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Abstract

The processing and analysis of Light Detection and Ranging (LiDAR) point cloud data, a
fundamental task in Three-Dimensional (3D) computer vision, is essential for a wide range
of remote sensing applications. However, the disorder, sparsity, and uneven spatial distribu-
tion of LiDAR point clouds pose significant challenges to effective and efficient processing.
In recent years, Transformers have demonstrated notable advantages over traditional deep
learning methods in computer vision, yet designing Transformer-based frameworks tailored
to point clouds remains an underexplored topic. This thesis investigates the potential of
Transformer models for accurate and efficient LiDAR point cloud processing.

Firstly, a 3D Global-Local (GLocal) Transformer Network (3DGTN) is introduced to
capture both local and global context, thereby enhancing model accuracy for LiDAR data.
This design not only ensures a comprehensive understanding of point cloud characteristics
but also establishes a foundation for subsequent efficient Transformer frameworks.

Secondly, a fast point Transformer network with Dynamic Token Aggregation (DTA-
Former) is proposed to improve model speed. By optimizing point sampling, grouping, and
reconstruction, DTA-Former substantially reduces the time complexity of 3DGTN while
retaining its strong accuracy.

Finally, to further reduce time and space complexity, a 3D Learnable Supertoken Trans-
former (3DLST) is presented. Building on DTA-Former, 3DLST employs a novel super-
token clustering strategy that lowers computational overhead and memory consumption,
achieving state-of-the-art performance across multi-source LiDAR point cloud tasks in
terms of both accuracy and efficiency.

These Transformer-based frameworks contribute to more robust and scalable LiDAR
point cloud processing solutions, supporting diverse remote sensing applications such as
urban planning, environmental monitoring, and autonomous navigation. By enabling effi-
cient yet high-accuracy analysis of large-scale 3D data, this work fosters further research
and innovation in LiDAR remote sensing.
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Chapter 1

Introduction

This chapter �rst introduces the research background and motivation, by reviewing the
existing deep learning-based point cloud processing algorithms. Secondly, a detailed intro-
duction to the 3D Transformer structure is presented, showing its advantages and high-
lighting the current research gaps. Thirdly, I summarize the research objectives of this
thesis. Finally, the structure framework of this thesis is presented.

1.1 Background and Motivation

1.1.1 Literature Review

With the rapid advancement and increasing adoption of LiDAR sensors, including laser
scanners and RGB-D cameras, the �eld of LiDAR point cloud processing has garnered
signi�cant attention. These sensors enable dense and direct sampling of object surfaces,
producing massive and irregularly distributed point clouds that include spatial coordinates
(X, Y, Z) and additional attributes such as re
ection intensity. The simple and 
exible data
structure of point clouds makes them an e�ective medium for representing and analyzing
the intricate three-dimensional structures of real-world environments.

In the �eld of point cloud processing and analysis, point cloud classi�cation and seg-
mentation are widely studied as mainstream and fundamental tasks. They play a critical
role in various remote sensing applications such as urban planning [110, 37], environmental
monitoring [33, 55], disaster management [102, 125], and more [12]. Remote sensing via
LiDAR has emerged as a cornerstone technology for capturing large-scale, high-resolution

1



3D data. By enabling the segmentation of vast datasets into meaningful components such
as trees, buildings, roads, and ground, the LiDAR point cloud processing technique empow-
ers detailed spatial analysis and visualization, facilitating applications ranging from urban
planning to ecological assessment. In urban construction, the segmentation of buildings
and other structures aids in creating precise 3D models for planning and management.
Similarly, in environment management, the semantic segmentation results of LiDAR point
clouds assist in calculating vegetation cover and volume for biomass assessment.

Similar to image processing, Deep Learning (DL) is currently mainstream for LiDAR
point cloud processing and analysis. However, due to the irregularity and unordered nature
of LiDAR point clouds, they have more complicated structures than images. To achieve
e�ective feature extracting and learning, several deep learning-based methods on point
clouds have been proposed, which can be generally divided into four categories: Volume-
based, Projection-based, Point-based methods, and Transformer-based methods.

Volume-based Methods. Inspired by image processing, VoxNet [80] proposed the
3D voxelization method for point cloud data processing. It used the regular volumetric
grid to represent unstructured point clouds. After that, 3D convolutions can be directly
performed for feature extraction. However, such methods initially struggled to leverage
the sparsity of spatial point clouds due to rasterization. Additionally, constructing high-
resolution voxelization models was computationally prohibitive because of the cubic growth
in memory and processing requirements.

To address these issues, OctNet [97] introduced an unbalanced grid-octree algorithm,
enabling the e�cient representation of higher-resolution input data (256� 256� 256) com-
pared to VoxNet. Subsequently, advancements such as 4D Spatio-temporal ConvNets [19]
adopted sparse convolution algorithms, which signi�cantly improved e�ciency by avoid-
ing computations in unoccupied voxel regions. These techniques e�ectively mitigated the
computational and memory overheads associated with voxelization.

Despite these improvements, volume-based methods still face challenges. The fun-
damental problem of geometric information loss persists due to the transformation from
irregular point clouds to regular 3D voxels, which can blur �ne-grained details critical for
certain tasks. While sparse convolutions and octree representations have alleviated mem-
ory and computational constraints, capturing local geometric relationships at very high
resolutions remains challenging.

Projection-based Methods. As the pioneer of Projection-based methods, MVCNN
[112] �rst projected point clouds into multiple views, transforming 3D data into 2D images.
Then it used 2D Convolutional Neural Networks (CNNs) to extract the features from each
view. After MVCNN, there have been several variants [129, 148] proposed to improve the

2



robustness and accuracy of the view feature combination. However, point cloud projection
may result in the loss of geometric information. Additionally, it is still challenging to
choose the optimal number and position of projection views for the underlying geometric
structure modelling.

Point-based Methods. Point-based methods take the raw point cloud data with/without
normals as input, dealing with unordered point clouds directly. PointNet [88] �rst used
shared Multi-Layer Perceptrons (MLPs) to achieve point cloud feature learning. After that,
PointNet++ [89] introduced local feature aggregation into PointNet, making the network
aware of the local information. Inspired by the strong local feature extraction capability
of CNNs, some further variants, such as PointCNN [57], PointConv [133], and DGCNN
[127], proposed to design the 3D convolutional kernels and Graph Convolution algorithm
to improve point cloud processing and analysis. Despite achieving great success in point
cloud processing, the point-based methods still have some problems in feature learning: 1)
it extracts only point-wise features or local features because of the locality inductive bias,
making it challenging to learn global information. 2) The �xed weight matrices in MLPs
are independent of the input data, which leads to the weak ability of feature representation.
3) MLPs are extremely sensitive to the input order because of the �xed weight matrices,
not adaptive to the point cloud data.

Transformer-based Methods. In recent years, inspired by the application of Trans-
formers in the image processing �eld, many Transformer-based point cloud processing
methods have been proposed. The unique mechanism of Transformer, self-attention, over-
comes the shortcomings of the MLP-based algorithm in point cloud processing and achieves
excellent results. Point Cloud Transformer (PCT) [30] replaced the shared MLPs in Point-
Net architecture with Transformer blocks, making the network aware of long-range context
dependencies. By doing this, PCT achieved better results than PointNet in terms of point
cloud classi�cation and segmentation. Point Transformer (PT) [160] applied the Trans-
former to local feature extraction, which has shown its superiority in feature aggregation.
A detailed introduction to the Transformer structure is shown in in Section 1.1.2. And a
detailed review of 3D Transformer methods is shown in Chapter 2.

1.1.2 3D Transformers

Transformers are now the dominant neural architecture in Natural Language Processing
(NLP). Given the impressive ability to model long-range dependencies, they have been
successfully adapted to the �eld of Computer Vision (CV) [32, 59, 136]. A standard Trans-
former encoder generally consists of six main components (Figure 1.1): 1) input (word)
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Figure 1.1: Illustration of the Transformer encoder architecture.

embedding; 2) positional encoding; 3) self-attention mechanism; 4) normalization; 5) feed-
forward operation; and 6) skip connection. Compared to NLP and image processing,
point cloud data presents more challenging characteristics, such as sparsity, uneven spatial
distribution, and disorder. Firstly, for the issue of disorder, the self-attention mechanism
enables the Transformer to be permutation-equivariant, which means the attention metrics
generated by the self-attention mechanism depend on input data. Such 
exibility allows
the model to adapt to various input orders. Secondly, for the issue of sparsity and uneven
distribution, traditional methods like CNNs, which rely on �xed local grids, struggle to
handle these problems e�ciently. However, the self-attention mechanism can establish the
connection between any two input points, without depending on any extra gird structure.
This allows Transformers to have strong long-range dependency modelling performance
and dynamically attend to both dense and sparse regions, capturing important context
from the entire point cloud. In addition, the positional encoding also enhances the sensi-
tivity of the model to uneven distributions. Finally, for large-scale LiDAR point clouds,
noises and outliers are also key drawbacks in point cloud processing. Transformers are able
to dynamically adjust the attention weights in the self-attention mechanism to reduce the
impact of noise and outlier points in global information modelling. By dividing the input
features into di�erent high-dimensional feature spaces, the multi-head self-attention mech-
anism aggregates features from multiple perspectives, which also improves the robustness
of the model to noisy inputs.

To describe the Transformer architecture in more detail, letP = f p1; p2; p3; :::; pN g 2
RN � D be an input point cloud, whereD is the feature dimension of the input point.
Typically in literature, \ D equals to three" means only the 3D coordinate of each point is
taken as input, while \D equals to six" means both the 3D coordinate and normal vector
are taken as input. The details of the aforementioned encoder components are as follows.

Firstly, for the input embedding, P is projected to a high-dimension feature space
which can facilitate subsequent learning. This can be achieved by MLP or other feature
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extraction backbone networks like PointNet [88]. The embedded feature map is denoted
as X 2 RN � C . Secondly, positional encoding is used to either capture the geometrical
information, or the relative ordering of input tokens/points if relevant. Note that the
Transformer is order-agnostic without this step, which is not an issue for point clouds,
since they are naturally unordered. Nonetheless, frequency-based positional encoding can
be used by mapping spatial coordinates with sine and cosine functions [120]. Moreover,
there also exist learned position encoding schemes with a trainable parameter matrixB
[160, 71], which are more adaptive to di�erent input data. These positional encodings of
spatial coordinates have been shown to bene�t the learning of features at �ner scales [115].
Thirdly, the core component of the Transformer encoder is the self-attention mechanism.
Speci�cally, the embedded feature mapX is projected to three di�erent feature spaces
using three learnable weight matricesWQ 2 RC� CQ ; Wk 2 RC� CK ; WV 2 RC� C , where
typically CK equalsCQ. In this way, Query, Key, and V alue matrices are formulated as:

8
<

:

Query = X � WQ;
Key = X � WK ;

V alue = X � WV ;
(1.1)

where� represents matrix multiplication. Given theQuery, Key, and V aluematrices, an
attention map is formulated as:

Attentionmap = Sof tmax (
Q � K T

p
CK

+ B); (1.2)

where Q; K; V denote theQuery, Key, and V alue matrices respectively. The attention
map of the size ofN � N measures the similarity of any two input points. It is also called
the similarity matrix. Then the attention map and the matrix V alue are multiplied to
generate the new feature mapF, of the same size asX. Each feature vector inF is ob-
tained by computing a weighted sum of all input features. It is therefore able to establish
connections with all input features. When inputs are global, this process allows for the
Transformer to easily learn global features. Therefore, compared with CNNs, Transformers
excel at long-range dependency modelling because they rely on the self-attention mecha-
nism, which enables direct interaction between all input points without being constrained
by the inductive bias of locality inherent to CNNs. This makes Transformers particu-
larly e�ective for capturing global context in point clouds, which is challenging for CNNs
due to their reliance on �xed receptive �elds. Moreover, Transformers are more adaptive
to the sparsity of point clouds, as they do not require dense grid structures like CNNs,
and can e�ectively process sparse data directly in its raw form. Compared with MLPs,
Transformers o�er two signi�cant advantages. First, the attention map in Transformers is
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dynamic and context-dependent during inference, allowing the model to adaptively focus
on relevant features based on the input. This dynamic nature makes Transformers more

exible and robust compared to MLPs, which rely on �xed-weight matrices and cannot
adapt to variations in input data. Second, the self-attention mechanism in Transformers
is inherently permutation-equivariant, meaning that the model's output is consistent re-
gardless of the order of the input points. In contrast, MLPs encode the order of inputs in
their weight matrices, making them sensitive to input permutations and less suitable for
unordered data like point clouds. Fourthly, a normalization layer is placed before and af-
ter the feed-forward layer, performing standardization and normalization on feature maps.
There are two kinds of normalization methods used in this layer: LayerNormalization and
BatchNormalization. The former is commonly used in NLP, while the latter is commonly
used in CV like 2D or 3D data processing. Fifthly, a feed-forward layer is added to enhance
the representation of attention features. Generally, it consists of two fully connected layers
with a RELU function. Finally, a skip connection is used between the input and output
of the self-attention module. There have been many self-attention variants using various
skip connection forms [25, 140, 30] for performance improvement.

Considering the aforementioned advantages, Transformer-based point cloud processing
and analysis is chosen as my research focus. However, despite the remarkable superiority of
the Transformer in point cloud processing, introducing Transformers to the �eld of 3D point
cloud processing still has several challenges. Based on the principle of the self-attention
mechanism, the challenges could be divided into two main categories:1) How to improve
the model accuracy of the Transformer network in point cloud processing; 2)
How to improve the model e�ciency of the Transformer network, especially
in large-scale LiDAR point cloud processing . Therefore, the speci�c challenges are
listed as follows:

(1) Imbalance in local and global feature extraction. The self-attention mecha-
nism enables Transformers to emphasize global feature learning. However, it usually
ignores critical local geometric details, which hinders the model's ability to undertake
point cloud representation. Therefore, how to develop a Transformer framework that
can consider both local and global feature learning is crucial to improving the point
cloud representation ability.

(2) High computational complexity and memory consumption. The global self-
attention mechanism in Transformers requires computing pairwise similarities be-
tween all points, leading to a computational complexity ofO(N 2C). It results in
signi�cant computational and memory overhead, especially when processing large-
scale LiDAR point clouds.
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(3) Limited exploration of e�cient Transformer frameworks. Most of the exist-
ing Transformer methods utilize the hierarchical structure, with Farthest Point Sam-
pling (FPS) and k-Nearest neighbourhood (kNN) for point sampling and grouping.
However, FPS is not only time-consuming but also only focuses on the geometric
properties while ignoring the semantic features of point clouds. This causes deep
learning models to downplay certain �ne-level object parts with signi�cant seman-
tic information. Besides, it is usually challenging for thekNN searching strategy
to generate semantically homogeneous neighbourhoods, thereby negatively impact-
ing local feature aggregation. Recently, some superpoint-Transformer frameworks
were proposed for e�cient Transformer exploration, which utilizes the superpoint
clustering strategy to reduce the input tokens to the model. However, traditional
superpoint-based methods still have similar challenges with FPS andkNN searching.
They rely on the initial geometric features for clustering, typically implemented as
a pre-processing step. Such static approaches fail to dynamically adapt to semantic
information during di�erent network stages, leading to ine�ciency and suboptimal
performance in capturing �ne-grained features.

1.2 Research Objectives

To address the aforementioned challenges in Transformer-based LiDAR point cloud pro-
cessing, this thesis conducts the following three main studies:

(1) To improve the model accuracy of Transformers in LiDAR point cloud processing,
it is necessary to address the issue of Transformers neglecting local information.
Therefore, The �rst research objective of this thesis is to propose a general point
cloud processing framework that can e�ectively capture and combine both local and
global information, ensuring a comprehensive representation of LiDAR point clouds.

(2) To improve the model e�ciency of the Transformer framework, it is essential to over-
come the aforementioned shortages in existing hierarchical Transformer networks.
Therefore, building upon the foundation laid by the �rst research work, the sec-
ond objective of this thesis is to optimize the time-consuming point sampling and
grouping processes, further designing a fast Transformer framework tailored to the
representation of point clouds.

(3) To further reduce the computational and memory complexities of Transformers, it is
important to address the high complexityO(N 2C) and substantial memory usage.
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Considering that superpoint clustering signi�cantly decreases the number of input
tokens and thus reduces the computational overhead, incorporating the concept of
superpoints into Transformer frameworks becomes a promising direction. However,
traditional superpoint methods often exhibit limitations in adaptively representing
semantic features. Therefore, the third research objective of this thesis is to de-
sign dynamic superpoint clustering and optimization strategies that further enhance
the e�cient Transformer framework, achieving state-of-the-art performance in both
LiDAR point cloud processing accuracy and e�ciency.

1.3 Thesis Structure

This thesis consists of six chapters, as shown in Figure 1.2.

Figure 1.2: Structure of the thesis.

Chapter 1 introduces the background and motivation of the research, and then details
the basic knowledge of the Transformer structure used in LiDAR point cloud process-
ing. After that, three main challenges faced by introducing Transformers into point cloud
processing are presented, and three research objectives are proposed correspondingly.
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Chapter 2 reviews the related works of Transformers in point cloud processing, includ-
ing Transformer-based point cloud classi�cation and segmentation, e�cient Transformer
development, and self-attention mechanism variants.

Chapter 3 introduces a novel Transformer-based point cloud representational learning
network, called3D D ual-attention Glocal T ransformerN etwork (3DGTN ), to improve
the point cloud representation performance of Transformers in both classi�cation and seg-
mentation tasks. The proposed framework is evaluated on classi�cation and segmentation
datasets, demonstrating its excellent performance on synthetic and LiDAR data.

Chapter 4 develops a fast point Transformer framework, named TransFormer with
D ynamic T okenA ggregation (DTA -Former), for point cloud representation and process-
ing, building upon the foundation laid by 3DGTN. Through the optimization and devel-
opment of the framework, DTA-Former achieves much higher model latency while keeping
excellent model accuracy.

Chapter 5 further optimizes the time and space complexity of DTA-Former, proposing a
3D L earnableSupertokenT ransformer network (3DLST ). By designing a novel dynamic
supertoken optimization strategy, 3DLST achieves a further improvement in both model
accuracy and e�ciency. Extensive experiments demonstrate the SOTA performance of
3DLST compared to existing related works, as well as its strong adaptability to multi-
source LiDAR point cloud data (airborne MS-LiDAR, aerial LiDAR).

Chapter 6 concludes the thesis and indicates the potential future research directions.
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Chapter 2

3D Transformers: An Overview

Transformers have achieved great success in the �eld of point cloud processing. They have
been applied to many common 3D tasks so far, such as classi�cation, part segmentation,
LiDAR point cloud segmentation, detection, registration, completion, etc. This chapter
�rst makes a detailed introduction to 3D Transformers in point cloud classi�cation and
segmentation. Secondly, the development of e�cient Transformer networks is reviewed,
which is one of the current main development directions of Transformers. Finally, a series
of self-attention mechanism variants are introduced.

2.1 Transformers in 3D Point Cloud Processing

As illustrated in Figure 2.1, Transformers have found extensive applications in 3D point
cloud tasks such as classi�cation, segmentation, detection, registration, and more. Among
these, classi�cation and segmentation account for the largest proportion. Accordingly, this
thesis focuses primarily on these two tasks and provides an overview of the related work
in this chapter.

2.1.1 3D Point Cloud Classi�cation

There exist several Transformer-based point cloud classi�cation methods, which can be
divided into two categories: point-wise Transformer methods and channel-wise Transformer
methods. Speci�cally, the former uses the self-attention mechanism to capture long- and/or
short-range dependencies among input points. Therefore, they can be further divided
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Figure 2.1: Applications of Transformers in 3D point clouds.

into global Transformer-based methods and local Transformer-based methods. However, a
channel-wise Transformer, instead of operating in the point space, uses the self-attention
mechanism to establish the relationship among di�erent channels in the feature space.

PCT, as a standard global Transformer network, is introduced in [30]. In PCT, all in-
put points are leveraged for global feature extraction. PCT �rst adopts a neighbourhood-
embedding strategy to aggregate the local information, followed by feeding the embedded
features into four stacked global Transformer blocks. Lastly, it utilizes a global Max and
Average (MA) pooling to extract the global information for point cloud classi�cation.
3CROSSNet proposed in [34] uses multi-scale global information for classi�cation. Taking
the raw point cloud as input, it �rst generates three point subsets with di�erent reso-
lutions by FPS. Secondly, it establisheskNN and extracts local information by a series
of MLP modules for each point subset. Thirdly, the cascaded global Transformer blocks
are applied to extract the global information of each subset. Lastly, given the multi-scale
global features, 3CROSSNet uses the Cross-Level Cross-Attention (CLCA) and Cross-Scale
Cross-Attention (CSCA) modules to capture long-range inter- and intra-level dependencies
for classi�cation.

As a local Transformer network, PT [160] focuses on extracting local information from
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the Transformer. It has �ve local Transformer blocks operating on the downsampling point
sets. Speci�cally, for each block, it constructskNN neighbourhoods for sampling points,
followed by utilizing a vector-attention mechanism to capture local features. After �ve
local Transformer blocks, PT uses a global MA pooling to extract the global feature for
classi�cation. Local Feature Transformer Network (LFT-Net) [26] has a similar architec-
ture. However, it uses an additional trans-pooling module to alleviate the feature loss
during the pooling. Instead of searching neighbourhoods for sampling points in the spatial
space, PointConT [64] explores the locality of points in the high-dimensional feature space,
followed by computing the self-attention within each semantic-aware cluster.

The channel-wise Transformer proves to be e�ective in Geometric Back-projection Net-
work (GBNet) [92]. GBNet uses a Channel-wise A�nity Attention (CAA) module to
capture the channel-wise global information. It achieves state-of-the-art performance in
point cloud classi�cation. Dual Transformer Network (DTNet) [35] combines both the
point-wise and channel-wise self-attention mechanisms for global feature extraction. The
ablation experiments in DTNet show that the combined global feature works better than
any feature from only point-wise or only channel-wise self-attention mechanism.

2.1.2 3D Point Cloud Segmentation

Many Transformer-based segmentation networks are developed from the corresponding
classi�cation networks. The segmentation network of PCT [30] takes its classi�cation net-
work variant as the encoder. The decoder �rst concatenates the pooled global feature
with each point feature, enhancing the perception of global information for each point.
Then the concatenated features are fed into a series of MLP layers for dense prediction,
following PointNet [88]. Similarly, PT [160] also develops the segmentation network based
on its classi�cation framework. The authors design a U-net architecture for segmentation,
where the decoder is symmetric to the encoder. Since it uses a hierarchical structure in the
encoder, a transition-up module with trilinear interpolation is proposed in the decoder for
point cloud upsampling. Further, Graph Transformer Network (GTNet) [165] integrates
dynamic graph construction with Transformer architectures for point feature learning. It
dynamically establishes local neighbourhoods based on deep features and employs both
local and global Transformer modules to extract comprehensive point cloud features. In-
stead of using raw point clouds, Strati�ed Transformer [47] takes 3D voxels as input to
the segmentation network. It applies Transformers in prede�ned local windows, following
Swin Transformer [67]. To capture the global information and establish connections be-
tween di�erent windows, it presents a novelkey sampling strategy, enlarging the e�ective
receptive �eld for eachquery point.
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2.2 E�cient Point Transformers

E�cient point Transformers are a family of 3D Transformer models designed to improve
the e�ciency and scalability of traditional Transformer architectures while maintaining
or even surpassing their performance on various tasks. Recently, many e�cient point
cloud Transformers [40, 151, 86, 113, 99, 121, 69] are proposed to reduce computation and
memory costs and improve processing e�ciency. The hierarchical processing framework
is one of the most common techniques in point cloud processing, especially for large-scale
LiDAR point clouds. PPT-Net [40] proposes a hierarchical encoder-decoder network to
reduce the number of points gradually. Instead of using a pure Transformer architecture,
it combines graph convolution-based [127] local feature embedding and Transformer-based
global feature learning, which not only enhances long-term dependencies among points but
also reduces the computational cost.

To reduce the number of input tokens and improve the models' ability to local feature
extraction, PatchFromer [151], SPFormer [113], and SPT [99] all design superpoint-based
local feature aggregation methods, based on positional and radiometric information from
raw point clouds. They can generate geometrically-homogeneous point clusters for further
local feature extraction, and only need to be calculated once, as a pre-processing step. Since
the number of superpoints is much less than that of raw input points, superpoint-based
Transformers achieve great progress in model e�ciency improvement. SPFormer [113]
designs a superpoint pooling layer based on pre-computed superpoints to guide point cloud
downsampling, which signi�cantly reduces the computational overhead of the following
feature learning process. SPT [99] applies the static superpoint strategy to the input
point clouds, generating a hierarchical superpoint structure by adjusting the granularity
of superpoint clustering. It allows the model to exploit the context at di�erent scales
for semantic feature understanding, resulting in large receptive �elds and high e�ciency.
However, the static point clustering strategy it uses cannot adaptively serve the semantic
features extracted at di�erent stages of the network, limiting its performance.

2.3 3D Self-attention Mechanism

Corresponding to the point-wise and channel-wise Transformers, the self-attention mecha-
nisms can likewise be divided into point-wise and channel-wise self-attention. The attention
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maps of these two kinds of Transformers can be expressed as:

Point-wiseAttn = Sof tmax
� Q � K T

p
CK

�
;

Channel-wiseAttn = Sof tmax
� QT � K

p
CK

�
;

(2.1)

where the size ofPoint-wise Attn is N � N , while the size ofChannel-wise Attn is
CK � CK . The softmax function is used to normalize the computed similarities into a
probability distribution, thereby capturing the relative importance of each element. With
the development of 3D Transformers, several self-attention variants are designed to improve
algorithm performance.

2.3.1 Point-wise Self-attention

The point-wise self-attention is the most commonly used mechanism in 3D Transformers.
Figure 2.2 shows the various existing point-wise self-attention mechanisms investigated in
this thesis. Point Attention (P-A) network [25] (Figure 2.2(a)) and Attentional ShapeCon-
textNet (A-SCN) network [140] (Figure 2.2(b)) design di�erent residual structures in their
Transformer encoders. The former strengthens the connection between the output and
input of the module, while the latter establishes the relationship between the output and
the V alue matrix of the module. Relevant experiments demonstrate that the residual
connection is necessary in order to learn a good model [140].

Inspired by the Laplacian matrix L = D � E in Graph Convolution Networks (GCNs)
[10], whereD is the diagonal degree matrix andE is the self-attention adjacency matrix,
PCT [30] further proposes an O�set-Attention module (Figure 2.2(c)). It calculates the
o�set (di�erence) between the Self-Attention features and the input featuresX by matrix
subtraction, which is analogous to a discrete Laplacian operation. Additionally, it re�nes
the normalization of the similarity matrix by replacing Scale+ Softmax with Softmax +
L1 Norm operation. In particular, the L1 normalization re-scales each row or column so
that the sum of the absolute values is 1, e�ectively sharpening the attention weights and
reducing the in
uence of outliers. Based on the O�set-Attention, Zhou et al. [163] propose
a Relation Attention Module (RAM) that has a similar structure as the OA module. The
di�erence is that it �rst projects Query, Key, and V alue matrices into latent feature
spaces by linear layers. Then, instead of generating theAttentionmap by multiplying
the Query and Key matrices directly, it applies L2 normalization to the Query and Key
matrices. Compared withL1, the L2 normalization makes the sum of squared elements
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equal to 1, thereby preventing the dominance of a few feature channels with extremely
large magnitudes and distributing attention more evenly. Ablation experiments in [163]
demonstrate that the L2 normalization can improve the model performance.

Figure 2.2: Architectures of Point-wise self-attention variants.

PT [160] (Figure 2.2(d)) introduces the vector subtraction attention operator to its
Transformer network, replacing the commonly-used scalar dot-product attention. Com-
pared with scalar attention, vector attention is more expressive since it supports adaptive
modulation of individual feature channels, not just whole feature vectors. This kind of
expression appears to be very bene�cial in 3D data processing [160]. PT utilizes the
subtraction-form vector attention to achieve local feature aggregation. The attention map
is generated by merely building the connections between the centroid feature and its neigh-
bour feature, instead of measuring the similarity between any two point features within a
neighbourhood.

LighTN [124] presents a self-correlation module to reduce the computational cost. As
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shown in Figure 2.2(e), it eliminates the projection matrices,WQ, WK , and WV simulta-
neously in the self-attention mechanism. Only the input self-correlation parameters are
used to generate attention features. According to Eq. 2.2, we see that the self-correlation
mechanism generates a symmetry attention mapX � X T , which satis�es the permutation
invariance in point cloud processing [124]. The authors also conduct a series of ablation
studies, removing di�erent projection matrices, to demonstrate the e�ectiveness of the
proposed self-correlation mechanism.

SA(X ) = FCout (C(X ));

C(X ) = sof tmax
� X � X T

p
C

�
� X;

(2.2)

whereSA(� ) represents the self-attention block,FCout represents the linear transformation,
sof tmax (� ) is the activation function, and C is the input feature dimension.

PU-Transformer [93] proposes a Shifted Channel Multi-head Self-Attention (SC-MSA)
block to improve the MSA mechanism. Speci�cally, despite the rich information captured
by MSA, only feature dependencies within the same head can be estimated, while lacking
information propagation between di�erent heads. To address this issue, as shown in Fig-
ure 2.2(f), PU-Transformer applies a window (dashed square) shift along the channels to
ensure that any two consecutive splits have a uniform overlap area. Compared with the
independent splits of the regular MSA, SC-MCA can enhance the channel-wise relations
in the output features.

Group Shu�e Attention (GSA) proposed in [145] has two improvements compared
with the standard MSA. The �rst one is that GSA is a parameter-e�cient self-attention
mechanism. It uses a shared projection matrixW to generate theQuery and Key matrices,
and uses a non-linearity� to generate theV alue matrix:

Attn � (X ) = sof tmax
� Q � K T

p
C

�
� � (X ); (2.3)

whereQ = K = X � W and C is the dimension ofX . In this way, GSA can reduce the
computational costs of the self-attention operation. The second one is that GSA introduces
channel shu�e to MSA, which enhances the information 
ow between heads. As shown
in Figure 2.2(g), unlike PU-Transformer [93], it re-groups the channels by rewriting each
point feature.
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2.3.2 Channel-wise Self-attention

The channel-wise self-attention mechanism draws more and more attention in the �eld of
point cloud processing. Figure 2.3 shows the various existing channel-wise self-attention
mechanisms investigated in this thesis. DT-Net [35] proposes a channel-wise MSA, applying
the self-attention mechanism to the channel space. As shown in Figure 2.3(a), unlike the
standard self-attention mechanism, channel-wise MSA multiplies the transposedQuery
matrix and Key matrix. By this means, the attention map is generated to measure the
similarities between di�erent channels, as described in Eq. 2.1.

Figure 2.3: Architectures of Channel-wise self-attention variants.

As shown in Figure 2.3(b), the CAA module [92] utilizes a similar approach|a Com-
pact Channel-wise Comparator block (CCC)|to generate the similarity matrix between
di�erent channels. Moreover, it designs a Channel A�nity Estimator block (CAE) to
generate the a�nity matrix, strengthening the connection between distinct channels and
avoiding aggregating similar/redundant information. TheV aluematrix is generated by an
MLP layer, and the �nal feature map is obtained by multiplying the a�nity matrix and
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V alue matrix. Additionally, the CAA module uses a regular skip connection between the
input and output feature map.

The Transformer-Conv module proposed in [141] is used to learn the potential rela-
tionship between feature channels and coordinate channels. As shown in Figure 2.3(c),
the Query matrix and Key matrix are generated by coordinates and features of the point
cloud, respectively. Then the similarity matrix is produced by a relation function� (e.g.,
element-wise multiplication) and channel softmax operation. Di�erent from the above
methods, theV alue matrix in the Transformer-Conv module is generated from theKey
matrix by linear projection. This operation can establish a response relationship between
the V aluematrix and similarity matrix. Such a relationship is captured by multiplying the
similarity matrix and V alue matrix in an element-wise manner. Lastly, the �nal feature
map is generated by using channel max-pooling and further 1� 1 convolution for controlling
the output dimensionality in an e�cient manner.

2.4 Chapter Summary

This chapter presents a review of 3D Transformers in classi�cation and segmentation, e�-
cient Transformer development, and self-attention mechanism variants. By reviewing the
previous 3D Transformer works, some challenges faced by 3D Transformer researchers are
pointed out in this section. Firstly, previous 3D Transformer methods tend to only con-
sider global or local information extraction. This issue makes it still challenging for 3D
Transformer methods to capture the global information of the target accurately while pre-
serving the local features. Secondly, despite the great success of Transformers in point cloud
processing, its massive linear operations tend to result in high computational complexity
and memory consumption. Finally, most hierarchical Transformers performed traditional
point cloud downsampling and neighbourhood searching algorithms, which are very time-
consuming and only operated in the spatial space. Such methods tend to hinder semantic
information extraction and aggregation in the deep feature space. Besides, although the
recent superpoint-based Transformer methods achieved great progress in model e�ciency
improvement, the static superpoint clustering strategy fails to adaptively serve the deep
semantic features, limiting their performance. All of these are main challenges faced by
3D Transformer research, which are also the research focuses of this thesis.
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Chapter 3

3DGTN: 3D GLocal Transformer
Network 1

3.1 Introduction

Although Transformers have demonstrated strong feature learning capabilities in LiDAR
point cloud applications, they still have limitations in terms of e�ectively modelling both
local information and global information. This chapter introduces a 3D Dual-attention
GLocal Transformer Network, called 3DGTN. It focuses on addressing the di�culty of
e�ectively exploiting global and local features for point cloud classi�cation and segmen-
tation. Many current Transformer methods either emphasize local information extraction
or struggle to integrate global and local features accurately. 3DGTN is tailor-designed to
improve combined global and local feature learning in 3D point cloud data processing, with
the following key characteristics.

(1) A Global Feature Learning (GFL) block with the dual-attention mechanism is de-
signed to e�ciently learn the global context information from multiple perspec-
tives. The dual-attention mechanism integrates Point-wise Self-Attention (PSA) and
Channel-wise Self-Attention (CSA) to improve the learning of critical information in
both the spatial domain and feature domain.

1The content of the chapter has been published in IEEE Transactions on Geoscience and Remote Sens-
ing with the paper entitled \3DGTN: 3-D Dual-Attention GLocal Transformer Network for Point Cloud
Classi�cation and Segmentation". The code has been released on https://github.com/d62lu/3DGTN.
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(2) The GFL block is integrated with a Local Feature Aggregation (LFA) block into a
GLocal information extraction module to enable the learning of both valuable global
information and critical local information. The LFA block is designed based on GCN
for accurate local information extraction.

(3) The GLocal modules are used to construct a new hierarchical encoder-decoder struc-
ture to enable the learning of information at di�erent scales in a hierarchical manner,
leading to a general point cloud representation network that can improve both clas-
si�cation and segmentation.

3.2 Methodology

This section introduces the encoder and decoder structures of 3DGTN for both point cloud
classi�cation and segmentation. The pipeline of the method is shown �rst, and then the
main blocks in the encoder and decoder are introduced respectively.

Figure 3.1: 3DGTN networks for point cloud classi�cation and segmentation.
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3.2.1 Overview

Figure 3.1 shows the overall pipeline of 3DGTN. The classi�cation and segmentation net-
works use the same encoder architecture. After that, the classi�cation network utilizes an
MLP head to obtain the �nal classi�cation results, while the segmentation network utilizes
a decoder with trilinear interpolation-based upsampling for dense prediction.

The original point cloud is taken as input to the encoder.A stem MLP block is designed
�rst to project the input data into a higher-dimensional space. After that, the projected
features are fed into several GLocal modules consisting of stacked LFA and GFL blocks,
processed in a hierarchical manner for GLocal feature extraction. Speci�cally, the LFA
block is adapted from the multi-scale GCN [127], and the GFL block is adapted from
the Transformer. Following this, the max-pooling operation is used on the output feature
maps of each module, to obtain the GLocal feature of each level. Then, we concatenate
them for multi-level GLocal feature generation. Given the extracted features, an Multi-
Layer Perceptron (MLP) head is leveraged for the point cloud classi�cation task, which
consists of two fully connected layers with batch normalization and RELU activation. For
the segmentation task, the extracted features are then taken as input to the decoder. To
improve e�ciency, an ALL-MLP decoder structure is adopted, instead of a symmetric one.
In the upsampling block, the interpolated points are concatenated with the corresponding
feature points from the encoder via a skip connection. The trilinear upsampling method
used in 3DGTN has been widely applied to hierarchical networks of point cloud processing.
It generates new points by considering the weighted averages of neighbouring points in the
geometric space as 3D linear interpolation, providing an e�ective method to enhance the
density and precision of 3D data representations.

3.2.2 Local Feature Aggregation (LFA) Block

The LFA block is designed for local feature aggregation, which is introduced as follows. As
shown in Figure 3.2, the input point cloud is �rst downsampled toN=4 points via FPS [89],
generating a sampled point subsetS, where N is the number of the input points. After
that, the LFA block constructs multi-scale neighbourhoods by query ball searching [89] for
each sampled point, to ensure the diversity of the receptive �elds. In each neighbourhood
� i of the sampled pointSi , a fused featureCij is generated by computing the di�erence
between thej -th neighbourhood point � ij in � i and Si :

Cij = concat(Fij � Fi ; Fi ); (3.1)
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Figure 3.2: Multi-scale Local Feature Aggregation (LFA) block.

whereFi and Fij represent the features ofSi and � ij respectively. Given the fused neigh-
bourhood feature, the Graph Convolution in� i can be formulated as:

l i = maxpooling
j 2 � i

(Conv(Cij )) ; (3.2)

wherel i 2 R1� C is the aggregated local feature ofSi , Conv is a convolution operation with
1 � 1 kernels. Conv(Cij ) establishes semantic relationships between the sampling point
Si and neighbourhood point� ij . As such, a neighbourhood feature set ofSi (denoted as
Ni ) containing local information is generated. Then, the max-pooling operation is used to
aggregate the local information toSi , denoted asl i .

The multi-scale local featureL i of Si , can be expressed as via a concatenation as:

L i = concat(l i 1; l i 2; l i 3); (3.3)

where l i 1 2 R1� C1 ; l i 2 2 R1� C2 ; l i 3 2 R1� C3 represent three local features ofSi at three
di�erent scales.
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3.2.3 Global Feature Learning (GFL) Block

The GFL block contains two kinds of self-attention mechanisms: PSA and CSA. PSA is
proposed to build the spatial relationship between points, achieving long-range context
dependency modelling. CSA is utilized to measure the correlation among di�erent fea-
ture channels. It can improve context information modelling by highlighting the role of
interaction across various channels. By combining these two kinds of self-attention mech-
anisms, the GFL block can capture global features from multiple perspectives. A detailed
introduction to these two mechanisms is as follows.

Figure 3.3: Point-wise Self-Attention mechanism.

FL = f L i gi 2 S 2 RS� C0
from the LFA block is taken as input, whereS is the number of

sampled points inS, and C0 = C1 + C2 + C3 denotes the feature dimension ofFL . As shown
in Figures 3.3 and 3.4, PSA and CSA have similar algorithm 
ows. Speci�cally, taking
the sampling point setS as input, I �rst project it into three di�erent feature spaces to
generateQuery, Key, and V alue matrices:

QP = FL � WQP ;

K P = FL � WKP ;

VP = FL � WV P ;

(3.4)

where QP ; K P , and VP representQuery, Key, and V alue matrices in PSA, WQP ; WKP ,
and WV P are learnable weight matrices. For the PSA, the attention mapMP 2 RS� S can

23



be formulated as:

MP = sof tmax (
QP � K T

Pp
C0

+ B); (3.5)

whereB is a learnable position encoding matrix de�ned by [160].MP and VP matrices are
multiplied to generate the feature mapFP as the output of PSA, of the same size asFL .

Figure 3.4: Channel-wise Self-Attention mechanism.

Similarly, for the CSA, the Query, Key, and V alue matrices can be expressed as:

QC = FL � WQC ;

K C = FL � WKC ;

VC = FL � WV C;

(3.6)

where QC ; K C , and VC representQuery, Key, and V alue matrices in CSA, WQC ; WKC ,
and WV C are learnable weight matrices. Then the attention mapMC 2 RC0� C0

can be
formulated as:

MC = sof tmax (
K T

C � QCp
C0

): (3.7)

VC and MC matrices are multiplied to generate the new feature mapFC as the output of
CSA, of the same size asFL . Given global feature mapsFP and FC, we combine them by
the element-wise addition:

FG = FP + FC: (3.8)
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Lastly, a skip connection betweenFG and the input feature setS is applied:

FG = FL + LBR (FG); (3.9)

where FG is the �nal global feature map, andLBR denotes the combination ofLinear ,
BatchNorm , and ReLU.

3.3 Experimental Results and Discussion

This section �rst introduces the implementation details of 3DGTN, including hardware
con�guration and hyperparameter settings. Secondly, the performance evaluation of the
method on classi�cation and segmentation tasks is presented, compared to existing deep
learning-based methods, including Transformer-based methods. Speci�cally, 3DGTN is
�rst tested on the widely-used ModelNet40 and ScanObjectNN datasets [135, 118] for
the classi�cation task. Secondly, for object part segmentation, 3DGTN is tested on the
ShapeNet dataset [146]. Thirdly, semantic segmentation is tested on the challenging large-
scale MS-LiDAR dataset [161]. Finally, the ablation experiment results on the main com-
ponents of the method are presented.

3.3.1 Implementation Details

The classi�cation and segmentation networks were implemented in PyTorch. Both were
trained and tested on an NVIDIA Tesla V100 GPU. I used the SGD Optimizer with a
momentum of 0.9 and weight decay of 0.0001. The initial learning rate was set to 0.01,
with a cosine annealing schedule. I trained classi�cation, part segmentation, and semantic
segmentation networks for 250, 300, and 500 epochs respectively, with the same batch size
of 16. To make a fair comparison, the experiments on model e�ciency in this thesis are all
tested on an NVIDIA GeForce RTX 2080 GPU.

3.3.2 Point Cloud Classi�cation

Datasets and Metrics. The ModelNet40 dataset [135] contains 12,311 CAD models
across 40 object categories, introduced for 3D shape classi�cation. Each category includes
commonly encountered objects (e.g., chairs, tables, desks), covering a wide range of geo-
metric variations. All CAD models are consistently oriented and have been widely used
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to benchmark the performance and generalization capability of 3D deep learning methods.
Following [89], the dataset is split into 9,843 training samples and 2,468 testing models.
For a fair comparison, each input point cloud is downsampled to 1,024 points with normals
via FPS. Since these point clouds are generated from 3D meshes, each point's normal can
be obtained from the corresponding surface normal. The overall accuracy (OA) is adopted
to evaluate classi�cation performance, formulated as:

OA =
T
N

; (3.10)

whereT is the number of correctly predicted point clouds,T =
P K

i =1 Ti , Ti is the number
of correctly predicted point clouds in classi , K is the total number of classes,N is the
total number of point clouds, andN =

P K
i =1 N i . Additionally, we measure the latency

(ms) to assess model e�ciency, referring to the time required for a single forward pass to
generate predictions.

Table 3.1: Quantitative comparison of 3DGTN on the ModelNet40 dataset.
Methods Input Size OA (%) Latency (ms)

Other Learning-based Methods
PointNet++[89] 1024 91.9 35.3
PointCNN[57] 1024 92.2 221.2
DGCNN[127] 1024 92.2 85.8
DeepGCN[51] 1024 93.6 81.2
PointNeXt[90] 1024 93.7 32.7

RepSurf[95] 1024 94.0 99.5
Point-PN[155] 1024 93.8 45.2

APES[131] 1024 93.8 14.5
Transformer-based Methods

PointASNL[144] 1024 93.2 923.6
PCT[30] 1024 93.2 92.4
PT[160] 1024 93.7 530.2

GBNet[92] 1024 93.8 103.7
PatchFormer[151] 1024 93.5 34.3

PointConT[64] 1024 93.5 79.1
3DGTN [70] 1024 94.0 66.7

Performance Comparison. As shown in Table. 3.1, 3DGTN is compared with the
existing Transformer-based methods and other deep learning-based methods. Speci�cally,
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3DGTN achieves the best result of OA (94.0%) among all benchmarked methods, out-
performing the prior SOTA (PointNext [90]) during that period. For the model e�ciency,
3DGTN is second only to the SOTA e�cient Transformer during that period, PatchFormer
[151]. Due to the naive implementation of several time-consuming operations in 3DGTN
such as downsampling andkNN neighbourhood construction, the inference speed of the
method can still be improved. Please refer to Appendix A for more comparison results of
3DGTN in the classi�cation task.

Visualization. The Grad-CAM [103] map visualization results are generated from the
ModelNet40 dataset. The Grad-CAM technique is designed to produce a coarse localiza-
tion map highlighting the important regions in target point clouds. It uses the gradient
information 
owing into the last convolutional layer of a deep network to understand the
importance of each neuron for a decision of interest. As shown in Figure 3.5, we obtain the
regions of interest of the network for several point clouds of the Airplane, Car, Cup, and
Plant classes. From the results, the attention (coloured in red) is mainly focused on the
wings and tail of the Airplane, the tires of the Car, the handle of the Cup, and the leaves of
the Plant. As can be seen, all the regions of interest are consistent with the human visual
system, which helps us establish appropriate trust in predictions from deep networks.

Figure 3.5: Visualization of 3DGTN attention on the ModelNet40 classi�cation dataset.
© 2022, IEEE
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3.3.3 Part Segmentation on ShapeNet Dataset

Dataset and Metrics. ShapeNet Dataset and Metrics. The ShapeNet dataset
contains 16,880 3D models spanning 16 shape categories, split into 14,006 training samples
and 2,874 testing models, following PT [160]. Each 3D shape is annotated with at least two
parts, leading to 50 part labels in total. These shapes are also widely used for benchmarking
part segmentation tasks, covering a variety of objects such as chairs, airplanes, and lamps.
To ensure consistency, each input point cloud is downsampled to 2,048 points with normals
via FPS. The metrics of mIoU (%) and latency (ms) are used for performance evaluation,
where the detailed de�nition of mIoU is shown in Appendix A.2.

Table 3.2: Part segmentation results of 3DGTN on the ShapeNet dataset.
Methods Input Size mIoU (%) Latency (ms)

Other Learning-based Methods
PointNet++(MSG)[89] 2048 85.1 47.7

PointCNN[57] 2048 86.1 252.1
DGCNN[127] 2048 85.2 96.2
DeepGCN[51] 2048 86.3 105.6
RepSurf[95] 2048 86.4 117.1

Point-PN[155] 2048 86.6 58.9
APES[131] 2048 85.8 24.8

Transformer-based Methods
PointASNL[144] 2048 85.4 1023.2

PCT[30] 2048 86.4 101.1
PT[160] 2048 86.6 560.2

GBNet[92] 2048 85.9 198.4
Strati�ed Transformer[47] 2048 86.6 1792.6

PatchFormer[151] 2048 86.5 45.8
Li et al.[58] 2048 86.0 -

Hassan et al.[38] 2048 86.3 -
3DGTN[70] 2048 86.6 136.8

Performance Comparison. The comparison results are shown in Table. 3.2. As
measured by mIoU, 3DGTN achieves competitive results (86.6%) compared with the SOTA
Transformer-based methods during that period such as Strati�ed Transformer [47]. This
demonstrates the excellent performance of 3DGTN in terms of part segmentation. Several
part segmentation results are shown in Figure 3.6.
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Figure 3.6: Part segmentation results of 3DGTN from the ShapeNet dataset.
© 2022, IEEE

3.3.4 Semantic Segmentation on Airborne MS-LiDAR Dataset

Dataset and Metrics. The airborne MS-LiDAR dataset, introduced by [161], origi-
nates from the Teledyne Optech Titan LiDAR system. The data spans 13 areas located
in a Canadian town, with Areas 1{10 designated for training and Areas 11{13 for testing.
Speci�cally, each area spans over 15,0000m2 and has an average point density of approx-
imately 3.6 points=m2. Each point includes six attributes: XYZ coordinates, MIR (1550
nm wavelength), NIR (1064 nm wavelength), and Green (532 nm wavelength). The dataset
includes over 10 million labeled points, distributed across six semantic categories, as shown
in Table 3.3. It poses a challenge due to its imbalanced class distribution. The quantity
of road points exceeds the number of powerline points by more than 30 times. The MS-
LiDAR dataset serves as a valuable resource for benchmarking deep learning algorithms
in applications such as land cover classi�cation, urban planning, and environmental mon-
itoring. We adopted the data pre-processing method in [161] for training/testing sample
generation in our experiments, to ensure a fair comparison. Each area was divided into a
group of local blocks usingk-Nearest neighbour (kNN) searching, with k set to 4096. The
averageF1 score [137], mIoU, and OA are used for performance evaluation. Please refer to
Appendix A.2 for more details of the metric de�nition.

Performance Comparison. As shown in Table. 3.4, the semantic segmentation
results of airborne MS-LiDAR data are presented in the form of a confusion matrix. Since
the CSA mechanism is integrated into global feature learning, 3DGTN can handle MS
LiDAR point cloud segmentation well. Speci�cally, from the table, in the case of extremely
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Table 3.3: Comparison of the point numbers in each category in the MS-LiDAR dataset.
Class Trainset (No. 1-10) Testset (No. 11-13)
Road 586,987 258,942

Building 415,763 116,085
Grass 2,577,194 983,724
Tree 2,623,317 863,519
Soil 124,566 33,214

Powerline 12,155 7,545

imbalanced data, 3DGTN still achieves excellentF1 scores of over 85% for all categories
except soil. TheF1 scores of the grass, tree, and building are over 95%. However, since
the geometric characteristics of the soil are very similar to those of road, which tends to
confuse the network, the segmentation results of the soil are not very satisfactory. The
comparison results are shown in Table. 3.52. As can be seen, 3DGTN outperforms all
benchmarked methods in terms of averageF1 score (88.6%). It surpasses the prior SOTA
methods such as [137] and [154] by 5.3 and 0.5 absolute percentage points, respectively.
It also achieves the best OA (95.2%) and a competitive mIoU (82.1%). The prediction
results of testing data are shown in Figure 3.7. These results demonstrate that 3DGTN
has excellent performance in processing real-scanned data.

Table 3.4: Confusion matrix (%) of 3DGTN on the airborne MS-LiDAR dataset.

Categories
True Label

Road Building Grass Tree Soil Powerline

P
re

di
ct

io
n

La
b

el

Road 90.5 3.2 0.0 0.1 15.1 0.0
Building 6.6 93.9 0.8 0.6 23.9 0.2

Grass 0.0 1.2 98.9 2.3 0.2 4.4
Tree 0.0 0.1 0.1 97.1 0.4 0.0
Soil 2.8 1.6 0.0 0.0 60.4 0.0

Powerline 0.0 0.0 0.1 0.0 0.0 95.4
Precision 84.5 96.3 98.5 98.1 56.4 94.1

Recall 90.5 93.9 98.9 97.1 60.4 95.4
F1 87.4 95.1 98.7 97.6 58.3 94.7

I also explored the importance of di�erent channels in the MS-LiDAR data. Speci�cally,

2Methods marked with � were not originally tested on this dataset in their respective papers. The
reported results were obtained by running the o�cial code provided by the authors.
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Table 3.5: Quantitative comparison of 3DGTN on the airborne MS-LiDAR dataset.
Methods AverageF1 score (%) mIoU (%) OA (%) Latency (ms)

PointNet++ [89] 72.1 58.6 90.1 322.6
DGCNN [127] 71.6 51.0 91.4 86.2
RSCNN [66] 73.9 56.1 91.0 158.7

GACNet [122] 67.7 51.0 90.0 277.8
AGConv [164] 76.9 71.2 93.3 312.5

SE-PointNet++ [43] 75.9 60.2 91.2 -
FR-GCNet [161] 78.6 65.8 93.6 -

PT � [160] 80.5 73.6 93.1 285.7
PPT-Net � [40] 80.1 73.6 92.7 43.3

PatchFormer� [151] 82.4 77.8 93.1 62.9
Xiao et al. [137] 83.3 79.3 94.0 -

ResMRGCN-28� [52] 81.1 74.0 93.3 45.7
GCNAS [154] 88.1 82.3 95.2 -

3DGTN 88.6 82.1 95.2 217.4

I removed each of the three channels (MIR , NIR , Green) of MS-LiDAR data, and then
analyzed the corresponding performance changes in Table. 3.6. When theNIR channel
was removed (Row 4), the performance dropped signi�cantly (averageF1 score was reduced
to 74.3% from 88.6%). There is also a slight performance drop when theMIR or Green
channel is removed. The results demonstrate that all these three channels are useful for
data segmentation, where theNIR channel contributes the most to performance.

Table 3.6: Results (%) comparison of input data with the removal of di�erent channels on
the airborne MS-LiDAR dataset.

Input
Road Building Grass Tree Soil Powerline Average F1 mIoU OA

XYZ MIR NIR Green
X - X X 84.1 90.7 95.8 96.2 51.2 91.1 84.9 79.9 93.9
X X - X 60.6 84.6 93.3 90.6 33.3 83.4 74.3 69.8 86.4
X X X - 83.1 90.8 92.7 97.0 45.2 88.1 82.8 78.7 92.1
X X X X 87.4 95.1 98.7 97.6 58.3 94.7 88.6 82.1 95.2
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Figure 3.7: Semantic segmentation results of 3DGTN on the airborne MS-LiDAR dataset.

3.3.5 Ablation Study

A series of ablation experiments were conducted for the main components of 3DGTN to
verify their e�ectiveness. These experiments were performed on the ModelNet40 dataset.

Local Feature Aggregation Block. The e�ectiveness of the LFA block was �rst
investigated, which is used to capture local information. As shown in Table. 3.7 Row 2,
the performance with the MLP-based LFA block is 93.1% in terms of OA, which is lower
than that with the GCN-based LFA block (94.0%). This demonstrates that the GCN-
based LFA block plays an important role in the proposed algorithm. I also replaced the
multi-scale strategy of the LFA block with the single-scale one. As shown in Table. 3.7
Row 3, the classi�cation performance of the single-scale strategy (92.9%) is lower than
the multi-scale one (94.0%). This suggests that the multi-scale features are bene�cial to
enhancing the expression of local information, thereby improving the performance of the
algorithm. Finally, I replaced the FPS method with random sampling, to investigate the
performance of 3DGTN with di�erent sampling approaches. As shown in Table. 3.7 Row
4, the classi�cation accuracy dropped slightly with random sampling (93.5% in terms of
OA). This is because compared with random sampling, FPS could maintain the geometric
characteristics of the target point cloud better. However, as measured by latency, 3DGTN
with FPS (66.7ms) is more time-consuming than that with random sampling (43.5ms).

Global Feature Learning Block. I conducted a detailed ablation study on the
GFL block. As shown in Table. 3.7, when the GFL block was removed, the performance
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Table 3.7: Ablation studies for 3DGTN on the ModelNet40 dataset.
Ablation OA (%) Latency (ms)

Local feature aggregation
Graph convolution ! Standard MLP 93.1 58.8

Multi-scale ! Single-scale 92.9 52.6
FPS ! Random sampling 93.5 43.5

Global feature learning
� 92.7 58.8

� CSA 93.7 62.5
� PSA 93.2 62.5

3DGTN 94.0 66.7

dropped signi�cantly, which demonstrates that the GFL block is essential to the algorithm.
Secondly, since the GFL block contains two important mechanisms: PSA and CSA, I also
studied the e�ectiveness of each mechanism. When the CSA was removed, the classi�cation
accuracy (OA) dropped from 94.0% to 93.7%. Likewise, when the PSA was removed, there
was a similar drop (from 94.0% to 93.2%). These results suggest that both self-attention
mechanisms are e�ective in improving classi�cation performance.

3.4 Chapter Summary

In this chapter, we propose a general Transformer-based point cloud representation net-
work, dubbed 3DGTN, to enhance feature learning for both classi�cation and segmentation
tasks. The method comprises three main components. First, we design a GFL block that
incorporates a dual-attention mechanism (PSA and CSA) to e�ectively capture global
contextual information from di�erent feature spaces. Second, we integrate the GFL block
with a multi-scale GCN-based LFA block to form a GLocal information extraction mod-
ule, which highlights critical features of point clouds. Third, we stack a series of GLocal
modules into a novel hierarchical encoder-decoder structure for multi-scale feature learn-
ing. Extensive experimental comparisons validate the e�ectiveness of 3DGTN in both
classi�cation and segmentation tasks.

Limitations. Despite its strong performance, 3DGTN has two main limitations:
(1) The downsampling and neighborhood search operations in geometric space are time-
consuming and cannot adaptively handle deep semantic features; (2) The global self-
attention mechanism remains computationally and memory intensive, particularly for large-
scale point cloud segmentation. To address these issues, we introduce more e�cient Trans-
former frameworks in Chapters 4 and 5.
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Chapter 4

Fast Point Transformer with
Dynamic Token Aggregation 3

4.1 Introduction

As discussed in Chapter 3, the hierarchical structure typically involves two key steps:
point cloud sampling and grouping. Currently, most hierarchical point cloud processing
methods use the FPS [89] algorithm, sampling points evenly across the geometric space.
However, FPS is computationally expensive, making it a bottleneck for processing large-
scale point clouds. The primary reason for its high time complexity is that FPS iteratively
selects points that are farthest from the already selected set based on pairwise Euclidean
distances. At each iteration, the algorithm computes the distances between the current set
of sampled points and all remaining points in the input point cloud. This process involves
multiple passes through the data and requires maintaining and updating a distance matrix.
For a point cloud with N points, this results in a time complexity ofO(N 2) for a complete
sampling operation. Such quadratic scaling becomes increasingly prohibitive as the size
of the input point cloud grows, especially in large-scale scenarios. Furthermore, FPS
only focuses on the geometric properties of point clouds, ignoring their semantic features.
This causes neural networks to de-emphasize some �ne-level object parts with signi�cant
semantic information.

3The content of the chapter has been submitted to Expert Systems with Applications with a paper
entitled \E�cient Point Transformer with Dynamic Token Aggregating for LiDAR Point Cloud Segmen-
tation", under review.
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Additionally, after downsampling, kNN and ball query [89] are widely used for point
cloud grouping. However, such grouping methods are also strictly based on the geometric
properties of points. In this situation, the local feature aggregation tends to be disturbed by
semantic heterogeneity in local neighbourhoods, especially for points at the boundaries of
adjacent parts. The aforementioned de�ciencies are particularly pronounced when dealing
with large-scale LiDAR datasets comprising millions of points, resulting in exceedingly high
computational and memory costs. Recently, similar to superpixel in image processing, there
have been many superpoint-based methods [49, 113, 99], which utilized the initial input
feature (e.g. XYZ coordinates and RGB attributes) to preliminarily generate semantic
homogeneous clusters. However, as a pre-processing step before the deep learning network,
these methods fail to perform dynamic sampling and clustering for hierarchically extracted
semantic features at di�erent levels in the network, limiting their performance.

To address the aforementioned issues, I propose a novel and fast Transformer-based
point cloud representation framework named DTA-Former, introducing the dynamic token
selection, aggregation, and reconstruction methods to 3D Transformers. Firstly, a Learn-
able Token Sparsi�cation (LTS) block is proposed for the adaptive and fast selection of key
tokens. Compared with FPS, it not only considers both local and global semantic informa-
tion for decision-making but also signi�cantly reduces the computational cost. Secondly,
instead of local feature aggregation by the max/average pooling operation, a Weighted
Cross-Attention (WCA)-based Dynamic Token aggregation (DTA) block is designed for
fast token aggregation, aggregating semantic information for each sparsi�ed token at a
global scale. It provides the model with strong aggregated features while mitigating infor-
mation loss. Finally, I propose a new W-net architecture equipped with additional Iterative
Token Reconstruction (ITR) blocks for point cloud segmentation. The ITR block is placed
at the end of each moduleof the network, mapping the sparsi�ed tokens back into the
original token set by utilizing their semantic relationships. DTA-Former achieves a strong
overall accuracy of 94.0% on the ModelNeto40 classi�cation dataset, similar to 3DGTN
in terms of algorithm accuracy. Towards the ShapeNet and MS-LiDAR datasets, it also
obtains excellent results with 86.7% of mIoU and 95.4% of OA respectively, slightly better
than 3DGTN. It is worth noting that DTA-Former is much faster than 3DGTN, with over
2:5� faster in terms of inference speed in large-scale MS-LiDAR data processing.

The key characteristics of DTA-Former can be summarized as follows:

(1) A novel Learnable Token Sparsi�cation (LTS) block is proposed, which considers
both local and global semantic information for fast and adaptive selection of key
points. In terms of inference speed, LTS is 60� faster than FPS.

(2) The Dynamic Token Aggregation (DTA) block is proposed, which is realized by using
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a novel Weighted Cross-Attention (WCA) mechanism for semantic feature aggrega-
tion, enlarging the e�ective receptive �eld while mitigating information loss.

(3) A new Iterative Token Reconstruction (ITR) block is proposed for the dense predic-
tion of point clouds. It maps the �ne-aggregated tokens into original tokens through
the cross-attention map generated by WCA (named WCA-map). The accurate token
relationships captured by the WCA-map ensure precise token reconstruction.

(4) Based on aforementioned blocks, the DTA-Former is proposed for fast point cloud
learning and representation. A novel W-net architecture is designed for point cloud-
dense prediction, which has been proven to be more suitable for Transformer-based
feature learning than the classic U-net. Extensive experiments on classi�cation, part
segmentation, and MS-LiDAR semantic segmentation datasets demonstrate the su-
periority of the method in terms of both accuracy and speed.

4.2 Methodology

This section shows the details of DTA-Former. The overall framework is �rst presented,
and then its key components are introduced: LTS, DTA blocks, as well as the ITR block
tailored for fast dense prediction.

4.2.1 Overview

The overall pipelines of DTA-Former for point cloud classi�cation and segmentation are
shown in Figure 4.1. For the classi�cation task, similar to 3DGTN, the input point cloud is
�rstly fed into a stem MLP block [90] for higher-dimension token generation. Secondly, it
is fed into several modules hierarchically for token sparsi�cation, aggregation, and GLocal
feature learning. Speci�cally, each module consists of three blocks: a LTS block, a DTA
block, and a GFL block. They are designed for fast downsampling and fully exploring
long-range dependencies among tokens. Lastly, the extracted features by the aforemen-
tioned modules are fed into an MLP head consisting of a max-pooling layer, two fully
connected layers, batch normalization, and RELU activation, for �nal prediction results.
For the segmentation task, instead of using the common U-net-style encoder-decoder archi-
tecture of 3DGTN, a novel W-net-style architecture is designed for fast dense prediction.
Compared with the U-net design [89], the W-net is more suitable for Transformer-based
feature learning. Similar to the classi�cation network, the segmentation network consists

36



Figure 4.1: Pipelines of DTA-Former for classi�cation (top) and segmentation (bottom).

of a series of modules containing LTS, DTA, and GFL blocks. Furthermore, each mod-
ule contains an additional token reconstruction block for dense prediction, named ITR. It
maps the sparsi�ed tokens back into the original tokens by the WCA-map generated in
the corresponding DTA block, gradually optimizing the semantic features of tokens and
their semantic relationships during iterative reconstruction. The details of the ITR block
and W-net architecture are elaborated in the following subsection. Lastly, an MLP head
layer is used to get the �nal prediction for each point. Two scales of networks are designed
for classi�cation and segmentation tasks, namely DTA-Former-S and DTA-Former-L. The
di�erence is that the feature dimension of the latter is twice that of the former at each
module of the network.

4.2.2 Learnable Token Sparsi�cation (LTS)

LTS hierarchically operates on all modules of both classi�cation and segmentation net-
works. It drops redundant tokens dynamically according to learnable decision scores. As
shown in Figure 4.2, given the input tokensT = f Ti g

N
i =1 2 RN � C , we �rst feed them into
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Figure 4.2: Illustration of LTS results on Module 1.

an MLP, getting the local embeddings:

T local = MLP (T) 2 RN � C=2; (4.1)

whereT local is the local embedding ofT. Furthermore, a global feature for input tokens is
computed by using average pooling, allowing the LTS block to analyze the importance of
each token from a global perspective:

Tglobal = Ave(MLP (T)) 2 R1� C=2; (4.2)

whereTglobal is the global embedding ofT. I then concatenateT local and Tglobal to get the
GLocal (global + local) embedding forT, which contains both single token information
and context information from the whole set:

TGLocal =
�
T local ; Tglobal

�
2 RN � C : (4.3)

Given GLocal embedding setTGLocal , I compute the decision score set � =f ' i g
N
i =1 2

RN � 2 for all tokens in T:

� = Sof tmax (MLP (TGLocal )) 2 RN � 2: (4.4)

� i has two feature channels representing keeping (' i; 0) and dropping (' i; 1) probabilities,
respectively. Finally, Gumbel-Softmax [41] is employed to select the top-S tokens with
the highest keeping probabilities, ensuring a di�erentiable process. Speci�cally, Gumbel-
Softmax uses a reparameterization trick to approximate the discrete selection in a contin-
uous manner, thereby addressing the non-di�erentiability of direct sampling operations.
After the token sparsi�cation process, a subset ofT is obtained, which is denoted as
S = f Si g

S
i =1 2 RS� C . Thanks to the learnable decision scores, the token sparsi�cation

process is dynamically updated as the computation proceeds. The visualization results of
sparsi�ed tokens on di�erent object categories are shown in Figure 4.3.
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Figure 4.3: Visualization of sparsi�ed tokens from LTS blocks.

4.2.3 Dynamic Token Aggregation (DTA)

The commonly used pooling approaches like max and average pooling are usually operated
in local neighbourhoods for feature aggregation. This limits the receptive �eld and tends to
cause information loss. Thanks to the great capability of long-range dependency modelling
of the self-attention mechanism, I propose a DTA block with a new Weighted Cross-
Attention (WCA) mechanism. It fully exploits the semantic relationships betweenS and
T and achieves long-range feature aggregation adaptively for each sparsi�ed tokenSi ,
enlarging the e�ective receptive �eld while mitigating information loss. As shown in Figure
4.4, given the sparsi�ed token setS, I �rst generate a Query matrix based onS and Key,
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Figure 4.4: Illustration of the DTA block on Module 1.

V alue matrices based onT:
Q = S� WQ;

K = T � WK ;

V = T � WV ;
(4.5)

whereQ, K , V representQuery, Key, V aluematrices,WQ, WK , WV are learnable weight
matrices. Secondly, the WCA-mapWM is calculated as:

WM = Softmax (� � (
Q � K T

p
C

+ B)) 2 RS� N ; (4.6)

whereB is a learnable position encoding matrix de�ned by [160],� represents the Hadamard
operation, i.e., an element-wise multiplication between two matrices (or vectors), � =
f ' i; 0gN

i =1 2 RN � 1 is a vector of decision scores in Section 4.2.2, whose components are used
as weights for input tokens. In detail, since the shape of � isN � 1, which is inconsistent
with QK T , I �rst reshape � to 1 � N , followed by expanding it toS� N by row repetition.
� essentially represents the importance of each point to network decision-making. The
combination of � and the attention map allows the model to focus more on key tokens
with high scores, which is bene�cial to enhance the representation ability of the network.
The ablation study in Section 4.3.5 also demonstrates the superiority of WCA. Finally,
WM is taken as a weight matrix for global token aggregation, and multiplied byV to gen-
erate the �nal pooled sparsi�ed token setS with the size of S � D. Compared with local
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grouping and pooling operations, DTA exploits the long-range context information better
for feature aggregation, while being faster due to avoiding neighbourhood construction.

4.2.4 Iterative Token Reconstruction (ITR)

ITR is unique to the segmentation network, tailored to dense prediction. Given the en-
hanced token setS, ITR maps it back into the original token setT by the WCA-map WM
in Eq. 4.6, followed by a residual connection:

T = Sof tmax (WM T ) � S+ T 2 RN � C : (4.7)

As shown in Figure 4.1, the ITR block is placed in every module of the segmentation
network, forming a W-net architecture. Consequently, input tokens can be dynamically
reconstructed according to the WCA-map stored in DTA, gradually re�ning their semantic
features and inter-token relationships during iterative reconstruction. Figure 4.5 provides
a concise illustration of how the WCA-map interacts with the ITR block.

We also applied the ITR block to a U-net architecture (Section 4.3.5), but its perfor-
mance dropped signi�cantly compared to the W-net. In the U-net, WCA-maps generated
by the encoder are less e�ective for tokens that have undergone deep feature learning in
the decoder. By contrast, the proposed segmentation network o�ers immediate feedback
of WCA-maps to sparsi�ed tokens, enabling more e�ective reconstruction.

Figure 4.5: Brief illustration of the segmentation network.
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