicted on the right side of Figure 5.3. We can observe that in addition to
the edge point and non-edge point categories, there is also another noteworthy
point category of close-to-edge points. Moreover, within each category, the
points can be further grouped into more sub-categories. The superior per-
formance of global-based APES over local-based APES in downstream tasks
can be attributed to its enhanced equilibrium across various point categories.
Therefore, in this chapter, we propose a method to further explore a better
sampling strategy given this phenomenon. To be more specific, we take the
frequency of each point being selected as a neighbor into consideration, achieving
a better trade-off between sampling edge points and preserving global uniformity
of the input point cloud for downstream tasks.
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5.1 Going Beyond APES

Integrating Local and Global Information

Following the inception of the initial PointNet [Qi17a] method, which solely
relied on global information, subsequent research within this domain has
increasingly focused on integrating local information into learning frameworks
and exploring methodologies for effectively combining both local and global
information. Taking the most famous two of PointNet++ [Qi17b] and DGCNN
[Wan19] as examples, they both learn local features either through local patches
or in a point-centered manner, and progress the features iteratively for deriving
a max-pooled global feature in a later layer. Subsequently, numerous methods
have emerged aiming to directly integrate both local and global information
within the framework [Hou22, Tho19, Li18b, Lu22b, Che21a]. However, these
approaches primarily combine two features processed independently within
separate modules in one way or another, e.g., simple concatenation [Wan19,
Che21a, Lu22b], or slightly more advanced ways like cross-attention [Eng21].

In this chapter, we propose Sparse Attention Map (SAM) as a novel approach
to integrating both local and global information directly within the attention
map for point cloud sampling. The proposed SAM allows us to partition the
points within a point cloud with the point-wise sampling scores being derived
from it. Furthermore, It takes the aforementioned frequency of each point
being selected as a neighbor into consideration to enhance the discrimination
of various point categories during its construction process, thus contributing
to better sampling outcomes. More details are given in Section 5.2. To the best
of our knowledge, we are pioneering the fusion of local and global information
at the attention map level for enhancing point cloud learning,.

Once the SAM has been constructed, the next crucial step in the process is to
design a method for computing point-wise sampling scores. Local-based APES
computes row-wise standard deviations on local attention maps as point-wise
sampling scores, while global-based APES computes column-wise sums on the
global attention map as point-wise sampling scores. Although the rules for
computing point-wise sampling scores are different in local and global-based
APES, the key point here is that the scores are computed based on row-wise
information or column-wise information. For example, in global-based APES,
it is also possible to compute row-wise standard deviations as point-wise

99



5 SAMPS: Balancing between Edge Sampling and Global Uniformity Preserving

sampling scores. Based on APES, and taking aforementioned the frequency
of each point being selected as a neighbor into consideration, we explore
multiple ways of computing the point-wise sampling scores either in rows
or in columns in Section 5.3.

Alternative Sampling Policy

APES utilizes a straightforward top-M sampling policy based on the com-
puted point-wise sampling scores. Building upon this, SAMPS introduces
an alternative probability-based random sampling approach to enhance the
trade-off balancing. Inspired by Boltzmann sampling [Bol68], SAMPS first
maps the point-wise sampling scores into sampling probabilities to prepare for
the sampling process. By introducing a temperature parameter to the mapping
function, the sampling process can be fine-tuned from uniform sampling to
top-M sampling. This temperature parameter plays a crucial role in achieving
a desirable trade-off balance.

Boltzmann sampling is a probabilistic method used extensively in statistical
mechanics and computational algorithms to generate samples from a given
distribution, particularly the Boltzmann distribution . This distribution de-
scribes the probabilities of a system’s states as a function of their energy and
temperature, capturing the likelihood of each state in thermal equilibrium.
The probability p; of a system being in state i with energy ¢; is given by the
Boltzmann factor:

(.1)

where kg is the Boltzmann constant and T is the absolute temperature. The
Denominator Equation (5.1) in sums over all possible states j. Boltzmann
sampling leverages this distribution to sample states according to their thermal
probability, making it a powerful tool in fields such as molecular dynamics,

! https://en.wikipedia.org/wiki/Boltzmann_distribution
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5.2 Sparse Attention Map

where it helps simulate the behavior of particles at equilibrium. By appro-
priately adjusting T and calculating the energies ¢;, researchers can explore
the system’s configuration space and estimate properties like free energy
and entropy.

Boltzmann sampling finds applications in various domains. In machine learn-
ing, it is employed in generative models like Restricted Boltzmann Machines
(RBMs) and Deep Boltzmann Machines (DBMs) to generate synthetic data
samples. In optimization, it aids in finding states with the lowest energy or
cost. Additionally, Boltzmann sampling is used in simulating physical systems,
exploring complex networks, and solving combinatorial problems.

In our case, we employ the Boltzmann sampling method to transform the
point-wise sampling scores into sampling probabilities as a preparatory step
for the sampling process. In this context, the sampling scores of points can be
interpreted as the energies of the states. To assign higher sampling probabilities
to points with larger sampling scores, we remove the minus sign. In this case, it
is crucial to address the issue of exponential explosion that may arise. To avoid
this problem, the incorporation of an additional normalization step becomes
essential. For more detailed information, please refer to Section 5.4.

5.2 Sparse Attention Map

Both local and global attention maps are widely used in point cloud analysis. A
global attention map is derived from the application of classical self-attention
to point features of all points, while a local attention map concentrates on
a point-centered area wherein cross-attention is specifically applied to the
central point and its neighbors.

Denote S; as the set of k-nearest neighbors of point p;, the local attention
map for point p; is defined as

m! = softmax (Q(pi)K (P — Pi);e s/ Vd ) . (5.2)
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where Q and K stand for the linear layers applied on the query and key input,
and the square root of the feature dimension count \/E serves as a scaling
factor [Vas17].

For the global attention map which is equivalent to taking all points as the
neighbors for each point, it is defined as

M¢ = softmax (Q(pi)K(pj)Ijes/\/E> , (5.3)

where S denotes the set of all input points.

In this chapter, we introduce a novel approach called the Sparse Attention Map
(SAM), which effectively integrates local and global information at the attention
map level. SAM offers two distinct variants based on its information basis. The
first variant, known as Carve-based SAM, initiates with global information and
subsequently incorporates local information into it. Conversely, the second
variant, Insert-based SAM, begins with local information and contextualizes it
within a global scenario. These two variants provide comprehensive strategies
for leveraging both local and global cues in the attention map, enabling a more
robust representation of the underlying data.

5.2.1 Carve-Based Sparse Attention Map

Instead of using local or global attention maps, SAM is proposed to compute
point-wise sampling scores by integrating the knowledge from both local and
global information. The idea is illustrated in Figure 5.4. After obtaining the
global attention map with Equation (5.3), local kNN is used to find k neighbors
for each point. In this case, k cells are being selected in each row. However,
please notice that if a point p; is a neighbor to point p;, it does not mean
point p; is always also a neighbor to point p;. This means while for each
row k cells are selected, for each column, the number of selected cells is not
fixed. The selected cells are then "carved out"to form the new sparse attention
map, with the values of other non-selected cells being set to 0. We term it
Carve-based Sparse Attention Map.
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Figure 5.4: Sparse attention map. In each row, k cells are selected based on the kNN neighbor
indexes for the corresponding point. The values of selected cells remain unchanged
and other non-selected cells are all set to 0. While the number of cells selected within
each row is k, the number of cells selected within each column is variable.

5.2.2 Insert-Based Sparse Attention Map

Carved-based sparse attention map starts from the global information, and then
merges the local information. It can also be done in a reverse way: starting with
the local information first, then considering it in a global situation. To be more
specific, local-based attention maps are first computed with Equation (5.2),
then the values in the local attention map of each point are inserted in the
corresponding cells of each row in an empty (initialized as all 0s) global N X N
attention map based on the kNN indexes. We term it Insert-based Sparse
Attention Map. Again, for each row, k cells are inserted; and for each column,
the number of inserted cells is not fixed.
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Relation between Carve and Insert-based SAM

More vividly, consider the global attention map as a grid stone slab of size
N X N. For carve-based SAM, values of all cells are pre-computed and hidden
in the slab grid cells, and only the selected cells are carved out; for insert-
based SAM, only values of certain cells are pre-computed in the mosaic tile
strings (the local-based attention maps), and they are then inserted into the
slab according to the corresponding kNN indexes, like inserting mosaic tiles
into an empty grid slate. The final outputs from carve-based SAM and Insert-
based SAM are quite similar since they have the same places of non-zero
cells. For both methods, the number of selected cells in each row is always
k, while the number of selected cells in each column is variable. Their main
difference is that the row-wise sum in insert-based SAM is always 1, while
in carve-based SAM is not.

5.3 Indexing Mode

When sampling points, the points are indexed based on the computed point-
wise sampling scores. We call the method of computing point-wise sampling
scores from the full/sparse attention map as Indexing Mode. With the original
full attention map, following APES, there are two possible indexing modes:
(i) row standard deviation; and (ii) column sum. For a global attention map
MS of size N X N, denote m, ; as the value of ith row and jth column in MS.
To avoid possible confusion, we use notation p, to denote a point only in this
section. These two indexing modes can be formulated as follows.

Indexing mode i (row standard deviation). The standard deviation of the values
in each row is computed as the point-wise sampling scores

ap = faalmy; lj=12,....N}), (5.4)

where f4 is the function that computes the standard deviation of a set of
values.
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5.3 Indexing Mode

Indexing mode ii (column sum). The sum of the values in each column is
computed as the point-wise sampling scores

a, = Z m;, . (5.5)

With the proposed carve-based sparse attention map, there are many other
possible indexing modes. As highlighted in Section 5.1, achieving an improved
sampling trade-off between sampling edge points and preserving global uni-
formity requires careful consideration of the frequency of each point being
selected as a neighbor. In the context of SAM, this frequency is directly re-
lated to the number of selected cells in each column, which plays a crucial
role in achieving the desired balance. With this variable, we further consider
the following indexing modes: (iii) sparse row standard deviation; (iv) sparse
row sum; (v) sparse column sum; (vi) sparse column average; and (vii) sparse
column square-divided. Details and respective formulas are given as follows.
Again, for a sparse attention map M?® of size N X N, denote m;. as the value
of ith row and jth column in M?. For point p,, we denote the set of indexes of
the selected k cells (indexes of kNN neighbors) in oth row as .S,, and denote
the number of selected cells in oth column as n,.

Indexing mode iii (sparse row standard deviation). The standard deviation of
the selected cells in each row is computed as the point-wise sampling scores

ap, = FaalmS,li € S,). (5.6)

Indexing mode iv (sparse row sum). The sum of each row (note values of
non-selected cells are all 0, same below) is computed as the point-wise sam-
pling scores

ap, = Z m“;j . (5.7)
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Indexing mode v (sparse column sum). The sum of each column is computed
as the point-wise sampling scores

ap, = Z m . (5.8)

Indexing mode vi (sparse column average). The sum of each column is divided
by n,, i.e. the average, is used as the point-wise sampling scores

N
ap, = Z m; /n,. (5.9)
i=1

Indexing mode vii (sparse column square-divided). To further enhance the
impact of n,, the sum of each column is divided by squared #, to be used as
the point-wise sampling scores

N
ap, = meo/ng (5.10)
i=1

Based on carve-based SAM, all the above seven indexing modes are compatible.
On the other hand, when insert-based SAM is used, since the sparse row-wise
sum is always 1, only indexing modes iii, v, vi, vii are compatible.

To investigate how each indexing mode works, we train a separate model for
each indexing mode with all other settings consistent. The sampling score
distributions are visualized as heatmaps in Figure 5.5 to provide additional
insights. From it, we can observe that both row standard deviation-based modes
(mode i and mode iii) focus rigorously on edge points, which is consistent with
the conclusion of APES [Wu23b]. However, since they always select all the
points of the thin/detailed parts, certain parts are sometimes ignored. On the
other hand, mode ii and mode iv share a similar output. They do not focus that
rigorously on edge points, yet leverage a bit more on other point categories
with certain preferences. This is also consistent with APES.
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(i) row standard deviation  (ii) column sum  (iii) sparse row standard deviation (iv) sparse row sum

(v) sparse column sum (vi) sparse column average (vii) sparse column square-divided

1.0 (or higher)

0.0 (or lower)

Figure 5.5: Heatmaps under different indexing modes with carve-based sparse attention map.
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More interestingly, comparing the results of modes v, vi, and vii that use
column-wise information from SAM, they pose different sampling preferences
and strategies among different point categories, but the shape information is all
more uniformly captured over the whole shape, with distinctive characteristics
unique to each mode. Mode vi focuses more on the overall shape, while mode
v focuses more on the non-edge points and mode vii focuses more on the edge
points. This is due to edge points usually having a smaller number of #,. In
our case, we are interested in edge points yet we do not want it overdone. For
example, chair leg points are points of detail, we want to sample some of them,
yet we do not want to sample all of them; moreover, we want to sample some
non-edge points as well to keep better global uniformity. Hence, we select
mode vii as our main indexing mode and use it for most of the experiments
in the following subsections.

(i) sparse row standard deviation (v) sparse column sum (vi) sparse column average (vii) sparse column square-divided

£

1.0 (or higher)

0.0 (or lower)

Figure 5.6: Heatmaps under different indexing modes with insert-based sparse attention map.

While Figure 5.5 illustrates the sampling score heatmaps for carve-based SAM
under different indexing modes, Figure 5.6 gives the results for insert-based
SAM. Note that only four indexing modes are applicable for insert-based SAM.
The visualized results are quite similar to those of carve-based SAM except
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for indexing mode vi, with which insert-based SAM shows smaller differences
between point sampling scores. On the other hand, indexing mode vii still
achieves a better trade-off between sampling edge points and preserving global
uniformity. However, the performance of insert-based SAM on downstream
tasks is mostly not on par with carve-based SAM (see Section 5.5.4), hence we
use carve-based SAM as default for most experiments.

5.4 Tunable Random Sampling

After point-wise sampling scores are computed, points are sampled based on
certain rules. In APES, points with larger scores are sampled, i.e. top-M. In
our case, as we aim to enhance the neural network’s flexibility by enabling the
sampling of certain non-edge points, we suggest employing random sampling
with priors. The idea is quite straightforward: process the point-wise sampling
scores into point-wise sampling probabilities, and M non-repeated points are
sampled randomly based on their sampling probabilities.
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Figure 5.7: Histogram of sampling scores without normalization. Scores are of small values.
As the sampling score becomes relatively large, its distribution exhibits increased
discontinuity.
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The sampling process is based on the computed sampling scores. When index-
ing mode vii is employed, an example of the distribution of sampling scores
from it is provided in Figure 5.7. This figure highlights two main challenges for
the subsequent process. Firstly, the distribution exhibits strong discontinuity,
especially when the sampling score is large, indicating that the entire variation
in value is dominanted by changes in n, in Equation (5.10). Secondly, it is
noteworthy that the sampling scores are confined to a narrow range of (0,
0.00006), which is comparatively small. After the softmax operation, these
values tend to converge to almost identical numbers.

Therefore the sampling process should begin with the normalization of the

point-wise sampling scores a,, across each shape. We employ the common

P
Z-score normalization:

4 aPi _fmean({apj|j = 1,2,...,N})
“n " j ’ (5.11)
P faallap,lj =1.2,....N})

where f..n and fq are the functions that compute the mean and the standard
deviation of a set of values respectively.

Boltzmann Sampling
To process the normalized sampling scores a;i into sampling probabilities p,, ,
the most simple way is Softmax, i.e.:

’

eal)i
Pp, =

i !/

Zfil e

Moreover, inspired by the Boltzmann Distribution [Bol68], we add a tempera-

(5.12)

ture parameter 7 to Equation (5.12) to control the sampling distribution:

al_/-t
N a,. /T
Zj=1 e
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As 7 approaches 0, the sampling outcome converges towards top-M sampling.
Conversely, as T approaches infinity (+o0), the result converges towards uni-
form sampling. Specifically, when 7 = 1, the sampling method aligns with
Softmax-based sampling. This parameter allows seamlessly adjusting the sam-
pling approach from uniform sampling to Softmax-based, and ultimately to
top-M sampling. Sampling with 7 can be seen as a compromise between the
top-M sampling, Softmax-based sampling, and uniform sampling.
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Figure 5.8: There are a small number of points in the long tail with high sampling scores. They
can dominate the calculation of sampling probabilities

A typical distribution of sampling scores after normalization is depicted in
Figure 5.8, showcasing a distribution with a pronounced long tail. The sam-
pling probabilities are calculated according to eq. (5.13), and the sum of all
probabilities equals 1. The long tail leads to a situation where the probabilities
calculated are overwhelmingly influenced by a few points with high sampling
scores. Consequently, the probabilities associated with the majority of points
are nearly zero. To address this issue, a solution should be able to: (1) reduce
the values of points in the long tail in the distribution, thereby diminishing
their impact on the sampling probability of the remaining points, and (2)
ensure minimal impact on the sampling scores of majority of points. The
tanh function emerges as a fitting solution to these challenges, allowing us to
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calculate the sampling probabilities by modifying Equation (5.13) as follows:

" ’
ap, = tanh(api) , (5.14)
ol
Pp, = ———. (5.15)

Pl &l
5.5 Experimental Results

5.5.1 Classification

Network Architecture Design

For the classification task, we use the same network architecture of APES as in
Figure 4.8 for a fair comparison. The downsampling layers have been replaced
by the newly designed SAM-based ones. A new indexing mode and a new
sampling policy have been adopted.
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Figure 5.9: The network structure of SAMPS downsampling layers with carve-based SAM. The
SAM is constructed by using the global attention map as the information basis.
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The network structures of two alternative downsampling layers are illustrated
in Figure 5.9 and Figure 5.10, respectively. In both approaches, a SAM is
constructed after the computing attention map(s). The carve-based SAM
utilizes the global attention map as the information basis, while the insert-based
SAM employs local attention maps. In both cases, kNN indices of every point
are computed from the input feature to guide the carve or the insert operation.
Once a SAM is constructed, point-wise sampling scores are computed using
one of the proposed indexing modes. Subsequently, these sampling scores are
converted into sampling probabilities, which are then utilized for Boltzmann
sampling. This conversion step prepares the probabilities for the subsequent
sampling process, enabling the generation of samples based on the given
distribution.
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Figure 5.10: The network structure of SAMPS downsampling layers with insert-based SAM. The
SAM is constructed by using the local attention maps as the information basis.
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Training Detail

All the training settings are kept consistent with APES. AdamW is used as the
optimizer. The learning rate starts from 1 X 10~* and decays to 1 x 1078 with
a cosine annealing schedule. The weight decay hyperparameter for network
weights is set as 1. Dropout with a probability of 0.5 is used in the last two fully
connected layers. We use indexing mode vii for computing point-wise sampling
scores and a temperature parameter of 7 = 0.05 is used during Boltzmann
sampling. The network is trained with a batch size of 8 for 200 epochs.

Quantitative and Qualitative Results

The quantitative results of our evaluation are presented in Table 5.1, providing
a comprehensive analysis of the performance of our method. In comparison
to its predecessor, our proposed method surpasses previous methods and
achieves state-of-the-art performance.

Table 5.1: Classification results on ModelNet40. In comparison with other SOTA methods that
also only use raw point clouds as input.

Method Overall Accuracy
PointNet [Qil7a] 89.2%
PointNet++ [Qil7a] 91.9%
SpiderCNN [Xu18] 92.4%
DGCNN [Wan19] 92.9%
PointCNN [Li18b] 92.2%
PointConv [Wu19] 92.5%
PVCNN [Liu19c] 92.4%
KPConv [Tho19] 92.9%
PointASNL [Yan20a] 93.2%
PT! [Eng21] 92.8%
PT? [Zha21c] 93.7%
PCT [Guo21] 93.2%
PRA-Net [Che21b] 93.7%
PAConv [Xu21] 93.6%
CurveNet [Muz20] 93.8%
DeltaConv [Wie22] 93.8%
PointNeXt [Qia22] 93.2%
APES (local) [Wu23b] 93.5%
APES (global) [Wu23b] 93.8%
SAMPS 94.1%
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In Figure 5.11 and Figure 5.12, we present the qualitative results in a visually
compelling manner, offering a deeper understanding of the capabilities of our
proposed method compared to its predecessor. The visual comparison includes
both sampling score heatmaps and sampled results, providing a comprehensive
assessment of the performance and effectiveness of our approach.

One notable observation is that, unlike APES, our SAMPS algorithm demon-
strates remarkable improvements in capturing global uniformity. By avoiding
excessive focus on edge points, SAMPS achieves a more balanced and holistic
representation of the underlying data. This is particularly evident in areas with
intricate details, such as the delicate legs of a chair. Our method successfully
achieves a better trade-off between sampling edge points and preserving the
overall uniformity of the sampled results.

APES

Heatmap

Sampled
Result

Heatmap

Sampled
Result

Figure 5.11: Qualitative results of our proposed SAMPS, in comparison with APES. Apart from
the sampled results, sampling score heatmaps are also given. The chair category. All
shapes are from the test set.
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Figure 5.12: Qualitative results of our proposed SAMPS, in comparison with APES. Apart from
the sampled results, sampling score heatmaps are also given. The airplane, car, lamp
and plants categories. All shapes are from the test set.

These qualitative findings in Figure 5.11 and Figure 5.12 align with the quan-
titative results presented in Table 5.1, further solidifying the superiority of
our proposed method. The combination of improved performance metrics
and visually appealing results highlights the significant advancements offered
by SAMPS, positioning it as a highly promising solution in the field of point
cloud sampling.

Overall, our method not only outperforms its predecessor in terms of quanti-
tative evaluation but also exhibits superior qualitative characteristics. These
findings collectively demonstrate the efficacy and capability of our proposed
approach, reinforcing its potential for various applications and its relevance
to the broader research community.
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5.5.2 Segmentation

Network Architecture Design

To ensure a fair comparison, we adopt the same segmentation network ar-
chitecture as shown in Figure 4.14 for APES. However, we introduce our
proposed new downsampling layer and replace the upsampling layer with
an interpolation-based approach. The network structures of two alternative
downsampling layers are illustrated in Figure 5.9 and Figure 5.10.

Most other point cloud network models apply neighbor-based interpolation
[Qi17Db, Li18b, Wu19, Qia22, Zha21c] for upsampling since FPS is used in the
downsampling process. However, since APES focuses on edge points during the
sampling, the neighbor-based interpolation operation is not feasible anymore,
especially for those points that are far from edges. To circumvent this issue,
APES proposes a cross-attention layer for upsampling and achieves reasonably
satisfactory results. In this chapter, with the improved global uniformity
achieved during sampling using our proposed downsampling layer, we can
now leverage the benefits of interpolation-based upsampling. The network
structure of the interpolation-based upsampling layer is depicted in Figure 5.13.

from from from from
skip connection last layer skip connection last layer
[ nNxd | [ Mxd | [ nx3 | [ mMx3
[ nxd | [ Mxd |

‘ Interpolation

Nxd

[ wxd |

Figure 5.13: The network structure of the interpolation-based upsampling layer.
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Training Details

All the training settings are kept consistent with APES. AdamW is used as the
optimizer. The learning rate starts from 1 X 10~* and decays to 1 x 1078 with
a cosine annealing schedule. The weight decay hyperparameter for network
weights is 1 x10™*. Dropout with a probability of 0.5 is used in the last two fully
connected layers. We use indexing mode vii for computing point-wise sampling
scores and a temperature parameter of 7 = 0.05 is used during Boltzmann
sampling. The network is trained with a batch size of 16 for 200 epochs.

Quantitative and Qualitative Results

The quantitative results are given in Table 5.2, providing a comprehensive
analysis of the performance of our method.

Table 5.2: Performance of SAMPS on the ShapeNet Part Segmentation benchmark.

Method Cat. mIoU  Ins. mloU
PointNet [Qi17a] 80.4% 83.7%
PointNet++ [Qi17b] 81.9% 85.1%
SpiderCNN [Xu18] 82.4% 85.3%
DGCNN [Wan19] 82.3% 85.2%
SPLATNet [Su18] 83.7% 85.4%
PointCNN [Li18b] 84.6% 86.1%
PointConv [Wu19] 82.8% 85.7%
KPConv [Tho19] 85.0% 86.2%
PT' [Eng21] - 85.9%
PT? [Zha21c] 83.7% 86.6%
PCT [Guo21] - 86.4%
PRA-Net [Che21b] 83.7% 86.3%
PAConv [Xu21] 84.6% 86.1%
CurveNet [Muz20] - 86.6%
DeltaConv [Wie22] - 86.6%
StratifiedTransformer [Lai22] 85.1% 86.6%
PointNeXt [Qia22] 84.4% 86.7%
PointMLP [Ma22] 84.6% 86.1%
PointMetaBase [Lin23] 84.3% 86.7%
APES (local-based) [Wu23b] 83.1% 85.6%
APES (global-based) [Wu23b] 83.7% 85.8%
SAMPS 84.2% 86.5%
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The quantitative results presented in Table 5.2 demonstrate that SAMPS sur-
passes its predecessor, showcasing improved performance across various met-
rics. However, SAMPS does not yet achieve the performance levels of the top-
performing methods in the field. While SAMPS exhibits notable advancements
and outperforms its predecessor, there is still room for further improvement
to match or exceed the state-of-the-art results.

In addition, a study of applying different upsampling layers and interpolating
with different K, is also performed and the results are reported in Table 5.3.
From it, we can observe a performance decrease in APES when interpolation
is used for upsampling instead of cross-attention, while SAMPS achieves
better performance with interpolation. On the other hand, as K, increases,
APES reports an overall performance increase, while a performance decrease
is observed in SAMPS. This is due to that when a point cloud is uniformly
sampled, too many neighbors do not always contribute to a better interpolation
result. Hence many other papers also adopt K, = 3 for interpolation. In
conclusion, our method overcomes the limitation of APES and enables the
application of interpolation for upsampling.

Table 5.3: Segmentation results with different upsampling layers on ShapeNet Part. The number
before “/” is the category mloU, and the number after is the instance mIoU.

Interpolation .
Upsample Cross Attention
K,=3 K,=8 K,=16
APES (local) 82.89 / 85.40 82.95/85.44 82.96/85.42 83.11/ 85.58
APES (global) 83.16 / 85.53 83.19/85.59  83.17 / 85.55 83.67 / 85.81

SAMPS 84.22/86.46 84.08/86.19 84.02/86.23 84.10 / 86.24

The qualitative results are depicted in Figure 5.14. Once again, SAMPS success-
fully strikes a better trade-off between sampling edge points and preserving
global uniformity, as demonstrated across various object classes. For example,
in the case of chair segmentation, SAMPS exhibits a notable improvement
over APES by sampling more points on the chair seats. This increased sam-
pling density enables effective interpolation operations during the subsequent
upsampling stage. As a result, SAMPS captures finer details and contours,
enhancing the overall quality of the segmentation output.

119



5 SAMPS: Balancing between Edge Sampling and Global Uniformity Preserving
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Figure 5.14: Segmentation results from SAMPS, in comparison with the result from APES. All
shapes are from the test set.

120



5.5 Experimental Results

5.5.3 Few Point Sampling

Experiment Setting

Apart from APES, we additionally compare our sampling method to previous
work including RS, FPS, and the more recent learning-based S-Net, SampleNet,
LighTN, etc. The same evaluation framework from [Dov19, Wan23, Wu23b] is
used. The task here is the ModelNet40 Classification, and the task network is
PointNet. Sampling methods are evaluated with multiple sampling sizes.

Moreover, it is important to note that APES addresses its limitations in few-
point sampling by employing FPS to pre-sample the input into 2M points
[Wu23b]. However, this pre-processing step introduces an additional bias and
complexity that may not be present in other methods, potentially affecting
the fairness of the comparison. To ensure a fair and unbiased evaluation, we
conducted experiments specifically on APES without the FPS pre-processing
step. By removing this additional step, we can assess the performance of APES
under more comparable conditions, aligning it with the evaluation setup of
other methods.

Quantitative and Qualitative Results

We present the numerical results in Table 5.4, which clearly demonstrate
that our SAMPS method achieves state-of-the-art performance in the few-
point sampling task. Notably, when only a small number of points (less than
approximately 100) are sampled from the input, SAMPS outperforms APES
even when APES utilizes the pre-processing operation.

Due to the aforementioned limitations of APES, for few-point sampling, it uses
FPS to pre-sample the input into 2M points [Wu23b]. Notably, without this
pre-processing step, the performance of APES experiences a significant de-
crease, as demonstrated in Table 5.4. In contrast, our SAMPS method preserves
better global uniformity, allowing for satisfactory sampled results even when
directly sampling a few points from the input. This distinction is evident in
Figure 5.15, where a visual comparison between APES and SAMPS is presented.
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Table 5.4: Comparison with other sampling methods. Evaluated on the ModelNet40 classification
benchmark with multiple sampling sizes. For APES, we additionally report its perfor-
mance when pre-processing is not performed.

M Voxel RS FPS [E1d97] S-NET [Dov19]
512 73.82 87.52 88.34 87.80

256 73.50 77.09 83.64 82.38

128 68.15 56.44 70.34 77.53

64 58.31 31.69 46.42 70.45

32 20.02 16.35 26.58 60.70

M PST-NET [Wan21]  SampleNet [Lan20] ~ MOPS-Net [Qia20]  DA-Net [Lin21]
512 87.94 88.16 86.67 89.01

256 83.15 84.27 86.63 86.24

128 80.11 80.75 86.06 85.67

64 76.06 79.86 85.25 85.55

32 63.92 77.31 84.28 85.11

M LighTN [Wan23]  APES (w/ pre-pro.)  APES (w/o pre-pro.) SAMPS
512 89.91 90.81 89.81 90.46

256 88.21 90.40 86.78 90.12

128 86.26 89.77 84.87 89.81

64 86.51 89.57 79.23 89.66

32 86.18 88.56 75.63 89.25

From the visualization, it is apparent that when APES samples a very limited
number of points directly from the input, it tends to concentrate those samples
in the most salient or sharp locations. In contrast, SAMPS maintains better
global uniformity in its sampling, ensuring a more balanced representation
of the input data. The ability of SAMPS to preserve global uniformity during
few-point sampling is a significant advantage. It enables the method to capture
a more comprehensive understanding of the input, even with a limited number
of samples.

The comparison between APES and SAMPS in terms of few-point sampling
highlights the superior performance and global uniformity achieved by our
proposed method. These findings reinforce the efficacy and versatility of
SAMPS across various sampling scenarios and emphasize its potential for
practical applications in situations involving limited resources or sparse data
distributions.
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Figure 5.15: Sampled results of few-point sampling. No pre-FPS into 2M points was performed.
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5.5.4 Ablation Study

Since the comparison with APES is of more importance, in this ablation study
subsection, our emphasis is directed towards the novel designs introduced
within this paper. Common topics that have been previously investigated in
APES are briefly explored in this subsection.

Feature Dimension and Choice of k

In our experimental setup, we adopt a default embedding dimension of 128
and a neighbor number of 32 for SAMPS, consistent with the configuration
used in APES. Furthermore, we conduct additional experiments to explore
the impact of varying the embedding dimension d and the neighbor number
k on SAMPS’ performance. The numerical results tested on the ModelNet40
classification benchmark are presented in Table 5.5.

Table 5.5: Model performance on the ModelNet40 classification benchmark under different layer
parameters, including embedding dimension d and neighbor number k.

d 64 128 192 k 8 16 32 64 128
OA (%) 93.68 94.05 94.13 OA (%) 9354 93.88 94.05 9412 94.16

From the results, it is evident that increasing the embedding dimension d or
the neighbor number k generally leads to improved performance. This obser-
vation aligns with the notion that higher-dimensional embeddings and a larger
number of neighbors provide richer and more comprehensive information
for the sampling process. However, it is important to note that the perfor-
mance gains become progressively marginal as these parameters increase.
This diminishing improvement suggests that there may be diminishing returns
beyond a certain point. Therefore, careful consideration should be given to
strike a balance between performance and computational complexity when
selecting the optimal values for d and k.

Different Indexing Modes

In Section 5.5, we use indexing mode vii as the method for computing point-
wise sampling scores in the SAMPS framework. This indexing mode, combined
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with the carve-based SAM, offers promising results in our experiments. To
provide a comprehensive analysis, in addition to the visualized heatmaps in
Figure 5.5 and Figure 5.6, the corresponding experimental results are presented
in Table 5.6. In all experiments, we maintain a consistent temperature value

of ¢ = 0.05.

Table 5.6: Classification and segmentation performance of different indexing modes with different

SAMs.
gap — [ndexing Cls. Seg.
Mode OA (%) Cat.mIoU (%) Ins. mloU (%)

i 93.92 83.98 86.16
ii 93.78 83.85 85.99
iii 93.63 83.62 85.74

Carve iv 93.66 83.51 85.60
v 93.40 83.47 85.49
vi 94.11 84.12 86.38
vii 94.08 84.22 86.46
iii 93.67 83.71 85.86

Insert V, 93.44 83.42 85.51
vi 93.46 83.64 85.78
vii 93.83 84.09 86.15

The visualized heatmaps in Figures 5.5 and 5.6 provide a visual representation
of the sampling scores generated by the respective indexing modes. On the
other hand, the numerical results in Table 5.6 confirm that indexing modes
vi and vii, when used in conjunction with the carve-based SAM method,
consistently demonstrate superior performance compared to other indexing
modes. These findings validate the effectiveness of these indexing modes in
achieving the desired sampling outcomes.

Temperature Parameter

In addition to the aforementioned analyses, we also conducted an ablation
study to investigate the effect of different values of 7 in SAMPS. The results
are reported in Table 5.7, and to complement these findings, we visualized

125



5 SAMPS: Balancing between Edge Sampling and Global Uniformity Preserving

the sampling score heatmap, sampled result, and the post-softmax sampling
probability heatmap in Figure 5.16.

7=0.01 T=0.02 T=0.05

Sampling Score
(pre-softmax)

Sampling Probability
(post-softmax)

Sampled Points

Figure 5.16: Different sampling results using different 7 in the softmax with temperature during
the sampling process. The indexing mode is the sparse column square-divided.

Table 5.7: Classification and segmentation performance of the model with different temperature
7 value.

T 0.01 0.02 0.05 0.1 1 10
Cls. OA (%) 93.74 9390 94.05 9398 93.72 93.41
Cat. mIoU (%) 83.85 83.94 84.22 84.18 83.63 83.27
Ins. mIoU (%) 86.04 86.27 86.46 86.36 86.02 85.82

From the visualization, it is evident that as 7 increases, the sampling proba-
bility of points transitions from having a significant deviation to being more
uniformly distributed, as intended by our design. This observation aligns
with our objective of achieving global uniformity in the sampling process.
Regarding the numerical results, we find that v = 0.05 yields the best per-
formance in our experiments. However, it is worth noting that a smaller 7,
which corresponds to a sampling strategy closer to Top-M sampling, does
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not consistently guarantee better performance. This observation is consistent
with the conclusion that solely sampling edge points can have detrimental
effects on the overall performance.

The ablation study on the value of 7 provides valuable insights into the in-
fluence of temperature in the sampling process of SAMPS. The visualization
of the sampling probability heatmap and the quantitative results help us un-
derstand the optimal range of = for achieving the desired balance between
global uniformity and capturing important details.

Model Complexity

Model complexity significantly influences a model’s ability to learn from varied
and complex data patterns. Generally, more complex models, which typically
feature more layers or neurons, are capable of capturing subtler nuances within
the data. However, this increased complexity can also heighten the risk of
overfitting, where a model becomes overly attuned to noise and specific details
in the training data that do not generalize well to new data.

To evaluate SAMPS’ practicality, we provide an analysis of model complexity in
Table 5.8. This includes details on model parameters and floating-point opera-
tions per second (FLOPs) for both the entire model and a single downsampling
layer. In order to assess inference efficiency, experiments were carried out
using a trained ModelNet40 classification model on a single NVIDIA GeForce
RTX 3090. The tests were conducted with a batch size of 8, evaluating a total
of 2468 shapes from the test set.

Table 5.8: For model Complexity, we report the number of model parameters and FLOPs for both
the full model and one downsampling layer. The inference throughput (instances per
second) is also reported.

Method Params. FLOPs Throughput
Full Model ~ One DS Layer Full Model ~ One DS layer (ins./sec.)
APES (local) 4.47M 49.15k 459G 1.09G 488
APES (global) 4.47M 49.15k 3.03G 0.05G 520
SAMPS (insert) 4.47M 49.15k 4.59G 1.09G 446
SAMPS (carve) 4.47M 49.15k 3.03G 0.05G 473
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In Table 5.8, it is evident that SAMPS shares the same number of model param-
eters as APES, as both employ an attention-based module for downsampling.
Despite potential variations in tensor sizes resulting from the use of self-
attention or cross-attention mechanisms, the fundamental model parameters
remain consistent, primarily residing in the layers responsible for computing
the Q,K, andV tensors.

On a different note, downsampling layers featuring carve-based SAM exhibit
significantly lower FLOPs compared to those utilizing insert-based SAM. This
efficiency stems from carve-based SAM’s utilization of global information as
its basis, involving point-to-point self-attention. In contrast, insert-based SAM
relies on local information, incorporating point-to-neighbor cross-attention,
which typically leads to higher FLOPs.

Lastly, while SAMPS introduces additional operations, its inference throughput
experiences a slight decrease as a result.

5.6 Summary

Compute
= Point-wise =
Sampling Score

Build
Attention Map

Establish
Sampling Policy

Input Output
Point Cloud Point Cloud

Boltzmann Sampling
Sparse Attention Map Sparse, Row (Mode iii/iv)

Sparse, Col. (Mode v/vi/vii)

Figure 5.17: In this chapter, SAMPS is proposed by leveraging SAM and exploring various in-
dexing modes. A new sampling policy of Boltzmann sampling is employed. It
successfully achieves a better trade-off between sampling edge points and preserv-
ing global uniformity of the input point cloud.
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In this chapter, a new point cloud sampling method called SAMPS has been
proposed based on APES to overcome the limitations of the predecessor. Based
on a sparse attention map that combines knowledge from both local and global
information, multiple indexing modes have been designed and explored. Map-
ping the point-wise sampling scores into sampling probabilities, the softmax
function with a temperature parameter is used to achieve simple tunable sam-
pling. With the proposed methods, a better trade-off between sampling edge
points and preserving global uniformity of the input point cloud has been
achieved. This enables the utilization of interpolation-based upsampling layers
and successfully leads to significantly improved sampling results, especially
when only a few points are sampled.

However, the challenge of balancing edge sampling in point clouds could be
further explored. One area that requires further exploration is the sampling
policy. Regarding the sampling policy, both APES and SAMPS demonstrate
a limitation in their approach to handling the inherent variations in point
distributions observed across various shapes. Consequently, these methods
do not adequately consider the unique characteristics exhibited by different
shapes and instead employ the same sampling strategy applied uniformly
to all point clouds. In the upcoming chapter, our objective is to develop an
innovative sampling policy that can learn shape-specific sampling strategies
for diverse point clouds.
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6 SAMBLE: Learning Shape-Specific
Sampling Strategies with Bin
Partitioning

6.1 Going Beyond SAMPS

While current learning-based point cloud sampling methods are mostly
generative-based [Dov19, Lan20, Che22], APES pioneers the direction of
combining neural network-based learning and mathematical statistics-based
direct point selection. This method identifies salient edge points in the
point cloud outline by computing sampling scores that are derived from
normalized attention maps. It demonstrates superior performance on multiple
common benchmark tasks. Subsequently, we extend it to SAMPS, which
introduces a Sparse Attention Map (SAM) to integrate information from
both local and global, with multiple point-wise sampling score computation
methods proposed and evaluated. SAMPS further achieves a better trade-off
between sampling edge points and preserving the global uniformity of
the input point cloud.

However, there is still room for improvement in both APES and SAMPS.
These methods calculate sampling scores using mathematical statistics-based
computations derived from the learned attention map(s). Subsequently, a
sampling policy, such as top-M or Boltzmann sampling, is applied uniformly
to all point clouds. In essence, APES and SAMPS manually establish the
mapping between sampling scores and sampling probabilities. However, while
the current mapping is competitive, it may not be optimal for all shapes.
Considering the diverse features and distinct distribution of sampling scores
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across different shapes, it is necessary to develop a shape-specific mapping
between sampling scores and sampling probabilities.

To address these limitations, the objective of this chapter is to introduce a
novel approach that enables the deep learning model to learn shape-specific
sampling strategies. By doing so, we can overcome the drawbacks of the
existing methods and achieve improved results by tailoring the sampling
policies to the unique characteristics of each shape.

From Point Categories to Bin Partitioning

The idea originates from a thoughtful analysis of the illustrative demo figure
that introduces point categories in SAMPS, as depicted once again in Figure 6.1.
In it, various point categories are introduced, including Edge points, Close-to-
edge points, and Non-edge points. Each category further contains multiple
sub-categories.

e]1 0] €056 e o o o ) ®
o] e ¢ o e o @ 3
4 .
e 050 © o o o . Edge points
.5

e o o ol o o 6 Close-to-edge points

e o (e o] e o

e o o o] @ o © 5 Non-edge points

Figure 6.1: When selecting an equal number of neighbors for each point in the input point cloud,
points at different positions are chosen as neighbors with varying frequencies.

Drawing inspiration from it, SAMPS achieves a better sampling trade-off
between edge details and global uniformity. We further build upon that. Points
within a specific category share similar sampling scores, suggesting that this
partitioning can be efficiently achieved through bin partitioning based on the
sampling score. Therefore, the mapping from sampling scores to sampling
probabilities can be described by the bin partitioning process and the weight
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associated with each bin. By leveraging this approach, shape-specific sampling
strategies can be derived, leading to improved sampling outcomes.

Sampling pipeline

In this chapter, a new method of Sparse Attention Map and Bin-based Learning
method (termed SAMBLE) [Wu25] is proposed for point cloud sampling. A
brief sampling pipeline is provided in Figure 6.2.

SAMBLE Brief Pipeline

Bin Partltlonlng

oo 0O
oo g
Sparse

_ . " Shape wise
Attention Learning Bin Sampling
0 - 1 Map Sampling Ratio Strategy

Figure 6.2: A brief pipeline of our proposed method SAMBLE to learn shape-specific sampling
strategies for point cloud shapes.

Pomt wise
Input Shape [> sampling Score _\\/\ Sampled Output

This pipeline builds upon SAMPS by introducing a bin-based sampling method,
which replaces the conventional sampling policy. In this method, the mapping
from sampling scores to sampling probabilities is achieved through the bin
partitioning process and the assignment of weights to each bin. It is important
to note that when taking into account the actual network-based learning
process, it is not as straightforward to define the boundaries for bin partitioning
as illustrated in the demonstration shown in Figure 6.1. The boundaries for
partitioning the points still need to be learned during the training process.
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On the other hand, to learn the bin weights, inspired by ViT[Dos21],
VilT[Kim21], and PointCAT [Yan23] — which leverage additional tokens
during the computation of attention maps to extract and convey informa-
tion across the entire feature map or specific groups of points or pixels
— we introduce additional tokens specifically for learning bin sampling
weights. In our case, attention maps are computed shape-wise during the
downsampling process, facilitating the learning of bin sampling weights
also in a shape-wise manner.

6.2 Bin-Based Sampling

After point-wise sampling scores are computed with SAM, points are sampled
based on certain rules. The simplest way is to sample points with larger scores,
i.e. top-M. In our case, as we aim to enhance the neural network’s flexibility
by integrating learned point cloud features into the sampling process and
allowing for the selection of certain close-to-edge points or even non-edge
points, we suggest employing a bin-based sampling strategy.

6.2.1 Bin Partitioning

Equal or Unequal Partitioning

To partition the points into bins, the simplest and most intuitional method is
equal-sized bin partitioning. All N points are sorted by their downsampling
scores from highest to lowest and then divided into n, bins, with each bin
containing an equal number of points.

However, the distribution of points among categories within different shapes
may not necessarily be uniform. Equal-sized partitioning fails to account for
shape-wise differences, potentially leading to points from different categories
being grouped into the same bin or points from the same category being
distributed across different bins. Therefore, we have adopted an unequal-sized
partitioning approach that allows for an adaptive shape-wise distribution of
points among the bins.
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Instead of sorting points by sampling score and placing points with specific
ranks into specific bins, they are partitioned into #n, bins according to the n, — 1
boundary values, which are represented as a vector v, = (v, vy, =+, V,,_1)
in the tth iteration. These boundary values are meticulously designed and
statistically computed to ensure that each bin contains approximately the same
number of points across all point clouds from the training set. It is important
to note that although v, facilitates an approximate even division across all the
shapes as the model is iteratively trained, for each individual shape, points are
not evenly partitioned with the acquired boundary values at the final iteration.

Fixed or Dynamic Bin Boundary Values

To ensure an average distribution of points of all shapes among n,, bins, it’s
necessary to establish boundary values based on the collective statistics of
all sampling scores of all points. In this case, using fixed boundary values for
the bin partitioning becomes unfeasible since obtaining these values during
runtime is not possible. This is because the model requires the boundary values
from the very beginning, including the first training batch, and the model
hasn’t processed the complete dataset at that early stage. Therefore, relying on
fixed boundary values obtained during runtime is impractical in this context.

The only possible way to use fixed boundary values is to pre-train the feature
learning layers on a degraded model in which no bin partitioning is involved.
Given the similarity of our overall model structure and attention score calcu-
lation method to SAMPS, it was expected that the attention scores obtained
from it would have a distribution similar to that of SAMPS. Therefore, several
SAMPS models were trained and saved, and the attention scores of all points in
the training set within these models were statistically analyzed. The boundary
values are obtained by equally partitioning the points of the entire dataset into
ny, bins based on their sampling scores. These boundary values are fixed and
used for the training of a SAMBLE model subsequently.

However, as research progressed and more improvements were introduced, the
gap between the new and old sampling score distributions became increasingly
significant. Using fixed boundary values in such cases resulted in instability
during the training process and led to slightly worse performance. Relying
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solely on SAMPS became less ideal. As a result, a new scheme with dynamic
updates was adopted, allowing for adjustments and adaptations to the evolving
sampling score distributions.

Dynamic Bin Boundary Values Updating

The process begins with the processing of the distribution of normalized point-
wise sampling scores across the shapes within the current batch. Denoting
ny, as the number of bins we used for partitioning, n, — 1 boundary values
are computed based on this distribution. In each training step, a vector v, =
(vi,va, =+, V1) that ensures the equitable division of points among all shapes
within the current batch is computed based on the point score distribution.
Note that even while v, enables an even division across the shapes of the
current batch, for each individual shape, points are not evenly partitioned with
the acquired batch-based boundary values.

During the training, for the first iteration, we directly use the boundary values
derived from the first batch of data as the dynamic boundary values. Sub-
sequently, since the second iteration, boundaries are updated adaptively in
a momentum-based manner:

vi=yvio +=p)v,, (6.1)

where v,_; stands for the bin partitioning boundaries used in the last iteration,
and v, is the updated dynamic boundaries used for the current iteration. v,
is a vector of boundary values that ensures the equitable division of points
among all shapes within the current batch. y € (0, 1) is the momentum update
factor. With updated boundary values v, points in each shape are divided into
n, subsets of {B, By, ..., B, } based on their sampling scores.

The principle idea presented here is the adaptive learning of boundary values,
which are derived from the entirety of shapes within the training dataset. These
values aim to evenly partition the distribution of point sampling scores across
all shapes and points in the training data. Consequently, for each individual
shape, the acquired boundary values can effectively partition its points into bins
with a shape-specific strategy, capturing the unique characteristics of the shape
while maintaining a degree of proximity to other shapes within the dataset.
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6.2.2 Tokens for Learning Bin Weights

With points already being partitioned into bins for each shape, the next step is
to learn a shape-specific sampling strategy, i.e., to learn shape-specific sampling
weights in each bin for each shape. Inspired by ViT [Dos21], VilT [Kim21], and
PointCAT [Yan23] — which leverage additional tokens during the computation
of attention maps to extract and convey information across the entire feature
map or specific groups of points or pixels — we introduce additional tokens
specifically for learning bin sampling weights. In our case, attention maps
are computed shape-wise during the downsampling process, facilitating the
learning of bin sampling weights also in a shape-wise manner.

Using the former proposed bin partitioning method, points in each shape
are partitioned into n;, subsets of { By, BB,, ..., B, }. The sampling weight w;
for bin B j(j = 1,2,...,np) is established based on the distinctive features
of each shape.

Network Structure for Bin Weights Learning

Figure 6.3 gives the network structure of our proposed downsampling layer
and illustrates the idea of using additional tokens. n, bin tokens are introduced
during the attention computation, where each token corresponds to a specific
bin. As shown in Figure 6.3, the bin tokens are initially concatenated with
the input point-wise features for Key and V alue. Subsequently, the combined
features are subjected to a cross-attention mechanism with the original point-
wise features as Query.

The attention map is split into two parts of a point-to-point sub-attention map
and a point-to-token sub-attention map. For the point-to-point attention map,
the methods proposed in Section 5.2 and Section 5.3 are applied to it to obtain
point-wise sampling scores. Note that in this case, the row-wise sum is not
exactly equal to 1 but still very close to 1 since n, is of a very small quantity
compared to N. With computed point scores, dynamic boundary values v,
are obtained for bin partitioning.
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Figure 6.3: Left: network structure of downsampling layer. Block 2: Points in each shape are
partitioned into n;, bins. Block 28: Masking the split-out point-to-token sub-attention
map. Block €: Learned bin sampling weights.

The point-to-token sub-attention map is dimensioned at n, X N. Each column
contains features not only from points in the corresponding bin but also from
points in the other bins. However, the significance of each bin should be solely
determined by the features of the points within that specific bin. To eliminate
interference from points irrelevant to the given bin, within each column, the
values associated with points from other bins are set to 0. In contrast, the
values of points that belong to the corresponding bin are kept unchanged.
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6.2 Bin-Based Sampling

In short, a mask operation is performed on the point-to-token sub-attention
map as illustrated in Block 8B of Figure 6.3.

The sampling weights ; are then subsequently acquired with

1
@; = ReLU s Z My 5, | » (6.2)
J p,EB;

where f; stands for the number of points in bin B;, and my, 5, represents
the element in the energy matrix corresponding to point p; in row and B;
in column.

Adding Bin Tokens to Q or K/V?

A critical point in the idea of bin tokens lies in determining the specific branches
to which the tokens should be concatenated. In order to match the tensor
dimension for later computation in the attention mechanism, the tensor size
of Key and Value should be the same. Hence if tokens are being added to the
Key branch, they also have to be added to the Value branch. Overall, there
are two possibilities of adding bin tokens to (i) the Query branch, or (ii) the
Key and the Value branches.

It is crucial to emphasize that, due to the nature of the sampling operation
where indexes are selected, gradients cannot be propagated back through the
sampling operation during the backward propagation process, as discussed in
Section 4.4.1. As a result, regardless of the selected structure, it is essential to
establish an alternative pathway to convey the information contained within
the bin tokens, which have a size of n, X N, to the downsampled features,
which have a size of M X d. This pathway should ensure the flow of relevant
information despite the inability to directly backpropagate gradients through
the sampling operation.

As illustrated in the left of Figure 6.4, in the former case, an attention map of
tensor size (N +n,)X N is obtained. After M indexes of the points to be sampled
are learned with SAMBLE, M rows in the attention map are extracted to form
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a new tensor for the next steps. However, note that the sub-tensor of n, X N
will never be delivered to the next steps since they do not correspond to points,
hence no gradient will be backpropagated to the tokens during the training.

Adding Bin Tokens to Query Adding Bin Tokens to Key and Value
Bin Tokens  Point Features Point Features  Bin Tokens
| |
¢ X
K 4 0, K, v
[wemyxal [ wxa | [ wxa | [ wxa | [ovemyxd] [o+m)xd|

=

N + ny N
—
// \.
_— \ N np
&
N
N
N N
N L —
SAMBLE
A [y ]

M X (N +n,)

M

Figure 6.4: Adding bin tokens to Query leads to no gradient being backpropagated to the tokens,
while adding bin tokens to Key and Value enables the gradient backpropagation.

On the other hand, as illustrated in the right of Figure 6.4, adding bin tokens
to the Key and Value branches does not have this problem and successfully
enables gradient backpropagation. One thing worth mentioning is that in this
scenario, the row-wise sum is not exactly equal to 1 but still very close to
1 due to the significantly smaller magnitude of n, relative to N. Therefore,
this is unlikely to significantly impact the calculation of point-wise sampling
scores. Concerning the design of adding bin tokens to all branches of Query,
Key, and Value, it is equivalent to case ii since the sub-tensor of n;, rows in
the attention map will never be sampled and propagated.
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6.2 Bin-Based Sampling

Pre-softmax or Post-softmax Attention Map for Splitting The Point-
to-Token Sub-Attention Map

When addressing the bin tokens, our initial approach involved splitting the
point-to-token sub-attention map from the post-softmax attention map Mo,
which seemed intuitively appropriate. Furthermore, all elements within Mo
are inherently positive, eliminating any concern for negative sampling weights
and obviating the need for an additional ReLU operation. However, experi-
mental findings revealed that this method proved ineffective, as it resulted in

overly uniform sampling weights across different bins.

The underlying cause of this issue was identified after we explored the under-
lying mathematical principles and examined the values in the tensors during
runtime. Tensors in a well-trained network tend to exhibit diminutive feature
values as they propagate through layers. Denote m;; as one element in the
pre-softmax attention map M., given its minute magnitude, we apply the

Taylor expansion formula to yield:

m?,
e’”ij=1+mij+%+---zl+m[j. (6.3)

Therefore, the corresponding element mgj in the post-softmax attention map is

’ e
m,. = ~ (6.4)
5 N+n, N+n
Z/ 1 bem'f N+nb+z b j

In our case, the values of the elements m;; in M, are approximately within
the magnitude of 1073 to 1075, After a softmax operation, the resultant values
m;j in M, exhibit minimal variation, leading to closely similar sampling
weights across bins in a later step.

Efforts were undertaken to address this issue before we turned to using M,,,.. for

sampling weights acquisition. We attempted to use the logarithmic operation
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to restore the lost information:

. N+ny
ij
Inm])) =In| — | =m; =In( Y " (6.5)
T e =

j=1

After the logarithmic operation, every value in the sub-attention map is nega-
tive. Therefore, a normalization operation is necessary. However, as shown in
6.5, the common normalization methods, such as z-score and centering, will
result in too many negative elements (more than half), leading to too much
information loss when passing through subsequent ReLU modules. Even if we
successfully identify or meticulously design a superior normalization method
that enables manual control over the proportion of negative elements to an
applicable value, such manual intervention strays from the original intention
of this thesis, which is to discover a learning-based mapping from sampling
score to sampling probability.

o Norm(ln(m;j))

Figure 6.5: lllustrative figure of the distribution of the element values in the post-softmax atten-
tion map, after normalization.

Through the analysis, we observed that the term m;; in Equation (6.5) is exactly
the elements in the pre-softmax attention map and is what we are interested
in. Therefore, to avoid the potential loss of information that could arise from
the softmax operation, we opted to directly use the results from M, for bin
sampling weights acquisition.
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Order of Mean-pooling and ReLU Operations

Within our design, the ReLU operation is used to prevent the learned sampling
weight from being negative. It can be performed after Mean-pooling, as shown
in Equation (6.2), or performed before Mean-pooling:

1
w; = — Z ReLU(mp[_’B/_). (6.6)

J PiEB;

However, the inherent distribution of values within tensors often results in a
non-negligible proportion being negative, especially those corresponding to
points of lower importance. Directly setting too many values to zero would
result in a significant loss of features, which is regrettable considering the
potential information discarded.

Therefore, instead of performing the ReLU operation before the mean-pooling
operation, we do it the other way around, i.e., first mean-pooling, then, after
this information fusion, ReLU is performed over the pooled results. As detailed
in Section 6.3.4, this mean-first approach has been adopted based on the results
and analysis of our experiments.

6.2.3 Sampling in Each Bin

After completing the evaluation of the points’ importance by calculating the
sampling score, performing bin partitioning, and assessing the importance of
each bin, points can then be downsampled. This process is carried out in two
steps: (1) determining the number of points that need to be selected from each
bin, and (2) selecting these points within each bin according to specific rules.

Determining Numbers of Sampled Points for Bins

For each shape, by considering the number of points contained within bins
B = (B, B>, ..., P,,) alongside the determined bin sampling weights @ =
(w1, w,, ... ,wnb), the specific numbers of points to be selected from each bin
Kk = (K1,Kp, ..., K,,b) are computed as follows.
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Direct multiplication of # and @ does not yield a sum that aligns with the total
number of down-sampled points M required by the network structure. To
address this discrepancy, a scaling method is applied to first scale bin sampling
weights ;. Furthermore, to prevent «; from surpassing the available number
f; in any bin, any excess points are proportionately redistributed to other
bins that have not been fully selected. The detailed pipeline is described in
Algorithm 1. Here, o denotes the Hadamard (element-wise) product, and &
is a small positive constant added to ensure that the denominator in line 5
remains strictly positive.

Algorithm 1 Determining k from f and @

Require: number of total points to be selected: M,
Sampling weights ® : [w, ®,, ..., ®,, ], number
of points in bins g : [f;, B,, -, ﬁnb]

k<0

X < @of+¢€

M, <M

: while M, > 0 do

M"

ij

6 for j = 1ton, do

7: K; < round(l(j + sxj)

8

9

AN

S <

J
if k; > §; then

: Kj < b
10: X; < 0
11: end if
12: end for
13: M, « M - Y k;
14: end while
15: return x

Sampling Within Bins

Finally, within each bin B;, a total of k; points are sampled based on the
normalized point-wise sampling scores a;;. computed from Equation (5.15). It
is important to note that these scores are normalized within each bin other
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than the whole point cloud. In this case, there are several options available for
the in-bin sampling policy. Alongside the commonly used Top-M sampling
and the previously explored fixed-temperature Boltzmann sampling, we also
investigate the effectiveness of bin-wise adaptive-temperature Boltzmann
sampling as an additional method.

(i) Top-M sampling.  The Top-M sampling represents the most fundamental
approach, wherein the points with the top-k; highest downsampling scores
are selected from a total of f; points in j-th bin B;. This method proves
particularly effective for sampling salient points in the point cloud outline.

(ii) Uniform sampling. ~ From a set of §; points in bin B;, a total of k; are
randomly selected without replacement. Within each bin, points have a uni-
form probability of being selected. This method excels at maintaining the
overall shape of the point cloud.

(iii) Fixed-temperature Boltzmann sampling. ~ From a set of f§; points in bin
B, a total of k; points are selected through random sampling with priors,
i.e. with point-wise sampling probabilities. Within each bin, to process the
sampling scores g, into sampling probabilities p}, , the computations described
in Section 5.4 are executed:

’ api _fmean({api“: 172’9‘6}})

a = - (6.7)
P fstd({api|l= 19277ﬁj})
a, = tanh(api) , (6.3)
a//_/r
e b
ppi = —”/ . (6.9)
a T
ZPiGBj er

Smean and fgq are the functions that compute the mean and the standard
deviation of a set of values respectively. The tanh function is used to avoid the
long-tail problem as discussed in Section 5.4. Drawing inspiration from the
Boltzmann Distribution [Bol68], a temperature parameter 7 is added to control
the sampling probability distribution. The point p; in bin 5; is randomly
selected with the probability pj, . Totally k; points are selected.

145



6 SAMBLE: Learning Shape-Specific Sampling Strategies with Bin Partitioning

As 7 approaches 0, the sampling outcome converges towards top-M sampling.
Conversely, as T approaches infinity (+o0), the result converges towards uni-
form sampling. Specifically, when 7 = 1, the sampling method aligns with
Softmax-based sampling. This parameter allows seamlessly adjusting the sam-
pling approach from uniform sampling to Softmax-based, and ultimately to
top-M sampling. Sampling with 7 can be seen as a compromise between the
top-M sampling, Softmax-based sampling and uniform sampling.

(iv) Adaptive-temperature Boltzmann sampling.  The distributions of post-
Boltzmann-softmax sampling probabilities depend on the total number of
points f; in each bin B;. Considering the variable number of points in bins
caused by unequal partitioning, it is worth exploring the adaptation of the
temperature parameter v based on the number of points f; in the bin B;
instead of using a fixed value. Based on this idea, the adaptive temperature
7; for each bin B, is determined as follows:

N/n
7, = #1, (6.10)
b
where N /n, is the average number of points over all bins. This implies that
when a bin contains a higher number of points, a relatively smaller value of
7; is used, emphasizing the selection of salient points during the sampling
process. Conversely, when a bin contains a lower number of points, a relatively
larger 7; is employed, promoting a more uniform sampling across the bin. It is
worth noting that when nj, = 1 and thus #; = N, Equation (6.10) essentially

simplifies to the fixed-temperature Boltzmann sampling.

Subsequently, the sampling probability p, of point p; in each bin is determined
as follows:

"
eapi/fj
Pp = —————— . (6.11)
2 ean/Tj
p[ij

Experiments concerning the in-bin sampling policies outlined above, along
with the hyperparameters, are detailed in Section 6.3.4. Drawing from the
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findings of these experiments, sampling with a fixed temperature parameter
7 is found to be the most effective and is applied in most of the following
experiments.

6.3 Experimental Results

6.3.1 Classification

Training Details

For a fair comparison, we use the same network architecture in SAMPS but with
our proposed new sampling layer. All the training settings are kept consistent.
AdamW is used as the optimizer. The learning rate starts from 1 x 107#
and decays to 1 x 1078 with a cosine annealing schedule. The weight decay
hyperparameter for network weights is set as 1. Dropout with a probability of
0.5 is used in the last two fully connected layers. We use n, = 6 bins for point
partitioning. The momentum update factor y = 0.99 for updating boundary
values. A fixed temperature parameter of ¢ = 0.1 is used. The network is
trained with a batch size of 8 for 200 epochs.

For bin tokens, each element x, of bin tokens is so initialized, that:

xp~ N (0, %) (6.12)

where d is the dimension of bin tokens. According to the design, d equals the
dimension of the input features of the attention block and is 128 in our case.

Quantitative and Qualitative Results

The quantitative evaluation results are presented in Table 6.1, offering a com-
prehensive analysis of the performance of our method. Our proposed approach
outperforms previous methods, including its predecessor, and attains state-
of-the-art performance levels.
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Table 6.1: Classification results on ModelNet40. In comparison with other SOTA methods that
also only use raw point clouds as input.

Method Overall Accuracy
PointNet [Qil7a] 89.2%
PointNet++ [Qil7a] 91.9%
SpiderCNN [Xu18] 92.4%
DGCNN [Wan19] 92.9%
PointCNN [Li18b] 92.2%
PointConv [Wu19] 92.5%
PVCNN [Liu19c] 92.4%
KPConv [Tho19] 92.9%
PointASNL [Yan20a] 93.2%
PT! [Eng21] 92.8%
PT? [Zha21c] 93.7%
PCT [Guo21] 93.2%
PRA-Net [Che21b] 93.7%
PAConv [Xu21] 93.6%
CurveNet [Muz20] 93.8%
DeltaConv [Wie22] 93.8%
PointNeXt [Qia22] 93.2%
APES (local) [Wu23b] 93.5%
APES (global) [Wu23b] 93.8%
SAMPS 94.1%
SAMBLE 94.2%

The qualitative results of SAMBLE are presented in Figure 6.6, which includes
sampling score heatmaps, the employed sampling strategies, and the final
sampled results. Results from APES and SAMPS are also included for com-
parison and analysis. In the logged shape bin histograms from SAMBLE, the
learned bin partitioning strategy (blue bins) with bin sampling ratios (red poly-
line) are both presented. It is evident that SAMBLE has successfully learned
shape-specific sampling strategies.

Comparing SAMBLE to APES, as shown in Figure 6.6, SAMBLE effectively
samples an adequate number of edge points that form the overall structure of
the shape. It also demonstrates improved global uniformity by not excessively
focusing on edge points, particularly for thin or detailed parts. For instance,
it selectively samples less points on chair legs to allocate more points for
sampling from the chair seats, resulting in a more balanced representation.
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@ @
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Figure 6.6: Qualitative results of the proposed SAMBLE, in comparison with the results from
APES and SAMPS. Apart from the sampled results, sampling score heatmaps and bin
histograms along with bin sampling ratios are also given. All shapes are from the test
set. APES adopts the Top-M sampling policy, SAMPS uses the Boltzmann sampling
policy, and SAMBLE employs the bin-based sampling policy.
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In comparison to SAMPS, SAMBLE exhibits similar heatmaps as they share
the same attention map construction and point-wise sampling score compu-
tation design. However, SAMBLE incorporates a bin-based sampling policy,
enabling the learning of shape-specific sampling strategies. While SAMBLE
still prioritizes sampling edge points, which correspond to the points in the
first bin, it also leverages other point categories. For example, in the case of the
airplane category, SAMBLE adopts a different sampling strategy than SAMPS
by sampling more points from the last bin, which contains points with the
smallest sampling scores and corresponds to the close-to-edge point category.
This choice results in a slightly more uniformly distributed sampling output,
which the model recognizes as a better sampling strategy.

Overall, SAMBLE successfully achieves a favorable balance between sampling
edge points and preserving global uniformity. Additionally, it introduces a
shape-specific sampling strategy that considers the unique characteristics
exhibited by different shapes, resulting in an enhanced sampling approach.

Relationship between Bin Sampling Weights and Ratios

For the sake of brevity and improved visual clarity, in Figure 6.6, the axis labels
of the histograms have been omitted. We further provide the full version of
the histogram, in which the number of points and the sampling ratio in each
bin are given. An example is provided in Figure 6.7. More detailed histogram
results are provided later.

Number of Points and Sampling Ratio over Bins

Number of Points in Bins
Sampling Ratio in Bins

Figure 6.7: Left: bin partitioning, each color represents the points belonging to this bin. Right:
the learned sampling strategy.
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One thing worth noting is that the indicated sampling ratios r in the histogram
are not simply re-scaled sampling weights @. As in the algorithm we presented
in this chapter, apart from the re-scaling operation, a redistribution operation
is also applied to prevent k; surpassing the available point number f; in one
bin. Given the point counts in each bin = (f;, f,, ..., B,,) and the numbers
of points to be sampled from each bin ¥ = (k, K, ..., ), the sampling
ratios presented in the histogram are given by r = k¥ @ B, where @ denotes
elment-wise division and r € [0, 1].

The redistribution operation only happens when «; is about to surpass f;, this
means all points in jth bin have been selected and r; = 1. We additionally
count and document the likelihood of this occurrence for all bins across all
test shapes. The numbers are reported in Table 6.2, for which we can see
that for around 54% of the shapes, all points in the first bin are selected and
sampled. Note that the first bin corresponds to the points of higher sampling
scores which are mostly edge points with indexing mode vii. This observation
underscores the significance of edge points. On the other hand, there are still
around 46% shapes that do not sample all edge points. It suggests that an
excessive emphasis on edge points might have adverse effects on subsequent

downstream tasks, which also aligns with the conclusion drawn by APES.

Table 6.2: Possibilities of all points being sampled in bins, across all test shapes.

Bin Index 0 1 2 3 4 5
Possibilities of All
Points Being Sampled

53.69% 27.11% 8.02% 2.11% 0.85% 4.98%

Further Visualizations of Learned Shape-specific Sampling Strategies

We present additional extensive results in Figure 6.8, Figure 6.9, Figure 6.10,
and Figure 6.11 with various categories. The presented shape-specific bin
partitioning histograms and bin sampling ratios reveal that SAMBLE has
effectively learned shape-specific sampling strategies.

Moreover, from those qualitative figures, we can observe that shape edge
points are mostly partitioned into the first two bins. Furthermore, in addition
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to learning shape-wise sampling strategies for individual shapes, it is observed
that analogous shapes within the same category exhibit similar histogram
distributions and sampling strategies. Conversely, point clouds from different
shape categories are sampled by distinct sampling strategies.

Figure 6.8: Additional visualizations of bin partitioning and learned shape-wise sampling strate-
gies for the chair category. Zoom in for optimal visual clarity.
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Figure 6.9: Additional visualizations of bin partitioning and learned shape-wise sampling strate-

gies for the airplane and car categories. Zoom in for optimal visual clarity.
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Figure 6.10: Additional visualizations of bin partitioning and learned shape-wise sampling strate-

gies for the guitar, lamp, plant, and flower pot categories. Zoom in for optimal visual
clarity.
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Figure 6.11: More visualization results of bin partitioning and learned shape-wise sampling
strategies. The cone, bottle, toilet, and bed categories. Zoom in for optimal visual
clarity.
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6.3.2 Segmentation

Training Details

For a fair comparison, we use the same network architecture in SAMPS but
with our proposed new downsampling layer. All the training settings are kept
consistent. AdamW is used as the optimizer. The learning rate starts from
1 x 107* and decays to 1 x 1078 with a cosine annealing schedule. The weight
decay hyperparameter for network weights is 1 x 10™*. We use n,, = 4 bins
for point partitioning. The momentum update factor y = 0.99 for updating
boundary values. The temperature parameter = 0.1. The network is trained
with a batch size of 16 for 200 epochs. Each element x; of bin tokens is
initialized as Equation (6.12) and d is 128 in our case.

Quantitative and Qualitative Results

Table 6.3: Performance of SAMBLE on the ShapeNet Part Segmentation benchmark.

Method Cat. mIoU  Ins. mIoU
PointNet [Qil7a] 80.4% 83.7%
PointNet++ [Qi17b] 81.9% 85.1%
SpiderCNN [Xu18] 82.4% 85.3%
DGCNN [Wan19] 82.3% 85.2%
SPLATNet [Sul8] 83.7% 85.4%
PointCNN [Li18b] 84.6% 86.1%
PointConv [Wu19] 82.8% 85.7%
KPConv [Tho19] 85.0% 86.2%
PT' [Eng21] - 85.9%
PT? [Zha21c] 83.7% 86.6%
PCT [Guo21] - 86.4%
PRA-Net [Che21b] 83.7% 86.3%
PAConv [Xu21] 84.6% 86.1%
CurveNet [Muz20] - 86.6%
DeltaConv [Wie22] - 86.6%
StratifiedTransformer [Lai22] 85.1% 86.6%
PointNeXt [Qia22] 84.4% 86.7%
PointMLP [Ma22] 84.6% 86.1%
PointMetaBase [Lin23] 84.3% 86.7%
APES [Wu23b] 83.7% 85.8%
SAMPS 84.2% 86.4%
SAMBLE 84.5% 86.7%
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The quantitative results are presented in Table 6.3. SAMBLE not only achieves
superior quantitative results compared to APES and SAMPS but also attains
state-of-the-art performance. In terms of the instance mloU metric, SAMBLE
performs on par with other state-of-the-art methods. Although it falls slightly
short of achieving the SOTA results in the category mloU metric, its perfor-
mance is comparable to the latest prominent methods, including PointNeXt
[Qia22], PointMLP [Ma22], and PointMetaBase [Lin23].

For the part segmentation benchmark, we further report the performance on
the intermediate downsampled sub-point clouds in Table 6.4. Additionally,
results from PointNeXt [Qia22] are also presented, which is a prominent point
cloud learning method that employs FPS for downsampling.

It is evident that FPS-based methods exhibit poorer performance when ap-
plied to downsampled sub-point clouds. In contrast, our SAMBLE approach
demonstrates improved performance with downsampled sub-point clouds.
Additionally, SAMBLE employs the same interpolation-based upsampling layer
as SAMPS. Although it outperforms the upsampling layer used in APES, there
is potential for further enhancement by designing a more meticulously crafted
upsampling layer. Such an upsampling layer could better reconstruct the fea-
tures of the discarded points, leading to further improvements in SAMBLE’s
performance.

Table 6.4: Segmentation performances on downsampled point clouds.

Method PointNeXt SAMBLE
Point Number 2048 1024 512 2048 1024 512
Cat. mIoU (%) 84.40 83.79 82.77 84.51 84.84 85.04
Ins. mloU (%)  86.70 86.18  85.18 86.67 86.93 87.12

The qualitative results, showcased in Figure 6.12, provide valuable insights
into the performance of SAMBLE. These qualitative findings in Figure 5.14
align with the quantitative results presented in Table 5.2, further solidifying
the superiority of our proposed method. Upon closer examination, several
notable observations can be made.
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Figure 6.12: Segmentation results of the proposed SAMBLE, in comparison with APES and
SAMPS. All shapes are from the test set.
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Firstly, when comparing SAMBLE to SAMPS, SAMBLE exhibits a more bal-
anced utilization of non-edge points, as exemplified by the chair seat. It
demonstrates a thoughtful sampling strategy that takes into account both edge
and non-edge points, resulting in a more comprehensive representation of
the shape. Moreover, SAMBLE excels at preserving intricate details while
simultaneously striving for a more uniform sampling distribution. This is
evident in the case of airplane engines, where SAMBLE effectively captures
the fine features while maintaining a more even distribution of sampled points
across the shape. Overall, these qualitative results effectively showcase the
strengths of SAMBLE, which can be attributed to the learned shape-specific
sampling strategies.

6.3.3 Few Point Sampling

Experiment Setting

Apart from APES and SAMPS, we additionally compare our sampling method
to previous work including RS, FPS, and the more recent learning-based S-
Net, SampleNet, LighTN, etc. The same evaluation framework from [Dov19,
Wan23, Wu23b] is used. The task here is the ModelNet40 Classification, and
the task network is PointNet. Sampling methods are evaluated with multiple
sampling sizes.

Moreover, it is important to note that APES addresses its limitations in few-
point sampling by employing FPS to pre-sample the input into 2M points
[Wu23b]. However, this pre-processing step introduces an additional bias and
complexity that may not be present in other methods, potentially affecting
the fairness of the comparison. To ensure a fair and unbiased evaluation, we
conducted experiments specifically on APES without the FPS pre-processing
step. By removing this additional step, we can assess the performance of APES
under more comparable conditions, aligning it with the evaluation setup of
other methods.
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Quantitative and Qualitative Results

The numerical results are showcased in Table 6.5. For a fair comparison, no FPS
pre-sampling is employed. The results distinctly illustrate that our SAMBLE
method attains state-of-the-art performance in the few-point sampling task,
particularly noteworthy when the number of sampled points diminishes to
smaller quantities.

Table 6.5: Comparison with other sampling methods. Evaluated on the ModelNet40 classification
benchmark with multiple sampling sizes. For APES, we report its performance when
pre-processing is not performed.

M Voxel RS FPS [Eld97] S-NET [Dov19]
512 73.82 87.52 88.34 87.80

256 73.50 77.09 83.64 82.38

128 68.15 56.44 70.34 77.53

64 58.31 31.69 46.42 70.45

32 20.02 16.35 26.58 60.70

M PST-NET [Wan21]  SampleNet [Lan20] = MOPS-Net [Qia20] DA-Net [Lin21]
512 87.94 88.16 86.67 89.01

256 83.15 84.27 86.63 86.24

128 80.11 80.75 86.06 85.67

64 76.06 79.86 85.25 85.55

32 63.92 77.31 84.28 85.11

M LighTN [Wan23]  APES (w/o pre-pro.) SAMPS SAMBLE
512 89.91 89.81 90.46 90.58

256 88.21 86.78 90.12 90.18

128 86.26 84.87 89.81 90.02

64 86.51 79.23 89.66 89.81

32 86.18 75.63 89.25 89.45

Qualitative results are presented in Figure 6.13, Figure 6.14 and Figure 6.15.
For few-point sampling, APES has to use FPS to pre-sample the input into 2M
points due to its limitations [Wu23b]. In contrast to that, since our method
preserves better global uniformity, direct few-point sampling from the input
still yields satisfactory sampled results.
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Heatmap M=128 M=64 M=32 M=16 M=38
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Figure 6.13: Sampled results of few-point sampling with SAMBLE, in comparison with APES and
SAMPS. No pre-FPS into 2M points was performed.
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Heatmap M=128 M=64 M=32 M=16 M=8
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Figure 6.14: Sampled results of few-point sampling with SAMBLE, in comparison with APES and
SAMPS. No pre-FPS into 2M points was performed.
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Figure 6.15: Sampled results of few-point sampling with SAMBLE, in comparison with APES and
SAMPS. No pre-FPS into 2M points was performed.
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From Figure 6.13, Figure 6.14 and Figure 6.15, it is evident that when sampling
very few points directly from the input, APES tends to concentrate its sampling
on the sharpest locations, leading to a skewed distribution, whereas our SAM-
BLE method maintains superior global uniformity in its sampling approach.

The comparison with the few-point sampling results from SAMPS offers an
intriguing insight. SAMPS and SAMBLE exhibit similar heatmaps due to their
shared attention map construction and point-wise sampling score computation
design. However, as evident in Figure 6.13, SAMPS excels when shapes feature
straight outlines but shows a slight decrease in performance with shapes char-
acterized by predominantly round outlines, as illustrated in Figure 6.14. In con-
trast, SAMBLE maintains better global uniformity when sampling few points,
regardless of the shapes’ outline characteristics. This distinction is particularly
pronounced when examining the lamp objects presented in Figure 6.15.

The reason behind this difference lies in SAMPS’ utilization of a Boltzmann
sampling policy, which, while achieving a commendable balance between
capturing details and preserving overall structure compared to APES, still
maintains relatively low probabilities for sampling non-edge points in compar-
ison to edge points. Consequently, crucial non-edge points may not be sampled,
potentially impacting downstream tasks that rely on these points. Conversely,
SAMBLE integrates a bin-based sampling policy, enabling the learning of
shape-specific sampling strategies. This approach allows for non-edge points
to have a higher probability of being sampled, enhancing task performance.
As a result, SAMBLE achieves a more refined balance between capturing shape
details and preserving the overall structure compared to SAMPS.

6.3.4 Ablation Study

Within this subsection, our primary emphasis is placed on elucidating the
innovative design features that have been introduced in this chapter. We pur-
posefully steer clear of reiterating common topics that have been exhaustively
covered in APES and SAMPS.
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Number of Bins

As akey parameter in SAMBLE, an ablation study is performed over the number
of bins n;,. The results are presented in table 6.6. Remarkably, increasing the
number of bins does not yield improved performance. This phenomenon
is likely attributable to the subdivision of shapes into an excessive number
of point categories, leading to the gradual diminishment of score disparities
across the bins. In our case, n, = 6 and n, = 4 yield the best performance
for the classification and segmentation tasks respectively, and we use it for
the corresponding experiments.

Table 6.6: Classification and segmentation performance with different number of bins.

Number of Bins 1 2 4 6 8 10 12
Cls. OA (%) 93.95 93.91 9398 94.18 94.02 93.80 93.84
Cat. mloU (%) 84.22 84.14 84.51 8440 84.19 83.98 84.36
Ins. mIoU (%) 86.46 86.28 86.67 86.61 86.48 86.23 86.43

Seg

Momentum Update Factor

The momentum update strategy is widely used within contrastive learning
frameworks in self-supervised learning. In our case, we aim to derive the bin
boundary values v from the entirety of shapes within the training dataset.
These values aim to evenly partition the distribution of point sampling scores
across all shapes and points in the training data. Hence such an adaptive
learning method is used.

An ablation study over the momentum update parameter y is performed and
the numerical results are reported in Table 6.7. From it, we can see that y = 0.99
yields the best performance. This actually aligns with most current contrastive
learning frameworks, where a majority use a value of y = 0.99.

Table 6.7: Classification performance with different values of the momentum update factor y.

4 0.9 0.99 0.999 0.9999
Cls. OA (%) 93.80 94.18 94.02 93.95
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6 SAMBLE: Learning Shape-Specific Sampling Strategies with Bin Partitioning

We additionally provide the bin partitioning results over the test dataset with
the learned boundary values v in Figure 6.16. It demonstrates that the boundary
values adaptively learned from the training dataset can also effectively partition
the distribution of point sampling scores evenly across all shapes and points
in the test dataset.

Number of Points and Sampling Ratio over Bins
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Figure 6.16: Partitioning the distribution of point sampling scores of all shapes and points in the
test dataset into bins with the learned boundary values.

In-Bin Sampling policy and Temperature Parameter

In Section 6.2.3, four sampling approaches are described: TopM, Uniform,
Sampling with fixed 7, and Sampling with adaptive 7. The Top-M and Uniform
approaches can be regarded as two extremes of sampling with fixed z, where
7 equals 0 and +o0, respectively. To evaluate performance, experiments were
conducted, with results presented in Table 6.8 and Table 6.9.

Table 6.8: Classification and segmentation performance of the model with different temperature

7 value.
T 0.01 0.02 0.05 0.1 0.2 0.5 1 10
Cls. OA (%) 93.84 9396 94.06 94.18 93.89 93.84 93.74 93.70

Cat. mloU (%) 84.10 84.23 84.38 84.51 84.26 84.13 84.02 83.88
Ins. mloU (%) 86.44 86.48 86.60 86.67 86.51 86.42 86.29 86.23
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Table 6.9: Classification and segmentation performance of the model with different in-bin sam-
pling policies. The temperature value 7 = 0.1.

In-Bin Sampling Policy =~ Top-M  Uniform Fixed z  Adaptive =

Cls. OA (%) 93.82 93.72 94.18 94.05
S Cat. mIoU (%) 84.14 83.86 84.51 84.32

eg.
& Ins. mIoU (%) 86.43 86.24 86.67 86.61

Upon reviewing Table 6.8 and Table 6.9, it becomes apparent that employing a
fixed temperature parameter as the in-bin sampling policy, specifically setting
7 = 0.1, yields optimal performance. Consequently, this configuration is
adopted for the majority of our experiments.

Interestingly, the results indicate that performance variations are minimal
when adjusting 7 or the in-bin sampling policy. This phenomenon can be at-
tributed to the efficacy of the learned shape-specific sampling strategy, which
effectively regulates the number of points to be sampled within each bin, act-
ing as a holistic control mechanism over the entire shape. For instance, if the
learned strategy dictates sampling 100% of points for the first bin (associated
with edge points), altering the in-bin sampling policy will not impact the
sampling outcome for this bin. Thus, while attaining shape-specific sampling
strategies, the proposed bin-based sampling policy concurrently ensures com-
prehensive control over the entirety of the shape, enhancing the stability of
the sampling process in comparison to SAMPS.

Order of Mean-pooling and ReLU operation

Within our design, the ReLU operation is used to prevent the learned sampling
weight from being negative. However, the inherent distribution of values
within tensors often results in a non-negligible proportion being negative.
Directly setting too many values to zero would result in a significant loss of
features, which is regrettable considering the potential information discarded.
Hence, instead of performing the ReLU operation before the mean-pooling
operation, we do it the other way around, i.e., first mean-pooling, then ReLU
is performed over the pooled results.
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Figure 6.17 gives the learned sampling strategies with the mean-pooling and
ReLU operations applied in different orders. Although both orders yield shape-
wise sampling strategies, the sampling ratios over bins learned with the order
of ReLU first are mostly around 40% - 60%, leading to a worse sampling perfor-
mance. On the other hand, the order of mean-pool first yields better sampling
strategies as less potential information is discarded.

... > Relu -> Mean-pool -> ... ... -> Mean-pool -> Relu -> ...

Figure 6.17: Learned sampling strategies with the mean-pooling and ReLU operations applied in
different orders.

We additionally count and document the likelihood of ReLU being effective,
which indicates the former pooled result is negative, for all bins across all
test shapes. From the numbers reported in Table 6.10, we can see that the
likelihood of the pooled results being negative is extremely small (less than
1%) for the first half of bins, while it goes higher for the latter bins yet the
number is still relatively acceptable.

Table 6.10: Possibilities of ReLU being effective in bins, across all test shapes.

Bin Index 0 1 2 3 4 5
Possibilities of
. . 0.45% 0.28% 0.57% 4.25% 11.63% 13.53%
ReLU Being effective
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Model Complexity

To evaluate SAMBLE’s practicality, we assess its complexity in comparison
with APES and SAMPS and report the results in Table 6.11. This includes
details on model parameters and FLOPs for both the entire model and a single
downsampling layer. In order to assess inference efficiency, experiments were
carried out using a trained ModelNet40 classification model on a single NVIDIA
GeForce RTX 3090. The tests were conducted with a batch size of 8, evaluating
a total of 2468 shapes from the test set.

Table 6.11: For model Complexity, we report the number of model parameters and FLOPs for
both the full model and one downsampling layer. The inference throughput (instances
per second) is also reported.

Method Params. FLOPs Throughput
Full Model ~ One DS Layer Full Model ~ One DS layer (ins./sec.)
FPS + kNN 4.43M 20.90k 7.02G 2.71G 102
APES (local) 4.47M 49.15k 4.59G 1.09G 488
APES (global) 4.47M 49.15k 3.03G 0.05G 520
SAMPS (insert) 4.47M 49.15k 459G 1.09G 446
SAMPS (carve) 4.47M 49.15k 3.03G 0.05G 473
SAMBLE 4.48M 49.92k 3.56G 0.38G 125

As shown in Table 6.11, SAMBLE has a slightly larger number of model pa-
rameters compared to APES and SAMPS, primarily due to the incorporation
of additional bin tokens. Furthermore, while SAMBLE also employed carve-
based SAM, the integration of bin-based sampling policy results in slightly
higher FLOPs compared to SAMPS with carve-based SAM. Despite this, SAM-
BLE’s FLOPs remain lower than those of insert-based methods that necessitate
computing attention between points and neighbors.

On the other hand, SAMBLE’s inference throughput is reduced compared
to SAMPS due to the introduction of bin partitioning operations. Notably,
the process of determining the number of points to be sampled within each
bin involves a CPU-intensive loop computation, which can lead to increased
inference time. Moreover, SAMBLE consistently outperforms FPS in both
performance and speed. Note that the FPS results presented here already use
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a GPU-accelerated version, whereas its standard implementation achieves
a much lower throughput (around 12). Overall, despite the computational
considerations, SAMBLE’s enhanced performance across downstream tasks
underscores the effectiveness of its innovative sampling strategy.

6.4 Summary

In this chapter, a novel point cloud sampling method called SAMBLE is intro-
duced based on SAMPS to learn shape-specific sampling strategies. SAMBLE
computes point-wise sampling scores using the SAM proposed in Chapter 5,
which enhances the discrimination among different point categories, enabling
the partitioning of points into bins based on these scores. By adaptively learn-
ing bin boundaries for each shape and determining sampling ratios for each bin
using additional tokens during attention computation, SAMBLE customizes
sampling strategies for individual point cloud shapes. Multiple in-bin sampling
policies have also been explored in this chapter. Overall, SAMBLE achieves a
refined balance between sampling edge points and maintaining global shape
uniformity through tailoring shape-specific sampling strategies, resulting in
improved performance on downstream tasks.

Build Compute

= . = Point-wise =
Attention Map .
Sampling Score

Establish
Sampling Policy

Input Output
Point Cloud Point Cloud

Sparse Attention Map Bin-Based Sampling

Sparse, Col. (Mode v/vi/vii)

Figure 6.18: In this chapter, SAMBLE is introduced with a novel bin-based sampling policy
for attention-based point cloud sampling. It achieves better performance through
learning shape-specific sampling strategies.

170



6.4 Summary

Looking ahead, the integration of SAMBLE'’s shape-specific sampling strate-
gies opens up promising avenues for further advancements in point cloud
processing. However, challenges remain in fully resolving the edge sampling
trade-off problem for point clouds. Currently, a point’s sampling probability
primarily hinges on its scalar sampling score rather than its latent feature
vector, indicating room for enhancement in the sampling process. Moreover,
the potential for refining more advanced upsampling layers by incorporating
previously deduced information has not been fully explored. The intricate
interplay between the downsampling and upsampling layers presents a rich
domain for future research, aiming to push the boundaries of performance
and versatility in point cloud analysis and processing.
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7 Concluding Remarks

7.1 Conclusion

In this dissertation, we have explored the domain of point cloud sampling with
a focus on integrating task-oriented learning and mathematical statistics-based
direct point selection. Recognizing the inherent limitations of traditional and
existing learning-based sampling methods, we proposed novel techniques
to enhance sampling effectiveness while preserving point traceability and
geometric fidelity, improving performance on point cloud downstream tasks.

Three novel methods are proposed and explored for point cloud edge sam-
pling, each addressing specific challenges and improving upon its predecessor.
These methods—APES, SAMPS, and SAMBLE—represent a progression in the
sophistication and effectiveness of point cloud sampling techniques, offer-
ing valuable contributions to the field of 3D data processing and presenting
invaluable insights to the field.

The introduction of APES marked a significant advancement in point cloud
edge sampling, leveraging the well-established principles of the Canny edge
detection algorithm adapted for 3D point cloud data. APES employs attention-
based mechanisms to compute correlation maps, effectively identifying and
sampling edge points within point clouds. The attention mechanism in APES
allows it to focus on critical areas, thereby enhancing its capability to detect
edge points in a high-dimensional space. This method pioneered the inte-
gration of task-oriented learning and mathematically traceable direct point
selection, enabling gradient backpropagation during training while maintain-
ing the traceability of sampled points.
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APES introduced two variations: local-based APES and global-based APES,
tailored to different attention modes. Both qualitative and quantitative results
demonstrated that APES achieved excellent performance on common point
cloud benchmark tasks. However, findings indicated that while increasing the
number of sampled edge points generally enhanced downstream task perfor-
mance, an excessive focus on edge points could detract from overall shape
uniformity, potentially leading to a negative impact on overall performance.
This highlighted the necessity for a more sophisticated sampling method that
balances edge point sampling with shape uniformity preservation, setting the
stage for further developments.

Building on the foundation laid by APES, SAMPS was developed to overcome
its limitations. SAMPS introduces a sparse attention map (SAM) that combines
local and global information, enhancing its ability to capture a broader range
of relevant features within the point cloud. One of the key innovations in
SAMPS is the design of multiple indexing modes, which provide multiple ways
to compute point-wise sampling scores. Instead of adopting a sampling policy
of Top-M, SAMPS maps point-wise sampling scores into probabilities using the
softmax function with a temperature parameter. This tunable sampling mech-
anism provides greater control over the process, achieving a more balanced
trade-off between edge point sampling and maintaining global uniformity.

The efficacy of SAMPS is particularly evident in its ability to leverage
interpolation-based upsampling layers. Moreover, it significantly enhances
the quality of sampled points, especially when only a limited number of
points are sampled. However, SAMPS also reveals an ongoing challenge in
the field: the uniform application of the same sampling strategy to all point
clouds fails to account for the inherent variations in point distributions across
different shapes. This limitation underscores the need for more adaptive
and shape-specific sampling strategies, which can better address the unique
characteristics of diverse point clouds. This insight sets the stage for further
advancements, driving the development of methods that can achieve more
nuanced and effective sampling strategies tailored to specific shapes.

To address the limitations of SAMPS, SAMBLE was introduced as a novel point
cloud sampling method designed to learn shape-specific sampling strategies.
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SAMBLE also employs the sparse attention map proposed in SAMPS to enhance
point category discrimination, allowing for the partitioning of points into
bins based on sampling scores. This binning process is crucial as it tailors
the sampling strategy to the unique characteristics of each shape within the
point cloud. SAMBLE adaptively learns the boundaries of these bins for each
shape and determines appropriate sampling ratios for each bin. This adaptive
learning is facilitated by additional tokens during attention computation,
which provide the flexibility needed to customize the shape-specific sampling
strategy dynamically.

Within each bin, SAMBLE explores multiple in-bin sampling policies, en-
suring that the selected points maintain a refined balance between sampling
edge points and maintaining global shape uniformity. This approach allows
SAMBLE to address the inherent variations in point distributions across dif-
ferent shapes more effectively than its predecessors, which applied a uniform
sampling strategy to all point clouds. By focusing on learning shape-specific
sampling strategies, SAMBLE achieves a higher degree of precision in point
sampling, enhancing the overall quality of the sampled point cloud data and
achieving better performance on point cloud downstream tasks.

Through extensive experimentation and evaluation on benchmark datasets,
our proposed methods demonstrated significant improvements in point cloud
sampling and downstream tasks such as shape classification, part segmentation,
and few-point sampling. The qualitative and quantitative results validate the
effectiveness of our approaches in capturing essential geometric features and
enhancing overall performance. Notably, SAMPS and SAMBLE demonstrate
a marked improvement in the quality of sampled points when only a limited
number of points are sampled, highlighting their ability to capture specific
geometric patterns during the learning process.

To conclude, this dissertation has presented a comprehensive exploration of
point cloud sampling, introducing novel methods that integrate task-oriented
learning with mathematical statistics-based direct point selection. The devel-
opment of SAMBLE, along with APES and SAMPS, represents a significant pro-
gression in the field, each method building upon the insights and innovations
of its predecessors to advance the state of point cloud sampling techniques.
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By addressing key challenges and proposing innovative solutions, this work
advances the state-of-the-art in point cloud sampling and paves the way for
more efficient and effective 3D data processing in various applications. The
proposed methods not only enhance the performance of downstream tasks but
also provide a foundation for future research in this dynamic and evolving field.

7.2 Outlook

The methodologies developed in this research—APES, SAMPS, and SAM-
BLE—mark significant strides in point cloud sampling and present numerous
promising directions for future work. One promising direction is the inte-
gration of latent feature vectors into the sampling process. Current methods
primarily rely on scalar sampling scores, which, while effective, do not fully
capture the rich, multidimensional nature of point cloud data. By incorporat-
ing latent feature vectors, we can develop sampling strategies that consider
a broader spectrum of data attributes, leading to more nuanced and precise
sampling decisions. This enhancement could significantly improve the per-
formance of downstream tasks, such as classification and segmentation, by
ensuring that the most informative points are retained in the sampled data.

The refinement of upsampling layers also presents a valuable direction for
further research. Current methods have not fully explored the potential of
using previously deduced information during the downsampling process to
enhance upsampling processes. By developing more advanced upsampling
techniques that leverage this information, we can create more seamless and
accurate reconstructions of point clouds after sampling. The interplay between
downsampling and upsampling layers offers a rich domain for innovation, with
the potential to yield significant advances in both computational efficiency
and the accuracy of 3D reconstructions.

Moreover, one exciting future avenue for exploration is the application of
these techniques to point cloud scenes rather than isolated shapes. Point
cloud scenes, such as those captured in autonomous driving or large-scale
urban modeling, encompass more complex structures and a higher degree
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of variability. Extending our sampling methods to these scenes can enhance
the capability of current algorithms to handle more comprehensive datasets,
leading to improved detection and recognition of objects within these scenes.
However, this shift introduces the challenge of scene boundary points being
incorrectly prioritized as important, necessitating the development of more
sophisticated sampling algorithms that can accurately distinguish between
boundary points and key internal features.

Applying our sampling methods to point cloud scenes can revolutionize how
we approach detection tasks in various fields. For instance, in autonomous
driving, the ability to accurately sample and interpret point cloud scenes
can lead to better obstacle detection and navigation decisions. Similarly, in
robotics, more effective point cloud sampling can improve the robot’s ability to
understand and interact with its environment, enhancing performance in tasks
such as object manipulation and path planning. By tailoring sampling strategies
to consider the unique characteristics of entire scenes, we can ensure that
crucial features are preserved, while less important data is efficiently filtered
out, leading to more robust and reliable detection systems.

Finally, the practical applications of improved point cloud sampling methods
extend far beyond academic research. In industries ranging from autonomous
driving and robotics to virtual reality and urban planning, the ability to ef-
fectively sample and analyze 3D data is crucial. By addressing the challenges
outlined and refining these methodologies, we can develop tools that not only
advance our understanding of point cloud data but also have a profound impact
on real-world applications. The journey ahead is filled with opportunities to
enhance our capability to navigate and interpret complex 3D environments,
leading to more intelligent and capable systems that can operate with greater
accuracy and reliability in a wide range of scenarios.
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cross-attention transformer layers.

Network architecture of PointNet [Qil7a]. It takes pomts
directly as input, applies input and feature transformations,
and aggregates point features by max pooling.

Network architecture of PointNet++ [Qi17b]. Local features

capturing fine geometric structures are extracted from small
neighborhoods. Such local features are further grouped into

larger units and processed to produce higher level features. .

The network architecture of PointNeXt [Qia22].

An illustration of a continuous and discrete convolution for
local neighbors of a point. Figure reproduced from
[Guo20]. . .

An illustration of the KPConv operatlon In KPConv each
point feature is multiplied by all the kernel weight matrices,
with a correlation coefficient depending on its relative
position to kernel points [Tho19].

Hierarchical convolution on regular grids (upper) and point

clouds (lower). PointCNN applies X-Conv recursively to
aggregate information from neighborhoods into fewer
representative points for point cloud [Li18b].

A simple illustration of graph-based methods [Guo20].
Left: Computing an edge feature from a point pair. Right:
The EdgeConv operation. The output of EdgeConv is
calculated by aggregating the edge features associated with
all neighbors. Figure reproduced from [Wan19] . .
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farthest away from all previously selected points are
iteratively sampled. .

An illustration of S-NET [DOV19] .
Training pipeline of SampleNet. Figure reproduced from
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The structure of MOPS Net It is a matrix
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point cloud downsampling. Figure reproduced from

[Qia20].

Overall concept.

Attention map computed from global-based self attention.
Both query and key input are the latent representations of
all points. N stands for the number of points, and d stands
for the dimension of encoded latent representation.
Attention map computed from local-based cross attention.
The query input is the latent representation of a certain
point, while its neighbors’ latent representations serve as the
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Sparse attention map, merging the information from both
local and global. The values of non-selected cells are set to
zero. k stands for the number of selected neighbors in the
local region for each point. e

With local-based attention map, the row-wise standard
deviation can be defined as the score computation metric.
With global-based attention map, the column-wise sum can
be defined as the score computation metric.

With sparse attention, more score computation metrics can
be defined.

An illustration of three sarnphng p011c1es Note for b1n based

sampling, either top-M sampling or Boltzmann sampling
may be used within each bin.

(a, b, ¢) The distribution of elements in
pairwise_distance from Method &/, %, and €
respectively. The diagonal elements of
pairwise_distance from &/ and € are all zeros, while (d)
The diagonal elements of pairwise distance from 9
deviates from zero due to rounding errors. R
Examples of 3D models from the chair category included in
the ModelNet dataset. The modelNet40 dataset has 40
categories in total [Wu15].

Examples of aligned models in the chair, laptop, bench and

airplane subsets in the ShapeNet dataset [Cha15].

16 shape categories are included in the ShapeNet Part
segmentation benchmark, with each shape annotated with
fine-grained part segmentations [Yi16].

Framework for sampling methods evaluation.

CNNss are capable of learning various features from images,
including texture, color, and shape silhouette as well as
edges.

Learned feature maps visualized d1rectly from CNN layers.
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Similar to the Canny edge detectlon algorlthm that detects

edge pixels in images, our proposed APES algorithm
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